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Chapter 1

Introduction

Hearing shapes how people live. Sound enables musical enjoyment, communication,
and information about the environment. A laugh signals joy. A siren warns of danger.
Movies and TV shows use sound effects to enhance the experience. Physical devices,
such as blinking car lights, use sound to carry information. Animals rely on sound
to survive: bats navigate by echolocation, and whales communicate across oceans.
Sounds are everywhere and carry rich information.

Humans can hear sounds from an early age: babies can hear voices, music, and other
sounds in the womb, even before birth [312]. Hearing is one of the first senses to
develop. The ability to hear sounds supports children’s development and learning.
As children grow, their hearing skills improve through experience and language.
Children learn to connect soundswith objects, events, and actions, forming categories
of meaning [468] and build knowledge that links what they hear to what they know
[506]. Later in life, the auditory system helps to recognize sounds and events [123,
37].

Machines learn from sound similarly. Computational models can analyze audio and
generate text that describes it or answers questions about it. This field of machine
learning is known as audio understanding or machine listening [487]. This dis-
sertation focuses on this domain, in particular, on audio-languagemodels (ALMs),
systems that connect an audio model with a language model to describe sound using
natural language [101]. ALMs benefit from training on large, diverse datasets that pair
audio with rich textual descriptions [171]. Two core tasks define ALMs’ capabilities:
automated audio captioning (AAC) and audio question answering (AQA). AAC mod-
els generate text descriptions of audio, whereas AQA models produce textual answers
to questions about audio.

For a model to process audio, the audio must first be converted to a digital format.
Sound travels through air as pressure waves, which are captured by microphones
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Chapter 1. Introduction

that convert these mechanical vibrations into electrical signals. These signals are
then sampled at discrete time intervals, typically between 16,000 and 48,000 times per
second, so they can be stored numerically on a computer. Before audio models can
analyze these signals, researchers usually transform the raw waveforms into time-
frequency representations. A common choice is the spectrogram, computed using the
Short-Time Fourier Transform (STFT), which shows how frequency content evolves
over time. Further transformation to themel scale producesmel-spectrograms, which
reflect human auditory perception, particularly humans’ greater sensitivity to low
frequencies [426]. The audio encoder, the first component of anALM, takes the logmel
spectrograms as input and converts them into audio embeddings. These embeddings
are then combined with a language model to generate text output.

ALMs operate across three domains: music, sound events, and speech. Historically,
audio understanding relied on domain-specific architectures, with each area (speech,
music, and sound events) requiring its own dedicated models. Early speech sys-
tems focused on transcribing audio using end-to-end deep neural networks [21, 158].
In parallel, music domain research advanced, and tasks such as pitch analysis and
instrument classification were introduced [206]. Similarly, sound-event research de-
veloped models to detect and classify individual acoustic events [427]. Because of this
specialization, each domain required separate training data, models and evaluation
metrics.

The shift toward unified end-to-end architectures began around 2020, driven by ad-
vances in sequence-to-sequence learning [437] and transformer-based models [470].
When the work for this dissertation began in 2021, ALMs were primarily domain-
specific (environmental sound, speech, and music). Since then, AAC and AQA have
emerged as core tasks for ALMs (see 2.2 for an overview of capabilities), although
specialized models still outperform general-purpose ALMs in tasks such as speech
transcription [308, 331].

ALM capabilities now support applications across accessibility, media, healthcare, en-
vironmental sensing, industry, and robotics. Assistive technologies translate alarms,
doorbells, and approaching vehicles into text, vibration, or visual cues on phones and
wearables for people who are deaf or hard of hearing [93], while automated audio
subtitling labels non-speech sounds in user-generated online videos [8] and natural-
language audio retrieval searches large archives by content rather than filenames or
tags [207]. In the home, smart devices track leaks, glass breaking, and door openings
to detect intrusions or accidents [354], and acoustic event detection systems flag falls,
screams, and other distress events in elderly home settings to alert caregivers in real
time [9].

In environmental sensing, ALMs that recognize bird songs and other wildlife vo-
calizations support biodiversity monitoring at scale [411, 383, 302], including bird-
song recognition on low-power microcontrollers for field deployment [184]. Edge
environmental sound classifiers bring similar capabilities to resource-constrained
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devices in homes and cities [310, 469], and unsupervised models flag urban noise
anomalies in smart-city deployments [156]. In industry, anomalous sound detection
identifies early signs of wear or malfunction in machines and vehicles to support
predictive maintenance [336]. In robotics, audio integrates with vision and touch in
vision-language-action pipelines, where contact sounds informmanipulation [502]
and multisensory fusion improves fine-grained interaction [242]; audio world models
also predict the acoustic consequences of robot actions [575], so household robots
react to events outside the visual field, such as a kettle boiling or a pot overflowing.

This dissertation follows two recurring themes: data and datasets, and ideas inspired
by human cognition and neuroscience. The first theme examines how data quality,
dataset design, and curation strategies affect model performance. The second theme
builds on concepts from cognitive neuroscience and reasoning, such as semantic
sound descriptors and explicit reasoning steps before generating an answer. The
intention of this dissertation is to provide a collection of treatises: each main chapter
corresponds to a separate article.

1.1 Datasets of Sound

As with children learning from examples, researchers train models to understand
and reason about audio by providing pairs of sounds and text. High-quality data
are essential: systematically improving data quality can yield stronger models than
replacing architectures [335, 121]. Audio datasets follow the same principle [126]. The
growth of the Internet has increased the availability of audio data, with platforms
such as YouTube and Freesound hosting large collections of audio content widely
used for model training.

Kaplan et al. [194] and Hoffmann et al. [173] show that model performance scales
with data size, model parameters and compute. This phenomenon is known as scaling
laws. Richard Sutton (a pioneer in reinforcement learning) argued in his paper “The
Bitter Lesson” that general methods that scale with computation ultimately prevail
[438]. The Chinchilla study [173] refined these principles by showing that models
should be trained with substantially more data as parameter count increases, with
approximately 20 tokens per parameter for compute-optimal training. As the size of
the datasets used to train language models continues doubling approximately every
six months [378], progress in ALM performance is likely to follow. State-of-the-art
models such as Qwen 3 and Llama 4 require around 36 trillion and 40 trillion tokens,
respectively [559, 301].

However, more data does not guarantee better models. The principle of garbage in,
garbage out applies: models trained on low-quality, noisy, or biased data will inherit
those flaws regardless of scale [335]. In audio-language learning, two common issues
arise: (1) YouTube datasets often contain off-screen sounds or captions describing
visual rather than auditory content [435, 222], and (2) User-created metadata from
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Chapter 1. Introduction

platforms such as Freesound frequently contains irrelevant or incomplete information
[116, 115, 603]. Such issues make data cleaning and curation crucial, alongside efforts
to scale datasets.

With the growth of audio collections, the field also faces structural challenges related
to dataset design and documentation. Analyses and surveys highlight that audio-
language datasets differ widely in annotation pipelines, label quality and granularity,
and licensing [435, 23, 543, 162]. Recurring problems include overlapping training and
evaluation splits, repeated reuse of identical audio across datasets, limited language
and domain diversity, and legal constraints on downloading material from platforms
such as YouTube complicate reproducibility and long-term access.

Embedding-based similarity measures offer a way to quantify dataset overlap and
coverage. Encoders convert audio into embedding vectors, and contrastively trained
encoders place similar audios near one another in the latent space. Cosine similarity
between embeddings measures their overlap. CLAP audio-text embeddings [525] are
particularly useful because audio and text describing the same sound yield similar
embeddings. These embeddings can be used to filter candidate duplicate or near-
duplicate examples during dataset construction: candidates too similar to an existing
instance are removed.

1.2 Human-Inspired Reasoning

This dissertation draws ideas from how humans listen and reason, with two key
elements. First, the semantics of sound: listeners describe everyday sounds using
attributes such as who or what makes the sound, how it is produced, and where or
when it occurs (see Table 4.2 for a detailed description). Previous work suggests that
the brain engages distinct neural mechanisms for perceiving and recognizing objects
(living or non-living) and actions [44, 237, 382]. Following Giordano et al. [133], these
semantic descriptors provide a structured vocabulary to analyze and compare audio
descriptions.

The second component involves thinking before answering. In cognitively demanding
tasks such as playing chess, longer thinking time improves performance [467, 49],
reflecting the well-known speed-accuracy tradeoff in decision-making [166]. Similarly,
Kahneman [191] distinguishes two types of thinking: System 1 thinking is fast and
intuitive, while System 2 thinking is slow, logical, and analytical. System 2 thinking
is associated with longer thinking time and better performance in demanding tasks
[191].

In ALMs and, more broadly, in language modeling the terminology of thinking before
answering is referred to as reasoning. A model can place its reasoning in tokens,
enclosed by a <think> and </think> tag. Because attention in transformer models
incorporates previous tokens, the model can reason about audio using its own inter-
mediate thoughts. This reasoning process is known as Chain-of-Thought (CoT) [499],
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and analogies have been made to system 2 thinking of humans [248, 484]. Research
shows that large-scale reasoning models outperform similar non-reasoning models
on demanding tasks [499, 148].

1.3 Dissertation and Research Questions

This dissertation examines audio-language modeling through two themes: (i) data
quality and (ii) human-inspired structure and reasoning. The central thesis is that
balanced datasets with low-overlap reduce contamination and improve training stabil-
ity; semantic descriptors, semantics-aware metrics, and tool-based systems support
interpretable and verifiable outputs and improve performance on audio-language
tasks.

This dissertation addresses five research questions across five chapters:

R E S E A R C H Q U E S T I O N 1

Dataset Landscape and Its Impact on ALMs

What is the current landscape of audio-language datasets, and how do their origins, overlaps,
and augmentation strategies shape the development and evaluation of audio-language
models?

Chapter 2 surveys 69 audio-language datasets up to September 2024, mapping their
origins across five main sources: YouTube, Freesound, sound effect libraries, field
recordings, and movies. Datasets are organized by their original task (captioning,
retrieval, question answering, generation, and source separation), and statistics such
as caption counts, total hours, vocabulary size, and accessibility are summarized. The
mapping reveals that YouTube-based and Freesound-based datasets dominate, while
other resources provide complementary coverage.

Using CLAP embeddings [525] and large-scale principal component analyses, Chap-
ter 2 visualizes semantic coverage of each dataset in both audio and text spaces. The
analysis reveals that a small set of categories, such as indoor environments, mu-
sic, and male speech, account for nearly half of all samples. It identifies datasets
with distinct centroids (e.g., AnimalSpeak, AudioCaption, MACS, and AudioSet) and
contrasts them with other resources such as Freesound. Pairwise cosine similarity
analyses reveal significant acoustic and textual overlap among popular datasets, such
as AudioCaps,WavCaps, and Clotho and their derivatives.
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A section on data augmentation categorizes techniques into audio-only, text-only,
multimodal and cross-modal (e.g. visual) methods. While augmentation generates
more training data and improves quality by filtering and rewriting captions, it may
also reinforce existing biases. The survey also shows that, by 2024, most new datasets
rely on LLM-generated captions, often produced for the same underlying audio. This
potentially increases redundancy and reinforce biases.

Overall, the chapter argues that dataset quality, accessibility, and diversity are more
important than scale alone. Recommendations include combining low-overlap field-
recording and sound-effect datasets for balanced training corpora, distributing data
via platforms like Zenodo or HuggingFace for reproducibility, and adopting systematic
duplicate-detection pipelines. Later chapters build on these curated datasets and
analyses.

R E S E A R C H Q U E S T I O N 2

Curriculum Learning and Data Balancing for AQA

How can curriculum learning and data balancing improve audio question answering
performance?

Chapter 3 examines these issues in Audio Question Answering research: (1) contam-
ination between training and evaluation data, (2) strong class imbalance in audio
categories (with music and speech dominating), and (3) instabilities when applying
reinforcement learning.

The chapter highlights that AQA benchmarks, such as MMAU [393], inherit large
portions of their audio from widely used datasets such as AudioSet, Clotho, and
WavCaps, often used as training data. This complicates claims of generalization.

To address these issues, Chapter 3 introduces a data-balanced curriculum pipeline. It
constructs a clean version of the DCASE 2025 Task 5 development dataset1 with no
audio overlap across splits. Questions and answers are categorized with Phi-4-mini
[2] into semantic classes, and statistical thresholds limit overrepresented categories,
producing a cleaner, more balanced dataset.

On this curated data, the chapter applies curriculum-stabilized Group Relative Policy
Optimization (GRPO). The curriculum first presents easy examples, based on question
type and model confidence, to stabilize early reward signals before harder examples
are introduced. The full pipeline combines supervised fine-tuning with low-rank
1https://dcase.community/challenge2025/task-audio-question-answering
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adaptation (LoRA) and reinforcement learning on the filtered, curriculum-ordered
data.

Experiments on the DCASE 2025 Task 5 development dataset show that the data-
balanced curriculum pipeline improves accuracy by 3.3% over a baseline that uses
standard supervised fine-tuning and GRPO. Ablations confirm that moderate filtering
and an easy-to-hard curriculum yield the most stable and effective training.

R E S E A R C H Q U E S T I O N 3

Semantic-Descriptor-Based Human Inspired Reasoning

How can incorporating human-inspired reasoning through semantic descriptors enhance
audio-language model performance?

Chapter 4 addresses this question by introducing AUDSEMTHINKER, an audio-
language model whose reasoning is structured around a set of semantic descriptors
inspired by auditory cognitive neuroscience. The model explicitly analyzes who or
what produces a sound, how it is generated, and where and when it occurs before
producing an answer or caption. This design mirrors how human listeners describe
everyday sounds. These descriptors are also used in Chapter 5.

To support this approach, Chapter 4 introduces AUDSEM, a dataset created from
YouTube closed captions using amulti-stage pipeline involving audiomodels, language
models, and visual cues. Captions are rewritten to match audible content, harmful
material is removed, and CLAP embeddings filter audio overlapping with existing
benchmarks. The dataset contains question answering, captioning, and creative
prompts tailored for semantic reasoning.

AUDSEMTHINKER generates outputs in three-phases: a free-form thinking phase, a
structured semantic analysis, and a concise answer phase. The chapter explores both
supervised fine-tuning and GRPO [409] with length-constraint rewards that control
the model’s thinking budget.

Evaluations on MMAU [393], OmniBench [247], and AudioBench [475] show that
AUDSEMTHINKER matches or outperforms strong baselines, especially in music and
environmental sound reasoning. Ablations indicate that explicit semantic descrip-
tors improve performance in supervised settings and that GRPO can further refine
reasoning patterns when reward design and length constraints are chosen carefully.
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R E S E A R C H Q U E S T I O N 4

Semantics-Aware Evaluation Metric for Audio Captioning

How can an audio captioning metric better align with human perception by using semantic
descriptors?

Chapter 5 introduces ACES (Audio Captioning Evaluation on Semantics of Sounds),
a metric that evaluates captions based on semantic descriptors rather than n-gram
overlap. ACES identifies entities corresponding to who/what, how, where/when, and
related perceptual attributes using a fine-tuned RoBERTa model [266] that performs
token-level labeling and aggregates descriptors into entity representations, and co-
sine similarities between contextualized embeddings measure alignment between
candidate and reference captions. ACES incorporates a METEOR-inspired F-score [27]
that emphasizes recall over precision, adds a length penalty for overly short captions,
and includes a fluency detector.

On the FENSE benchmark [600], ACES performs comparably to or better than existing
embedding-based metrics, especially on the human-incorrect and human-machine
categories of the Clotho-Eval dataset. These categories test the ability of a metric to
separate incorrect captions from correct ones and to distinguish machine-generated
captions from human references. Qualitative analyses reveal cases where ACES aligns
more closely with human judgments because it focuses on key sound descriptors
rather than global sentence similarity.

The chapter also discusses limitations, including sensitivity tomissing descriptor types
and cases with no overlapping entities. Nonetheless, ACES provides a semantically
grounded alternative to token- or sentence-embeddingmetrics. This semantics-aware
perspective is also used in Chapter 6.

R E S E A R C H Q U E S T I O N 5

Agentic Framework for Coordinating Audio Tools

How can agentic frameworks that coordinate specialized audio tools achieve state-of-the-art
performance without additional training data?

Chapter 6 presents AudioToolAgent, a framework that orchestrates audio-language
models and speech recognizers as tools controlled by a text-only central agent. The
agent receives an audio file path, a question, and answer options and then determines
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which tools to call, in what order, and with what prompts. Tool adapters support tasks
such as audio question answering and speech-to-text conversion, and the agent issues
follow-up queries when responses are incomplete or inconsistent.

The chapter describes open-source and closed-source configurations of AudioToolA-
gent. The open-source configuration combines the Qwen 3 235B agent [559] with
Qwen3 Omni [559], Qwen2.5 Omni [544], Audio Flamingo 3 [134], andWhisper [374]
as tools. The closed-source configuration uses Gemini 3 Pro [124] as the agent and
Gemini 3 Pro, Qwen2.5 Omni, Audio Flamingo 3, andWhisper as tools. The framework
does not require additional fine-tuning of the underlying models.

Experiments onMMAU [393], MMAR [280] andMMAU-Pro [224] show that AudioToolA-
gent reaches or surpasses state-of-the-art accuracy across speech-heavy and mixed-
sound tasks. The framework matches or surpasses strong multimodal baselines that
operate as single models. Gains stem from combining specialized tools, for example,
pairing robust automatic speech recognition models with general audio-language
models, within one reasoning pipeline.

Ablations quantify the contribution of individual tools and agents, showing that
general-purpose audio models contribute more to the agentic system than narrow
speech recognizers. Furthermore, the performance of models as tools does not corre-
late with the benchmark scores of those models. The chapter also analyzes practical
constraints, such as latency, compute cost, and outlines future directions for the
selection of learned tools and more efficient orchestration. Together, these results
demonstrate that an agentic framework can transform existing audio models into
more capable systems without new training data.

Chapter 7 synthesizes findings across all chapters by revisiting the central themes
of data quality and human-inspired reasoning and discussing their interaction. It
summarizes the dissertation’s contributions and outlines open challenges, including
multilingual and domain-specific datasets, latent-space reasoning, prompt sensitivity,
and multisensory world models for robotics.

For each chapter, the PhD candidate conceived the research idea, curated the data,
designed the methodologies, implemented and ran all experiments, conducted the
analyses, and drafted the papers in full, which were subsequently refined with input
from his supervisors.
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Abstract

Audio-language models (ALMs) generate linguistic descriptions of sound-producing
events and scenes. Advances in dataset creation and computational power have led to
progress in this domain. This chapter surveys 69 datasets used to train ALMs, covering
research up to September 2024. The survey provides an analysis of the origins of the
dataset, the audio and linguistic characteristics, and the use cases. Key sources in-
clude YouTube-based datasets, such as AudioSet, with more than two million samples,
and community platforms such as Freesound, with more than one million samples.
The survey evaluates the acoustic and linguistic variability between datasets by analyz-
ing the principal components of audio and text embeddings. The survey also analyzes
data leakage through CLAP embeddings and examines sound category distributions
to identify imbalances. The survey examines augmentation techniques for audio-
language datasets, including traditional methods such as MixUp and SpecAugment,
LLM-based text augmentation, and multimodal approaches that take advantage of
both audio and textual transformations. Finally, the survey identifies development
challenges: dataset overlap, biases, accessibility barriers, and English-language domi-
nance. The survey also shows specific areas requiring attention: multilingual dataset
development, specialized domain coverage, and improved dataset accessibility. In
the GitHub repository1 all scripts are available to reproduce the analysis.

Preface

This chapter answers Research Question 1 (Dataset Landscape and Its Impact on
ALMs) by characterizing audio-language datasets, their sources, overlap, and augmen-
tation practices, and by analyzing how these properties shape training and evaluation.
It contributes to the data-quality theme by showing how dataset quality, accessibility,
diversity, and leakage constrain what acoustic events models can learn and how reli-
ably performance can be measured. The resulting dataset map and overlap analyses
motivate the dataset curation choices and evaluation cautions used in subsequent
chapters.

The initial version of this chapter was accepted at the IEEE Access journal [509]. This
dissertation version includes an additional section on data augmentation techniques
(Section 2.3) that was omitted from the submitted version.

1https://github.com/GLJS/audio-datasets
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Chapter 2. Audio-Language Datasets of Scenes and Events

2.1 Introduction

Audio-Language learning, also known as Audio-Text learning, is a rapidly growing
research field that focuses on processing, understanding, and describing sounds
using natural language. Audio-language models fall under the broader category of
Multimodal Large LanguageModels, which can process and generate responses based
on diverse input modalities [570].

Advancements in machine learning and the increasing availability of datasets that
pair sounds with corresponding textual descriptions are driving the growth of audio-
language learning. The field has witnessed a surge in activity due to the development
of large language models (LLMs), which have inspired new research directions [586,
327]. For example, natural language processing models based on the Transformer
architecture [470] have been adapted for audio-language Learning in various settings
[293, 552, 321, 485, 231]. In addition, techniques such as contrastive learning, designed
to differentiate similar and dissimilar data pairs, and transfer learning have led to
improvement in performance in various audio-language tasks [88, 105, 525, 17, 352].

The availability of high-quality datasets has been another key driver of progress in
this field. Two milestones were the release of the Freesound platform in 2013 [117]
and AudioSet in 2017 [126]. These resources have enabled training models for various
sounds and tasks. Since then, numerous studies have followed [199, 102, 525, 296],
leading to development and refinement of datasets tailored to the needs of specific
audio-language models [139, 88, 73].

Recent studies indicate scaling laws for the development of foundation models [194,
173]: a correlation between model performance and the amount of data and training
time these models use. In Audio-Language Learning, for example, the ESC-50 audio
classification dataset requires around 2 million audio-text data points for a zero-shot
model to match human parity [588]. A major challenge in acquiring audio-language
data is that the amount of training audio data available is inevitably smaller than
that of natural language processing tasks [440]. Current audio datasets are mainly
based on sound effects databases, YouTube, or Freesound for their audio, whereas
LLMs are trained on a large portion of the open Internet [376]. A limited training
dataset has presented the issue of distributional shift: a mismatch between training
data and production data, which makes a model poorly equipped for real-world data
[53]. Models trained with contrastive learning (CLAP) [525, 105], benefit from large
and diverse datasets for better performance in audio-language domains [203, 261, 520,
334, 105].

A recent development in audio-language datasets is the use of LLMs to annotate,
generate, or augment training data for audio-language models (e.g., [296, 435, 129,
214, 383]; see also [598]). LLM-generated sound captions offer a way to address the
scarcity of human-annotated high-quality sound datasets. Another complementary
approach, as demonstrated in this work, involves utilizing a wider range of existing,
diverse data sources.
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This chapter reviews the available datasets in the audio-language domain, analyzing
69 datasets, expanding on previous surveys that reviewed 2 datasets [485], 3 datasets
[293, 552, 321], 5 datasets [231], and 20 datasets [461]. This chapter contributes the
following:

1. Dataset Overview: A detailed overview of datasets used in the field of audio-
language models, including relevant statistics (Table 2.1) such as the average
length of audio and text (captions), total hours, sources, and application do-
mains.

2. Data Leak Analysis: A data overlap analysis (Section 2.4.2) that assesses the
extent of data leakage between datasets. This analysis is critical for combining
datasets, developing new ones, and properly evaluating zero-shot learning tasks.

An additional section on data augmentation techniques categorizes augmentation into
four approaches: single-modal audio techniques, single-modal text augmentation,
multimodal augmentation that combines both modalities, and augmentation with
other modalities, including visual features and retrieval augmentation. The analysis
reveals that text augmentation can have bigger impact than audio augmentation
in traditional setups. In addition, it demonstrates how contemporary LLMs serve
multiple roles in augmentation, such as caption generation, paraphrasing, and quality
assessment of training data.

Through this analysis of existing datasets, this chapter identifies key challenges in the
development of ALM datasets. These include data quality and bias issues (particularly
in visually-grounded datasets), imbalanced representation of sound categories and
languages, dataset accessibility and reproducibility concerns, and risks of model
collapse in LLM-augmented datasets. Specifically, the survey highlights the need for
multilingual datasets beyond English, specialized domain coverage (e.g., environ-
mental audio, industrial applications, natural soundscapes), and improved dataset
accessibility and reproducibility (particularly for YouTube-based datasets).

“Zero-shot” learning, the ability ofmodels to recognize sounds they were not explicitly
trained on, is becoming a relevant aspect for evaluating audio-language models [444,
131, 181, 88]. However, achieving true zero-shot learning is challenging in practice.
Pretrained models may have already been exposed to similar data during training due
to data leakage or overlap between datasets [447]. For example, a model pretrained
on AudioSet [126] may already have seen “dog barks” sound samples, which ques-
tions whether recognizing “dog barks” in a new dataset represents genuine zero-shot
learning. This indicates the need for a thorough dataset analysis to understand the
capabilities and limitations of audio-language models and to evaluate zero-shot per-
formance robustly. The data leak analysis presented in this survey directly addresses
these concerns by examining overlap between datasets.

Given the extensive scope of the audio-language field, this chapter focuses on two
specific aspects. First, it examines the domain of sound and event machine listening,
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deliberately excluding speech and music modeling from its scope (for surveys on
speech and music modeling, see [289, 365, 231, 3]). Second, it distinguishes between
different types of machine listening tasks. Traditional tasks, such as Sound Event
Detection (SED) and Audio Tagging (AT) are limited to predicting within the scope
of the labeled data on which they were trained. For example, a model trained on
the AudioSet dataset can only predict labels from its 527 classes. In contrast, recent
audio-language models use an encoder-decoder setup, integrating an audio under-
standing and representation model with a text understanding and representation
model. This survey focuses on audio-language models and the tasks they support,
including Automated Audio Captioning (AAC), Audio-Text Retrieval (ATR), Automated
Audio Generation (AAG), and Text-to-Audio Retrieval (ATR). These tasks, along with
others, are briefly introduced in Section 2.2.

The survey is organized as follows: The Background section (Section 2.2) introduces
the field and its models. Then it reviews related work on audio-language research
and describes the research methodology used. An overview of the identified datasets
in the field is provided in Section 2.2.3. The survey also includes an analysis of data
leakage (Section 2.4.2), followed by a discussion of bias and data quality in audio
datasets (Section 2.5). Finally, the article concludes with a summary of findings and
future research directions (Section 2.6).
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Figure 2.1: Audio-to-language models process audio inputs to produce textual outputs across
captioning, comparison, question answering, and retrieval tasks.
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Figure 2.2: Language-to-audio models consume textual prompts to retrieve, separate, edit, or
generate audio signals.
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2.2 Background

This section provides an introductory overview of Audio-Language Learning, catego-
rizing the field into two primary task types: Audio-to-Language and Language-to-
Audio. Figure 2.1 outlines and illustrates the key tasks within these categories. For
detailed descriptions of specific tasks, see the surveys by Xu et al. [552] andWang et al.
[485].

2.2.1 Audio-to-Language

The Audio-to-Language category comprises models that transform audio inputs into
textual outputs, either by generating text or retrieving it from a dataset. This category
encompasses several subfields:

1. Audio Captioning: Generating natural language descriptions for audio events.

2. Audio Difference Captioning: Showing content differences between pairs of
similar audio clips (e.g. the addition or removal of specific sounds).

3. Audio Representation Learning: Learning audio representations that are effec-
tive for downstream tasks.

4. Audio-Text Retrieval: Using a database of audio-language pairs to find textual
descriptions corresponding to given audio inputs.

5. Audio-Question Answering: Answering natural language questions about spe-
cific audio content.

(Automated) Audio Captioning (AAC)

As introduced by Drossos et al. [101], AAC refers to converting audio signals into
natural language descriptions. Prominent datasets within this domain include Clotho
[102] and AudioCaps [199] (see Section 2.2.3). AAC models predominantly use an
encoder-decoder framework. The encoder processes audio signals into latent rep-
resentations. The decoder converts these representations into textual descriptions.
Encoders are frequently pretrained in datasets such as AudioSet [126] for audio classi-
fication tasks [208, 291], facilitating transfer learning to AAC tasks, as demonstrated in
various studies [517, 290, 190]. Common encoder architectures include Convolutional
Neural Networks (CNNs) [126, 212] and Transformer encoders [137]. Decoders employ
Transformers [375, 238]. Transformers and RNNs allow for variable-length audio
input, while CNNs are often limited to fixed-length input due to their pre-defined
kernel size and spatial dimensions. Various other architectures have been proposed,
such as GANs [294], diffusion models [546], and variational audioencoders [581].

AAC models are trained on paired audio-text data (τ, α), using various training meth-
ods. Early models used encoder-decoder architectures, where an audio encoder
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produced embeddings for a text decoder. Contemporary approaches include cross-
attention mechanisms that enable multimodal audio-language fusion [140, 209, 58,
290], integration using audio embeddings as prefixes for text decoders [405, 204], and
zero-shot approaches that adapt pretrained multimodal models and LLMs without
direct training [408, 396, 302]. Innovative variations include retrieval-augmented cap-
tioning [129] and unified encoder architectures [73, 444], which allow for integration
of audio and text modalities.

A powerful training technique that has emerged for audio captioning models is In-
struction Tuning, which improves model performance with reformatted training
data of instruction-response pairs. This approach has demonstrated superior re-
sults compared to traditional training techniques [80]. Two primary strategies have
been explored: using templates crafted manually [498, 74, 399, 490] or using LLMs to
automatically generate instruction datasets [175, 489]. Notable examples include Vi-
cuna [590], Stanford Alpaca [446], and LLaMA-GPT4 [362] all developed by fine-tuning
LLaMA using LLM-generated instruction datasets. This technique has also proven
effective in multimodal contexts, such as guiding visual encoders in extracting and
explaining image features using instructions [602].

The Audio Logging (AL) task extends the concept of AAC by generating longer,
paragraph-length descriptions of audio content. For example, Bai et al. [24]
introduced a method that uses LLMs to describe audio recordings up to three minutes
long.

The task of Soundscape Captioning, as proposed by [176], aims to generate context-
aware descriptions of soundscapes by capturing the acoustic scene, event information,
and the corresponding human affective qualities. This task seeks to automate tradi-
tional soundscape analysis, which is based on subjective ratings and labor-intensive
surveys.

Audio Entailment, introduced by [90], involves evaluating whether a text description
can be inferred from an audio recording. Each text description is categorized as either
an entailment, neutral, or contradiction with respect to the audio. This task assesses
an audio-language model’s deductive reasoning capabilities by determining whether
a text hypothesis can be logically inferred from an audio.

Text-queried Sound Event Localization (SEL), proposed by [585], involves identifying
the location or direction of a specific sound event described in natural language.
Unlike traditional Sound Event Localization and Detection (SELD) systems, which are
limited to predefined classes, SEL models allow users to describe target sounds in
natural language, making the task flexible and user-centric.
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Audio Difference Captioning (ADC)

Audio Difference Captioning (ADC) addresses a limitation in traditional audio cap-
tioning, where models often generate similar descriptions for similar sounds without
adequately capturing the differences in their content. ADC models use annotations
that explicitly highlight differences between captions of similar audio clips, enabling
better differentiation. For example, Tsubaki et al. [463] demonstrated the applica-
tion of ADC in detecting small anomalies in machine sounds to demonstrate its
usefulness in real-world scenarios. Prominent datasets for ADC include: (1) the
MIMII-Change dataset [463], which focuses on linguistic descriptions of anomalies
in machine-sounds. (2) The AudioDiffCaps dataset [441], which features audio clips
with artificially mixed background and foreground sounds derived from existing
environmental sound datasets.

A related technique, termed Audio Difference Learning, is described by Komatsu et
al. [211], specifically as a pretraining strategy for Audio Captioning models. In this
approach, two audio inputs, an input and a reference audio, are mixed and encoded.
The encoded reference is subtracted from the encoded input and the result is passed to
a decoder to generate the caption. Thismethod bypasses the need to create specialized
ADC datasets, simplifying the training process.

Additionally, a closely related task called Natural Language Audio Reasoning has been
proposed by [249]. NLAR focuses on distinguishing, comparing, and summarizing
differences between two audio clips. To support this task, the researchers introduced
the NLAR dataset, which has proven effective in evaluating the reasoning capabilities
of audio models.

Audio Representation Learning (ARL)

Audio Representation Learning (ARL) focuses on learning audio representations use-
ful for downstream tasks. This involves training amapping function f that transforms
an audio clip x into a meaningful representation y. The mapping function f is of-
ten learned to use techniques such as contrastive learning [521] or self-supervised
learning [58, 290]. These methods aim to create robust embeddings that capture
essential features of audio signals, enabling improved performance across various
applications.

Audio-to-Text Retrieval (ATR)

Audio-to-Text Retrieval (ATR) involves finding the textual descriptions corresponding
to a given audio query. This task is challenging due to the inherent modality gap
between audio and text modalities, which requires models to align these distinct data
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types. Recent research has emphasized the development of cross-modal alignment
techniques to bridge this gap effectively [295, 274].

Contrastive learning has emerged as a key approach in ATR. Contrastive learning
trains models to maximize similarity between paired audio-text samples while min-
imizing similarity with unrelated pairs. For example, Wu et al. [527] employed a
CLIP-inspired contrastive learning framework to align audio and text embeddings
in a shared space. Similarly, Deshmukh et al. [89] introduced a framework that com-
bines two audio encoders with a text encoder and contrastive learning to improve the
retrieval performance of variable-length audio content.

Audio-Question Answering (AQA)

Audio-Question Answering (AQA) is a multimodal task in which a system receives
audio input and a related textual question to generate accurate answers about the
audio content. This requires integrating audio signal processingwith natural language
understanding to produce contextually relevant responses. Advances in this field
have been driven by attention-based neural network models that use self-attention
to create representations for both audio and text. Cross-attention mechanisms map
relevant audio features to textual queries, improving precision [241, 432].

AQA datasets differ from typical audio-language datasets using a triplet structure:
an audio file, a text-based question, and a corresponding text-based answer. This
setup supports interactive models beyond understanding or transcribing audio to
interpreting and answering specific queries. The question and answer components
are textual, with answers often structured for classification tasks, such as simple
yes/no responses. For analytical purposes, questions and answers are sometimes
concatenated into a single text string (see Table 2.1).

A sub-task of AQA is Spatial Sound Question Answering, introduced by Zheng et al.
[591]. This variation aims to spatially detect and localize sounds by determining their
direction of arrival and distance, adding a spatial reasoning dimension to the task.

2.2.2 Language-to-Audio

The Language-to-Audio category encompasses tasks in which language input gener-
ates, retrieves, or modifies audio. This category is divided into four fields:

1. Audio Generation: The creation of audio based on natural language prompts.

2. Text-To-Audio Retrieval: Retrieving audio clips from a database using natural
language queries.

3. Audio Editing: The modification of existing audio content based on language
instructions.
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4. Language-Queried Audio Source Separation: The isolation of specific sounds
from a mixture using natural language queries.

Audio Generation (AG)

Audio generation, also called Audio Synthesis or Text-To-Audio (TTA), focuses on
producing synthetic audio that can mimic sounds, speech, or music. These models
accept text input (prompts) and generate various audio outputs. The approaches to
audio generation include:

1. Language-model-based methods: Autoregressive models trained on text-audio
pairs, such as AudioGen [219] and AudioLM [41], generate audio directly from
textual prompts.

2. Diffusion-based models: Latent diffusion models, such as Diffsound [562] and
AudioLDM [256], generate audio from scratch or conditionally based on input
text or audio. These have become the dominant approach in audio generation
[25].

3. Consistencymodels: Models such as AudioLCM [258] synthesize audio with high
efficiency, requiring only two iterations.

Text-to-Audio Retrieval (TAR)

Text-to-audio retrieval (TAR), or language-based audio retrieval, involves searching
for and retrieving audio clips that match a given text query [207]. This task parallels
Audio-to-Text Retrieval, focusing on mapping audio and text into a shared embedding
space for cross-modal retrieval. Approaches include contrastive learning [527, 229],
and training objectives such as triplet loss [534, 361]. Subtasks include Audio-Text
Relevance Learning, where the goal is to learn the shared semantic properties of
audio samples and text descriptions, using similarity functions [533], and Audio
Moment Retrieval [319], where the models identify specific timestamps in audio that
correspond to a text query.

Audio Editing

Audio editing focuses on altering existing audio content according to language in-
structions. Recent advancements include training-free methods, like AudioEditor
[186], which repurpose pretrained text-to-audio models using techniques such as
null-text inversion and EOT suppression, and specifically trained models, like AUDIT
[491], which employ triplet training data and targeted modification learning. These
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methods enable tasks such as adding background sounds, replacing instruments, and
repairing audio while maintaining the integrity of unedited sections.

Language-queried audio source separation (LASS)

Language-queried audio source separation (LASS) uses natural language descriptions
to isolate specific sound sources from a mixture of sounds. This field is also known
as Text-to-Audio Grounding [550, 551], Language-assisted Sound Event Detection
(SED-LM) [495], Language-Queried Target Sound Extraction [547], Query-based Sound
Separation (QSS) [263], and Query-conditioned target sound extraction [278].

The prominent models in this field include LASSNet [264], SoundWords [198], CLIPSep
[98], CLAPSep [278], AudioSep [263] and FlowSep [574]. In 2024, LASS was introduced
as a new challenge in the DCASE competition; the winner was AudioSep-DP [569].

2.2.3 Datasets

Audio captioning datasets can be categorized into several groups based on their
origins:

• YouTube-Based: Includes datasets derived from YouTube, such as AudioSet and
AudioCaps, which originate from AudioSet.

• Freesound-Based: Clotho being a primary example, these are datasets from the
Freesound database.

• Sound-Effect Datasets: Examples includeWavText5K and the BBC Sound Effects
Library.

• Field-recording Datasets: These datasets are sourced fromfield recordings, such
as the MACS dataset. Field recordings are audio samples captured in natural
environments, such as urban, rural, or natural settings.

• Movies & TV Shows Datasets: These datasets are sourced from television shows,
such as the AudioCaption dataset.

Table 2.1 presents a summary of datasets relevant to the field of audio-language
learning. This subsection contains a brief description of each dataset. The table in
Appendix 2.3 contains example captions for each dataset discussed here. Moreover,
Table 2.2 illustrates the combinations of datasets used to train large-scale audio-
language models.
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Table 2.1: Comparative overview of 69 datasets in the audio-language domain. The statistics are
self-calculated where possible. Indentation indicates reuse of the audio or that the dataset is
a subset of another dataset. Easily accessible (Acc.) datasets are publicly available and do not
require special access, scraping, payment or complicated access procedures. LLM Generated
Captions (LLM Gen.) indicate whether the dataset contains captions generated by LLMs such
as ChatGPT.
Number of
Captions

Avg Chars
(±SD)

Unique
Words

Number of
Sounds

Total
Hours

Size (GB) Acc. LLM
Gen.

YouTube-based Datasets
AudioSet [126]— Sound vocabulary based on an ontology
2,084,317 19.97± 18.92 1,067 1,955,135 5,383.11 1,155.23 7 7

AudioSet Strong [170]— Improved temporal precision of labels
1,074,359 14.7± 8.88 645 120,080 329.23 44.78 7 7

AF-AudioSet [214]— Large scale with synthetic captions
696,079 143.65± 57.58 18,498 331,421 912.51 195.83 7 3

ACalt4 [331]— Provides four captions per audio
167,140 63.7± 29.89 12,338 30,116 82.51 17.71 7 3

EzAudioCaps [154]— Diverse synthetic captions
1,088,808 81.43± 38.8 28,976 849,816 2,344.60 472.99 7 3

AudioSet Dialogues [135]— Dialogues for audio understanding
172,566 78,084 7 3

AudioTime [540]— Temporally aligned annotations
22,000 77.73± 27.62 13,584 22,000 59.18 12.70 3 3

AudioSetMix [543]— Audio-language learning with modifiers
49,971 20.00 49,971 138.81 7 3

Sound-VECapsA [573]— Improved performance on complex prompts
1,657,029 180.72± 46.87 141,558 1,645,920 4,531.74 972.52 7 3

DAQA [110]— Synthetic dataset for temporal reasoning
598,878 77.24± 19.72 271 100,000 2,089.36 224.17 7 7

CompA-R [131]— Synthetic dataset for complex reasoning
200,205 284.32± 58.05 49,039 62,617 171.98 36.91 3 3

MULTIS [589]— Dialogue dataset for instruction tuning
8,835 116.18± 48.01 5,156 7,645 21.07 4.52 3 3

SpatialSoundQA [591]— Spatial reasoning for 3D sound
1,749,114 100.17± 30.25 1,639 1,749,114 4,858.65 2,085.18 7 3

AudioCaps [199]— First large-scale captioning
57,188 49.22± 24.09 6,623 36,706 100.55 21.58 7 7

Audio-ALPACA [283]— Winner and loser audios
15,025 56.94± 24.96 2,795 15,025 42.75 4.59 3 3

AudioHallucination [221]— Object hallucination in ALMs
92,643 51.4± 5.71 1,113 686 1.88 0.40 7 7

BATON [250]— Human preference feedback for TTA
4,509 67.59± 15.36 1,083 5,990 17.04 1.69 3 3

Continued on next page
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Number of
Captions

Avg Chars
(±SD)

Unique
Words

Number of
Sounds

Total
Hours

Size (GB) Acc. LLM
Gen.

TextToAudioGrounding [550]— Fine-grained temporal labels
4,750 52.27± 24.33 1,715 4,588 12.71 2.73 3 7

AQUALLM [33]— Large, high-quality, diverse AQA datasets
1,435,785 61,167 7 3

VGGSound [57]— Large, audiovisual correspondence focus
199,467 16.52± 5.49 475 197,956 548.63 75.38 3 7

VGGSound-Caption [564]— Language prompts for Video to Audio
178,730 178,730 496.47 7 3

Auto-ACD [435]— Diverse with environmental context
1,922,878 103.97± 17.33 43,802 1,922,878 5,245.78 1,239.19 7 3

FAVDBench Audio [412]— Diverse life-related scenes
9,643 78.56± 46.75 6,433 10,000 21.55 13.87 3 7

Freesound-based Datasets
Freesound [117]— Large, diverse, and expandable
1,018,339 43.81± 43.17 372,319 515,580 3,003.35 645.89 3 7

FSD50K Title+Desc [114]— Open, large vocabulary, expandable
51,197 224.22 ±

277.64
86,349 51,197 108.59 32.12 3 7

AudioDiffCaps [441]— Differences between audios
37,488 41.11± 18.16 973 7,756 21.43 12.68 7 7

Clotho [102]— Focus on diversity and caption ambiguity
29,645 62.84± 15.72 8,168 6,972 43.64 12.91 3 7

Revised-Clotho [530]— Revision of inaccurate captions
29,645 8,168 6,972 43.64 12.91 7 3

Clotho-Detail [587]— Expressive and descriptive captions
3,939 324.83± 48.08 4,407 3,939 24.55 7.26 3 3

ClothoV2_GPT [367]— Augments ClothoV2 with keywords
95,981 52.61± 14.86 23,676 3,839 23.99 7.09 3 3

Clotho-ChatGPT-Mixup [523]— Increased complexity and diversity
50,000 100.39± 20.08 10,308 50,000 328.82 35.28 3 3

Clotho-Moment [319]— Retrieves specific moments from long audio
44,261 13.33± 2.79 7,808 49,842 178.25 830.7 3 7

Clotho Entailment [90]— Evaluate deductive reasoning
17,787 82.48± 19.58 7,745 5,929 37.06 10.96 3 3

ClothoAQA [254]— Crowdsourced question answering
35,838 35.40± 11.97 4,407 1,991 12.46 3.68 3 7

mClothoAQA [34]— Multilingual audio question answering
203,082 33.63± 11.49 27,522 1,991 12.46 3.68 3 7

NLAR [249]— Natural language audio reasoning
200 200 1.2 7 3

WavCaps [296]— Weakly-labeled GPT-generated captioning

Continued on next page
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403,050 44.87± 21.18 43,802 403,050 1,119.58 264.41 3 3

AudioCondition [150]— With text and control conditions
92,065 351.02 ±

275.91
43,802 92,065 255.74 60.37 7 3

ESC50 [364]— With human accuracy estimates
2,000 9.04± 3.88 50 2,000 2.78 0.82 3 7

SynCaps [343]— Synthetic, focused on temporal cues
5,370 39.55± 5.16 101 5,370 14.92 4.41 3 3

PicoAudio [537]— Precise temporal control of audio events
12,400 40.42± 21.46 12,414 5,600 13.93 2.99 3 3

RDATS [553]— Controls and describes detailed audio aspects
1,966 13.66± 4.38 834 2,000 6.86 1.47 7 3

SoundSCaper [176]— Acoustic, event, and affective information
25,440 25,440 212 125.38 7 3

DCASE LASS [264, 263]— Dataset for DCASE Task on LASS
60,397 68.84± 22.71 8,204 58,397 128.59 34.26 3 7

Sound Effect Datasets
LAION-Audio-630k [525]— Large dataset for CLAP training
1,213,235 45.56± 43.71 391,541 391,541 4,017 867.07 7 3

Audiostock [18]— Royalty free sound effects
10,001 35.36± 14.59 6,710 10,001 20.89 5.79 3 7

Epidemic Sound [45]— Large catalog of sound effects
151,290 56.33± 47.83 16,750 75,645 220.41 60.10 3 3

Free To Use Sounds [119]— Sound effects from field recordings
6,370 93.18± 45.33 4,979 6,370 175.73 50.69 3 7

ODEON (Paramount) [338]— Cinematic sound effects
5,212 10.98± 4.38 3,709 5,212 20.01 2.03 3 7

Sonniss Game Effects [119]— Sound effects for Game Audio
5,561 42.37± 22.92 7,854 5,561 84.61 22.50 3 7

We Sound Effects [174]— Defunct sound effect library
5,561 41.40± 21.58 7,854 5,561 84.61 22.50 3 7

WavText5K [89]— Improves audio-retrieval performance
4,348 73.00± 49.01 8,096 4,525 25.48 14.43 3 7

BigSoundBank [404]— Including ambiences and soundscapes
2,290 51.59± 34.38 3,459 2,467 19.34 11.03 7 7

SoundBible [119]— Free sound effects for multimedia projects
1,232 31.95± 12.28 1,827 1,320 4.74 0.55 3 3

BBC Sound Effects [31]— Sound effects from TV and Radio
15,968 56.44± 27.72 13,278 15,973 479.99 77.25 3 7

SoundDescs [207]— Large vocabulary, varied durations
32,979 104.75± 52.23 26,362 32,836 1,056.63 621.77 7 7

Continued on next page
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Number of
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Sounds

Total
Hours

Size (GB) Acc. LLM
Gen.

Adobe Audition SFX [5]— Uncompressed royalty-free sound effects
9,524 45.07± 13.19 2,871 9,528 22.42 14.62 3 7

Sound Jay [120]— Free and royalty-free sound effects
2,239 32.67± 13.28 1,028 1,139 3.57 2.72 3 7

Zapsplat [100]— Professionally recorded sound effects
64,421 8.51± 2.97 11,040 64,421 117.67 27.78 7 7

Pro Sound Effects [366]— Large commercial sound effect library
430,434 74.67± 43.77 51,182 430,434 4,470.56 5,964.95 7 7

Field Recording Datasets
MACS [288, 313]— Metric-based reliable ground truth
17,275 54.26± 21.65 2,775 14,400 10.92 39.56 3 7

AudioLog [24]— Temporal information of long audio
7,909 7,909 33.66 29.87 7 3

AnimalSpeak [383]— Large bioacoustic dataset
895,190 39.38± 34.81 42,968 878,359 11,841.12 1,131.02 7 3

SoundingEarth [164]— Urban sounds for remote sensing
51,058 220.96 ±

195.34
156,983 51,078 3,453.36 400.69 7 7

AudioEgoVLP [344]— Audio from egocentric viewpoints
8,954 66.76± 23.63 4.23 3,346 12.35 3.65 3 3

MIMII-Change [463]— Changes between two audio samples
17,999 17,999 50 5.36 7 7

CAPTDURE [340]— Single-source sound captions
8,034 72.96± 39.70 6,195 2,088 4.90 2.67 3 7

Movies & TV Show Datasets
AudioCaption [522, 549]— Specifically for Mandarin Chinese
29,117 92.10± 41.89 8,542 7,336 21.43 12.96 3 7

SAM-S [163]— Human-centric and movie-specific sounds
116,000 110,000 7 3

2.2.4 YouTube-based datasets

YouTube-based datasets, such as AudioSet and VGGSound, have been instrumental in
the development of audio captioning models. However, using these datasets comes
with specific challenges due to YouTube’s policies. Content creators can license their
videos under the Creative Commons CC BY license, permitting reuse. Despite this,
YouTube’s Terms of Service restrict content download unless explicitly authorized or
permitted by YouTube.

As a result, researchers cannot directly share audio files. Instead, YouTube-derived
datasets include only video links with the corresponding start and end timestamps.
Researchers also provide scripts for scraping these videos. Consequently, anyone
looking to replicate the models must scrape the data themselves.
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A further complication arises from link rot, where video owners may delete their
videos, or YouTube may remove them for policy violations. This leads to the un-
availability of some portions of the dataset, which complicates efforts to reproduce
research results or train new models.

AudioSet

Launched by Google in 2017 [126], AudioSet is one of the first large-scale datasets
for audio classification, containing 2,085,544 audio clips, each approximately 10 sec-
onds in duration. AudioSet features 527 categories of audio events, each manually
annotated using Amazon Mechanical Turk, providing multi-label annotations. For
creating audio-language models, various researchers concatenate the audio event
labels together to form captions.

The categories are organized into an ontology with top-level labels such as Human
sounds, Source-ambiguous sounds, Animals, Sounds of things, Music, Natural sounds,
and Environmental and background sounds. AudioSet is divided into balanced and
unbalanced training sets, with the balanced set comprising about 1% of the total and
designed to ensure at least 59 examples per category. The unbalanced set contains
the majority of the examples, particularly dominated by categories such as music and
speech.

Due to the transient nature of YouTube content, the exact composition of AudioSet
varies over time, as videos are sometimes removed from the platform. As of March
2024, about 18% of AudioSet samples are no longer available [464]. This variation
can affect the size of the dataset used in different studies by up to±5%, potentially
influencing outcomes and reported metrics such as mean average precision (mAP)
[243].

Several other derivative datasets have been created from AudioSet. These include the
following:

AudioSet Strong [170], which is a direct derivative, provides enhanced annotations
with strong labels that indicate the exact start and end times of each sound event
within the clips. This allows for more precise training on sound event detection
tasks. However, it covers only 356 of the original 527 AudioSet classes. Also, these
datasets are not necessarily effective for audio-language learning since the dataset
only provides specific sound events per start-end time, instead of full sentences.

AF-AudioSet [214] is a synthetic audio captioning dataset based on AudioSet produced
with a data labeling pipeline. The pipeline includes the audio-language model Audio
Flamingo [213] that is prompted with the audio clips and the instruction “Can you
briefly describe what you hear in this audio?” to generate 20 captions per audio
with sampling using top-k = 50 and top-p = 95%. Afterwards, CLAP [525] is used
between the audio and the caption to rank and filter the caption, and the top three
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most correlated captions are selected, removing captions having similarities below
35%. Although this approach provides multiple high-quality synthetic captions per
audio clip, their synthetic nature implies that they could potentially contain biases
from the audio-language model.

AudioCaps Alternative 4 Captions (ACalt4) [331] is a dataset that uses LLMs to gener-
ate captions similarly to Auto-ACD (see 2.2.4), where a frame is taken from the video
of the AudioSet andVGGSound datasets, and an image captioning algorithm generates
the image caption [435]. A ChatGPT LLM then generates a new caption given the
image caption and AudioSet labels. Although this approach generates four different
captions per audio using both visual and audio information, the dataset’s reliance on
video frames for caption generation may introduce irrelevant visual biases.

EzAudioCaps originates from four datasets: AudioSet, AudioSet Strong, VGGSound,
and AudioCaps; part of the dataset is based on Auto-ACD. A large part of EzAudioCaps
includes two synthetically generated datasets AS-Qwen-Caps and AS-SL-GPT4-Caps
based on AudioSet [154]. AS-Qwen-Caps is a dataset with captions generated using
Qwen-Audio [73], one of the leading audio-language models. AS-SL-GPT4-Caps is a
dataset generated using GPT-4o-mini, based on the temporally-resolved annotations
from AudioSet Strong. It is a large-scale, albeit noisy, dataset that combines multiple
other larger datasets.

AudioSet Dialogues [135] is a dialog-based dataset of multi-turn sentences and com-
parison question-answer pairs for general sounds, although with low granularity. It is
generated using a prompting-based approach with GPT-4 and its source data was from
AudioSet. The dataset contains samples with one to four dialogs covering general
sounds and focuses on creating strong correlations between rounds of dialog through
the presence of pronouns, follow-up questions, and complex contexts. The paper
also describes a dataset that covers the music domain.

AudioTime [540] is a dataset for the generation of temporal-controlled text audio.
AudioTime includes timestamps, duration, frequency, and ordering information to
help control audio generation. The dataset filters AudioSet Strong clips using CLAP
similarity scores greater than 0.3 for segmented sound events. The TextToAudio-
Grounding model [550] removes segments with scores below 0.6 when using event
labels as queries.

AudioSetMix [543] is an audio capture dataset generated by applying audio transfor-
mations (speed, pitch, volume, duration, mixing, and concatenation) to several clips
together from the AudioSet Strong dataset, combined with an LLM to form a weakly
annotated caption. In particular, the dataset puts emphasis on the ordering, and the
LLM is prompted to put the temporal information of the audio transformations into
the caption.

Sound-VECaps [573], and its derivative AudioCaps-Enhanced, are AudioSet-based
datasets that provide rich captions with audio event orders, locations, and environ-

28



mental information to improve audio generation models. The captions are generated
using a visual captioning model named CogVLM [486] that processes each second of
video, although this visual-based approach increases data complexity during infer-
ence. Llama3 [142] is prompted together with an audio caption using EnCLAP [202]
and its AudioSet label. The Sound-VECaps provides two different categories of datasets.
Sound-VECapsF describes full detailed information, including visual features, for
example, texts, names, and colors. Although Sound-VECapsA removes visual-only
information and contains only audible content or environmental-descriptive infor-
mation.

DAQA: The Diagnostic Audio Question Answering (DAQA) dataset [110] by Meta (Face-
book), provides a controlled environment to evaluate temporal reasoning capabilities
ofmachine learningmodels engaged in Audio Question Answering (AQA). This dataset
comprises sequences synthesized from 400 distinct natural sound events, with pro-
grammatically generated questions and answers that minimize biases. The audio
content is sourced primarily from the AudioSet database, along with recordings made
specifically for this dataset. However, due to its synthetic nature, DAQA may not fully
capture the complexity of real-world audio scenarios. Moreover, it requires a large
amount of computational resources to generate it.

CompA-R: CompA-R is a large and diverse instruction-tuning dataset synthesized
by GPT4 to enable complex reasoning in audio-language models on audio-related
metadata [131]. Each sample in CompA-R includes multi-aspect information on the
audio, such as event tags and temporal markers. Its testing dataset, CompA-R-test,
is a human-annotated evaluation set built to assess the reasoning capabilities of
audio-language models on audio question-answering tasks. This dataset serves as a
benchmark to test models fine-tuned on CompA-R for their ability to infer detailed
scene descriptions based on complex audio input. The dataset is based on AudioSet
Strong.

MULTIS: Zhao et al. [589] introduced the Audio Conversation 10k as part of the MUL-
TIS datasets, which focuses on multimodal instructional tasks. This particular dataset
is formatted for instruction tuning and includes audio-language pairs aimed at en-
hancing the capabilities of the large language model in audio-question-answering
scenarios. An example interaction in this dataset features a human asking “What is
making the sound in the audio?” to which the model responds, “The sound in the
audio is made by a waterfall pouring into a stream.” All audio clips in this dataset are
sourced from AudioSet.

SpatialSoundQA [591] developed a spatial sound question-answering dataset for 3D
audio understanding using natural language. The dataset provides a platform for
evaluating spatial audio perception and reasoning tasks such as sound event detection
and direction of arrival estimation. The data is originally from AudioSet and adapted
to spatial audio using the SoundSpaces 2.0 simulator [55]. It is mainly used for spatial
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question answering, and models trained on this dataset may not generalize well to
non-spatial audio understanding tasks.

AudioCaps

AudioCaps is a research dataset on audio-language learning sourced from AudioSet
[199]. Each audio clip is 10 seconds long. The dataset is widely used as a training set
and as a reference in audio captioning research, though its captions tend to be simple
and may not capture all audio nuances. Due to the YouTube source, the size of the
dataset has decreased over time. The validation and test sets provide five captions
per audio clip. The training set includes only one caption per audio. The captions of
AudioCaps are created by workers on the Amazon Mechanical Turk platform.

A notable issue within AudioCaps is the presence of duplicate samples [42]. Using clus-
tering techniques, the researchers identified 257 audio clips with repetitive elements.
These duplicates include identical introductory audio effects. This redundancy could
affect the training and performance evaluations of the models developed using the
dataset [42].

Several other derivative datasets have been created from AudioCaps. These are the
following:

Audio-ALPACA is a preference dataset based on AudioCaps used in TANGO 2 [283]
to enhance audio generation. Provides preference data derived from text prompts
and their corresponding audio samples, although the samples are not always strongly
aligned to their text prompts. The dataset creation involves generating audio samples
from text prompts using a pretrained Tango model. The dataset uses three distinct
strategies to ensure diversity and complexity. The first strategy generates multiple
audio samples with varying denoising steps from the AudioCaps captions. The second
strategy introduces semantic changes to the original captions using GPT-4. This
strategy creates audio from the original and altered captions to capture nuances
in audio-text alignment. The third strategy modifies the sequence of events in the
captions to test the temporal relationships in audio generation.

AudioHallucination [221] adapted AudioCaps to a question-answering task, providing
a structured approach to assess object hallucination in audio-language models. It
extracted objects from the captions using NLP techniques and formatted them into
five prompts to benchmark audio-language models. The datasets are separated into
3 categories, based on the type of sampling strategy used to create the questions:
random sampling, popular sampling, and adversarial sampling. Random sampling
receives k objects that are not present in the current audio. Popular sampling selects
the top-k most frequent objects. Adversarial sampling ranks all objects by their
frequency of co-occurrence.
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BATON [250] is a small dataset created to train an audio diffusion model. Although
its size could limit generalizability, the dataset incorporates feedback from human
preferences to align text-to-audio models with human judgments. The dataset con-
struction began by selecting the 200 most frequent categories from AudioCaps and
combining them in pairs and triplets. GPT-4 then generated sentences connecting
these category combinations using conjunctions like “and” and “followed by”. Expert
human annotators manually rephrased a subset of these generated sentences. In
the final dataset, each caption is used to generate five different audio samples us-
ing the TANGO audio generation model [127]. The dataset is evenly split between
human-annotated and LLM-generated captions.

TextToAudioGrounding[550] is a dataset specifically designed for Text-To-Audio
Grounding, a task that aims to predict the onsets and offsets of sound events described
by natural language (see Section 2.2.2). The dataset features caption-oriented sound
event tagging for each audio file and provides segmentation timestamps for each
identified sound event. It was created by initially extracting sound event phrases
from AudioSet and subsequently refining them through manual phrase merging.

AQUALLM [33]: The AQUALLM dataset comprises three subsets: AQUALLM-
AudioCaps, AQUALLM-Clotho, and AQUALLM-MACS. These subsets were developed
using an automated framework designed to ensure breadth, quality, and diversity in
the content provided. The framework consists of four modules. The first module
generates an initial set of potential responses from the captions following predefined
rules. The second module uses an LLM to formulate a question for each potential
answer. The third module validates each question-answer pair using an LLM.
Successful pairs are then coupled with the corresponding audio clip. The final step
involves the Question Paraphrasing Module (QPM), which paraphrases the generated
questions.

VGGSound

VGGSound is a large-scale dataset [57]. The dataset was created using a combination
of computer vision and machine listening techniques to automatically identify and
verify audio-visual correspondences in videos. Audio events cover various categories
including human actions, animal sounds, musical instruments, vehicles, and natural
phenomena.

VGGSound-Caption: VGGSound has been adapted in Audio-Language Learning to
train an audio generation model with video and loudness map as input [564].
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Auto-ACD

The Auto-ACD dataset [435] is a large-scale collection based on VGGSound [57] and
AudioSet [126] that provides detailed captions, although it containsmany noisy entries
requiring filtering. Also, since the dataset relies on visual features, it may contain
biases from the visual domain. This dataset improves the original keywords from
these sources using rich audiovisual information processed through six different
models. Specifically, four algorithms analyze the middle frame of the video as an
image: (1) BLIP-2 for image captioning, (2) Grounding Dino for object detection, (3)
OpenAI’s CLIP model, which categorizes images into 1000 ImageNet categories using
the prompt “a photo of a label”, and (4) PlaceCNN for place recognition.

FAVDBench Audio

The FAVDBench dataset is a specialized dataset to support the fine-grained audible
video description task (FAVD) [412]. This dataset includes video clips, each accom-
panied by a summary, 4-6 visual descriptions, and 1-2 audio-related descriptions.
Although visual descriptions are primarily tailored for visual understanding and are
not ideal for Audio-Language Learning, audio-related descriptions are specifically
crafted to capture sounds and auditory events that are discernible without visual
context. For this reason, audio-related descriptions are used in this survey, while
visual descriptions are excluded.

These videos were sourced from YouTube and are available exclusively under the
Creative Commons license. The dataset was manually annotated in Chinese by a team
of 60 people and subsequently translated into English. The annotationprocess for each
video involved one primary annotator and two reviewers. In addition, each sentence
in the descriptions was required to comprise more than five Chinese characters.

The same group also released another dataset, under the name TAVGBench [285]. This
dataset focuses on audiovisual understanding and contains visual cues.

2.2.5 Freesound-based datasets

Freesound is a widely used resource in the audio domain and hosts various audio files.
On Freesound, users can upload sound clips they have created or found, attaching
relevant metadata such as filenames, keywords, and descriptions Font Corbera et al.
[117]. Although user-generated metadata can vary in quality and structure, often in-
cluding extraneous information or featuring long length audio clips, raw data requires
preprocessing to make it suitable for machine learning applications.

One of the main advantages of using Freesound-based datasets is the licensing.
Freesound allows for the broad utilization of its sounds under various licenses, mak-
ing it a valuable source for training datasets in audio-related machine learning tasks.
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This section will explore several Freesound-derived datasets, detailing how they have
been processed and used for specific research purposes.

Freesound

Various researchers have included almost all Freesound in their training data for
audio-language models [525, 88, 132]. Although Freesound continues to grow through
user uploads, its user-provided descriptions are often noisy and require extensive
processing. For this reason, Freesound is often used during pretraining in a self-
supervised fashion.

FSD50k

FSD50k [114] is primarily a dataset for the classification of sound events that is openly
distributed and contains a large vocabulary of everyday sounds. Although it does not
include captions, researchers have adapted it for the training of audio-language mod-
els [104]. This adaptation involves concatenating the title and description provided in
the metadata for each audio file. Although this method generates long descriptions,
it introduces a degree of noisiness due to the unstructured nature of the metadata. A
limitation of the dataset is that its classes are unbalanced and that some classes have
many more examples than others.

AudioDiffCaps

The AudioDiffCaps dataset [441] is specifically designed to describe differences be-
tween pairs of similar but distinct audio clips through human-annotated descriptions.
Although the dataset effectively captures subtle differences between audio pairs, its
clips are artificially synthesized using the Scaper library [395], which may not fully re-
flect real-world conditions. The pairs are created by mixing foreground event sounds
with background noises from the FSD50K and ESC-50 datasets. Each audio clip within
the pairs is precisely 10 seconds in length. This dataset complements the Audio Pair
with Difference dataset introduced earlier by the same researchers [442].

Clotho

Clotho [102] is one of the most widely used datasets in the field of audio captioning.
It features a training, validation, and evaluation split, each ranging from 15 to 30
seconds in length. Every audio file in Clotho is paired with multiple captions created
using Amazon Mechanical Turk. Additionally, Clotho includes a test set of audio sam-
ples without accompanying captions hosted on a separate Zenodo page, specifically
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designed for inference purposes. This dataset is also prominently used in the DCASE
challenges for Automated Audio Captioning. Its advantage lies in that it contains five
captions per training, validation, and evaluation sample.

A study byXie et al. [532] involved a crowdsourcing task onMechanicalTurk to evaluate
the precision of 200 Clotho captions. Participants were asked to score how well the
sound content matched the given caption and other relevant captions not attributed
to the audio. From this study, which collected 18,204 responses from 340 workers, it
was found that approximately 60% of the audio content in Clotho matches accurately
its given caption. This dataset is proposed as GrRel in subsequent work, including
relevance rankings from 0 to 100 of the audio samples given a caption [533].

Several researchers have developed revised or extended versions of the Clotho dataset
to address specific challenges and enhance its utility for training audio captioning
models. Key developments include:

Revised-Clotho [530] : This dataset is a modified version of Clotho that improves
caption accuracy through GPT-3.5-based validation. Although it addresses issues with
captions that poorly represent audio content by evaluating and revising them based
on audio file name tags, the automated revision process may introduce biases that
affect the natural diversity of the original captions.

Clotho-Detail [587]: Is a small dataset designed for instruction tuning that provides
expressive and descriptive captions for deep understanding of audio content. It was
generated automatically using GPT-4, which consolidated the five original captions
per audio into a single caption in a few-shot setting.

ClothoV2_GPT [367] : Using GPT-3.5, this version involves generating new captions
for the Clotho dataset. This process used both the keywords and the original captions
to produce five distinct captions for each audio file. While the additional metadata-
augmented captions help reduce overfitting during fine-tuning, the GPT-generated
captions only marginally improve performance since Clotho already contains diverse
human-generated captions.

Clotho-ChatGPT-Mixup [523]: The winner of the DCASE Challenge 2023 on Audio
Captioning uses ChatGPT to propose caption mix-ups, increasing the complexity and
diversity of the training data. They provide ChatGPT two randomly sampled captions
and ask it to come up with a mix of the two while keeping the number of words under
25. The audio is mixed by scaling the two waveforms to ensure that their relative root
mean square energy is within±5 dB before adding them together [59].

Clotho-Moment [319] is a proposed dataset for Audio Moment Retrieval that enables
large-scale training by simulating long recorded audio in the city. The audio and text
pairs are generated by overlaying Clotho samples with theWalking Tour dataset [472]
at randomly sampled intervals. Although this approach allows for diverse moment
annotations and robust model evaluation, the simulated nature may not perfectly
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capture real-world audio complexities. The resulting dataset consists of 1-minute-long
samples.

Clotho Entailment (and AudioCaps Entailment) [90] are two datasets that are used to
check whether a model can assess whether a text description (hypothesis) of audio
content can be deduced from an audio recording (premise). The dataset has three
options for this. Either entailment, neutral, or contradiction. For each of these three,
a model should also provide its evidence.

ClothoAQA

ClothoAQA [254] is derived from the Clotho dataset to be specifically used to answer
audio questions. The dataset integrates crowd-sourced annotations through Amazon
Mechanical Turk. Each audio sample is accompanied by six questions and three
corresponding answers, totaling 18 pairs of questions with answers. Each pair of
question-answers per audio was annotated by a different worker. The questions are
structured to vary in difficulty: two per audio file are ‘yes-no’ questions designed
for binary responses, while the remaining four require a single-word answer, which
could be a limiting factor.

ClothoAQA subsequently has 2 datasets that are based on it, named NLAR and
mClothoAQA [254]:

NLAR [249] is a small dataset created for the task of natural language audio reasoning.
It is based on ClothoAQA, by cleaning the dataset. NLAR uses ChatGPT-Turbo to sum-
marize acoustic characteristics and uses ChatGPT to generate five question-answer
pairs given pairs of audio and its description.

mClothoAQA [34] expands the audio question-answering framework of ClothoAQA
[254] into a multilingual context. By providing audio-caption pairs in eight languages
(English, French, Hindi, German, Spanish, Italian, Dutch, and Portuguese), it ad-
dresses the lack of multilingual datasets in the field. The dataset was constructed by
automatically transcribing the English question-answering pairs of ClothoAQA into
seven other languages using Google’s machine translation API, though this automated
translation process may introduce language bias issues.

WavCaps

WavCaps [296] is a weakly labeled dataset that brings together audio clips from four
diverse sources: Freesound, BBC Sound Effects, SoundBible, and AudioSet (strong
labels), ofwhich the largest portion of the sounds come fromFreesound. The dataset is
generated using ChatGPT from raw descriptions. Additionally,WavCaps includes both
prefiltering and post-processing steps aimed at refining the dataset by eliminating
undesirable data, which resulted in a high discard rate.
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AudioCondition: [150] is a dataset for conditional audio generation with text and
control conditions based on AudioSet Strong, with its caption fromWavCaps. For each
category of AudioSet Strong, a new caption, albeit limited to the category, is created
with timestamps based on the information from theWavCaps caption. The dataset
enables fine-grained control over audio generation by incorporating timestamp, pitch
contour, and energy contour for precise and diverse audio synthesis. For audio-to-
language models, this dataset is less suitable due to its unstructured text captions.

ESC-50

ESC-50 [364] is a well-balanced environmental sound classification dataset that con-
tains 2000 5-second audio clips in 50 classes of common environmental sounds. The
classes are organized into five major categories: animal sounds, natural soundscapes
and water sounds, human non-speech sounds, interior/domestic sounds, and exte-
rior/urban noises. Although the dataset provides high-quality labeled recordings with
sound events in the foreground and limited background noise, its small size of only
40 clips per class limits its utility for complex machine learning models. The dataset
was created by extracting clips from Freesound recordings and was manually anno-
tated by multiple participants through the CrowdFlower crowdsourcing platform,
achieving 81.3% human classification accuracy. Additionally, without longer textual
descriptions, the dataset’s short class labels make it less suitable for audio-language
models requiring more detailed captions.

SynCaps [343] is a synthetically created and used dataset to fine-tune text-to-audio
and audio-to-text retrieval. An LLM generates textual descriptions in the style of
AudioCaps from ESC50 sound labels. The dataset provides uniform temporal cues in
the captions by concatenating two sounds with arbitrarily selected temporal order
using only future and past cues. This helps models learn temporal relationships in
audio, although the temporal cues are limited.

PicoAudio

Picoaudio [537] is a dataset created to evaluate the temporal control performance
of audio generation models. The dataset provides high-quality, temporally aligned
audio-text data that enable precise control over timestamps and frequency in audio
generation tasks. Each audio has either 1, 2 or 3 sound events, with the sound events
originating from Freesound. This limited number of audio events could restrict its
scope of application. The sound events and the on-set time are randomly assigned,
with two times as many clips containing 1 or 2 sound events as 3 sound events.
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RDATS

RichDetailAudioTextSimulation [553] consists of simulated audio-text pairs with rich
details in four aspects: temporal relationship, loudness, speaker identity, and oc-
currence number. The data were generated using curated single-event sounds from
Freesound, mixed and concatenated according to randomly sampled attributes, and
paired with descriptions generated by ChatGPT to provide more detailed captions.

SoundSCaper

SoundScaper is a model capable of generating soundscape captions, given an audio
clip [176]. It is composed of an audio classification model, capable of predicting
the acoustic scene and events, together with its 8-dimensional perceived affective
quality values (such as Pleasantness-Eventfulness, or Calmness-Vibrancy). A GPT3.5
LLM generates a soundscape caption based on these values. The data originate from
ARAUS [345], which contains the Urban SoundScapes of theWorld dataset, but also
Freesound and Xeno-Canto. It is used to generate soundscape captions, capturing
acoustic environment information frommultiple perspectives.

DCASE LASS

Language-Queried Audio Source Separation [264, 263] is a 2024 DCASE Challenge to
separate arbitrary sound sources using textual descriptions of the desired source.
Its training set is based on FSD50k. The DCASE-Synth and DCASE-Real datasets are
for validation and evaluation purposes. The DCASE-Real dataset consists of audio
clips from FreeSound with either 2 or 3 manually annotated captions per audio. The
DCASE-Synth dataset consists of synthesized mixtures, with a text description and its
corresponding target source.

2.2.6 Sound effect datasets

Sound effects (SFX), originally designed for multimedia enhancements, have
found utility in the audio domain. These datasets are valuable for their primary
purpose—adding audio layers to visual media such as comedy series or action
movies—and for their structured captions, which facilitate quick and accurate
retrieval of specific sounds used when searching for specific content on SFX search
websites. This structured metadata is a key advantage for training audio models as it
allows for use as a caption describing the sound in these datasets.

A notable subset of SFX is the Foley sounds [84, 11]. Foley artists use everyday objects
to mimic the sounds associated with actions or objects in a scene. For example, the
sound of breaking bones might be simulated by pulling celery sticks. This creative
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process produces similar sound effects and provides data for training audio models to
recognize and replicate these sounds. However, some Foley sounds could be sonically
different sounds with the same textual representation [513]. This section explores
popular datasets that are based on these SFX sounds.

LAION-Audio-630k

LAION-Audio-630k [525] is the training set on which LAION-CLAP is trained. With
633,526 audio-text pairs, this extensive dataset with varied sources enables improved
model generalization across diverse audio tasks. The following datasets are part of
LAION-Audio-630k, next to Freesound and BBC SFX:

Audiostock [18] is a repository of royalty-free high-quality sound effects with a sub-
scription fee of $29.99 per month.

Epidemic Sound [45], a sound effects catalog that offers royalty-free high-quality
music and sound effects for videos. Although it offers a subscription for $10.99 per
month for personal use, some users have reported receiving copyright claims on
platforms like YouTube despite having paid subscriptions [425].

FreeToUse Sounds [286], an indie sound effect catalog offering a $25 all in one bundle,
provides royalty-free sounds recorded worldwide. However, like other Epidemic
Sound, users have reported receiving copyright strikes despite having purchased
licenses [273].

ODEON Sound Effects Library of Paramount Motion Sound Effects [338] provides an
extensive library in 53 categories, although it primarily contains movie and TV effects.
The library costs $49.95.

Sonniss Game Effects [421]: A yearly release of free game effects for the Game De-
velopers Conference in various bundles. Although the sound effects are free, they
primarily target game audio, and thus have limited diversity. The LAION-Audio-630k
dataset contains the data up to 2020.

We Sound Effects [174]: a defunct website that offered high-quality sound libraries
from top sound designers. Can still be accessed through archive.org.

WavText5k

WavText5k [89], created byMicrosoft, improves audio retrieval performance on bench-
marks like AudioCaps and Clotho through its contrastive learning approach. The
dataset does not share audio files directly but provides links to original sounds with
detailed metadata. The captions come from free-form descriptions created by the
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sound effect creators that can lack consistency compared to human-curated annota-
tions. This may limit the robustness of the dataset for complex retrieval scenarios.
Its audios originate from two sound effect libraries:

BigSoundBank [404]: a sound effect website by Joseph Sardin offering free, high-
quality, royalty-free sounds across 82 categories and 834 subcategories. Some subcat-
egories are in French.

SoundBible [119]: offers public domain sounds to download in both wav and mp3
format, most of them created by Daniel Simion. While each sound has a title, descrip-
tion, and keywords, the dataset is small and restrictive since it primarily targets video
editors, movie scorers, and game designers.

BBC Sound Effects

BBC Sound Effects database [31] offers a collection of 33,066 audio clips spread over 23
categories, such as nature, transport, and machines. This library features historical
sounds from the BBC RadiophonicWorkshop, the Blitz in London, various BBCTVand
radio productions, and recordings from the BBC Natural History Unit archive. The
accompanying captions are noisy and begin with nouns that identify the sound source
or scene, followed by more detailed descriptions, which are often incomplete.

SoundDescs [207] serves as a reference audio dataset. It contains various audio
content and vocabulary in the descriptions. Thewide variation in audio duration of the
dataset, with 109 files exceeding 10min, helps trainmodels to handle audio of different
lengths. The dataset is organized into training (70%), validation and test splits (15%
each), covering 23 categories such as nature, clocks, and fire. Recent evaluations have
identified data leakage in SoundDescs, including issues with duplicates, reprocessed
recordings, and partial overlaps, and proposed a new split of the dataset to eliminate
these issues [497]. As no LLM was used to generate the captions, this dataset still
contains unstructured noisy captions.

Adobe Audition SFX

Adobe offers a dataset of uncompressed sound effects as part of Adobe Audition and
Adobe Creative Cloud [5]. The files are grouped by type and compressed into ZIP
archives for easy download. In total, the dataset provides various different sound
effects in 24 categories of audio sounds. Its filenames are used as captions, which
results in noisy descriptions. The dataset has been used for training audio genera-
tion models, both latent diffusion models [181] and latent consistency models [258].
However, the sound effects are only accessible to active Creative Cloud members, and
they can be used royalty-free in projects.
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Sound Jay

Sound Jay [120] is an easy-to-use website that offers a small but diverse collection
of free sound effects, although its use is limited to personal purposes. The website
groups the sounds into 10 main categories, each with subcategories. It offers sounds
in both WAV and MP3 format and provides captions as well as keywords for each
sound.

Zapsplat

Zapsplat offers an extensive library of 150K+ free sound effects on its website under
a $5 subscription, where a free version offers a limited 4 downloads per hour and
requires attribution when using the sounds. Its sounds are divided into various
categories and subcategories.

Pro Sound Effects

The Pro Sound Effects Library, a commercial resource with more than a million
professionally curated sounds, was the first dataset to be used in an Automated Audio
Captioning setting [101]. Although its complete bundle costs up to $15,000, the library
offers high-quality sounds spread over 501 categories. After an initial automatic
curation process, the dataset was refined to 152,619 samples in [101]. In our analysis
in 2.2, all the current website offers are described in Table 2.1.

Subsequent studies have used this dataset for specialized applications. Kilgour et al.
[198] used 110,000 samples for the text-driven separation of sounds, a technique that
improves the clarity and isolation of specific audio elements. Furthermore, Miao et al.
[302] used samples from this library to advance research in bioacoustics detection of
wildlife.

2.2.7 Field recording datasets

This section explores a range of audio-language datasets that were not derived from
common sources such as YouTube, Freesound, or standard sound effects websites. In-
stead, these datasets are derived fromfield or studio recordings. These sources include
MACS and AudioLog, both based on TUT Sound Events datasets These sources in-
clude bioacoustics websites such as AnimalSpeak, where users have recorded sounds
from birds in the wild. Adaptations of existing datasets from related domains, such
as MACS. Content from other video platforms, including SAM-S and AudioCaption.
Self-recorded datasets, such as CAPTDURE, and collections from other online sources,
such as SoundingEarth.
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MACS

MACS [288, 313], a human-annotated audio dataset, features 3,930 files, each annotated
with an average of 4.4 captions. Created from the TAU Urban Acoustic Scenes 2019
Dataset [165], MACS focuses specifically on urban environments, encapsulating three
distinct sound categories: airport, public square, and park sounds. Each audio file is
precisely 10 seconds long, with captions averaging 9.247 words in length, contributed
by 133 annotators.

AudioLog

AudioLog is a dataset for training audio-language models to generate long paragraphs
of descriptions of events that occur in audio [24]. It effectively integrates acoustic scene
classification and sound event detection with contrastive learning, though its ability
to generalize may be limited due to relying on specific acoustic scene annotations.
The dataset is generated by an LLM capable of summarizing temporal information in
long audio sequences. It uses the MAESTRO dataset [298], the TUT Acoustic Scenes
2016&2017 and the TUT Sound Events 2016&2017. The TUT Acoustic Scenes 2017
contains audio within two classes, “beach” and “office”, which also exist in the TAU
Urban Acoustic Scenes 2019 Dataset that MACS is based on.

AnimalSpeak

The AnimalSpeak dataset [383], is a collection of bioacoustic sounds aimed at im-
proving bioacoustic research. This dataset was initially compiled using unstructured
labels with the assistance of ChatGPT, and further refined through screening with a
language model. Captions that did not pass the screening were revised and captioned
again to ensure accuracy and relevance. By pairing over a million audio recordings
with human language captions, it enables scalable analysis across diverse species,
though its species distribution shows some bias towardNorth American and European
species. Due to its many Latin names, it contains novel vocabulary that may not be
present in other datasets.

AnimalSpeak consists of several subsets, each sourced from distinct databases:

• iNaturalist2: This platform offers a crowd-sourced collection of animal observa-
tions, contributing 300,267 samples to the dataset.

• Xeno-Canto3: Known for sharingwildlife sounds, particularly birds, and recently
expanding to include grasshoppers and bats, this website adds 679,676 samples.

2https://www.inaturalist.org/
3https://xeno-canto.org/
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• WatkinsMarineMammal Database4: An open-access repository ofmarinemam-
mal recordings collected throughout the career ofWilliamWatkins, providing
15,567 samples.

• Animal Sound Archive5: Maintained by the Museum für Naturkunde Berlin,
this database initially contributed 21,473 samples. Unfortunately, most of this
subset was lost due to a cyberattack.

• AudioCaps: see Section 2.2.4.

Each audio clip in the dataset, except those from AudioCaps, includes two captions:
one referencing the animal species by its common name and the other by its scientific
(Latin) name. In total, AnimalSpeak contains 1,062,983 samples, making it one of the
largest bioacoustic datasets available.

SoundingEarth

The SoundingEarth dataset [164] is a collection of 50,454 geotagged ambient sound
recordings from the Radio Aporee project, collectively accumulating over 3,500 hours
of audio. While the dataset aims to archive field recordings globally, its reliance on
Radio Aporee introduces an uneven spatial distribution that clusters heavily in Europe
and the U.S., potentially limiting its global generalizability.

Each audio file in the dataset is accompanied by the corresponding Google Earth
images, enabling self-supervised audiovisual learning without manual annotation.
This feature provides a robust foundation for tasks such as remote sensing and en-
vironmental context interpretation. The recordings vary in length, with a median
duration of approximately 3 minutes, although some of the longest samples extend
beyond 30 minutes, with noisy but manually annotated captions.

AudioEpicMIR & AudioEgoMCQ (AudioEgoVLP)

Both AudioEpicMIR and AudioEgoMCQ are datasets from a proposed benchmark on
audio retrieval [344]. AudioEpicMIR is based on the EpicMIR [81] task, which is based
on EpicKitchens [81]. AudioEgoMCQ is based on EgoMCQ [252], which is based on
Ego4D [143]. Both provide audio descriptions from an egocentric perspective. The
LLM GPT3.5 is used to generate audio captions given visual descriptions within a
prompt that also contains a few examples and an introduction to the task. Videos that
did not contain any audio were removed, and another LLM GPT4 is used to generate
descriptions into 3 categories: low, medium, and high. These categories scale the
importance of audio for visual tasks. For the analysis in Table 2.1, the high category
4https://whoicf2.whoi.edu/science/B/whalesounds/index.cfm
5https://www.museumfuernaturkunde.berlin/en/research/animal-sound-archive
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is used for both datasets, to include only the audio that is very informative, and to
combine the two datasets.

MIMII-Change

TheMIMII-Change dataset [463] is a specialized collection derived from theMIMII-DG
dataset, which focuses on identifying malfunctions in industrial machines. Designed
to study audio changes such as pitch and volume variations, this dataset comprises
1,500 manually annotated pairs of sounds, though it is limited to only five different
types of machine sound. For each type of sound, there are 300 pairs evenly divided
between normal operating sounds and their anomalous counterparts. The unique
aspect of this dataset is the use of onomatopoeia in the annotations, where the anno-
tators describe the specific changes in sound between each pair. Consequently, each
pair of sounds is accompanied by three distinct captions.

CAPTDURE

CAPTDURE [340] is a manually created dataset comprised of 1,044 audio recordings
captured by researchers in 14 different environments, each annotated with 3-5 cap-
tions to provide a description of the sound. It consists of single-source sounds and
multiple-source sounds, each with captions and appropriateness scores for each cap-
tion. The captionswere originally written in Japanese and translated into English. The
annotation was carried out by crowd workers who provided captions and participated
in a quality control process by evaluating the captions submitted by their peers.

2.2.8 Movies & TV Sound Datasets

AudioCaption

The AudioCaption project encompasses two distinct datasets. Each dataset focuses on
sounds from specific environments: one in a hospital setting and the other inside a
car. This scene-specific focus helps capture the typical sounds of these environments.
The datasets were originally annotated in Mandarin and later translated into English
using automated tools, which may introduce some translation inaccuracies. Due to
their shared origins and annotation methodologies, these datasets are often used
together.

• The Hospital dataset [522]: these clips were sourced from Chinese video plat-
forms Youku, Iqiyi, and Tencent, predominantly featuring content from TV
shows. The annotation process involved first asking annotators four questions
about the sounds they heard, the sources of these sounds, their characteristics,
and the sound location. The responses to these questions formed the basis for
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the three captions assigned to each audio clip, culminating in a total of 11,121
captions. The dataset is divided into 3,337 training clips and 371 test clips.

• The Car dataset [549]: each clip in this dataset is annotated with five captions,
making a total of 18,010 captions. These captions were generated by five Man-
darin speakers per audio clip.

SAM-S

The Subtitle-Aligned Movie Sounds (SAM-S) dataset [163] provides a scalable, semi-
automatic approach to extracting sound-specific data from closed-caption transcripts
of 430Hollywoodmovies released between 2014 and 2018. Although its closed-caption-
based tagging process misses many potentially valuable audio events, the dataset
still contains 116,000 captions that were originally enclosed in brackets, a method
used to denote sound descriptions in film subtitles. These captions provide detailed
information about the sounds, their sources and the quality of the audio events
depicted in the movies. Of the total captions, 21,000 were identified as unique. The
breakdown of these captions reveals a difference in length: 1,500 consist of a single
word, 11,000 contain two words, and the remaining captions extend to three words or
more.

2.2.9 Datasets for Large Audio-Language models

Current state-of-the-art audio-language models are trained on combinations of multi-
ple datasets, which are described in this section. Table 2.2 provides an overview of
datasets used in the main audio-language models. The early SoundWords model [198]
from Google used an exceptionally large training set of 50 million captions, while
most subsequent models work with 1-5 million captions. The most widely adopted
datasets are AudioCaps and its parent dataset AudioSet. Of the 27 audio-language
models analyzed, 21 used AudioCaps. The next most popular dataset was Clotho [102],
followed by various Freesound-derived datasets. Sound-effects libraries such as BBC
SFX, Sonniss, and Audiostock are also frequently used in audio-language models for
training.
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AudioCaps [199] 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 21
AudioSet [126] 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 18
Clotho [102] 3 3 3 3 3 3 3 3 3 3 3 3 3 3 14
MACS [288, 313] 3 3 3 3 3 3 3 3 3 3 3 3 12
Freesound [117] 3 3 3 3 3 3 3 3 3 3 3 3 3 13
FSD50K [114] 3 3 3 3 3 3 3 3 3 3 3 3 12
WavCaps [296] 3 3 3 3 3 3 3 3 3 3 10
BBC SFX [31] 3 3 3 3 3 3 3 3 3 3 10
WavText5k [89] 3 3 3 3 3 3 3 3 3 9
Sonniss [421] 3 3 3 3 3 3 3 3 8
VGGSound [57] 3 3 3 3 3 3 3 3 8
Audiostock [18] 3 3 3 3 3 3 3 7
Epidemic Sound [45] 3 3 3 3 3 3 3 7
ESC-50 [364] 3 3 3 3 3 3 3 7
Paramount SFX [338] 3 3 3 3 3 3 3 7
UrbanSound8K [394] 3 3 3 3 3 3 6
SoundBible [119] 3 3 3 3 3 3 6
Free To Use Sounds [286] 3 3 3 3 3 5
We Sound Effects [174] 3 3 3 3 3 5
SoundDescs [207] 3 3 3 3 4
Adobe Audition SFX [5] 3 3 2
Clotho-AQA [254] 3 3 2
CochlScene [185] 3 3 2
TUT [165] 3 3 2
Chime-Home [118] 3 1
FindSounds [112] 3 1
NonSpeech7K [380] 3 1
Sonyc-UST [52] 3 1
Zapsplat [100] 3 1
Sound Jay [120] 3 1
Pro Sound Effects [366] 3 1
YouTube 3 1
Total captions (M)* 0.1 50 0.1 0.6 3.3 1.2 2.4 5.6 3.4 3.5 0.9 1.9 2.6 0.6 0.4 0.4 5.9 3.9 3 0.9 5.5 0.8 0.1
Total hours (K)* 145.6 4 4.3 3.4 8 3.7 5.7 2 6.5 1 2 1.3 3.7 8.8 0.1

Table 2.2: The sound event datasets (sorted by count) that were used in some major audio-
language models (sorted by date). At the bottom is the total amount of sound event data these
models were trained on. *Some papers only indicate the total amount of captions in their
data, others the total hours of audio the data contains. In some cases both.

2.3 Augmenting Audio-language datasets

Over the years, researchers have proposed methods to enhance audio data for dif-
ferent benefits. First, augmentation addresses data scarcity: the audio-language
field lacks datasets [203, 568] (see the rest of this Section 2.2.3), which hinders the
development and performance of retrieval models. Second, augmentation improves
generalization by reducing overfitting [501, 577]. Lastly, augmentation can improve
model performance, which is important because smaller models trained on high-
quality textbook-like data often outperform their larger counterparts [147]. Examples
of models trained on augmented datasets include BLAT [554], WavJourney [265], Au-
diogen [219], Make-An-Audio [182], and LTU [139]. The published datasets (see Section
2.2.3) with LLM-generated captions include LAION-630k [525] (Section 2.2.6), CompA-
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661K [132] (Section 2.2.4), WavCaps [296] (Section 2.2.5) and Auto-ACD [435] (Section
2.2.4).

This discussion excludes training techniques such as negative sampling [535, 261],
transfer learning [290], Test-Time Augmentation (TTA) [200], teacher forcing [567], and
curriculum learning (see Chapter 3). Although these methods aid in generalization
and performance, they primarily modify training procedures. For a detailed overview
of training strategies in audio captioning, Xu et al. [552] is recommended.

This section focuses on augmentation techniques used in audio-language research.
Augmentations fall into four categories:

1. Single-modal augmentation for audio, focusing on techniques that enhance
generalization and performance.

2. Single-modal augmentation for text, aimed at generating additional data.

3. Multimodal augmentation, where both text and audio are augmented.

4. Augmentation with other modalities.

This section explores both “traditional” methods, such as MixUp [577] and SpecAug-
ment [356], which do not rely on machine learning models, and contemporary pro-
posals that use audio generation models or language models, with an emphasis on
advanced language models like ChatGPT.

2.3.1 Audio augmentation

Audio augmentation improves performance in audio-language models. It applies
transformations to audio signals to mimic different acoustic environments or to
distort the original audio. Common techniques include adding reverb, clipping,
masking, pitch modulation, and introducing environmental sounds. The aim is to
generate various versions of audio signals that improve the robustness of the model.
Wei et al. [501] provide a comparative analysis of augmentation methods for audio
classification and introduce Mixed Frequency Masking, which achieves gains on
the Freesound-based dataset FSDKaggle2018 [116]. This subsection discusses both
traditional methods (Mixup, SpecAugment, and audio effects) and approaches that
use audio generation models or language models.

Mix-based methods

Researchers widely use mix-based techniques in audio augmentation. Methods such
as (Audio) Mixup [577] increase training diversity and yield performance gains in
multiple studies [441, 216]. Mixing both language and audio relates to Audio Mixup
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and is discussed in Section 2.3.3. Audio Mixup [577] linearly combines pairs of audio
samples using a scaling factor, as described by the equation:

â = λa1 + (1− λ)a2 (2.1)

where λ is a scaling factor drawn from uniform [132, 458, 330] or beta [577, 227, 256,
138, 225] distributions with task-specific parameters.

Mixing extends beyond simple linear combinations. Mixstyle [594] manipulates
the frequency axis of spectrograms to transfer device-style characteristics between
recordings. It alters spectrogram statistics and increases performance by 5.2% over
Mixup [594, 369].

Some implementations also set a Mixup rate: mixing a fixed percentage of audio
samples during training [256]. Other variants performmixing in log-mel spectrogram
space by scaling inputs to linear scale before mixing and reconverting to log scale
[330].

SpecAugment

SpecAugment [356] originated in automatic speech recognition and has been ap-
plied to audio captioning [58, 478, 325, 567, 218] and text-to-audio retrieval [292]. It
randomly masks frequency and time regions of log-mel spectrograms and deforms
along the time axis, improving robustness [517], reducing overfitting, and enhancing
performance [58, 478, 58]. Some works reduce the dimensions of the mask during in-
ference [200]. SpecAugment++ [479] adds zero-value masking and mini-batch mixture
masking and further improves audio captioning [433].

Audio Effects

Adding audio effects such asnoise and reverbbefore trainingdiversifies data, improves
generalization, and increases performance [561, 201]. Unlike SpecAugment, these
effects precede conversion to log-mel spectrograms. Common practices include
adding random Gaussian noise to the waveform to reduce overfitting [413] and using
speed, reverb [157], pitch, and overdrive, often combined with Mixup (2.3.3) for
gains in audio captioning [225]. Temporal and frequency changes promote time and
frequency invariance, respectively [413]. Gain augmentation randomizes the volume
to promote gain invariance [369]. Huang et al. [183] also show that adding noise during
training improves generalization and robustness.

When trainingmodels with fixed input sizes (e.g. CNNs), some researchers split longer
audio into consistent 10-second segments. This ensures compatibility [383]. Similarly,
audio clips are randomly cut when they are longer than 10 seconds or repeated when
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they are shorter than 10 seconds [525]. Another technique is average pooling, to
downsample audio to a fixed size [478].

Audio Augmentation Using Audio Generation Models

The generation of audio for augmentation yields mixed results. Ghosh et al. [132]
synthesized compositional audio with state-of-the-art text-to-audio models [265, 256,
127] to improve audio-language training, but found limitations in generating diverse
and cohesive audio for acoustic scenarios and reported a gap in capability remaining
in current models.

Xiao et al. [529] used AudioLDM to synthesize audio from captions in COCO [253].
Integrating these text-audio pairs benefited audio captioning and well-annotated
text from the vision-language domain. Later work scaled datasets and used large
language models like ChatGPT6 to generate pseudo captions, increasing the dataset
and improving audio captioning performance [139, 435, 296].

2.3.2 Single Modal Text Augmentation

Text augmentation, like its audio counterpart, mitigates data scarcity, improves per-
formance, and strengthens generalization. Researchers use heuristic text cleaning
and, more recently, large language models. This subsection outlines traditional and
LLM-based approaches to enrich text data for training audio models.

Traditional Text Augmentation

Text augmentationmaintains audio integritywhile diversifying text. Primus et al. [369]
report that in traditional settings, text augmentation can have a greater impact than
audio augmentation. This subsection covers common techniques and applications,
starting with data cleaning and then using external data.

Manyworks adopt data cleaning: a common technique for converting text to lowercase
and removing punctuation [367, 107, 433, 414]. This reduces the size of the vocabulary
[548] to simplify learning in small datasets: instead of 52 letters, each letter in the
capital or lower case, the model only has to predict 26. However, this also returns
uncapitalized and unpunctuated outputs at the validation or inference phase.

Cleaning also includes removing specificwords (e.g., keywords or descriptions), check-
ing spelling against US or UK dictionaries, deleting repeated keywords [397] and
descriptions [190], and applying heuristic rules to remove non-English words [476].
Other heuristics filter texts with numbers, stop words, and lemmatization [219], and
6https://chatgpt.com/
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remove patterns such as “recorded of/from,” pronouns and words that do not describe
the audio content [157]. Researchers often apply these techniques to web-scraped
datasets to improve training quality [296, 603].

In audio retrieval and audio generation, filtering preserves a representative dataset
with K-means selection [53]. Algorithms such as minHash [46] remove duplicates and
improve retrieval efficiency without distorting the distribution [476].

The BLAT audio captioning model uses AudioSet sound event tags to guide caption
generation and excludes audio clips with tags absent in AudioCaps, to align a new
caption dataset with existing dataset standards [554].

Previous work assesses temporal relations in audio-language models. Wu et al. [520]
filtered AudioCaps and Clotho to sentences containing temporal conjunctions such
as “before,” “after,” “then,” and “followed by” to test event ordering. Xie et al. [539]
used a similar approach, filtering for temporal conjunctions and excluding conjunc-
tion words indicating simultaneous events. Both approaches captured the temporal
structure but degraded the standard captioning metrics, attributed to the simple
heuristic composition [211]. Abdelnour et al. [1] focused on question generation for
audio-language models, and generated questions with “before” and “after” temporal
relationships.

Another category is word replacement. Traditional methods such as TF-IDF [424]
replace or select words to help prevent overfitting while preserving the meaning of
sentences [440], focusing on low-frequency words and topics [210, 536]. Cho et al.
[67] usedWordNet-based [305] synonym substitution, randomly replacing words with
synonyms. The Easy Data Augmentation (EDA) strategy [500], synonym replacement,
random insertion, random swap, and random deletion, addresses data shortage in
audio retrieval [203] and prevents overfitting during fine-tuning [201].

Researchers also convert multi-label audio classifications into text captions. They
either concatenate labels [414, 219], describe themwith phrases like “this is the sound
of” [352], or use their position within the AudioSet ontology hierarchy [190].

Textual augmentation with Large Language Models

Recent advances in LLMs such as GPT-3.5 [47] and ChatGPT improve textual augmen-
tation for training audio-language models by creating diverse datasets. LLMs convert
unstructured text or multi-label classification datasets into coherent sentences that
are useful for training.

One application is caption mix-up, analogous to audio mix-up (Section 2.3.1) and
audio-text mix-up (Section 2.3.3). It blends captions from two audio clips to produce a
new grammatical caption. The winning entry in the 2023 DCASE Challenge on Audio
Captioning [523] used this technique to increase the quantity and diversity of data. It
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also improves the fluency and precision of the captions [529]. Ghosh et al. [132] show
that LLMs can generate positive and negative audio-text pairs given acoustic events
for modular contrastive learning.

LLMs also assess quality by comparing generated captions with human-written stan-
dards. Systems filter captions below a threshold to retain high-quality data [219]. Xiao
et al. [530] use GPT-3.5 [47] to judge the precision of the caption against the audio file-
name tags and then use GPT-3.5 again to review the flagged captions. In bioacoustics,
researchers use ChatGPT to generate, review, and correct captions [383].

LLMs are used to transform existing datasets. In audio question answering, LLMs
generate contextually relevant question answer pairs using audio metadata [139]. For
language-assisted detection of sound events,Wang et al. [481] used text augmentation
to generate captions consisting of AudioSet events with start and end times. LLMs
can also create new versions of audio captioning and retrieval datasets by rephrasing
existing captions with available keywords [367] and by better matching audio files
[530].

LLMs power machine-generated datasets such as Auto-ACD andWavCaps. Auto-ACD
uses ChatGPT to process labels from multiple modalities in a structured format to
generate datasets [435]. WavCaps (Section 2.2.5) uses a multistage approach: ChatGPT
refines and redrafts audio captions to ensure precision and relevance, avoids named
entities, and removes subjective content [296]. Kim et al. [203] use a similar prompting
method to paraphrase captions with ChatGPT.

Bai et al. [24] compared four LLMs, ChatGPT [47], LLaMA 2 [460], Spark7, and ERNIE
bot [436], to create paragraph-length descriptions of minutes-long audio for AudioLog
(Section 2.2.7). They found all four effective and recommend ChatGPT for summaries
of long audio that also describe detailed sound events.

Other ML models for text augmentation

Beyond LLMs such as GPT-3.5, LLaMA, and Gemini, other language modeling ap-
proaches augment text for audio-language applications. Encoder-decoder models like
PEGASUS [578] and T5 [376] transform one textual representation into another and are
often used for machine translation [68], but have also been used for audio-language
tasks [83, 483].

PEGASUS [578] rephrases the captions [83]. T5 [376] augments datasets such as Au-
dioSet and Epidemic Sound [483] and supports multi-stage pipelines. For example,
a four-module pipeline uses T5 to generate questions from a caption and answer
candidate, and a second T5 module generates similar questions [33].

7https://global.xfyun.cn/products/SparkLLM
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Several studies use a teacher-student approach [172] for noisy captions [419, 494]. A
teacher model trained on noisy and clean datasets identifies more reliable data; then,
a studentmodel trains on the refined data. Another technique is back-translation [407]
that augments text by translating a sentence into a foreign language and then back
to the original, introducing linguistic variation without altering the core meaning
[369].

2.3.3 Audio-Text Multimodal Augmentation

This section discusses augmentation techniques that involve both text and audio.

Manual techniques

Huang et al. [182] addressed limited labeled data with a framework that generates
descriptive captions aligned with audio content. Their approach has two stages. First,
the system converts the audio into candidates using the AAC and ATRmodels. Next, a
heuristic merges text-audio pairs with concepts from a sound event database, creat-
ing new training examples with different concept compositions using prepositions.
Huang et al. [182] further diversify the training data by concatenating extra audio and
text before or after the audio.

Noriy et al. [334] concatenated sound event labels with prefixes and metadata and
used a language model to generate coherent sentences. Cousin et al. [78] expanded
their dataset with DeepL translations8 to create captions in French, German, and
Spanish. Ye et al. [568] introduced FeatureCut, which adaptively generates samples
using Kullback-Leibler divergence to encourage audio models to learn from entire
features.

PairMix

PairMix (also known as AL-MixGen, or Mixup with text), originally introduced in
vision-language as MixGen [160], creates new training samples by performing mixup
[577] on a pair of audio clips and combining their labels. Researchers apply PairMix
to increase the size of the dataset for the training of audio models [83, 67, 203].

PairMix randomly selectsN audio-text pairs containing audio clip α and text τ , then
mixes each modality separately to generate a new audio-text pair. Implementations
mix audio at the waveform level, in mel spectrograms, or by concatenation, with a set
probability for each generated sample [200]. They then concatenate the corresponding
texts with conjunctions [215, 227, 78]. Some methods mix in the embedding space
[210, 218, 228].
8https://www.deepl.com/
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PairMix increases performance when combined with other training techniques such
as test-time augmentation [203, 200] and audio augmentation methods in 2.3.1. It
also diversifies training data [201]. Kuzmin et al. [225] found that Mixup with simple
concatenation of captions and audio outperformed random shuffling and mixing.
However, Mixup and MixGen can degrade performance in text-to-audio tasks [256].

2.3.4 Augmentation with other modalities

Beyond text and audio augmentation, researchers incorporate other modalities to
create data and context for audio-language datasets. AudioLog generates audio sum-
maries based on audio labels with the corresponding start and end times [24]. In-
tegrating visual features also improves performance in datasets such as AudioCaps
(Section 2.2.4) [39].

Unified multimodal models such as UniVAL [417], Video-LLaMA [576], PandaGPT
[431], MacawLLM [277], and Audio-Visual LLM [416] achieve strong performance in
AudioCaps [199] and Clotho [102], even when trained in audiovisual datasets. These
models also perform well on text-audio retrieval [322]. Aligning textual and visual
features at the spatial and temporal levels further improves personalized text-to-audio
performance [309].

To create an audio difference dataset, Komatsu et al. [211] superimposed Clotho and
ESC50 [364] audio clips in the time domain, adding individual ESC50 sound events
to Clotho scenes. Other studies show that visual features improve audio caption
performance in AudioCaps, although relying solely on video performs poorly [262].

Zero-shot audio captioning, as explored by Shaharabany et al. [408], can rely exclu-
sively on audio input. Their approach introduces an audibility term to ensure that
captions reflect audible descriptions. Bridging high-quality audio datasets for multi-
class tasks shows that datasets such as UrbanSound8K [394], ESC50 [364], and TUT17
[299] can also serve as captions [513].

VIP-ANT [588] uses images as a pivot modality, connecting audio and text without
paired audio-text data. WavJourney [265] uses LLMs to generate structured audio
scripts to enable training-free audio generation by issuing commands to multiple
models.

Retrieval augmentation also helps. For audio generation, it achieves state-of-the-art
performance in AudioCaps and excels at generating rare or unseen sound events [256].
In audio captioning, retrieval augmentation outperforms traditional encoder-decoder
networks, whether using a data store with audio alone or in combination with text
[129, 209].
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2.4 Audio Dataset Evaluation

This section evaluates the primary audio datasets. First, it provides visualizations
based on a large-scale principal component analysis of audio and text embeddings.
These visualizations illustrate the relative distance between audio and text content
in the datasets and their absolute numbers in terms of AudioSet top-level categories.
Second, the section presents a quantitative evaluation of data leakage using the cosine
similarity between CLAP embeddings of the audio and text data.

Given the large scale of the dataset, the calculation of CLAP embeddings, the calcula-
tion of the PCA in section 2.4.1 and the calculation of pairwise cosine similarity in
section 2.4.2 presented computational challenges. The calculation of the CLAP em-
beddings using the laion/larger_clap_general model took approximately 2 days
on a single H100 GPU. Across all datasets, 18,822,210 audio-text pairs were processed.
After excluding datasets that directly overlap or are derived from other datasets (e.g.,
Clotho-Detail being based on Clotho), 6,903,631 audio-text pairs were retained. After
experimentation, the Rapids cuML GPU implementation of PCA [452] was used to
efficiently reduce dimensionality. Similarly, pairwise cosine similarity computations
for the whole dataset were performed in batches using PyTorch on GPU [358].

2.4.1 Audio Dataset Analysis

Category Distribution

In the first set of visualizations (Fig. 2.3), audios and texts are categorized according
to AudioSet’s top-200 categories. This categorization is used to highlight the relative
distribution of sounds in terms of general semantics. For this purpose, each text
corresponding to a sound was processed using Meta’s Llama 3.2 model (specifically,
the meta-llama/Llama-3.2-3B-Instruct model hosted on HuggingFace). The model was
prompted with each caption and instructed to classify it into exactly one AudioSet
category, returning only the exact full category name. The prompts were processed
in batches of 64 and took approximately a week on a single H100 GPU. Samples were
omitted from the visualization that could not be matched to a valid AudioSet category,
which occurred in 3.8% of the cases.

The visualization (Fig. 2.3) shows the top 200 categories grouped by the 7 root-level
categories of the AudioSet ontology: “Natural sounds”, “Human sounds”, “Sounds
of things”, “Source-ambiguous sounds”, “Animal”, “Channel, environment and back-
ground”, and “Music”. Among these root categories, only “Animal” and “Music” have
their own direct class, while the others serve as grouping categories. The visualization
is limited to the top 200 categories instead of 527 AudioSet categories to avoid visual
clutter. As a consequence, categories with less than 2,264 samples were excluded.
Although the LLM was given 200 categories to choose from in its classification task, it
only returned a total of 177 unique categories in all classifications.
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Comparing the model’s classifications to AudioSet’s original labels reveals some dis-
crepancies. For example, “Male speech, man speaking” was classified 30.6 times
more frequently by the model than it appears on AudioSet’s labels, “Sound effect”
was classified 14.5 times more frequently, and “Inside, small room” 10.6 times more
frequently. Some examples in the top 200 categories that are not included in the
visualization are “Drum kit” with 15169 audios in AudioSet, “Keyboard (musical)”
(10473) and “Motor vehicle (road)” (9044).

Based on the analysis of the category distributions in the audio datasets in Figure
2.3, imbalances are observed in the category representation. The most prominent
categories show a strong bias toward indoor environments and human-generated
sounds, with “Inside, small room” being heavily overrepresented at 21.6% (3.2M
samples), followed by “Music” and “Male speech” at 14.1% and 13.6% respectively.
These three categories alone account for nearly 50% of all samples, while specific
sound categories like “Cluck” (147 samples), “Rimshot” (371 samples), and “Motorboat”
(239 samples) are severely underrepresented.

The analysis also shows notable patterns in category concentration within individual
datasets. For example, DAQA exhibits a high concentration of male speech (37.8% of
its samples), while BBCSoundEffects shows a strong bias toward indoor environments
(34.2% “Inside, small room” samples). In general, indoor environmental sounds
and human-generated content dominate, while natural sounds and specific sound
effects form a long tail in the distribution. Despite the “Animal” and “Bird” categories
appearing in the top 10 most common categories (5.5% and 3.5% respectively), most
nature-related and specific sound effect categories have minimal representation. The
uniformity of the category distribution is also calculated using the formula:

Hn(α) =
−
∑n

i=1 pi log pi
log n

(2.2)

where pi =
αi∑n
j=1 αj

(2.3)

Where n is the number of categories, αi represents the count in category i, and pi
is the probability of category i. The normalized entropy ranges from 0 (completely
concentrated in one category) to 1 (uniformly distributed across categories). A higher
value indicates a more uniform distribution of categories within a dataset, something
a balanced dataset should have. In this calculation, it is seen thatVGGSound shows the
most uniform distribution (0.720), followed by FindSounds (0.615) and BATON (0.610).
This suggests that these datasets have more balanced representation across their
categories. However, the fact that these datasets have a limited number of unique
words in their captions influences this observation as well. When examining samples
per category, SpatialSoundQA leads with 12,382 samples per category on average,
followed by AudioSet (11,773) and DAQA (10,968).
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PCA Embeddings

Figure 2.4: PCA decomposition of all the datasets on both the audio and the language. The stars
in the visualizations represent the centroid of the dataset.

For the visualization of embeddings, only the original datasets are used (i.e. the ones
without a parent dataset; see also the indentation of the datasets in Table 2.1), with a
few exceptions. For example, ClothoAQA is based on Clotho and is therefore omitted
from this analysis, since this dataset is already overlapping. Similarly, Auto-ACD,
ESC50, and PicoAudio are also omitted. In addition, including all derivatives would
make the visualizations too cluttered and difficult to interpret meaningfully. Datasets
without available data, indicated with empty fields in Table 2.1, are also omitted from
this analysis. In total, 26 datasets are analyzed; visualizations of CLAP embeddings
are generated for both audio and text (Fig. 2.4).

This set of visualizations (Fig. 2.4) represents the first and second principal com-
ponents of audio (left) and text (right) embeddings obtained using the laion/larger_-
clap_general CLAP model hosted on HuggingFace. In this set, the data points are
color-coded based on the datasets (see the legend) to highlight the acoustic and lin-
guistic variability of each dataset and their centroids. These centroids are indicated by
star glyphs and calculated by averaging all CLAP embeddings for that dataset after re-
ducing them to two dimensions. For quantitative variability analysis, distance scores
are calculated based on the pairwise Euclidean distance between each individual
point in the datasets in the original embedding space. For further analysis, see also
Section 2.4.2.

In the audio embeddings PCA (Fig. 2.4, left), it can be observed that the centroid of the
datasets AnimalSpeak, AudioCaption, MACS and AudioSet are the most distant from
centroids of the other datasets. In the text embeddings PCA (right), the centroid of
AudioSet is themost distant from the other centroids, which is likely due to the limited
number of unique words in AudioSet’s multi-label classification captions. Notably,
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the sounds of AnimalSpeak deviate in both audio and text embeddings, which may be
because the dataset contains different animal sounds, which are, to a lesser extent,
present in the other datasets.

In the original dimension, before conversion to 2 dimensions with PCA, Freesound
(variability: 0.925), FSD50k (0.909) andWavText5k (0.906) show the highest variability
in audio embeddings, while AnimalSpeak (0.699), AudioCaption (0.661) and MACS
(0.534) show the lowest variability in audio embeddings. This variability is defined by
the average distance for all embeddings from its centroid. For the text embeddings,
Freesound (0.930), LAION-Audio-630k (0.927) and SonnissGameEffects (0.910) show
the highest variability, while AudioCaption (0.688), AudioDiffCaps (0.674) and MACS
(0.598) show the lowest variability. Freesound is a large collection of user-uploaded
sounds, containing many different sounds, which may explain its high variability
in both audio and text embeddings. MACS, on the other hand, represents sounds
from three different locations (airport, public square, and park) and is therefore more
homogeneous.

2.4.2 Duplicate analysis

Previous research has highlighted the issue of duplicate data in multimodal models,
where pretraining datasets often include examples that the model is later expected to
predict in a zero-shot context. This overlap can lead to an inadequate evaluation of
the generalization capabilities of models [466]. Additionally, studies have shown that
a portion of the zero-shot learning accuracy in audio-language models is attributable
to the inherent capabilities of their audio and text backbone models, rather than a
genuine ability to perform zero-shot learning [447].

Several studies in audio-language datasets have highlighted dataset overlaps, which
are particularly relevant for zero-shot inference. For example, when training mod-
els on WavCaps [296], researchers excluded data from FreeSound and AudioSet to
ensure zero-shot evaluation on Clotho and AudioCaps, due to overlapping samples.
Similarly, in LAION-CLAP training [525], samples from various sound event datasets
were removed to avoid overlap with Clotho and between the AudioCaps test set and
the AudioSet training set. In the HEAR challenge [465], datasets such as FSD50k and
Mridingham were excluded from the benchmark to prevent overlap with Freesound
[603]. The DCASE challenge 2024 published a CSV file of forbidden Freesound sound
IDs to avoid the overlap between Freesound and Clotho.

Duplicate analysis is inspired by two key papers on specific audio-language datasets.
Bralios et al. [42] examined memorization in latent diffusion models, identifying
numerous duplicated audio clips in the AudioCaps database using CLAP embeddings
and mel-spectrogram analysis. Similarly, Weck et al. [497] analyzed the SoundDescs
dataset [207], detecting duplicates or overlap recordings and producing a revised
version without redundancy by applying an audio fingerprinting algorithm [420].
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Figure 2.5:Heatmap showing the centroid distances andpairwise similarities between audio and
text CLAP embeddings of all datasets. The color intensity represents the centroid distance,
while the numerical annotations show the percentage of pairs exceeding 50% similarity
threshold between datasets. The lower (left) triangle represents audio similarities, and the
upper (right) triangle represents text similarities.

However, an attempt to use this CPU-based single-threaded O(n2) approach on about
20% of the datasets in this survey took approximately a month, making it not useful
for a wider application.

To examine dataset similarities, we generated a heatmap visualization that combines
centroid and pairwise similarities for audio and text embeddings (Fig. 2.5). The
computation is performed using GPU-accelerated libraries (cuPy and PyTorch) for
efficiency. Centroid similarities were calculated using mean embedding vectors for
each dataset, with pairwise cosine similarities determining their relationships. In
addition, pairwise similarities were computed for all embedding pairs and thresh-
olds of 50% and 99% similarity were used to quantify relationships. The similarity
threshold of 50% is used in the visualization to highlight highly similar datasets. The
diagonal is masked, since self-similarities are not meaningful for the analysis. The
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99% similarity threshold is used to define non-overlapping subsets of datasets, which
are provided on our GitHub repository.

In the heatmap, colors represent centroid similarity scores ranging from 0 to 1, where
higher scores indicate closer relationships. For pairwise similarities, the percentage
of pairs exceeding the 50% threshold provides additional information on the overlap
of the dataset. In some cases, higher relative percentages may correspond to a subset
of one dataset being highly similar to another, while overall similarity remains low.
In contrast, a lower percentage with a high centroid score might indicate broader
similarities between datasets.

Analysis of the audio centroid distances in the heatmap’s bottom-left triangle (Fig.
2.5), reveals strong acoustic overlap in pairs like AudioCaps-MULTIS (similarity:
0.993), FAVDBench-VGGSound (0.964), CompAR-AudioSet (0.942), AudioCaps-CompAR
(0.942), and MULTIS-CompAR (0.939). For some of these pairs, the overlap can be
explained by known relationships - for instance, MULTIS and CompAR are both built
upon AudioSet, which also includes AudioCaps samples. In contrast, FAVDBench’s
overlap is less clear, but may originate from the inclusion of YouTube sources, which
may contain VGGSound samples [412]. Scores close to 0 indicate that datasets exhibit
minimal acoustic overlap, suggesting that their combination may be beneficial
in training audio-language models. In particular, the lowest scores are found
between DAQA-LAION-Audio-630k (0.176), MACS-CAPTDURE (0.167), CAPTDURE-
AudioCaption (0.165), SoundJay-MACS (0.148), and AdobeAuditionSFX-MACS
(0.148).

The upper-right triangle of the heatmap (Fig. 2.5) shows high text similarity, assessed
through the centroids, in pairs like LASS-Clotho (similarity: 0.980), MACS-AudioCaps
(0.935), FAVDBench-AudioCaps (0.887), VGGSound-FSD50k (0.859), and LASS-MULTIS
(0.847), reflecting shared vocabulary and captions. Meanwhile, the lowest similarities
occur between AdobeAuditionSFX-MULTIS (similarity: 0.148), AdobeAuditionSFX-
MACS (0.146), BBCSoundEffects-WavText5k (0.144), AudioCaps-WavText5k (0.137),
and WavText5k-MACS (0.056). In general, AdobeAuditionSFX (average similarity:
0.280) and WavText5k (0.375) have the lowest text similarity scores with all other
datasets. FSD50k (0.631) and SpatialSoundQA (0.623). For audio, this is MACS (0.273)
and AdobeAuditionSFX (0.376), and Freesound (0.629), VGGSound (0.606).

Analysis of pairwise audio embedding similarities, as indicated by the numerical
value in each cell, shows that AudioDiffCaps-SoundingEarth (266M pairs, 13.89%),
AudioSet-AudioCaption (5.9B pairs, 13.24%), and AnimalSpeak-SoundingEarth (4.8B
pairs, 10.93%) have the highest number of pairs exceeding the 50% similarity thresh-
old. For the 99% similarity threshold, SonnissGameEffects-VGGSound (22,880 pairs,
0.21%), MULTIS-AudioCaps (5,044 pairs, 0.16%), and Freesound-SonnissGameEffects
(29,016 pairs, 0.05%) show the highest number of relative similar pairs. The lowest
number of relative pairs exceeding the 50% similarity threshold is found between
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MACS-PicoAudio (11,918 pairs out of 258M total comparisons, 0.0046%), PicoAudio-
AudioCaption (17,280 pairs out of 286M, 0.0060%), and CAPTDURE-AudioCaption
(11,390 pairs out of 186M, 0.0061%).

The analysis reveals patterns across the datasets. AudioDiffCaps shows high acoustic
similarity with several datasets, particularly SoundingEarth (13.89% of pairs >50%
similar), AnimalSpeak (10.88%) and Clotho (7.53%). Similarly, AudioCaption exhibits
strong acoustic relationships with multiple datasets, having more than 5% similarity
to MULTIS (7.35%), CompAR (6.40%) and AudioSet (13.24%). In contrast, specialized
datasets like MACS and AdobeAuditionSFX showminimal acoustic overlap - MACS
has less than 0.5% similarity with all other datasets except SoundingEarth (6.29%),
while AdobeAuditionSFX’s highest similarity is only 1.94% with LAION-Audio-630k.
This suggests that these datasets contain unique acoustic content that is not well-
represented in other datasets.

The analysis of pairwise text embedding similarities shows that AudioDiffCaps-MACS
(312.8M pairs, 40.07%), Audiocaps-MACS (335.1M pairs, 39.31%), and FAVDBench-
MACS (45.8M pairs, 22.80%) have the highest number of pairs exceeding the 50%
similarity threshold. For the 99% similarity threshold, SoundJay-MACS (420 pairs,
0.0018%), SoundJay-VGGSound (1,502 pairs, 0.00068%), and Audiocaps-VGGSound
(37,199 pairs, 0.00046%) show the highest number of relative similar pairs. The lowest
number of relative pairs exceeding the 50% similarity threshold is found between
MACS-WavText5k (44,783 pairs of 94.2M total comparisons, 0.048%), AnimalSpeak-
AudioEgoVLP (4.2M pairs of 7.7B, 0.054%) and AudioEgoVLP-AudioSet (9.9M pairs of
17.5B, 0.057%).

In general, datasets such as WavText5k consistently show a low text similarity to
other datasets, with its highest similarity only 1.16% with AudioCaption. Similarly,
AdobeAuditionSFX shows limited textual overlap, with its maximum similarity being
2.39% with SonnissGameEffects. However, AudioDiffCaps again shows high textual
similarity with several datasets, particularly AudioSet (21.2%), DAQA (20.3%) and
FAVDBench (17.3%). Particularly noticeable are the 39.3% and the 40.1% similarities
in text between LASS and AudioCaps and AudioDiffCaps respectively.

For all datasets, our GitHub repository provides subsets of datasets that do not overlap
with other data, according to the 99% threshold. The GitHub repository also con-
tains instructions and easy-to-use bash scripts for downloading each dataset in our
analysis.

2.5 Discussion

2.5.1 Data quality

The quality of training data influences the performance of machine learning models.
Although high-quality training datasets are limited in size [603], relying on large-scale
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noisy datasets remains the only scalable option for many tasks [104]. However, as
noted in the AudioCaps paper, such datasets may induce distributional changes [199],
particularly in the generation of audio samples with user-generated free-form text
input instead of training set prompts [53]. Mei et al. [296] showed that filtering noisy
data and rewriting raw descriptions into high-quality captions can achieve state-of-
the-art performance with smaller datasets. Similarly, the addition of AudioCaps with
ChatGPT resulted in better audio-text retrieval performance [339].

The combination of datasets poses additional challenges. For example, Mei et al. [296]
observed a performance drop in the AudioCaps dataset when the LAION-Audio-630K
dataset, which is larger but presumably of lower quality, was included during training.
However, integrating theWavCaps dataset reversed this decline and led to improved
performance in the Clotho and AudioCaps datasets despite the smaller dataset size.
These findings emphasize the importance of data quality over quantity.

LLMs offer a promising solution to improve the quality of the dataset. Rewriting
existing datasets to produce more elaborate and diverse captions has been shown
to improve training outcomes and mitigate the adverse effects of noisy data [523,
367, 530, 573, 214]. However, a key challenge is the inconsistency in the style of the
caption in audio-language datasets [603]. Proposed solutions include the introduction
of tokens specific to the dataset [228] or standardizing the style and length of the
caption using LLM-assisted rewriting (e.g., [203, 129, 435]).

2.5.2 Bias in Audio Datasets

Audio-language models face multiple biases that can affect their fairness and per-
formance. Key sources of bias include cross-contamination of train/test splits, the
bias related to the visual-grounding of datasets, diversity bias and the bias related to
dataset augmentation (model collapse).

Cross-contamination

Cross-contamination occurs when training and testing datasets overlap, leading to
overly optimistic performance metrics, as the model is essentially being tested on
information it has already seen and masking a model’s generalizability. This issue is
prevalent in the context of Audio-Language Learning, especially when combining
datasets. For example, 17.6% of AudioCaps overlaps with WavCaps, while Clotho
shares an even larger overlap of 89% [228]. Such overlaps distort evaluations and
undermine real-world applicability. The dataset overlap analyses provided in this
survey can help avoid such cross-contamination.
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Visually-grounded datasets

Many prominent audio-language datasets, such as AudioCaps, were annotated with
access to the corresponding video content [199] (see Section 2.2.3 and Appendix
2.7.1). This introduces a risk of visual bias, where captions include information not
discernible from audio alone (e.g., “A female instructor giving a speech in front of
a live audience”). Xu et al. [554] found that the noise introduced by visual context
limits the improvements in audio-text alignment studies [588, 151, 521]. Efforts to
address this include filtering visually-influenced captions using LLM (GPT4o), though
such a method resulted in an audio-language dataset that contained only 0.65% of the
original data (70,000 of 10.8 million) [222].

Several datasets such as Auto-ACD [435] and Sound-VECaps [573] have been created by
augmenting audio datasets with visual information to enrich their content. However,
research by [333] showed that visual language models tasked with processing both
video and audio tend to generate audio descriptions predominantly based on visual
information rather than actual audio content. Their analysis of 1000 cases showed
that Video-LLaMA produced audio descriptions containing visual-only information
in 32.3% of the cases. To mitigate this, several works proposed to filter out visual-only
information from the caption [573, 435, 154].

Diversity bias

Audio-language models trained on unbalanced, non-diverse datasets may perform
poorly on underrepresented groups and cultures [388]. Similarly, audio retrieval
systems may exhibit lower accuracy when searching for content related to cultures
or languages poorly represented in the dataset. Most existing datasets focus on
English, with only a few exceptions, such as AudioCaption [522, 549] and FAVDBench
[412], both of which have original Mandarin captions translated into English, and
CAPTDURE, translated from Japanese to English [340]. Efforts to expand linguistic
diversity include translating datasets into multiple languages. Cousin et al. [78] used
automatic translation to translate AudioCaps and Clotho to German, French, and
Spanish. Manakul et al. [284] translated AudioCaps from English to Thai. For audio
question answering, Behera et al. [34] translated into ClothoAQA in 8 languages. Kang
et al. [193] built a Korean audio captioning system, first training the system in English
and then translating the captions fromEnglish to Korean. This approach has also been
scaled to 181 languages by Noriy et al. [334]. The authors found that this multilingual
data increase enriches the variability of languages and accents within their training
set, enhancing themodel’s generalization capabilities. However, relying on automatic
translation can introduce its own bias. Annotator proficiency in dataset languages
also raises concerns, particularly when using platforms such as Mechanical Turk,
known for demographic biases [167, 92].
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Model collapse

Augmentation techniques have become increasingly important in audio-language
research to address data scarcity and improve model performance. Research has
shown that the use of ChatGPT and other LLMs for text augmentation leads to higher-
quality datasets for training audio language models by filtering captions [219, 383,
530] or generating new captions [383, 367, 203, 435, 129, 145]. However, attempts
to augment audio data using text-to-audio generation models have shown limited
success due to the insufficient diversity and realism of the generated samples [265, 127,
132]. For example, [132] attempted to create compositional audio using cutting-edge
text-to-audio generationmodels [265, 256, 127] to enhance training for audio-language
models, but found limitations in generating diverse and cohesive audio for acoustic
scenarios and concluded that a gap in the capability of current text-to-audio models
is still present. This limited success is a consequence of “model collapse” [418], a
phenomenon common in many areas of machine learning where models relying
on synthetic data perform well on such data, but fail to generalize to real-world
scenarios.

2.5.3 Dataset Accessibility

Dataset accessibility and reproducibility remain challenges in audio-language re-
search. Many datasets, such as those derived from AudioCaps, require researchers
to scrape audio content manually using command-line tools such as yt-dlp, or yt-dl
for YouTube-based content. Some others follow potentially cumbersome naming
conventions [212], such as adding a ’Y’ prefix to filenames - a practice seen in [212] and
subsequent works - to handleYouTube IDs thatmight contain symbols problematic for
programmatic parsing. For other datasets, such as AnimalSpeak, SoundingEarth, and
Zapsplat, obtaining the data is a time-consuming and complex process. Instructions
for accessing datasets like DAQA and AudioEgoVLP are often unclear, while others,
such as SoundScaper, present barriers that hinder use.

Reusing existing datasets as building blocks for new ones further complicates access
and reproducibility, as acquiring a single dataset may necessitate downloading mul-
tiple prerequisites. To improve this situation, researchers should prioritize hosting
datasets on accessible platforms such as Zenodo or HuggingFace, to provide straight-
forward access and facilitate reproducibility. Our GitHub repository provides scripts
for easy acquisition of datasets.

2.6 Conclusion

This survey provides an overview of audio-language datasets and their role in devel-
oping audio-language models. The field has seen advances in computing power and
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the creation of large-scale datasets like AudioCaps and Clotho. This enabled the train-
ing of more sophisticated models capable of understanding and describing diverse
sounds. This survey examined various aspects, including dataset design, availability,
training techniques, and challenges in the field.

A key finding is the increasing use of language models for dataset augmentation
and caption generation. Currently, 35 out of the 69 analyzed datasets have used
LLMs to generate captions for their datasets. While LLMs can help tailor datasets for
specific model purposes, our analysis reveals potential redundancy as many LLM-
generated variations of the same datasets may already exist (e.g. several similar
versions of Clotho). Section 2.5 highlighted how this promising approach needs
consideration. Both bias and hallucination issues could occur when using LLMs to
generate captions.

This survey emphasizes the role of data quality and quantity, particularly for con-
trastive learning approaches such as CLAP.While larger datasets enable better model
performance, the literature shows that simply increasing dataset size is not sufficient.
In this regard, the quality and diversity of the data are equally important. Studies show
that incorporating lower-quality datasets can actually decrease model performance,
while smaller but higher-quality datasets can lead to improvements.

The analysis in Table 1 reveals that YouTube-based datasets dominate the field (23
datasets), followed by Freesound-based datasets (21 datasets). Sound-effects libraries
and field recording datasets also form a large portion of datasets (18 and 15 datasets,
respectively). However, sound effect libraries sometimes require payment or special
access for their use. Other datasets, particularly AudioSet-derivatives, are difficult to
access since AudioSet’s YouTube-based constraints prevent direct resharing of audio
data, requiring a manual download. 49.2% (34 out of 69) of the analyzed datasets use
LLM-generated captions, indicating a clear trend toward synthetic data generation.
This trend is particularly strong in recent years - in 2024, 80% of new datasets (20 out
of 25 datasets released that year) used LLM-generated captions, up from 69.2% (9 out
of 13) in 2023.

Analysis of sound content distributions in audio datasets reveals imbalances in sound
category representation, with indoor environments and human-generated sounds
dominating. Our analysis shows that “Inside, small room” (21.6%), “Music” (14.1%),
and “Male speech” (13.6%) account for nearly 50% of all samples, while specific sound
categories remain severely underrepresented. Dataset-specific patterns emerged,
such as the high concentration of male speech of DAQA’s (37.8%) and BBCSoundEf-
fects’ bias toward indoor environments (34.2%). When examining the uniformity of
the datasets, VGGSound showed the most balanced distribution (0.720 normalized
entropy), followed by FindSounds (0.615) and BATON (0.610). PCA analysis of CLAP
embeddings revealed that AnimalSpeak, AudioCaption, MACS, and AudioSet had
the most distinct centroids. At the same time, Freesound demonstrated the highest
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variability in both audio (0.925) and text (0.930) embeddings, reflecting its diverse
user-uploaded content.

Duplicate analysis as shown in Section 2.4.2 revealed overlap between various datasets.
Practitioners should account for data leakage when training and evaluating models,
particularly for zero-shot evaluation. The heatmap analysis showed great similarities
between certain pairs of datasets, such as VGGSound-FAVDBench and Freesound-
FSD50k. Large audio-language models may have seen similar data during pretraining,
which can lead to over-optimistic performance metrics. It is not recommended
performing strong zero-shot evaluation on datasets that share similar origins (e.g.,
training on Clotho and evaluating on FSD50k, or training on Auto-ACD and evaluating
on AudioCaps). This evaluation is better described as a weak zero-shot evaluation.

Some overlaps are more obvious than others. The following are some examples of
overlaps: the VGGSound and AudioSet overlap. ProSoundEffects and BBC Sound
Effects also overlap, as Pro Sound Effects operates the commercial licensing of BBC
Sound Effects. Auto-ACD is based on VGGSound and AudioSet, andWavCaps is based
on FreeSound, BBC, SoundBible, and AudioSet. AnimalSpeak also contains Audio-
Caps as a subset. The analysis in this survey also deduced that the overlap between
VGGSound and FAVDBench Audio is quite evident. For each dataset, specific datasets
without overlaps are provided in our GitHub repository.

A relevant trend is the increasing amount of different tasks and subtasks that the field
of Audio-Language Learning is exploring. This survey shows that 8 different tasks are
currently being explored, with a further division of 11 subtasks. As Audio-Language
models becomemore usable for real-world applications, it is likely thatmore taskswill
be explored. In particular, various tasks that originally involved sound classification
are now being extended to broader language involvement, such as text-queried sound
event localization, language-queried audio source separation, and audio difference
captioning.

The analysis of dataset statistics reveals varying approaches to caption length and
detail. While some datasets focus on single-sentence captions (e.g., AudioCaps with
an average of 49.22 characters per caption or MACS with an average of 54.26), oth-
ers contain more elaborate captions (e.g., Clotho-Detail with an average of 324.83
characters per caption). This trend of more elaborate captions is likely to continue,
particularly for instruction-tuning large audio-language models, as it allows for more
detail and context to be captured in the training data.

2.6.1 Future Research Directions and Recommendations

Looking ahead, this survey identifies several areas for future dataset development.
Most existing datasets are heavily skewed toward English-language content. While
some datasets like AudioCaption and FAVDBench have original Mandarin captions,
and CAPTDURE has Japanese captions, the vast majority of audio-language datasets
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are English-only. Current approaches largely rely on automatic translation of English
datasets to other languages, as seen in efforts to translate AudioCaps and Clotho to
languages such as German, French, Spanish, and Thai. Although translation can help
address immediate needs, it may not capture the full linguistic and cultural nuances
of different languages. The development of original high-quality datasets in diverse
languages would be valuable to advance truly multilingual audio-language models.

A gap also exists in specialized domains, with some noticeable exceptions: Animal-
Speak in the bioacoustics domain, AudioCaption Hospital in the medical domain,
SoundScaper dataset for soundscapes and MIMII-Change for malfunctions in in-
dustrial machines. This survey shows that most datasets focus on human activities,
speech, and urban sounds, leaving room for expansion to other underexplored acous-
tic domains, such as environmental audio, niche industrial applications, and natural
soundscapes.

YouTube-based datasets, while numerous, face challenges related to link rot and
content availability, affecting research reproducibility. These findings suggest that
future efforts should focus on quality, accessibility, and robustness. Emphasis should
be placed on reducing redundancy and addressing biases and representation gaps to
ensure that the datasets remain reliable and inclusive.

The collapse of models in audio-language datasets also requires attention. Although
LLMs have shown promise in text augmentation and caption filtering, attempts to use
audio generation models for data augmentation have had mixed results. Current text-
to-audio generation models still show limitations in generating diverse and cohesive
audio for acoustic scenarios. Future research needs to focus on developing more
robust audio generation techniques that can produce high-quality synthetic data
while avoiding the pitfalls of model collapse, where models rely on synthetic data and
perform poorly on real-world examples.

To improve pretraining for audio-language models, researchers should explore al-
ternative sources beyond Freesound-based datasets like Clotho or YouTube-based
datasets such as AudioCaps. This can diversify the dataset and result in a more ro-
bust model. Some sound effect datasets and field recording datasets show the least
overlap in this survey’s analysis, offering promising alternatives for dataset diversifica-
tion. WavText5K, BBC Sound Effects, Adobe Audition SFX and MACS are particularly
recommended.

Dataset accessibility remains a pressing concern. Researchers should prioritize
making their datasets directly available through established platforms such as Zenodo
orHuggingFace to ensure easier access and better reproducibility. Researchers should
also be transparent about their dataset acquisition process to avoid confusion and
ensure that their datasets are accessible to others. Our GitHub repository provides
scripts for easy acquisition of datasets.
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This survey identifies a need formore sophisticated duplicate detection and dataset cu-
ration methods. Our analysis revealed complex patterns of overlap between datasets,
with some similarities being more subtle than others. Although current methods,
such as audio fingerprinting and embedding-based similarity detection, provide in-
sight, they are often computationally intensive and limited in their ability to detect
subtle overlaps. Future research should focus on developing more efficient and accu-
rate methods for detecting duplicates and overlaps in audio-language datasets. This
would enable better dataset curation and more reliable evaluation of zero-shot learn-
ing capabilities, while also addressing current challenges in assessing true model
generalization versus performance inherited from overlapping training data.

This survey provides detailed information on the current state of datasets, their appli-
cations, and challenges. The analysis reveals trends in the development of datasets,
including the growing use of LLMs for caption generation, differences in the ease of
dataset acquisition, and dataset overlap issues. These findings can guide researchers
in making informed decisions about dataset selection and future development efforts
in audio-language learning.

2.7 Appendix

2.7.1 List of audio-visual datasets

• Video Captioning and Dense Description: ActivityNet-Captions [220], MSVD [56],
MSR-VTT [545], VATEX [488], TaCos [385].

• Instructional and Procedural Content Understanding: YouCook [595],
HowTo100M [304], CrossTask [605], How2 [398].

• Visual Instruction Tuning: VideoChat-instruct-11K [246] and Valley-Instruct-65k
[275]

• Event Localization and Action Recognition: AVE [457], TVC [235], LLP [456].
DiDeMo [169], Charades-STA [122].

• Large-Scale Multimodal Integration: HD-VILA-100M [555], Webvid10M [26],
VIDAL-10M [601], VALOR-1M [62], VAST-27M [63], ViT-Lens-2 [236].

• Specialized Domains: LSMCDC/MPII-MD [387, 386], M-VAD [459], Sound Of
Story [20], SoundNet [19], ASIW [54]

2.7.2 Example caption per dataset
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Table 2.3: Example caption per dataset: the first occurrence of the word dog in each dataset.

Dataset Example Caption

ACalt4 A dog whimpering and yipping, possibly in discomfort or
seeking attention

AFAudioSet The audio contains a variety of sounds including a dog
growling, the whirring sound of mechanisms, and a man
speaking.

AdobeAuditionSFX Animal Mammal Carnivore Dog Bulldog Jowl Flap 01

AnimalSpeak The sound of a MagnoliaWarbler singing from dense
dogwood foliage.

AudioAlpaca A female’s speech followed by a dog barking and whimper-
ing.

AudioCaps A dog whimpers quietly

AudioCaption A woman nurse and a female doctor talk about dogs.

AudioCondition Mechanisms from 0.0 to 10.0 and Generic impact sounds
from 0.128 to 0.259 and Clicking from 0.467 to 0.543 and
Whimper (dog) from 0.688 to 1.152 and Dog from 1.124
to 4.817 and Clicking from 4.775 to 4.824 and Surface
contact from 4.886 to 5.066 and Dog from 5.149 to 6.912
and Clicking from 5.17 to 5.336 and Generic impact sounds
from 5.979 to 6.186 and Generic impact sounds from 6.435
to 6.629 and Generic impact sounds from 6.857 to 7.002
and Generic impact sounds from 7.327 to 7.5 and Human
voice from 7.68 to 8.178 and Generic impact sounds from
7.791 to 7.998 and Generic impact sounds from 8.288 to
8.489 and Generic impact sounds from 8.745 to 8.966 and
Generic impact sounds from 9.236 to 9.409 and Human
voice from 9.277 to 9.838 and Generic impact sounds from
9.713 to 9.927

AudioDiffCaps remove sound of dog barking

AudioEgoVLP The hotdog display counter is closed, producing a sliding
and locking sound.

AudioHallucination Is there a sound of dog in the audio? No

AudioTime A dog barked for 1.385 seconds, followed by a steam whis-
tle lasting 5.25 seconds.

AudioSet Speech,Whimper (dog)

Continued on next page
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AudioSetStrong Whimper (dog)

Audiostock Medium-sized dog barks (one!)

AutoACD A dog howls loudly followed by a person screaming, creat-
ing a chaotic atmosphere in the vicinity.

BATON A dog barks, bees buzz, and rail transport moves

BBCSoundEffects Ext. aerobatics as in dog fight - 1967 (104B

BigSoundBank barking dogs.

CAPTDURE The sound of a dog on a leash “roaming” on an inorganic
floor.

CHiMEHome -

Clotho A dog jumped into the water and swim and then came out
panting, it shook its body

ClothoAQA Is it a dog making the noise? no

ClothoChatGPTMixup a couple converses as a dog barks intermittently while
coins are dropped into a jar and a hand searches through a
packet

Clotho-Detail In this audio, we hear a series of creaking and squeaking
sounds. These noises could be attributed to someone
leaning back and forth on an office chair, or perhaps to
a slowly creaking door opening. Additionally, there are
intermittent popping sounds that eventually taper off.
Background noises, such as a dog barking, add additional
context and atmosphere to the scene.

ClothoEntailment Entailment: A dog engages in a water activity and exhibits
behaviors such as panting and shaking.

ClothoMoment A dog is barking at the heavy downpour of rain. [13s, 38s]

ClothoV2GPT A door creaks while a dog barks in the distance.

CompAR Based on the audio elements provided, infer the ambiance
or mood conveyed by this outdoor setting. Be sure to
consider the impact of the specific animal and human
sounds. The combination of bird chirping, insect sounds,
and a human voice suggests a serene, possibly pastoral
setting. The barking dog adds to the perception of a lively
yet relaxed ambiance.

Continued on next page
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Dataset Example Caption

DAQA Was the sound of the car passing by louder than the sound
of the dog making noise? yes

ESC50 dog

EpidemicSoundEffects the sounds of ambience, subdivision, night, insects, dis-
tant, dog, loop, bugs, and distant dog.

EzAudioCaps A woman speaks while a dog barks in a domestic setting,
creating a lively atmosphere.

FAVDBench A man commands a dog. Occasionally, you may hear a dog
barking in the distance

FSD50k 20061012. a distant ambulance siren along with some dog
barks. The noise of the siren ends abruptly, presumably
upon arrival to destination. ME62+AKGCK94 into iRiver
H120 decoded to midside stereo / una abulancia lejana con
algun ladrido de perro

FindSounds dog

FreeToUseSounds animals dog bark med 004

Freesound Creek dogs.

LAION630k Village quiet insects birds dogs and light activity away
140301 04

LASS a lot of insects are chirping and a dog is barking.

MACS adults speaking while a dog barking

MULTIS What is happening to the dog? The dog sounds like it is
upset, possibly whimpering because of hunger, pain, or
fear.

NonSpeech7k -

Paramount -

PicoAudio dog barking at 3.038-5.038, 5.585-7.585

ProSoundEffects Welsh HillsideWith Occasional Creaking Trees, Birds &
Distant Sheepdog

RDATS A loud wheel rolling precedes a dog barking, amidst the
background of crickets chirping.

SonnissGameEffects Village quiet insects birds dogs and light activity away
140301 04

Continued on next page
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SonycUST Manhattan, medium engine, large engine, impact machin-
ery, non-machinery impact, people talking, large crowd,
dog barking/whining

SoundBible A dog is barking.

SoundDescs Common (Northern) Flicker (Colaptes Auratus) - medium
close-up calls. Calls from Killdeer flying over lake, dogs
barking in part and insects in background.

SoundJay -

SoundVECaps A festive atmosphere fills the indoor setting as a person
holds a small dog, and then music plays in the background
while a man speaks.

SoundingEarth Dandeli jungle camp, Pradhani, Karnataka 581363, Inde
- Dogs howling. India, Karnataka, Dandeli, Pradhani,
jungle, camp, night, dogs, insects, Binaural, Fostex FR-
2LE, MS-TFB-2 microphones

SpatialSoundQA Identify the sound events in the audio clip. animal; dog;
domestic animals, pets; grunt; pig; speech

Syncaps Helicopter flying before dog barking

TextToAudioGrounding a dog is growling and barking

VGGSound dog growling

WavCaps People are speaking and dogs are barking, with ticking
sounds in the background.

WavText5K barking dogs.

WeSoundEffects -

Zapsplat Cartoon dog grunt 1
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Abstract

Data quality influences the performance of Audio Question Answering (AQA) models.
This work introduces a data-balanced curriculum learning pipeline that addresses
challenges in data quality through threemechanisms: eliminating training-evaluation
data overlap, filtering overrepresented data categories, and stabilizing reinforcement
learning through curriculum design. The pipeline uses Phi-4-mini to categorize audio
content and applies statistical thresholds to identify imbalanced classes, creating a
reproducible curation strategy accessible to researchers with limited resources. Ex-
periments demonstrate that filtering and curriculum learning provide a performance
boost in the DCASE 2025 Task 5 development dataset. The proposed model achieves a
3.3% improvement over standard supervised fine-tuning, indicating that data curation
is a key factor in AQAmodel performance under the studied conditions.1

Preface

This chapter answers Research Question 2 (Curriculum Learning and Data Balancing
for AQA) by evaluating how clean training-evaluation separation, statistical category
balancing, and curriculum-stabilized reinforcement learning affect audio question
answering performance. It contributes to the data-quality theme by implementing
low-overlap splits and category balancing as a reproducible pipeline and by quanti-
fying the effect of reducing contamination and imbalance. The resulting procedure
motivates how later chapters treat data preparation when comparing models and
methods.

1Code and data are available at https://github.com/GLJS/balanced-curriculum-aqa
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3.1 Introduction

Audio Question Answering (AQA) is the task of answering questions about audio
content. It demands capabilities at the intersection of acoustic understanding and
natural language processing. Unlike simple sound classification, AQA requires audio-
language models (ALMs) to comprehend complex acoustic scenes, identify temporal
relationships between sounds, and generate precise answers to various questions [241,
34, 110]. The field of AQA has evolved from early models with limited set of labels
[1, 432, 254] to advanced systems capable of generating natural language responses
[389, 541]. Audio Question Answering splits into two categories: multiple-choice
and open-ended. Most benchmarks use multiple-choice formats to enable direct
verification against ground truth [393, 280]. Under these benchmarks, AQAmodels
face three challenges:

Challenge 1: Data impurity. Audio-language models (ALMs) suffer from data con-
tamination from training-evaluation (see Chapter 2). Models often train on datasets
derived from common sources such as AudioSet [126] or Freesound [117], and evalua-
tion benchmarks often contain data from these same sources. This contamination
is widespread; examples include MMAU [393] containing 5,630 audio examples (out
of 10,000) from AudioSet derivatives [199, 296, 170] and AIR-Bench [565] including
1.9k audio samples from common sources [102, 114, 296]. This overlap fundamentally
undermines the performance gains reported.

Challenge 2: Data imbalance. Audio datasets exhibit category imbalances, with
certain classes like Music and Speech overrepresented [126, 510], which limits model
generalization to more diverse categories [161].

Challenge 3: Training instability. Reinforcement learning could introduce training
instabilities, which include reinforcement of unhelpful reasoning patterns [79] and
high gradient variance [332].

This chapter makes the following contributions:

1. Addressing data impurity through a clean training-evaluation separation that
eliminates all overlap between training and evaluation data. Before training,
the training and evaluation sets were verified to be disjoint.

2. Mitigating data disproportions by statistical data balancing using Phi-4-mini
[2] to categorize audio questions. Statistical thresholds are used to filter over-
represented classes to create a reproducible curation strategy that improves
performance.

3. Resolving training instability through curriculum-stabilized reinforcement
learning where the approach stabilizes Group Relative Policy Optimization
(GRPO) by introducing easy samples only. This establishes reliable reward
signals [35, 106].
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Experiments on six training datasets with evaluation on the benchmark dataset, the
DCASE 2025Task 5 Challenge development dataset, validate this approach. The results
show that intelligent data filtering provides the best increase in performance without
requiring massive proprietary datasets or exotic computational resources, making
the approach accessible to researchers with limited resources.

3.2 Related work

Reinforcement learning has become an important technique in post-training and
fine-tuning large language models that leads to improvements [559, 142]. A notable
recent advancement in this area is Group Relative Policy Optimization (GRPO) [409], a
reinforcement learning algorithm designed to improve the reasoning skills of LLMs.
GRPO distinguishes itself by being more memory-efficient than traditional methods,
as it does not require a separate critic model [409].

Recently, reinforcement learning has also been applied to audio language models
with promising results [240, 503]. GRPO [409] has been shown to be effective for audio
language models. Fine-tuning Qwen2-Audio-7B-Instruct with reinforcement learning
shows improvements over supervised approaches [240], especially when fine-tuning
with reinforcement learning on a foundational model [389]. The SARI framework
[503] demonstrates that curriculum-guided GRPOwith structured reasoning improves
performance on complex audio tasks.

The method proposed in this chapter differs from previous approaches by uniquely
combining three elements: (1) rigorous data separation between training and eval-
uation, (2) statistical data balancing to address imbalances of the datasets, and (3)
curriculum learning to stabilize reinforcement learning.

3.3 Method

3.3.1 System Overview

In audio question answering (AQA), an audio-language model processes audio input
along with a question and optionally multiple choices (four in the evaluation set), and
returns the correct choice. This work uses Qwen2-Audio [72] as the foundation model,
a unified architecture capable of processing diverse audio inputs. Qwen2-Audio is
a large-scale audio-language model that combines aWhisper Large V3 [374] audio
encoder with a Qwen-7B [22] language model.
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3.3.2 Datasets

The following six datasets are used for in this research for training the different
models. Together, they do not overlap with any of the examples from the evaluation
set. The training dataset consists of 373,700 examples in total over 1102.09 hours of
audio.

• DCASE 2025 Task 5 Development Set2: The training data from a public audio
question answering challenge of DCASE 2025. This dataset consists of 8221
question-answer pairs over 33.58 hours of audio

• AVQA [563]: Contains 56,369 question-answer pairs from VGGSound (originally
57,335 before YouTube deletions). The questions span eight semantic types.
The dataset includes audio and visual information. AVQA requires models to
discover causal correlations between modalities.

• ClothoAQA [254]: Contains 35,838 questions from 1,991 environmental audio
samples (15-30 seconds). Each audio has 6 questions with 3 annotator responses
per question. Four questions require binary answers; two require single words.
Different annotators create questions and answers.

• CompA-Order [132]: Contains 900 examples of compositional reasoning. The
dataset tests the temporal understanding between sounds.

• TACOS [368]: Contains 12k audio recordings with 61,137 temporally-aligned
captions. The dataset is designed to train temporal reasoning.

• AudSem (see Chapter 4): Synthesized from YouTube closed captions. Contains
210,288 multiple-choice questions in various acoustic scenes and events.

Evaluation Dataset. The evaluation dataset used in this chapter is the development
set from the DCASE 2025 challenge, which is different from the training set. The
evaluation metric is standard 4-way multiple-choice accuracy, where chance level
performance is 25%. The development set consists of three parts: (1) Bioacoustics
QA: 0.2K development examples from 31 marine mammal species [518]. (2) Tem-
poral Soundscapes QA: 0.6K development examples covering 26 sound classes for
temporal reasoning [462, 287, 4]. (3) Complex QA: 1.6K development examples from
AudioSet and Mira datasets [126, 188] that require multi-faceted reasoning in tempo-
ral, acoustic and contextual dimensions to answer. Before training, overlap between
training and evaluation sets was verified to be absent. This chapter uses only the
DCASE 2025 benchmark to guarantee a contamination-free evaluation setting. Other
AQA benchmarks such as MMAU [393] contain AudioSet examples that overlap with
AVQA (VGGSound) in the training data, which would undermine the validity of the
evaluation.
2https://dcase.community/challenge2025/task-audio-question-answering
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3.3.3 Experimental Setup

The proposed approach combines three components: (1) Curriculum-based filtering,
(2) Statistical balancing, and (3) Hybrid training. These components work together to
address the challenges of impurity, imbalance, and training instability of the data.

Curriculum-Based Data Filtering

Traditional data curation approaches often discard outliers as noise. In contrast, the
curriculum approach presented here uses these challenging examples through the
gradual introduction of complexity. Curriculum learning, training in easy examples
before difficult ones [35, 106], has proven to be effective in machine learning domains
[422].

The curriculum implementation uses Phi-4-mini-instruct [2] to score the difficulty of
the question (see Box 3.3.3), to demonstrate that curriculum design requires neither
proprietary models nor massive computation:

Prompt to Phi-4-mini-instruct for difficulty assessment

Task: Rate the difficulty of this audio-based question on a scale
from 0.0 (very easy) to 1.0 (very difficult).

Consider the following factors:
- Complexity of the question
- Required knowledge/understanding
- Ambiguity or clarity of the question
- Number of concepts involved

Question: {question}
Choices: {choices}
Correct Answer: {answer}

Following difficulty assessment, samples undergo filtering. Easy samples (difficulty
< 0.3) establish reliable GRPO reward signals, which prevent instability caused by
ambiguous examples in reinforcement learning. Later training stages may incor-
porate all samples or focus on difficult examples (difficulty > 0.7). Experimental
results demonstrate that training only on easy samples achieves optimal performance
(see Section 3.4). The reason for this finding is that GRPO relies on receiving usable
reward signals to update the model. Restricting training to easier items increases the
probability of correct responses early in training, which stabilizes gradient updates
and improves downstream accuracy. When questions are too difficult, the model
rarely produces correct answers, resulting in sparse or uninformative reward signals
that hinder learning.
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Statistical Category Balancing

Dataset imbalance presents a fundamental challenge to audio-language models, limit-
ing their generalization capabilities and real-world applicability. Analysis of AudioSet
reveals category imbalances, with classes such as Music and Speech overrepresented
[126]. The proposed statistical balancing approach addresses this problem and main-
tains computational efficiency.

The procedure first categorizes audio content into 24 categories using Phi-4-mini-
instruct, partially derived from the AudioSet ontology and supplemented with 14
additional categories identified throughmanual evaluationof 100 examples (seeFigure
3.1). Phi-4-mini-instruct was selected as the best-performing model on standard
benchmarks at its size at the time of writing. The model is used only to assign coarse
category labels and scalar difficulty scores (0-1), not to generate new captions or text,
which reduces the risk of hallucination. Manual inspection of 100 randomly sampled
examples confirmed that the category tagging is sufficiently consistent for filtering
purposes. Statistical thresholds then identify and filter overrepresented categories
based on their deviation from the mean distribution.

The statistical threshold procedure calculates the mean count µ in all categories and
filters examples where the category count ci exceeds θ ·µ. Empirical testing identified
the optimal threshold at θ = 0.7 (see Section 3.4) to filter the overrepresentation
of human sounds and mixed environment sounds and preserve sufficient training
examples. The thresholds 0.3, 0.5, and 0.7 were chosen to cover the range of filtering
strengths distributed between 0 and 1, providing a systematic sweep from aggressive
(θ = 0.3) to mild (θ = 0.7) filtering. This approach directs reinforcement learning
toward diverse examples and generalizes to rare acoustic events without requiring
manual annotation or specialized tools.

As shown in Figure 3.1, this approach prevents overfitting to dominant categories
without requiring complex weighting schemes or specialized architectures. The
methodology is generalized to other audio-language tasks affected by the imbalance
of the dataset.

Hybrid Training Pipeline

The trainingmethodology uses a two-stage hybrid approach that integrates supervised
fine-tuning (SFT) with the GRPO reinforcement learning technique, which eliminates
the separate value model required in traditional reinforcement learning from human
feedback (RLHF) approaches and maintains training stability. The SFT stage warms
the model, which is beneficial for training stability [351, 403] and adapts the model to
the format and style of the task.
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Stage 1: Supervised Fine-Tuning (SFT). In the initial stage, Qwen2-Audio-7B-Instruct
[72] undergoes fine-tuning using cross-entropy loss with Low-Rank Adaptation (LoRA)
[179]. This parameter-efficient technique modifies only query and value projection
matrices with rank r = 8, scaling factor α = 16, and dropout 0.05, reducing comput-
ational requirements. Optimization uses AdamW [268] with learning rate 2× 10−5,
cosine annealing schedule, and gradient clipping at 0.5.

Stage 2: GroupRelative Policy Optimization (GRPO). Following SFT, the second stage
applies GRPO to refine performance through reinforcement learning with verifiable
rewards (RLVR) [409]. The reward function decomposes into the accuracy and format
components:

R(y, ŷ) = Racc(y, ŷ) +Rformat(ŷ)

The accuracy component Racc allocates 0.5 points for exact matches, with partial
credit of 0.25 for correct identification of the answer letter (A, B, C, or D) and 0.25 for
the matching of the content. The format component Rformat contributes 0.5 points
for the adherence to the required response formatting.

Training stability is maintained through conservative KL-regularization (β = 0.01)
with a 50-stepwarmupperiod. Each training example generates 4 candidate responses.
The implementation disables dropout during this phase and uses a reduced learning
rate of 1× 10−6 with AdamWoptimization and cosine annealing.

Both supervised fine-tuning and reinforcement learning train for 2 epochs. Both
models were trained on a single Nvidia H100 GPU. On average, SFT requires 1 hour
per epoch, and GRPO requires 2.5 hours per epoch. During evaluation, the audio
together with the question and 4 options pass to the model. Evaluation uses exact
matching of the correct answer with the response. The predicted answer is extracted
from the fragment of the response that contains the answer.

3.4 Results

3.4.1 Ablation Analysis

Table 3.1 presents two baselines. The No training baseline is a default Qwen2-Audio-
7B-Instruct model without any training on the datasets in Section 3.3.2. The SFT +
GRPO baseline is a default Qwen2-Audio-7B-Instructmodel fine-tunedwith supervised
fine-tuning (SFT) and reinforcement learning (GRPO) without filtering or curriculum
learning.

The analysis of Table 3.1 shows two conclusions about the performance of the au-
dio question answering model. First, statistical diversity filtering emerges as the
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performance driver. Configurations with weaker filtering parameters (θ = 0.7) con-
sistently outperform those with stronger filtering (θ = 0.3), showing performance
improvements of +3.1 to +3.3% versus +2.2 to +2.6%. This shows that both no filter-
ing and overly aggressive filtering are counterproductive, so a balanced approach is
necessary.

Second, curriculum design functions as a complementary factor that focuses on the
benefits of data filtering. Easy-only curricula (< 0.3 difficulty) outperform hard-only
curricula (> 0.7 difficulty), with an average 0.2 - 0.3% discrepancy (see the curriculum
part in Table 3.1).

Per-subset analysis of the effects of diversity filtering and curriculum learning differs
across evaluation subsets. Bioacoustics QA shows the largest gains: the easy-only
curriculum (< 0.3) improves performance by approximately 5 percentage points,
while diversity filtering (θ = 0.7) contributes an additional 3 percentage points. This
benefit on bioacoustic data supports the hypothesis that underrepresented categories
(such as marine mammal sounds) gain more from balanced training, as diversity
filtering places more weight on less common acoustic events. Temporal Soundscapes
QA exhibits gains roughly similar to the overall average. Complex QA shows more
modest improvements of 0.5-0.6 percentage points, which is expected given that this
subset already constitutes the largest portion of the evaluation data and is better
represented in the training distribution.

3.4.2 Alternative Approaches Tried

Several other configurations were tried and underperformed; these are discussed in
more detail below.

Guided decoding [514] is a technique to constrain the model’s output to a valid
multiple-choice format using a regular expression. By compiling the expression
into a finite state machine, a logit mask forces the model to select only tokens that
conform to the required syntax, such as “A, B, C, or D”. This is useful for restricting
the model to answer multiple-choice questions and to be able to extract the answer
afterward. Guided decoding variants performed noticeably worse (-11.2%). This is
in line with findings in [443] that strong format constraints can hinder reasoning
ability.

Training without LoRA during SFT collapsed performance across all tested diversity
and curriculum settings to 30.7pp decrease. Low-Rank Adaptation (LoRA) [179] is
a parameter-efficient fine-tuning technique that adapts a small subset of the ALM’s
weights. Removing it means performing full fine-tuning, which is computationally
expensive and can also lead to catastrophic forgetting. This reinforces that SFT with
LoRA is necessary and that the RL benefits are contingent on curated data.
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SFT div. GRPO curr. GRPO div. Gain

Baselines
No training - - - -15.9%
SFT + GRPO 0.0 1.0 0.0 +0.0%

Diversity filtering and curriculum learning effects
0.3 > 0.7 0.3 +2.3%
0.5 > 0.7 0.5 +2.2%
0.7 > 0.7 0.7 +3.1%
0.3 < 0.3 0.3 +2.6%
0.5 < 0.3 0.5 +2.4%
0.7 < 0.3 0.7 +3.3%

Other configurations
Guided decoding -11.2%
Training without LoRA -30.7%
Multi-Stage Pipeline -0.6%
Reasoning -10.6%
Only diversity filtering +2.1%
Only curriculum learning +2.0%

Table 3.1: Overall results and ablation on the benchmark dataset. (gain in accuracy in %). Best
performing configurations are indicated with dashed lines for diversity filtering, the best ones
are bold, and dotted lines for curriculum learning, the best ones are underlined.

Multi-Stage Pipeline, where the ALM is trained in three stages: (1) SFT on all datasets
with LoRA. (2) GRPO in easy samples with diversity balancing. (3) GRPO in the entire
dataset with diversity balancing. Each stage builds on previous checkpoints. The
pipeline combines SFT initialization with progressive GRPO improvements and did
not return any further gains. This pipeline failed with -0.6% performance.

Reasoning to let the ALM generate intermediate reasoning steps before producing
final answers resulted in a lower performance (46.2-51.6% accuracy). This limitation
stems primarily from the dataset characteristics: among the six datasets used, only
AudSem contains reasoning annotations. Although the theoretical capability of rein-
forcement learning to develop reasoning abilities by evaluating only final responses
helps, having no reasoning in supervised training data results in a barrier in the
training process.

3.5 Conclusion

This chapter presents a systematic training pipeline that integrates programmatic data
balancing and curriculum-guided reinforcement learning to address Audio Question
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Answering challenges. The approach achieves performance gains without requiring
extensive computational resources or proprietary datasets.

The primary finding demonstrates that intelligent data filtering through statistical
balancing delivers performance improvements. Another finding is that both no
filtering and overly aggressive filtering are counterproductive, so a balanced approach
is key. The methodology uses Phi-4-mini for content categorization and applies
statistical thresholds to filter overrepresented classes, establishing data quality as a
fundamental driver of progress in audio-language tasks.

The curriculum learning component stabilizes reinforcement learning by establishing
reliable reward signals before introducing complex examples. This approach makes
reinforcement learning useful for complex reasoning tasks and maintains training
stability.

The best performing configuration had a weak filtering parameter (θ = 0.7) and a
curriculum learning strategy of easy-only. This configuration achieved +3.3% over the
baseline. Various other configurations were tried and did not work, including guided
decoding, training without LoRA, multi-stage pipeline, and reasoning analysis.

These results show the importance of data strategy in model training. This chap-
ter shows that quality should be prioritized over quantity. Researchers should fo-
cus on curating balanced, high-quality training data through systematic filtering
and statistical analysis to improve model performance and reduce computation-
al requirements. The code to reproduce these experiments is available at https:
//github.com/GlJS/data-advantage-aqa.
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Abstract

Audio-language models have shown promising results in many sound understanding
tasks, yet they remain limited in their ability to reason over the fine-grained seman-
tics of sound. This chapter presents AUDSEMTHINKER, a model whose reasoning is
structured around a framework of auditory semantics inspired by human cognition.
To support this, we introduce AUDSEM, a dataset specifically curated for semantic
descriptor reasoning in audio-language models. AUDSEM addresses the persistent
challenge of data contamination in zero-shot evaluations by providing a filtered collec-
tion of audio samples paired with captions generated through a multi-stage pipeline.
Experiments on MMAU, AudioBench, and OmniBench show that AUDSEMTHINKER
matches or exceeds the best reported results for several tasks and training settings.
Both AUDSEMTHINKER and the AUDSEM dataset are publicly released1.

Preface

This chapter answers Research Question 3 (Semantic-Descriptor-Based Human In-
spired Reasoning) by introducing a reasoning framework that decomposes audio into
semantic descriptors before producing an answer or caption. It contributes to the
human-inspired structure theme by showing that descriptor-based reasoning yields
more explicit, inspectable outputs and improves benchmark performance, and by
introducing a curated dataset designed to reduce overlap with existing benchmarks.
The semantic descriptor framework introduced here is also used in the evaluation
metric in Chapter 5.

This chapter was accepted at Neural Information Processing Systems (NeurIPS) con-
ference 2025 [510]. The NeurIPS version included a brief summary of the data creation
process in the main body and a detailed description in the appendix, constrained
by the 10-page limit (excluding appendix). In this dissertation, the two descriptions
are merged into a single, comprehensive account in the main text. Other appendix
material (reasoning length analysis, prompts, etc.) remains in the appendix.

1https://github.com/GLJS/AudSemThinker
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4.1 Introduction

Recent foundation models, such as OpenAI’s o1 [349] and DeepSeek R1 [148], have
shown that incorporating explicit reasoning phases before generating answers im-
proves performance across tasks. Despite these advances, audio-language models
have rarely implemented such structured reasoning approaches. Although general
foundation models increasingly separate generation into explicit “thinking” and “an-
swering” stages, audio understanding models still rely largely on end-to-end archi-
tectures that directly map audio into text without intermediate reasoning steps. This
gap represents a promising opportunity to improve audio understanding capabilities
through more deliberate reasoning mechanisms.

Several techniques have emerged to extend test-time reasoning in a controlled and
scalable manner. One such method is budget forcing, which inserts “wait” tokens
during generation to lengthen the model’s reasoning process [316]. Other approaches
rely on reinforcement learning to manage the model’s thinking budget (the comput-
ational effort allocated during inference). For example, Length-Controlled Policy
Optimization (LCPO) [6] jointly optimizes for accuracy and reasoning length, while
cosine-shaped reward functions have been used to penalize overly long yet incorrect
outputs [82]. In particular, scaling test-time compute has shown benefits, with smaller
models such as LLaMA 3B outperforming much larger ones, such as LLaMA 70B,
when allowed for more extensive reasoning during inference [32].

The limited diversity of training data is a parallel challenge in audio-language mod-
eling. The field has become highly compartmentalized, with most models trained
on overlapping datasets sourced primarily from AudioSet [126] and Freesound [117].
This redundancy is reflected in widely used benchmarks such as AudioCaps [199],
WavCaps [296], and various derivatives. For example, studies report that 17.6% of
AudioCaps overlap withWavCaps, while Clotho [102] exhibits even higher overlaps -
up to 89% - with other datasets [228]. Such cross-contamination makes datasets more
similar and reduces the degree to which audio-language models handle new data (see
Chapter 2).

To address the dual challenges of limited reasoning in audio-language models and
the lack of diverse training data, we introduce AUDSEMTHINKER (Audio Semantics
Thinker), a model that grounds its reasoning process in a structured framework of
auditory semantics inspired by human cognition. Specifically, the model analyzes
audio in terms of functional components, including sound-generating agents (who),
physical sound sources (what), generation mechanisms (how), and contextual cues
(when/where). This framework is based on theoretical foundations [123] and experi-
mental research [152, 40] that investigate the perceptual and cognitive mechanisms
that drive human perception of complex sounds [133]. To support the development
of AUDSEMTHINKER, we also construct AUDSEM, a new dataset synthesized from
YouTube closed captions, designed to enhance training diversity and reduce overlap
with existing resources. Using the AUDSEM dataset, we train AUDSEMTHINKER using
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two paradigms, Supervised Fine-Tuning (SFT) and Group Relative Policy Optimization
(GRPO), and evaluate its performance on a range of established benchmarks that span
both general audio foundation tasks and audio-based dialog.

The main contributions are as follows.

• AUDSEMTHINKER— a novel audio-language model that integrates structured
reasoning with semantic descriptor analysis, achieving state-of-the-art perfor-
mance across multiple tasks.

• AUDSEM— a newly curated dataset built from YouTube closed captions, specif-
ically designed to reduce overlap with existing datasets. Sound descriptions
in AUDSEM are generated via a multi-stage synthetic pipeline, to provide both
diversity and high quality.
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Figure 4.1: Schematic overview of the AUDSEMTHINKER model and the AUDSEM dataset.
Top: The AUDSEMTHINKER model’s reasoning process, involving a thinking phase, semantic
descriptor analysis, and answer generation. Bottom: Example of four types of tasks in the
AUDSEM dataset: open-ended question answering, multiple-choice question answering, audio
captioning, and creative writing.

88



4.2 Related Work

4.2.1 Audio Datasets with Synthetically Generated Captions

Early audio-language datasets relied primarily onmanual annotation or existingmeta-
data. For example, AudioCaps [199] employed Amazon Mechanical Turk workers to
generate captions for AudioSet clips. Subsequently, the SAM-S dataset [163] intro-
duced an innovative approach by extracting sound-specific data from closed caption
transcripts of Hollywood movies, which yielded 116,000 captions. A shift occurred
with the advent of AI-assisted dataset creation for audio models. In the audio domain,
80% of new datasets created in the first half of 2024 incorporated LLM-generated
captions, a marked increase from 69.2% in 2023 (see Chapter 2). One notable example
is Auto-ACD [435], which employed multiple AI models to process both audio and
visual information fromVGGSound and AudioSet. The dataset creation pipeline inte-
grated seven different models, including BLIP-2 [244] for image captioning and the
CLIP model [373] for categorization. Other examples of AI-assisted dataset creation
for audio models include Sound-VECaps [573], which employed CogVLM [486] for
visual captioning and LLaMA 3 [142] for generating audio descriptions. This approach
produced two complementary variants of the dataset: Sound-VECapsF , which incor-
porates detailed visual features, and Sound-VECapsA, which focus solely on audible
content. Building on this, AudioSetCaps [23] introduced a more refined three-stage
pipeline that combines large audio-language models for content extraction, LLMs
for caption generation, and CLAP-based refinement [525], resulting in 1.9 million
high-quality audio-caption pairs.

OurAUDSEMdataset creationmethodology advances beyondpriorworkby integrating
closed caption audio, video, andYouTube data through a novel pipeline. This approach
employs an ensemble of specialized AI models for multimodal analysis. Table 4.1
compares our pipeline with other synthetic audio caption datasets.

4.2.2 Audio Models with Reasoning

Recent research has focused on integrating reasoning capabilities into audio-language
models. An example is Mellow [87], a lightweight audio-language model that demon-
strated strong reasoning abilities. Despite having only 167 million parameters and
being trained on 1.24 million examples, Mellow outperformed larger state-of-the-art
models across various domains. Another prominent model, Audio-Reasoner [541],
was specifically designed for deep reasoning in audio tasks. It introduced a structured
reasoning process using a large-scale dataset (CoTA) and a multi-phase “thinking” ar-
chitecture consisting of planning, captioning, reasoning, and summarization before
generating its final response. Audio-CoT [279] explored the integration of Chain-
of-Thought (CoT) prompts within large audio-language models, revealing a positive
correlation between the length of reasoning paths and model accuracy.
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WavCaps [296] 7 X X 7 7 7 Data 1 44.87
AudioSetCaps [23] 7 X X 7 7 7 Labels 4 179.20
AF-AudioSet [214] 7 X 7 7 7 7 - 1 143.57
Auto-ACD [435] 7 X X X 7 7 Labels 7 103.87
Sound-VECapsF [573]X X X 7 7 7 Labels 3 180.72
AUDSEM (ours) X X X X X X CC 9 852.63

Table 4.1: Comparison of synthetic audio caption dataset creation pipelines. The AUDSEM
pipeline uses all four modalities (video, audio, text, and image) for its data across nine models.
Instead of AudioSet, closed captions were used in its creation. The AUDSEM dataset contains
thinking and semantic descriptor steps, and has a higher average character length compared
to other datasets.

Our work builds on these advances, but introduces three key innovations. AUDSEM-
THINKER applies a novel semantic analysis framework that decomposes audio into
interpretable components—who, what, how, and when/where—enabling a more de-
tailed and human-aligned understanding of audio scenes. Furthermore, it is trained
on AudSem, a curated dataset designed to mitigate the data contamination and re-
dundancy issues prevalent in existing audio-language resources.

4.3 AudSem Dataset

The AUDSEM dataset was created through a multi-stage pipeline designed to generate
high-quality, diverse audio-language data while minimizing overlap with existing
resources. The pipeline, visualized in Figure 4.2, involved the stages described below.
A distinctive strength of AUDSEM is its fully automated creation process. While the
initial closed captions are manually created by the uploaders of the video on the
YouTube platform, the subsequent stages of dataset generation require no additional
human intervention. Using YouTube’s closed caption subtitles as ground truth for
audio events, automatic consistency checks are implemented between the generated
audio descriptions and the original captions. Misaligned entries are filtered out, pro-
viding an implicit quality control mechanism without manual review. This approach
enables a scalable and resource-efficient pipeline capable of producing high-quality
descriptions for millions of audio examples.
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Figure 4.2: Pipeline visualization of the creation of AUDSEM. Models with blue background are
generative language models, while models with green background are classification models
that predict outputs from a fixed set of possible labels.

4.3.1 Dataset Creation

The dataset creation process begins with a large-scale collection of manually anno-
tated English subtitle data from YouTube videos up to 2024, provided by Filmot,2 a
website specializing in searching through YouTube’s subtitle repository. This col-
lection contains approximately 2.9 billion subtitle lines (288 GB of text data) from
18,641,150 videos through 31 December 2023.

From these, 75,794,563 lines (2.57% of the total) start and end with brackets, paren-
theses, or curly braces, excluding dialog and non-audio related text. This filtering
uses regular expressions to identify genuine sound descriptions, following a common
convention for Subtitles for Deaf and Hard of Hearing (SDH) captions where sound
effects and audio descriptions are enclosed in brackets.

The preprocessing stage incorporates two primary filtering steps to ensure proper
formatting of caption text: (1) Captions longer than 10 seconds and shorter than one
second are removed. (2) New lines are removed, quotation marks are standardized,
and additional filtering removes non-ASCII characters. The dataset still contained
subtitles at this point that are not sound descriptions, such as lyrics to songs and
narrator descriptions.

Filtering is also performed to ensure the quality of the dataset using two different
languagemodels. First, a BERT-based classifier [91] is trained on amanually annotated
subset of captions to identify genuine sound descriptions. The training data consists
of balanced positive and negative examples, where positive examples represent actual
sound effects, and negative examples include dialog, lyrics, and other non-sound
descriptions.

2filmot.com
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A second classification pass uses the Mixtral-8x7B-Instruct model [187] in a zero-shot
setting to verify the sound descriptions. The model is asked to identify whether
captions represent genuine audio events based on specific criteria, including sound-
related verbs, impact descriptions, and audio property descriptions (see the prompt
in Appendix 4.8.4). Next to a Mixtral-based model, a small sample of 1000 examples
of closed caption subtitles frommovies and TV shows is used to train a simple BERT
sentence classification model, which is used to filter out the captions as well. Only
captions that are classified as sound descriptions by both models are kept. The
remaining dataset contained 9,464,882 captions.

The video segments corresponding to these captions are downloaded using yt-dlp,
a YouTube video downloader. For each caption, only the relevant audio segment is
extracted based on the subtitle timestamps. The download process includes extract-
ing precise time segments using yt-dlp’s --download-sections parameter before
specifying the video ID, to bulk download only the specific segments for each video
in a fast manner. The trade-off here is that the resulting extracted video may contain
black frames at the beginning of the video. This is a known issue with yt-dlp and
related tools due to thewayYouTube videos are encoded. A part of the dataset contains
no video or audio at all, which was removed. Another issue is that some videos are not
available for download or are restricted. The remaining dataset contains 6,965,224
video clips, approximately 13.53 TB.

Using ffmpeg, a tool for video processing, each video is resized to 360p with two
frames per second and converted to MP4 format. The audio is converted to WAV
format, in 32kHz sample rate with 16-bit depth and one channel. This is done to
ensure that the audio and video data are compatible with the models used in the
experiments, and also to reduce the size of the dataset and improve the efficiency of
the data loading process.

To further improve the data loading process, the dataset is packaged intoWebDataset
tar files for efficient data loading and processing. InWebDataset, each dataset entry
contains paired files, an MP4 audio file pairs with corresponding JSONmetadata. The
Tar files contain 4,096 samples each. The corresponding JSONmetadata are uploaded
to the HuggingFace Dataset Repository3.

4.3.2 Dataset Processing

The dataset processing pipeline employs three categories of models for video analysis:
audio models, image models, and a video model. Each model extracts different
modalities of information from the video segments.

The audio analysis pipeline uses a multi-model ensemble approach to analyze the
audio content. The audio is first preprocessed by resampling to 16kHz and 32kHz to
3https://huggingface.co/datasets/gijs/audsem
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accommodate differentmodel requirements. For each audio segment, five specialized
models are used:

1. Qwen2Audio-7B-Instruct [72], a fine-tuned large language model for audio
understanding, generates detailed descriptions in natural language of the audio
content. The model processes the 16kHz audio waveform along with a prompt
requesting a detailed audio description. The model outputs are decoded using a
beam search with a maximum length of 1024 tokens.

2. BEATs (Bidirectional Encoder representation from Audio Transformers) [60],
pretrained on AudioSet-2M, performs multi-label audio tagging. The model
analyzes the padded audio waveforms and outputs probability scores for audio
events. The top five predicted tags and their confidence scores are retained for
each segment.

3. AST (Audio SpectrogramTransformer) [137], fine-tuned on AudioSet and ESC-50,
provides audio event classification. The model processes audio spectrograms
and classifies them into predefined categories from the AudioSet ontology. This
provides an additional layer of audio event recognition.

4. CoNeTTE [228] model analyzes the 32kHz audio to generate contextual audio
event descriptions. The model uses contrastive learning to map audio segments
to semantic descriptions of audio events.

5. LP-MusicCapsModel [96], a specialized BART-based music captioning model,
trained on the LP-MusicCaps dataset, is used for music-containing segments.
The model generates natural language descriptions of musical characteristics
when music is detected in the audio.

The output of all models is combined into a structured format containing the general
audio caption, confidence scores-based audio tags, event classifications, contextual
descriptions, and music-specific captions when applicable. This analysis captures
different aspects of the audio content, from general descriptions to specific event
detection and musical characteristics.

For visual analysis, the image processing pipeline employs multiple vision models
that work in parallel. First, video frames are extracted at regular intervals; for videos
under two seconds, frames are sampled at the 1/3 and 2/3 points, while longer videos
have frames spread evenly across their duration up to a maximum of four frames.
Black frames are filtered out by checking the mean pixel intensity.

The extracted frames are processed through four specialized models:

1. BLIP [245], a vision-language model, generates captions in natural language for
each frame. The model uses a beam search with four beams and a maximum
length of 20 tokens to generate descriptive captions.
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2. CLIP [373] performs zero-shot classification against a predefined set of object
categories. Each frame is evaluated against text prompts in the format “a photo
of a [category]”, with the model’s logits being converted to probabilities through
softmax normalization.

3. RT-DETR [276], a real-time object detection model, identifies objects in
each frame with a confidence threshold of 0.3. The model’s outputs are
post-processed to account for varying image sizes while maintaining accurate
bounding box coordinates.

4. A Places365-trained ResNet-50 [593] classifies the scene/environment in each
frame. The frames are resized to 256x256, center-cropped to 224x224, and
normalized using ImageNet statistics before being processed by the model.

The results of all frames are aggregated using a deduplication strategy that combines
identical predictions while preserving their confidence scores. For each unique
prediction, scores are averaged across all occurrences using scatter operations on
GPU for efficiency. The final output for each video segment contains lists of object
detections that are removed from duplications, as well as scene classifications, and
generated captions, along with their associated confidence scores.

Video-specific features are extracted using the LLaVA-Video-7B-Qwen2model [582],
which processes the temporal aspects of the content. For each video segment, eight
frames are uniformly sampled throughout the duration, with black frames filtered
out by checking mean pixel intensity. The frames are preprocessed using the model’s
image processor. A prompt template is constructed for each video that includes the
duration of the video, the number of frames sampled, and their precise timestamps.
The model processes these inputs and generates detailed captions up to 2048 tokens
long. Generation uses a deterministic decoding strategy to ensure consistent outputs.
The model is compiled using PyTorch 2.0 for optimized performance and processes
videos in batches of 32 using multiple worker processes for efficient data loading. The
generated captions capture both the temporal progression and spatial relationships
between objects and actions in the video segments, providing context that might be
missed by frame-by-frame analysis.

The dataset undergoes multiple filtering steps to ensure quality. From the initial
5,332,211 results, outliers are removed on the basis of embedding distances. The
method computes the average embedding using CLAP and measures the cosine dis-
tance between this embedding and all elements, for both audio and text embeddings.
Items with a cosine distance greater than 0.9 are filtered out. Additionally, themethod
filters out items where the cosine similarity between the generated audio caption and
the original YouTube closed caption is below 0.5. This ensures that the audio content
aligns with its textual description. Audio samples shorter than three seconds are also
omitted to improve model training on substantive audio content. After applying these
filtering criteria, the final dataset consists of 213,908 results.
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4.3.3 Dataset Generation

The dataset generation process combines the outputs from the threemodality-specific
pipelines into a structured format. Initial evaluations of five large language models
(Qwen 2.5 [371], QwQ [372], Llama 3.3 [142], Mistral-Small 3 [307] and Deepseek-based
models R1 Llama and R1 Qwen [148]) show that Qwen 2.5 performs better, particularly
in maintaining consistent JSON output formats. Based on these results, the final
dataset generation pipeline uses Qwen2.5-72B-Instruct, implementing structured
generation with a schema through the xgrammar library [99] with the help of vLLM
[226]. This model with a high number of parameters was chosen due to the tendency
that larger models often function as teacher models for smaller student models with
knowledge distillation and compression [178]. The generation process follows a two-
phase prompt and three-phase reasoning: a thinking phase for reasoning, a semantic
descriptor phase for the key semantic descriptors, and an answer phase for the final
caption, both enforced through structured JSON output (see Appendix 4.8.4).

Initial testing identified challenges with generation consistency and thought trace
length. The thinking phase requires detailed reasoning about the audio scene, an-
alyzing primary and background sounds, key events, activities, and the acoustic
environment. For this, the prompt requests at least 50 words for the thought phase
and a maximum of 50 words for the audio caption. A separate judging model val-
idates the results by assessing adherence to the generation guidelines. The judge
verifies that outputs do not incorporate pre-existing model outputs and maintain
focus on audio-relevant information. If an output fails validation, the system attempts
regeneration up to five times before skipping the problematic input.

With these 212k examples, four different datasets are created for bothwith andwithout
added semantic descriptors:

1. An audio captioning dataset, where the instruction is “Describe the audio in
detail”.

2. A multiple-choice audio question answering dataset, where the instruction is
generated together with four choices of answers.

3. An open-ended audio question answering dataset, where the instruction is
generated together with a text field for the answer.

4. An audio captioning dataset based on creative writing and story-generation.

Audio captioning generates one caption per example. All other datasets generate
2-3 examples per input. The full dataset with added semantic descriptors contains
797k examples. The full dataset without semantic descriptors contains 873k examples.
The split is approximately 20% for (1), 25% for (2), 50% for (3) and 5% for (4). The
total GPU compute time for the dataset generation, including preliminary and failed
experiments, was about 10k hours. When comparing against other datasets, there
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is an overlap of only 12 examples with AudioSet, with one example also being in
AudioCaps, and 0 in VGGSound.

Figure 4.3: Visual analysis of AUDSEM dataset characteristics, showing distributions of sound
categories (left) and PCA projection of caption embeddings (right). The filtered dataset was
created by filtering out audio caption embeddings with less than 0.5 similarity with the closed
captions.

Both configurations use XML-style tags to distinguish between phases. In the two-
phase approach, the model’s output is structured with <thinking> and <answer> tags.
The three-phase approach introduces an additional <semantic_elements> section
between thinking and answering, allowing the model to explicitly represent key
semantic descriptors before generating the final caption. See also Appendix 4.8.3
with Figure 4.5 for an example of an output from the two-phase approach, and Figure
4.6 for an example of an output from the three-phase approach.

Figure 4.3 provides information on the composition and refinement of the AUDSEM
dataset. The left panel details the distribution of broad sound event categories, derived
bymapping specific AudioSet labels to their top-level taxonomic parents. Music labels
in particular are kept in the filtered dataset. The right panel visualizes the semantic
space of captions through PCA-reduced embeddings. The figure displays the original
closed captions sourced from YouTube (green), the audio captions generated by the
Qwen2-Audio-7B model (blue), and the resultant filtered samples that constitute
AUDSEM (orange). The filtering criterion, a cosine similarity score greater than 0.5
between the original and generated caption embeddings, aims to select for high
agreement and relevance.

A systematic evaluation was conducted on a randomly selected subset of 100 examples
from the dataset, with three annotators assessing both the correctness and depth
of responses on a Likert scale from 1 to 5. For caption correctness, defined as how
accurately the captions describe the events occurring in the audio, the evaluation
achieved moderate to substantial inter-annotator agreement across multiple metrics:
Krippendorff’s Alpha of 0.538, ICC(2,1) of 0.589, and weighted Kappa values ranging
from 0.464 to 0.529 using linear weighting. The rating distributions demonstrated

96



strong consistency, with 70-77% of the samples receiving the highest rating (5/5) in
all three annotators. For response depth, although inter-annotator agreement was
lower (Krippendorff’s Alpha of 0.207), the ratings remained consistently high, with
more than 85% of samples receiving the highest score.

4.3.4 Semantic Descriptors

The core idea behind incorporating semantic descriptors into model reasoning is
to capture the detailed aspects of audio that a human listener would naturally per-
ceive (see also [133, 512]). Before generating a final caption, the model first engages
in a structured “thinking” phase, during which it attempts to identify and describe
specific components of the audio signal. This process enables the model to move
beyond surface-level recognition toward a deeper understanding of what it is “hear-
ing”. The descriptors cover both objective and subjective dimensions of auditory
perception. Objective descriptors include elements that produce the sound, such as
sound-generating agents and physical sound sources, while subjective descriptors
address how the sound is perceived, including auditory attributes and non-auditory
sensations. This structured reasoning approach allows the model to decompose com-
plex audio scenes into their core semantic descriptors, resulting in more informative
and interpretable outputs. See Table 4.2 for definitions of the semantic descriptors
used in our approach.
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Semantic
Descriptor

Description

Sound-Generating
Agents (Who)

Denotes animated beings that generate sounds, such as people, birds,
or animals. Only includes living beings, not pronouns or articles.

Physical Sound
Sources (What)

Physical objects and substances that generate sounds, acting as sub-
jects or objects in sound-related actions (e.g., bells, cars, shoes).

Sound Generation
Mechanisms (How)

Actions and mechanisms of sound generation, including abstract
nouns and verbs describing specific actions or events (e.g., chirping,
walking, ringing).

Temporal Context
(When)

Specific time periods or events providing temporal context for sound
generation (e.g., morning, holidays), excluding temporal conjunctions.

Spatial Context
(Where)

Locations relative to the listener or specific environments where
sounds occur (e.g., background, train station, room).

Acoustic Surfaces
(What/Where)

Physical surfaces and materials that contribute to the acoustic proper-
ties of the sound event.

Signal Descriptors
(Sound Type)

Signal-level acoustic descriptors and basic sound classifications (e.g.,
noise, chord) without reference to production method, including ad-
verbs that describe sound actions like loudly, softly, rhythmically, and
words that characterize the acoustic signal itself such as buzzing, hum-
ming, or ringing.

Auditory Attributes
(Sound Property)

Descriptors of the auditory sensation itself (e.g., loud, soft, steady),
excluding source-related adjectives. This includes words that charac-
terize how a sound is heard like dull, hard, steadily, noisily, continually,
with a ding, or quantifiers like repeated 8 times.

Non-auditory
Sensation

Non-acoustic attributes and emotional descriptors of perceived sounds
(e.g., beautiful, relaxing, calm), including subjective impressions of
the sound scene like quiet in quiet bus stop or calm in calm manner.

Table 4.2: Semantic descriptors used in the three-phase reasoning approach.

4.4 AudSemThinker Model

The proposed approach uses the Qwen2.5-Omni [544] model with 7B parameters.
Qwen2.5-Omni is an end-to-end multimodal model that processes diverse inputs
including text, images, audio, and video, and generates both text and speech out-
puts through its Thinker-Talker architecture. For AUDSEMTHINKER, the “Thinker”
component, the large language model responsible for text generation, is specifically
fine-tuned. This architecture processes multi-modal inputs and generates textual
outputs. Fine-tuning occurs exclusively on the AUDSEM dataset (see Section 4.3); no
other fine-tuning is performed. The core idea involves guiding the model to first
engage in a “thinking” process, describe the semantic descriptors of the audio, and
then produce a final “answer”. Two primary training paradigms are explored: SFT
and GRPO, both using the AUDSEM dataset, demonstrating the dataset’s effectiveness
in both scenarios.
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4.4.1 Supervised Fine-Tuning (SFT)

In the SFT approach, the model is trained directly to produce the desired structured
output. We train two primary configurations: AUDSEMTHINKER, trained on the full
AUDSEM dataset, and AUDSEMTHINKER-QA, trained exclusively on the subset con-
taining multiple-choice audio question answering examples. For both configurations,
the training data is formatted into a conversational structure, including a system
prompt, a user prompt containing the audio input and a question (or instruction),
and an assistant’s response, which is the ground truth text containing the <think>,
optional <semantic_elements>, and <answer> sections. The loss is computed only
on the model completion part, which is the assistant’s response.

Parameter-efficient fine-tuning is used with LoRA [179], targeting projection layers.
Bothmodels are trained using the AdamWoptimizer [268] with a learning rate of 2e-04
for one epoch, using a linear decay scheduler and bf16 precision. Training uses a
batch size of four on a single H100 GPU, which takes approximately 12 hours for the
full dataset (AUDSEMTHINKER) and six hours for the QA subset (AUDSEMTHINKER-
QA). A detailed instructional prompt is prepended to the user’s question (see Appendix
4.8.4), where the model is guided on the expected output format and reasoning depth
(see Appendix 4.5.3 for a detailed ablation study).

4.4.2 Reinforcement Learning with Group Relative Policy Optimization (GRPO)

Beyond supervised fine-tuning, the applicability of reinforcement learning to the task
and dataset is investigated using Group Relative Policy Optimization (GRPO) [409].
This technique has proven effective in finetuning models and has been used to train
state-of-the-art models such as DeepSeek R1 [409] and Qwen2.5 [371]. The approach
allows exploration of whether the AUDSEM dataset is suitable for RL-based finetuning
and enables specific testing of the impact of controlling the model’s “thinking budget”
during generation. The method combines GRPO with Verifiable Rewards (RLVR) [75,
430], based on a QWEN2.5-OMNI base model.

The following reward functions are defined to guide the model’s generation policy
toward accuracy, structural adherence, and controlled reasoning length:

• Accuracy Reward: This function evaluates the accuracy of the content within
the <answer> tags. For the multiple-choice QA tasks used in GRPO training, it
uses string matching to compare the model’s selected answer directly against
the ground truth choice.

• Format AdherenceReward: This reward encourages themodel to strictly follow
the prescribed XML-tag structure (<think>, optional <semantic_elements>,
<answer>). The reward checks for the presence, correct order, and proper
encapsulation of content within these tags.
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• Length Constraint Reward: Specifically targeting the <think> phase, this re-
ward function implements a “thinking budget”. It penalizes deviations from a
target length for reasoning content, using parameters to control the strength and
tolerance of the penalty. The approach is adapted from [6] (withα = 0.1, δ = 0.5)
by adding a reward component for being close to the target length (see Appendix
4.8.2 for details). This encourages the model to generate thinking content near
a specified target length while penalizing excessive length.

These reward functions produce scalars for each generation, which are weighted and
summed. For the group of generations corresponding to each prompt, the mean and
standard deviation of these summed rewards are calculated. An advantage (summed
reward − group mean) is computed for each generation, and these advantages are
optionally normalized using the group’s standard deviation to produce the final scalar
reward signal used for policy updates.

For GRPO training, we focus exclusively on the multiple-choice question answering
subset of AUDSEM (approx. 140k examples). This decision is driven by the nature
of Verifiable Rewards (RLVR), which are most effective when the correctness of an
answer can be easily and objectively verified. While used for Boolean (true/false)
verification, RLVR adapts well to multiple-choice questions by treating the single
correct option as “true” and the remaining options as “false”. This contrasts with
open-ended tasks like audio captioning or free-form QA, where verifying the quality
or correctness of longer, more subjective generated text is more challenging for an
automated reward model.

The resulting model, AUDSEMTHINKER-QA GRPO, is trained with a target thinking
budget of 25 words. Similarly to SFT, LoRA [179] is used for parameter-efficient tuning.
The input prompts for GRPO also include instructions that refer to the target length
of thinking. For training, we use the default GRPO loss type with β = 0.01, generate
six completions per prompt (k = 6), and employ a batch size of two per device
with bf16 precision. The model is trained on four H100 GPUs for approximately 10
hours, utilizing DeepSpeed ZeRO-3 [379] and vLLM [226] for efficient training and
inference.

4.5 Experiments

This section details the evaluation of the performance of AUDSEMTHINKER and the
effectiveness of the AUDSEM dataset. The experimental setup is described first, fol-
lowed by the main results on established benchmarks, and finalized with an ablation
study.
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4.5.1 Experimental Setup

Evaluation employs the two main training paradigms detailed in Section 4.4: SFT and
GRPO. All models undergo fine-tuning on the AUDSEM dataset exclusively (Section
4.3). Performance assessment uses three established benchmarks:

• MMAU (Massive Multi-Task Audio Understanding) [393] (Table 4.3): Evalu-
ates expert-level knowledge and complex reasoning in speech, environmental
sounds, and music in 27 diverse tasks. Scores are reported in both Test-Mini (1k
clips) and Test (10k clips) sets; some authors only report Test-Mini. MMAU is a
multiple choice question benchmark, where the model has to select the answer
out of four possible answers. MMAU uses the accuracy metric, as scores are
calculated by the match between the predicted answer and the correct answer.
The answer part is extracted from the model’s full response before it is rated on
MMAU.

• OmniBench [247] (Table 4.4): A multimodal benchmark evaluating audio com-
prehension paired with image captions. Models receive both audio and cor-
responding visual descriptions, answering questions that require integrating
information from both modalities. The questions include multiple-choice and
open-ended formats in the speech, sound events, and music domains.

• AudioBench [475] (Table 4.5): A universal benchmark that covers various audio
tasks, focusing on the following capabilities of the instruction. For our eval-
uation, we used a relevant subset that focuses on Audio Question Answering
(AQA), including AudioCaps QA [199], Clotho AQA [254] andWavCaps AQA [296].
Automated Audio Captioning (AAC), including AudioCaps [199] andWavCaps
[296], and Music Question Answering Music (QA), including MuchoMusic [496].
Qwen2.5-Omni is included in the benchmarks for comparison. The AQA and
Music QA benchmarks are open question answering benchmarks, in contrast to
MMAU. For AQA, Music QA and AAC we evaluate the full output of the model
against a model-as-judge. A Llama 3 model [142] is tasked with evaluating the
response against the correct answer.

4.5.2 Main Results

GRPO shows promise for specific reasoning enhancements but does not uniformly
outperform SFT. Fine-tuning with GRPO can guide the model toward desired reason-
ing patterns or thinking lengths. AUDSEMTHINKER-QA GRPO demonstrates a perfor-
mance increase over its basemodel, Qwen2.5-Omni-7B, and exhibits less performance
divergence across different tasks compared to supervised fine-tuning. However, GRPO
may not always surpass SFT, as seen in the music understanding performance of
AUDSEMTHINKER-QA GRPO compared to AUDSEMTHINKER-QA. While GRPO can
achieve consistent improvements without catastrophic forgetting, SFT appears more
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Model Speech Sound Event Music Overall

Qwen-Audio-Chat (7B) [73] 18.39 14.66 22.64 16.64
Reka-core [453] 26.27 28.53 29.43 23.12
Audio-Flamingo (1.3B) [213] 24.78 26.98 21.51 23.82
LTU (7B) [139] 23.12 25.42 20.00 23.91
Gemini-1.5-Pro [125] 21.02 39.82 33.96 28.02
UnifiedIO2 [270] 27.15 31.13 38.87 32.49
Qwen2-Audio-7B † [72] 30.48 44.82 33.02 34.23
Qwen2.5-Omni† [544] 33.47 37.93 40.57 35.27

AUDSEMTHINKER (ours) 32.19 34.86 51.89 34.80
AUDSEMTHINKER-QA (ours) 34.33 35.63 40.57 35.27
AUDSEMTHINKER-QA GRPO (ours) 35.29 42.00 44.34 37.51

Table 4.4: Performance comparison on OmniBench. Models presented in this chapter are
marked with (ours). The best-performing models are highlighted in bold, second best are
underlined. † Self-evaluated score, no equivalent score by authors of benchmark exists.

AQA Music QA AAC

Model AudioCaps QA Clotho AQA WavCaps QA MuchoMusic AudioCaps WavCaps

Qwen-Audio [73] 50.22 61.93 42.70 59.06 47.04 32.94
MERaLiON [162] 49.78 63.15 46.32 57.79 38.00 33.98
Qwen2-Audio [72] 45.75 50.92 44.47 71.61 40.78 33.78
Phi4 [2] 38.47 47.87 35.13 54.42 26.39 21.88
SeaLLMs [329] 53.74 53.04 42.11 63.18 53.21 -
WavLLM [180] 29.84 43.01 26.25 44.31 5.50 6.90
SALMONN [444] 50.29 57.75 47.30 50.88 37.45 23.77
Qwen2.5-Omni [544] 59.62 59.91 53.29 70.09 51.97 41.48

AUDSEMTHINKER-QA GRPO (ours) 54.19 50.85 47.70 62.00 44.06 31.92
AUDSEMTHINKER-QA (ours) 58.40 68.74 31.83 74.47 39.83 31.83
AUDSEMTHINKER (ours) 62.81 63.79 55.20 76.66 44.82 35.36

Table 4.5: Performance comparison on AudioBench. Models presented in this chapter are
marked with (ours). The benchmarks on AQA, Music QA and AAC in AudioBench were
used. The best-performing models are highlighted in bold, and the second-best scores are
underlined.
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effective for substantial gains in understanding novel data, as shown by the larger per-
formance gap between SFT-tuned models (AUDSEMTHINKER-QA, AUDSEMTHINKER)
and their base model. RLVR performs well on closed caption benchmarks, but fails to
generalize to AudioBench’s open audio question benchmark.

Training dataset composition directly impacts model performance. AUDSEM-
THINKER excels in Music and Sound Understanding tasks, achieving exceptional
results in lyrical reasoning (100%), texture interpretation (94.12%), instrumentation
(91.43%), and melodic structure (90.91%). This strength stems from the rich music
data in AUDSEM and the integration of LP-MusicCaps during dataset creation.
AUDSEMTHINKER-QA shows modest improvements on MMAU but not AudioBench,
while outperforming competitors on MuchoMusic. The model’s weaker speech
understanding performance reflects our intended focus on environmental sound and
music reasoning, without incorporating speech-to-text models in the data pipeline.

Length constraint reward impacts performance. Experiments investigating thinking
budget constraints, detailed in Appendix 4.8.2, demonstrate the effectiveness of the
GRPO length constraint reward function (Equation 4.1, using default parameters
α = 0.1 and δ = 0.5). The best results on the MMAU Test-Mini benchmark were
observed with thinking budgets (25 words, and 100-150 words, see Table 4.7) that
allowed the model to operate within a range where the reward signal was active.
Excessively long target reasoning phases, if they fall outside this effective reward
range, do not necessarily translate to better performance under the current setup.

4.5.3 Ablation Study

Ablation Type Qwen2-Audio Qwen2.5-Omni

Full/QA Semantic/Simple LoRA Sound Music Speech Avg Sound Music Speech Avg

Supervised Fine-tuning
QA Simple X 65.17 73.95 39.34 59.50 65.17 73.65 46.85 61.90
QA Semantic X 67.57 73.95 42.94 61.50 64.86 74.85 51.95 63.90
QA Semantic 7 26.43 25.15 19.22 23.60 14.41 17.07 15.02 15.50
Full Semantic 7 2.7 3.29 0.3 2.1 22.22 33.83 16.52 24.20
Full Semantic X 60.06 72.16 45.95 59.4 63.06 71.56 54.05 62.90
Full Simple X 18.32 22.46 30.63 23.8 63.66 70.36 47.45 60.50

Group Relative Policy Optimization
QA Simple X 59.76 61.98 48.65 56.80 65.47 66.17 54.35 62.00
QA Simple 7 54.05 56.29 42.34 50.90 52.25 52.69 44.14 49.70
QA Semantic X 60.96 61.08 49.25 57.10 63.36 62.87 56.76 61.00

Table 4.6: Ablation study results onMMAUTest-Mini. The table compares performance across
Qwen2-Audio and Qwen2.5-Omni architectures with 3 ablation configurations.

An ablation study was conducted to investigate the impact of three training strategies.
The study used the MMAU Test-Mini dataset and focused on two primary model ar-
chitectures: Qwen2-Audio-7B-Instruct and Qwen2.5-Omni-7B. SFT ablations involved
training for one epoch on the AUDSEM dataset, taking approximately six hours for QA
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and 12 hours for the full training, while GRPO ablations were trained for 10 hours (us-
ing the checkpoint at step 8400). Ablations were performed over three configurations:
Full/QA indicates using all four subsets, the AAC,multiple choice AQA, open AQA, and
creative writing data. QA indicates only the multiple choice AQA. Semantic/Simple
describes which data configuration is used: with or without semantic descriptors.
The pretrained base model is included for comparison.

The key findings of these investigations (summarized in Table 4.6) indicate that in-
corporating semantic descriptors generally improves performance in SFT settings,
particularly when fine-tuning the QA subset. However, this benefit was not consis-
tently observed in the GRPO setting, possibly because the GRPO reward mechanism
primarily targets the correctness of the final answer and may not fully use the in-
termediate reasoning steps. The use of LoRA for parameter-efficient fine-tuning
improved results across both SFT and GRPO, mitigating catastrophic forgetting and
enhancing performance. In contrast, training models from scratch results in poorer
performance.

4.6 Conclusion

In this chapter, AUDSEMTHINKER is introduced, a model that advances audio under-
standing through structured reasoning over semantic descriptors, and AUDSEM, a
newly curated dataset designed to minimize overlap with existing resources. A new
pipeline is proposed that includes filtering audio captions using the original closed
caption to make sure the description still corresponds to the audio. Experimental
results show that our model outperforms state-of-the-art approaches on multiple
benchmarks, demonstrating particularly strong performance in music-related tasks.
Ablation studies indicate that decomposing audio into semantic descriptors boosts
performance when effectively integrated with the base models. Additionally, our
thinking budget experiments reveal that both short (25 words) and moderately long
(100-150 words) reasoning lengths that allow the model to operate within a range
within the reward signal yield optimal results. These findings contribute to the field of
audio-languagemodeling by demonstrating that explicit semantic reasoning improves
model performance and enables the construction of cleaner, more diverse datasets,
helping to address data contamination in zero-shot evaluations.
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4.8 Appendix

4.8.1 Ethics Statement

Responsible Data Science

Dataset creation via YouTube scraping introduces a risk of inadvertently including
harmful content. Mitigation strategies involved systematically checking and found no
terms related to child abuse, hate speech, sexual content, and harassment. YouTube’s
community guidelines, which prohibit such material, offer an additional safeguard
regarding the source data.

Experimental validation involved extensive runs; ablation studies evaluated 62models
192 times on the MMAU benchmark at various checkpoints and configurations. A
performance discrepancy was observed when evaluating models in compute clusters
equipped with A100 versus H100 GPUs. The AUDSEM dataset was constructed to
minimize overlap with existing benchmarks, facilitating amore candid evaluation. To
current knowledge, training data for AUDSEMTHINKER do not include samples from
the MMAU benchmark, though certainty is limited due to the obfuscation of MMAU
audio filenames. It is acknowledged that the underlying pretrained model Qwen2.5-
Omni may have encountered data present in test sets during its initial pretraining.

Broader Impact

The scope of this chapter is primarily fundamental and does not propose any real-
world applications that could directly benefit society. Nevertheless, this research
offers potential positive social impacts by advancing audio-language understanding.
Applications could include enhanced audio transcription and captioning for people
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who are deaf or hard of hearing, sophisticated monitoring systems for environmen-
tal sounds such as avian populations, and automated closed-caption generation for
multimedia.

4.8.2 Thinking Budget

To investigate the relationship between thinking length and model performance,
the experiments systematically tested different thinking budget configurations. The
study examined whether allowing the model to performmore extensive reasoning
(usingmore tokens) before generating an answer improves prediction accuracy across
different audio understanding tasks. For this experiment, we implemented a con-
trolled approach using GRPO with a maximum length constraint reward function.
This reward function, shown in Equation 4.1, balances correctness with adherence to
specified thinking lengths:

r(y, ygold, ngold) =


clip(1− α(ngold − ny) + δ, 0, 1), if ny ≤ ngold

clip(α(ngold − ny) + δ, 0, 1), otherwise
(4.1)

Where y represents the model’s output, ygold is the target output, ny is the word length
of the thinking section, and ngold is the target thinking length. The parameters α and
δ control the penalty strength and tolerance margin, respectively. In our experiments,
we set α = 0.1 and δ = 0.5.

For the case where the generated thinking length is less than or equal to the target
length (ny ≤ ngold), the reward function becomes:

r(y, ygold, ngold) = clip(1− α(ngold − ny) + δ, 0, 1) (4.2)

This component becomes zero when:

ngold − ny ≥ 1 + δ

α
(4.3)

For example, with our parameter values, if ngold − ny = 1+δ
α = 1+0.5

0.1 = 15, we get:

1− α(ngold − ny) + δ = 1− 0.1 · 15 + 0.5 = 1− 1.5 + 0.5 = 0 (4.4)

For the case where the generated thinking length exceeds the target (ny > ngold),
which corresponds to the original LPCOMax Length Constraint Mode as defined in
[6], the reward function becomes:
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r(y, ygold, ngold) = clip(α(ngold − ny) + δ, 0, 1) (4.5)

This component clips to zero when:

ny − ngold ≥ δ

α
(4.6)

For example, with our values, if ny − ngold = δ
α = 0.5

0.1 = 5, this term evaluates to:

α(ngold − ny) + δ = 0.1 · (−5) + 0.5 = −0.5 + 0.5 = 0 (4.7)

This clipping behavior has implications for training when α is 0.1: if the model’s
average generated thinking length is shorter (e.g., more than 15 words below ngold)
than high target lengths like 125 or 150words, itmay consistently receive a zero reward
component from this length constraint. This could hinder convergence toward such
longer budgets, as the model does not receive a continuous gradient “nudge” from
the length reward to increase its thinking length into the desired range. Although
adjusting α to a much lower value could widen the range before clipping, an overly
small α might diminish the length reward’s impact, potentially allowing it to be
overshadowed by other rewards in the GRPO objective. In experiments, decreasing
α was found to be non-effective. The reward function must have a slope (before
clipping) to ensure effective gradient propagation in GRPO. The referenced Max
Length Constraint Mode [6] is designed to apply a soft constraint, gradually penalizing
outputs exceeding the target length instead of imposing a hard cutoff, and incentivizes
token efficiency without sacrificing correctness. The term δ = 0.5 helps ensure that
correct answers withminor budget violations are still preferred over incorrect ones.

In the experiments, the target length parameter ngold was varied in intervals of 25
words, allowing one to precisely control the model’s thinking budget and measure
the impact of reasoning length on performance across various audio understanding
tasks.

Table 4.7 presents the detailed results of our thinking budget experiments in different
audio domains. The results show that constraining the model’s thinking to specific
token lengths has varying effects on performance. Notably, the shortest (25 words)
and longer (100-150 words) thinking budgets tend to yield better overall performance
compared to mid-range budgets.

Since the model starts with an average output length in characters of about 95 charac-
ters, we see that for models with 125 and 150 words as a constraint, the target is too
high, and the model is not able to convert to the correct target length. Targets with
25 and 100 words differentiate just enough from the original length for the length
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Thinking Budget (words) Sound Music Speech Total

25 69.07 70.66 59.16 66.30
50 64.86 67.07 58.26 63.40
75 65.47 66.47 55.26 62.40
100 67.27 67.07 60.96 65.10
125 67.87 67.96 58.56 64.80
150 66.67 67.96 60.66 65.10

Table 4.7: Performance across different thinking budget constraints. Results show accuracy
(%) on MMAU Test-Mini dataset for different audio domains when the model is constrained to
use specific thinking lengths.

constraint to be effective. As a result, we see that the performance for any model
above 100 words is not better than the model with 100 words as a constraint.

Figure 4.4: Analysis of thinking budget impact on model performance. Left: How applying a
length constraint to the model’s thinking nudges the mean length of the output. Right: The
relationship between various length constraints and its length constraint reward.
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4.8.3 Example Model Outputs

<thinking>
Let’s think about this. The audio seems to be set in a home environment with a dog and some
background noise. Initially, there’s some music playing, but it’s not the main focus. The dog
is definitely vocalizing, growling, and barking. There’s also a man speaking, but it’s not clear
what he’s saying. The dog’s sounds are the most prominent, indicating a high level of activity
from the dog. The environment feels domestic and warm, which aligns with the sounds of a pet
and a person interacting. The dog’s vocalizations suggest it might be responding to something,
possibly the person or another stimulus. The overall atmosphere is one of interaction and
engagement between the person and the dog, with the dog being quite vocal throughout the
segment. The music and speech are more in the background, adding to the domestic setting but
not dominating the scene.
</thinking>
<answer>
A dog is barking and growling in a home environment, with a man speaking in the background.
</answer>

Figure 4.5: Example of the audio-language model’s output (two-phase, without semantic de-
scriptors). The output contains a <thinking> section with detailed reasoning about the audio
content, followed by an <answer> section with the concise caption.
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<thinking>
I start by considering the primary sound, which is a seal roaring. This is a distinct, powerful
sound that stands out in the audio. The roar is followed by a series of grunts, which add to the
intensity of the scene. In the background, I hear intermittent wind noise, which suggests an
open, coastal environment. There are also some bird sounds, which are not as prominent but
add to the natural setting. The overall sound is consistent with what you might expect in a beach
environment with a large seal population. I also note some background sounds that could be
vehicles or trains, but these are less noticeable and do not seem to be themain focus of the audio.
The primary sound is the seal roaring, which is the most significant and noticeable element in
the audio.
</thinking>
<semantic_elements>
1. Sound-generating animated beings with descriptive adjectives:
- Seals roaring and grunting (powerful, intense)
2. Physical objects/substances generating sound:
- Birds (singing)
3. Actions/mechanisms of sound generation:
- Roaring and grunting (seals)
4. Temporal context if present:
- Continuous roaring followed by grunts
5. Spatial context and environment:
- Open, coastal environment with seals on a beach
6. Acoustic surfaces and materials contributing to the sound:
- Sandy beach, open air
7. Signal-level sound descriptors:
- Powerful, deep roaring
- Intermittent, soft grunting
8. Auditory sensation attributes:
- Deep, resonant roaring
- Intermittent, low-pitched grunting
9. Subjective/emotional descriptors:
- Intense, powerful, natural
</semantic_elements>
<answer>
A seal roars powerfully, followed by deep grunts, in a coastal environment with wind and birds
in the background.
</answer>

Figure 4.6: Example of the audio-language model’s output (three-phase). The output contains
an additional <semantic_elements> section.
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4.8.4 Prompts

Filtering Prompt

Prompt for Caption Filtering

You are a friendly chatbot whose task it is to filter out bad data. You will get a closed caption
corresponding to a video clip. Your task is to state whether the caption is a correct subtitle for
deaf or hard-of-hearing people. Correct captions in this task are those that correspond to words
that could represent an actual sound being made. This could either include a verb that states an
impact or sound types or properties like ”sound”, ”noise” or ”music”. Incorrect closed captions
include sentences that someone is saying in the video clip, or sentences that are not related to
the video clip at all. All captions are in English. All captions are within curly brackets or square
brackets []. Examples of correct captions include: - ”(laughs)” or ”(laughter)” - ”[XBOX SOUND]” -
”[chicken bocking imitation]” - ”(cereal grains smacking onto wood)” - ”(collision)”
Examples of incorrect captions include: - ”[ transport ]” - ”(Wishes are left to wither by time.)” -
”(look, I like my nightmareless sleep; I’ll play some scary games when I feel too peaceful)” - ”[A
calm navy color] [TinyTAN character detail]” - ”[Haotian Sword Tower]”
Is the following caption correct? Please only answer ”yes” or ”no”

Caption Generation Prompt

Prompt for Judging Captions

You are a strict judge for an audio caption generator. Your task is to verify whether the generated
output adheres to all the rules from the original prompt. In particular, check the following:
1. The ’thinking’ process should contain a Chain-of-Thought (CoT) reasoning process. 2. The
’thinking’ process must not mention ”predictions per second” or any similar phrasing. 3. The
’thinking’ process must not include any of the original data fields directly. 4. The ’answer’ should
be a valid audio caption containing no visual elements or contexts.
Examine the generated output below carefully and respond with a JSON object that includes: -
”valid”: set to true if all rules are followed, or false if any rule is broken. - ”reason”: if false, a
brief explanation of which rule(s) were violated.
— Generated Output Start — generated_output — Generated Output End —
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Prompt for Caption Generation

You are an expert audio caption generator to create training data for an audiomodel. Your task is
to create a detailed caption that describes what happens in an audio segment, including a Chain-
of-Thought (CoT) reasoning process. You will be provided with various types of information
extracted from audio processing models and supporting visual context. Your goal is to write
a thinking process and answer as if you would only have the audio itself, without any of the
following information.
Given Information: 1. Basic Information: - Video ID: video_id - Time Segment: start to end
seconds - Original Closed Caption: text (This is the most important information to keep in mind)
2. Model-Generated Audio Information: - Audio Caption: audio_caption - Audio Tags (each
with a confidence score): audio_tags - Short Audio Caption: conette_candidates - Predictions
Per Second (key is the second, value is dict of sound and confidence score): sat_predictions
music_caption_section
3. Supporting Visual Context: Scene Description: caption Detected Objects (COCO labels):
objects Scene Classification (Places365): places
Context Evaluation Guidelines: 1. Use visual information ONLY if it: a) Strongly aligns with AND
confirms audio evidence b) Provides essential acoustic environment context unavailable from
audio 2. Ignore visual information if: a) Contradicts audio evidence b) Talks about text/graph-
ics/static images c) Describes visual-only elements NEVER mention the visual context or visual
elements in the thinking step, ONLY use it to infer the audio context.
In your output in the thinking step, analyze the audio scene in detail, reason about the primary
and background sounds, and describe what happens in the audio. Include key events and
activities, and the environment and context.
Guidelines: - Use natural, descriptive language - The thinking should be at least 50 words - Keep
the final caption under 50 words - Do not include timestamps - Do not mention specific speech
content unless crucial to understanding the audio scene - Use the prediction per second to
determine the order of the sounds in the caption - The reasoning process MUST include thought
expressions in natural language. This includes discourse markers, hesitation phrases, cognitive
markers and casual suggestions. - NEVER describe or mention the original data fields directly
in your reasoning process. You are generating training data for an audio model, and the model
should learn to reason from the audio itself and NOT from the extracted data given including
any of the visual context.
DO NOTmention any of the outputs of the models in the thinking step.
Please provide your response as a JSON object with the following keys: - thinking: The thinking
process - answer: The caption

Prepended Prompt on Model Generation

Prompt for Generation with Semantic Descriptors

You are given a question and an audio clip. Your task is to answer the question based on the
audio clip. First, think about the question and the audio clip and put your thoughts in <think>
and </think> tags. Then reason about the semantic elements involved in the audio clip and
put your reasoning in <semantic_elements> and </semantic_elements> tags. Then answer the
question based on the audio clip, put your answer in <answer> and </answer> tags.
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Prompt for Generation without Semantic Descriptors

You are given a question and an audio clip. Your task is to answer the question based on the audio
clip. First, think about the question and the audio clip and put your thoughts in <think> and
</think> tags. Then answer the question based on the audio clip, put your answer in <answer>
and </answer> tags.
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Abstract

Automated Audio Captioning is a multimodal task that aims to convert audio content
into natural language. The assessment of audio captioning systems is based on quan-
titative metrics applied to text data. Previous studies have used metrics derived from
machine translation and image captioning to evaluate the quality of generated audio
captions. Drawing inspiration from auditory cognitive neuroscience research, we
introduce a metric approach: Audio Captioning Evaluation on Semantics of Sound
(ACES). ACES takes into account how human listeners parse semantic information
from sounds, providing an alternative evaluation perspective for automated audio cap-
tioning systems. ACES combines semantic similarities and semantic entity labeling.
On the Clotho-Eval FENSE benchmark, ACES outperforms comparable automated
audio captioning metrics in two evaluation categories.

Preface

This chapter answers Research Question 4 (Semantics-Aware Evaluation Metric for
Audio Captioning) by introducing ACES, a metric that evaluates captions through
extracted semantic sound descriptors (who, what, how, where, and when) and their
embedding similarity. It contributes to the human-inspired structure theme by align-
ing evaluation with audible semantics rather than n-gram overlap and by providing
diagnostic signals about which descriptor types are missing from a caption.

This chapter was accepted at the European Signal Processing Conference (EUSIPCO)
2023 [512]. The EUSIPCO version had the 4-page limit, and presented a simpler metric
formulation based on averaged cosine similarity and label overlap, and reported that
ACES did not yet match the performance of other metrics on the FENSE benchmark.
The current version in this chapter redesigns themetric aroundmax-aligned semantic-
token similarity with recall-weighted F-score, integrates a fluency penalty, and adds
hyperparameter tuning. This redesign enables ACES to outperform comparable
metrics in two FENSE evaluation categories on Clotho-Eval.
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5.1 Introduction

Automated audio captioning (AAC) is an emerging field of audio processing. As
introduced in 2017 by Drossos et al. [101], the goal of AAC is to describe the content
of an audio clip using natural language, that is, using structured text that describes
sound. The performance of AAC models is estimated using metrics that compare
model-predicted captions with human annotations.

Standard AACmodels are based on the encoder-decoder architecture [293], where the
encoder converts the input audio to an embedding, which is then fed to the decoder.
In this architecture, the decoder learns to generate the audio caption by minimizing
the cross-entropy loss on the probabilities of the decoder output. During inference,
the decoder calculates the most probable sentence given the embedded audio.

AAC models are benchmarked using metrics tailored to various criteria (see Section
5.2.1, below). Additionally, it is possible to benchmark the metrics themselves and
gauge their alignment with human judgment. In this context, Zhou et al. [600] intro-
duced the FENSE benchmark, which evaluates how AACmetrics perform compared
to human evaluation.

Research in the field of auditory cognition and neuroscience has shown that humans
listen to sounds to derive information about sources, events, and changes in the
environment and that this information is reflected in listeners’ verbal descriptions of
everyday sounds [133]. When asked to describe sounds, listeners refer to the presence
of animate (who) or inanimate (what) sources, identify sound generationmechanisms
or actions (how), and, eventually, to a spatial (where) or temporal (when) context (see
Table 5.2, and [133], for the derivation of these classes of descriptors from previously
published taxonomies of natural sounds).

This chapter proposes a novel metric to evaluate audio captioning algorithms on
annotated datasets: Audio Captioning Evaluation on Semantics of Sounds (ACES)1.
ACES draws inspiration from auditory cognition research on the extraction of sound
descriptors: words or phrases that describe who or what makes the sound, where
it occurs, and how the sound is produced (see Table 5.2 for a list of all categories).
This is related to semantic role labeling, which is the process of assigning labels to
words to indicate their semantic role [38]. ACES uses the cosine similarity of vector
representations of these sound descriptors to measure the correspondence between
generated and “ground truth” captions. ACES returns a score that indicates the quality
of the generated caption based on these ground truths.

In short, the ACES score consists of a cosine similarity of the pairwise token combina-
tion. ACES uses precision and recall from this cosine similarity, and takes the token
with the highest score as overlap. ACES also uses a METEOR [27] based approach in
weighing precision and recall, a small penalty for longer captions, and a fluency error
detection model. This work is an extension of an earlier version of ACES, presented
1Code, data and models available at: https://github.com/GlJS/ACES.
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at the European Signal Processing Conference 2023 (EUSIPCO). The current version
of ACES supersedes the initial release, rendering the previous version obsolete and
deprecated.

5.2 Related work

The evaluation metrics from the Microsoft COCO Caption Dataset represent a set
of audio captioning evaluation algorithms [64]. This set of evaluation metrics was
originally intended to measure performance in image captioning tasks but has since
been adopted in other domains, including audio captioning. The toolset includes the
metrics BLEU [355], ROUGE [251], METEOR [27], and CIDEr [471], and, in later COCO
versions, SPICE [13]. The current standard in AACmetrics are SPIDEr and its derivative
SPIDEr-FL. SPIDEr is a combination of CIDER and SPICE, which outperforms both
metrics based on human evaluation of a randomly sampled COCO test set (10.56%
increase compared to a baseline MLEmodel) [259]. SPIDEr-FL is SPIDEr enhanced
with an additional pretrainedfluencydetectionmodel, specifically designed to identify
incomplete sentences and sentences with repeated or missing words [600]. For an
overview of recent metrics for evaluating Automated Audio Captioning models, see
Table 5.1.

5.2.1 Drawbacks of current metrics

Performancemetrics currently adopted in the field of AAC are characterized by several
drawbacks. For example, BLEU, ROUGE, CIDEr, and METEORmetrics are sensitive
to n-gram overlap, which is neither necessary nor sufficient to establish meaning
similarity between sentences [13]. For example, the captions “Rain coming from a
big cloud”, and “Music coming from a big band”, are dissimilar in meaning but have a
4-gram in common, resulting in a high n-gram score. Although SPICE was proposed
to mitigate this problem, it makes the overly stringent assumption that the compared
captions have exactly the same wording for its entities, attributes, and relations. For
example, the candidate sentence “Youngwoman talkingwith crunching noise” and the
reference sentence “Paper crackling with female speaking lightly in the background.”
result in a SPICE score of 0, despite their clear affinity inmeaning [600]. In other cases,
the captionmay not include text descriptors of the sound-generating agents or objects
(e.g. “Metallic scraping that stops and then starts again”) or descriptors of actions (e.g.
“Very loud static sound without any other noise”). In such cases, a scene graph (a way
of encoding objects, attributes, and relations) cannot be composed or calculated, and
the SPICE score returns a low value regardless of semantic relatedness.

Here, a novel metric is proposed based on semantic role structure (e.g. who did
what to whom). The Semantic-role was previously considered by Lo et al. [267], who
proposed the MEANTmetric in the context of Machine Translation. A drawback of
this metric is the use of syntactic parsing of the sentence, which results in a low score
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Table 5.1: Overview of metrics used for evaluating Automated Audio Captioning models

Metric Description Primary use

BLEU1..4
Uses the co-occurrences of n-grams.
Adds a brevity penalty. Machine translation

METEOR

Harmonic mean of precision and
recall of caption chunks. Recall
weighted 9 times more than
precision. Matches also stems,
synonyms and paraphrases

Machine translation

ROUGE
Calculates F-measure using,
longest common subsequence.
Oriented to recall with β = 1.2.

Text summarization

SPICE Matches captions on object classes,
relation types and attributes. Image captioning

CIDER
Calculates a weighted sum of the
cosine similarity for n-grams
with n ∈ [1, 4]. Uses TF-IDF.

Image captioning

BertScore

Calculate F1, precision, and recall
of matched words from the
pairwise cosine similarity
of the sentence embeddings.

Text generation

BLEURT BERTmodel trained on human
annotated dataset of sentence pairs, Text generation

FENSE
Cosine similarity of sentence
embeddings combined with
a fluency detection model

Audio captioning

SPICE+ Combines SPICE with matching
using sentence embeddings Audio captioning

119



Chapter 5. ACES: Evaluating Automated Audio Captioning Models on the Semantics of Sounds

when synonyms are used. Pretrained models such as BLEURT [406] and BERTScore
[579] have also been used as a metric for various machine learning tasks. One of
the benefits of these models is that you can extract a contextualized embedding that
captures the meaning of the term, and that similar meanings are correlated with the
computational similarity derived from a cosine of the two embeddings.

The comparisonof sentences based on lexical structurehas been investigated in recent
studies on Automated Audio Captioning. The FENSE metric [600] uses a language
model to calculate similarity and includes a fluency penaltymodel to capture coherent
structures in audio captions. Specifically, FENSE penalizes captions in five categories:
incomplete sentences, repeated events, repeated adverbs, missing conjunctions, and
missing verbs. This fluency penalty was also added to the SPIDErmetric in the DCASE
Challenge 2023 Task 6a [427]. The SPICE+ metric [141] finally tries to solve the issues
that arise with its counterpart, SPICE, by performing the evaluation within a language
model framework.

5.2.2 Research in other fields

Analogies canbe drawnbetweenour research and active areaswithin natural language
processing (NLP), specifically: (i) semantic role labeling (SRL), where predicate-
argument structures are modeled from sentences, and (ii) part-of-speech tagging
(POS), where words are tagged based on their grammatical functions (e.g. subject or
verb). Although our dataset is directly labeled by us, there is a clear relation between
our labels and the classifications that an automated SRL or POS model would assign.
For example, the ARG-0 and V labels in a SRL model correspond, respectively, to the
WHO and HOWproperty in our model.

Our model performs entity recognition by labeling terms, similar to the MEANT
metric, and incorporates pretrainedmasked languagemodels (BERT and its derivative
models) to capture the sound descriptors of captions. Furthermore, similar to the
SPIDEr-FL score, our metric integrates the fluency penalty from the FENSEmetric. In
summary, our approach involves computing the cosine similarity of the embeddings,
focusing on the correspondence of sound descriptor categories. We also incorporate a
fluency penalty into our approach and, in the absence of overlap, default to sentence-
BERT embeddings.

5.3 Methods

The backbone of the proposed metric is a NLP model that is capable of classifying
words from human (or model) generated captions into a set of sound descriptor
categories. These categories reflect semantic attributes of the sound-generating
objects and events that listeners derive from sounds, and have been derived from
a recent survey of taxonomies of everyday sounds [133] (see Table 5.2). This word
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Table 5.2: Sound descriptor categories used in calculating correspondence between captions.
Items marked with * exist only in the dataset of 13 labels.

Label Description

WHO sound-generating agent
WHO/WHAT PROPERTY* describes object or person
WHAT vibrating object or substance
HOW sound-generating actions/mechanisms
HOWPROPERTY* specifies action
WHEN temporal context
WHERE spatial context
WHAT/WHERE* objects that contribute to acoustics
SOUND TYPE sound-signal categories
SOUND PROPERTY acoustic/auditory sound properties
NON-AUDITORY SENSATION non-auditory attributes of sound
OTHER labels that do not describe sound
O omitted labels

model is then applied to both the candidate and the reference captions, and a score is
calculated that reflects the similarity of their sound descriptor categories.

5.3.1 Model training

To obtain this word-classification model, a random subset of captions was annotated
from the Clotho dataset. The Clotho dataset is widely used in AAC and consists of
29,645 captions for 5,929 audio excerpts, each 15 to 30 seconds long [102]. Various pre-
trained NLP models were fine-tuned to this dataset, and their performance compared
to determine the most effective classifier (see below). Specifically, two word-labeled
caption datasets were generated using the Prodigy web annotation tool [370]. In the
initial training iteration, every word in each caption was labeled with one category
from a set of 10 (dataset 1). For the final model, a set of 13 labels was used (dataset 2)
(see Table 5.2).

Dataset 1 consists of 2300 captions labeled by 3 annotators, with 1120 captions being
duplicates across annotators for the estimation of annotator agreement statistics.
The annotators labeled 694, 1387 and 219 labels captions, respectively. The average
inter-annotator agreements (Cohen’s kappa coefficient), averaged across annotator
pairs, and annotations, were 0.808, 0.836 and 0.839. To train our models, duplicates
were filtered out to ensure that they did not lead to biased results from training items
multiple times per epoch or data leakage in the test set, leaving 1158 captions in
the final dataset. Of these 1158 captions, the annotators labeled 285, 727 and 146,
respectively.
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Table 5.3: Comparison of BERT-basedmodels on token classification of our dataset. The highest
scores are in bold. The groups of models are 10 labels (top) and 13 labels (bottom).

Name F1 F1 How F1What F1Where F1Who
10 Labels

BERT 81.6 88.3 80.6 78.5 85.3
RoBERTa 81.2 89.5 79.3 79.2 80.0
XLM RoBERTa 79.7 85.8 80.5 78.0 81.0
ALBERT 80.6 87.0 81.2 76.8 83.7
DeBERTa 79.7 85.6 80.1 75.6 83.9

13 Labels
BERT 80.3 90.8 80.6 86.0 91.2
RoBERTa 84.2 91.8 84.7 92.3 90.9
XLM RoBERTa 84.2 93.7 85.6 83.9 92.9
ALBERT 83.0 91.4 87.5 84.5 95.5
DeBERTa 80.9 88.7 87.1 84.7 87.9

We applied a similar procedure to dataset 2, whichwas labeled by two annotators, with
a Cohen’s kappa coefficient of 0.794. Dataset 2 is a subset of dataset 1, but contains
more descriptor categories. Dataset 2 initially contained 989 captions, where the
annotators covered 494 and 495 captions, respectively. After removing duplicates, the
final dataset contained 500 unique captions. Although in dataset 2 there were more
sound descriptors and less training data than dataset 1, this resulted in an increase in
classification F1 scores.

Using the 2 labeled datasets, various pretrained Transformer encoder models were
fine-tuned with a classification head (see Table 5.3), as implemented in the Hugging-
Face Transformers library [516]. During tokenization, each caption was split into
tokens, each corresponding to a sound descriptor. Tokens from words that did not
correspond to a sound descriptor in our dataset were assigned the label O and omit-
ted. For training, we used an AdamW optimizer [268], with a learning rate of 2e-5
and weight decay. The labeled dataset was divided into 80% train and 20% test sets.
The model was trained for 5 epochs, since initial tests showed that after 5 epochs
overfitting might occur, as identified by observing a growing difference between the
training and validation losses after the fifth epoch. For each trained NLP model, the
averaged and category-specific (Who-What-How-Where) F1-scores on the test set for
the two distinct variants of the models were obtained using 10 (top) or 13 (bottom)
labels (Table 5.3). This F1-score gives an indication how well the model is capable of
classifying the sound descriptors on unseen sentences.

5.3.2 Metric definition

The fine-tunedmodel is then applied to both the candidate and the reference captions.
For example, for the sentence “a person is walking on a hard surface”, groups of tokens
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person,walking on and hard surface are categorized intoWHO,HOW andWHAT/WHERE,
respectively. In the case of 5 reference captions instead of 1 reference caption, the
words per category in each of the reference captions are combined (e.g. WHO in “bird
caws” “bird croaks” becomes “bird bird”).

For each of these group of words, the corresponding sentence embed is calculated
with SBERT [381]. The cosine similarity is computed on overlapping sound descriptors
(e.g. WHO in candidate and reference). This ensures a focus on entities present in the
candidate text and optimizes for better wording per descriptor category. However, a
drawback is that it may neglect entities found in reference texts that do not exist in
the candidate (see Appendix 5.8.2 for examples).

The cosine similarity of the overlap is calculated as follows. For each candidate and
reference caption C and R, for each candidate and reference token c ∈ C and r ∈ R,
given the sound descriptor of c, r: c, r ∈ Cl ∩ Rl, the cosine similarity is calculated
as:

CosSim(c, r) =
E(c)ᵀ · E(r)

‖E(c)‖‖E(r)‖
withE(·) representing the embedding of the token. As we use pre-normalized vectors,
cosine similarity is reduced to E(c)ᵀ · E(r). This cosine similarity score indicates the
relation of each pair of tokens so that similar tokens in sound descriptors also get a
high score, contrary to using the n-gram.

From this cosine similarity, the maximum score of precision overlap (Pr) and recall
overlap (Re) of the candidate and reference tokens is taken, similar to BertScore
[579].

Pr(c, r) =
1

|r|
∑
r∈r

max
c∈c

CosSim(c, r)

Re(c, r) =
1

|c|
∑
c∈c

max
r∈r

CosSim(c, r)

The F-score is calculated by weighting the recall of the token 9 times more than
the precision, as done similarly for the METEOR metric, and has been shown to
improve correlation with human judgment [27]. Consistently, we also observed a
positive correlation between the emphasis on recall and a better outcome on the
FENSE benchmark.

The ACESmetric puts focus on the token with the highest similarity score between the
candidate and the references due to the maximization in the above formula. This ap-
proach has limitations. For instance, it may overlook irrelevant tokens even if they are
categorized similarly. Additionally, the metric does not consider captions composed
of compound sentences. In such cases, the ACES score emphasizes only the category
in one part of the compound sentence with the greatest similarity, disregarding the
rest.
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Fscore(c, r) =
10PrRe

Re+ 9Pr

All embeddings are then averaged:

Fsingle(C,R) =
1

|C ∩R|
∑

c,r∈C∩R
Fscore(c, r)

If there is no overlap at all, we set the score to 0. As a last step, a small penalty is
added to our scoring method. This penalty is designed to slightly decrease the scores
of shorter sentences that include fewer entities. The penalty formula is as follows:

penalty = (|L|−|Cl ∩ Rl|)
1

|L|
1

1850

L is defined by the total number of possible sound descriptors, in this case 13. |Cl∩Rl|
is the number of sound descriptors that are the same in both the candidate and the
reference captions. This penalty is subtracted from the F-score for each pair of
candidate and reference sentences, resulting in the following formula:

ACES1(C,R) = Fsingle(C,R)− penalty

The normalization constant 1850 was determined empirically to gently penalize
shorter sentences without allowing the penalty to dominate the semantic similarity
score. However, tests showed that higher penalties did not lead to better performance
on the FENSE benchmark. By applying only a slight penalty, a preference for de-
tailed sentences is still included, and the metric still correlates well with human
evaluation.

For each candidate and reference caption C and R a single value is returned. An
extra penalty for fluency error detection is added, similar to the one in the FENSE
and SPIDER-FL metrics [600]. The best results were found by putting a weight of 0.5
instead of 0.9, the default value in the FENSE metric (see the appendix 5.8.1). For
every single candidate and reference caption, ACES is computed as:

ACES(C,R) = ACES1(C,R)− 0.5× fluency(C)× ACES1(C,R)

A combined ACES score for a whole dataset is calculated by taking the average across
the pairs of candidate and reference captions.

5.3.3 Hyperparameter tuning

To find the optimal parameters for our model, a hyperparameter tuning phase is
performed. During hyperparameter tuning, the libraryWandB and its sweep function
with Bayesian optimization [36] carry out a search through 18 different parameters
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(see Appendix 5.8.1, for an overview). Bayesian optimization narrows the search scope
by focusing on the parameters that show the most promise. When the parameters are
adjusted, the total Clotho-Eval score is maximized, with the aim of outperforming the
other models on the FENSE benchmark (see Table 5.5). The emphasis for maximiza-
tion is put on the Clotho-Eval benchmark, since its captions have longer sentences
than Audiocaps-Eval (11.334 vs 8.796 words on average) and contain on average more
entities (5.433 vs. 4.742). However, the initial results showed that optimizing for one
benchmark also resulted in better results for the other benchmark.

The final parameters are from a run of a model that specifically outperforms some
values on the FENSE benchmark and has a good overall result. Multiple configurations
of the ACES model outperformed other metrics in the benchmark, but the final
configuration also included values that resembled previous metric research in the
METEOR and Fluency detection methods [27, 600].

5.3.4 Optimization

Since the use case for this benchmark is during model validation, optimizing the
model for implementation speed is a priority. The final model requires about 6.4 GB
of RAM for the token classification part, and the embedding model uses about 1.2
GB of RAM. This is optimized by quantizing the model weights to float16 precision,
resulting in a model size reduction of about 50%. In addition, the model can easily
perform distributed calculations by automatically scaling up to multi-GPU inference
with the Accelerate Python package [146].

Additionally, relying on a smaller version of the RoBERTa model (RoBERTa-base
instead of RoBERTa-large), we are able to achieve a 25% speedup in the computation
of ACES at the cost of a negligible drop in performance.

5.4 Experiments

We evaluated our models by comparing them to similar metrics in AAC. In parallel,
our models are tested against the FENSE benchmark to allow the estimation of its
predictions of human evaluations. The FENSE benchmark consists of two datasets,
Clotho-Eval and AudioCaps-Eval. These are derived from the Clotho and AudioCaps
datasets, respectively, and contain human evaluations for 4 categories of pairs (see
section 5.4.2).

5.4.1 Model evaluation

We evaluated several AAC models using the BERTScore, FENSE, SPIDEr, and the pro-
posed ACES metrics to compare the metrics against each other. The DCASE baselines
for this year and last year were used as benchmarks for themetrics. The 2021 baseline
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Table 5.4: Models were evaluated considering several metrics, including our proposed metric
ACES.

BERTScore FENSE ROUGEL SPIDEr ACES

Baseline 2021 82.3 1.9 27.3 6.4 15.7
AudioCaption 89.1 37.7 28.9 14.2 42.2
Baseline 2022 90.5 45.7 36.5 23.1 46.1
PANNs + BART 90.7 46.8 37.6 25.2 47.9
PASST + BART 90.8 48.3 37.8 26.0 48.8
Baseline 2023 90.7 48.3 38.7 27.0 49.3

model was an encoder-decoder architecture based on GRU’s [69], whereas the 2022
model had aVGGish encoder and a BART-based decoder. In addition to the 2022model
baseline, two other versions were added. In these two versions, the VGGish encoder
network was replaced by a PANNs [212] and PaSST [217] encoder, respectively. The
2023 model baseline is also included, which uses a special pretrained CNN encoder
based on PANNs.

Metrics AudioCaps-Eval Clotho-Eval

HC HI HM MM Total HC HI HM MM Total

SPIDEr 53.2 89.9 84.1 55.2 65.4 47.9 88.1 67.9 52.5 59.8
BERTScore 60.6 97.6 92.9 65 74.3 57.1 95.5 70.3 61.3 67.5
BLEURT 77.3 93.9 88.7 72.4 79.3 59 93.9 75.4 67.4 71.6
Sentence-BERT 64 99.2 92.5 73.6 79.6 60 95.5 75.9 66.9 71.8
FENSE 64.5 98.4 91.6 84.6 85.3 60.5 94.7 80.2 72.8 75.7

SPICE+ 59.1 85.4 83.7 49 62 46.7 88.1 70.3 48.7 57.8
SPICE+emb 63.5 96.4 91.6 70 77 61 94.7 76.3 61.6 68.9

ACES 64.5 95.1 89.5 82.0 83.0 56.7 95.5 82.8 69.9 74.0

Table 5.5: Performance of various metrics on Audiocaps and Clotho (bold = top values).

Table 5.4 displays the evaluation results of the AAC models. ACES has more variation
than BERTScore, which is helpful in discriminating results that are close to each
other. The ACES scores are consistent with other metrics. In particular, BERTScore
and FENSE rate PASST + BART similarly to the Baseline 2023 model. Other metrics
favor the baseline 2023 model, including ACES. This could indicate that ACES is a
more reliable metric than BERTScore and FENSE, although further investigation is
required.
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5.4.2 Human evaluation

We used the FENSE benchmark [600] to evaluate our score against human evaluations
and to compare ACES to several other metrics (see Table 5.5). The FENSE benchmark
comprises four components, each designed to calculate the quality of a candidate
metric compared to its reference: (i) human-correct (HC), (ii) human-incorrect (HI),
(iii) human-machine (HM) and (iv) machine-machine (MM). For each of these com-
ponents, 4 human evaluators compare two candidate captions for each sound, and
indicate which target sound is better (final outcome based onmajority vote with target
sound not considered in the absence of a majority). For the HC component, both
candidate captions are generated by human annotators describing the same sound
(human captioning data from Clotho and AudioCaps datasets) For HI, a caption gener-
ated by a human annotator for a target sound is compared with a human-generated
caption for a different sound. The HM component instead compares a human caption
with a caption for the same target sound generated with a captioning model. The
MM component finally compares machine-generated captions from two captioning
models (see [600], for details). The audio captioning metrics are finally bench marked
against the majority-based human evaluation of the candidate captions, with the final
score measuring the proportion of target sounds for which the captioning metric
and human evaluators agreed on their choice of the best captions among the two
candidates.

On this FENSE benchmark, approaches that use computational similarity of contextu-
alized embeddings (ACES, FENSE, BERTScore, BLEURT, Sentence-BERT, SPICE+emb),
are favored over approaches that use entity labeling (SPIDEr, SPICE+). This could
indicate that the participants’ judgments of descriptions from the FENSE benchmark
are correlated with distances between descriptions in the BERT embedding space.

5.5 Discussion

The ACES metric demonstrates comparable performance to other metrics in the
FENSE benchmark and notably outperforms all other metrics in the human-incorrect
(HI) and human-machine (HM) categories on the Clotho-Eval dataset. ACES provides
a versatile backbone that can be used to recognize a sentence’s entities, which can be
helpful for explainability purposes.

ACES calculates a score based on semantic descriptors and shows promising results
in comparison to other metrics on the FENSE benchmark. A comparison between
metrics with several examples is shown in Appendix 5.8.2. This appendix also illus-
trates some drawbacks of our approach, including cases where there is no overlap
of semantic descriptors. In case of no overlap, ACES assigns the score 0. It also only
takes the most similar entity into account: in case of smaller sentences with linking
words, it focuses on the most similar word per semantic descriptor.
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Results from candidate captions that exhibit a higher ACES score contain several
sound descriptors that are high in cosine similarity of the vector representation to the
ground truth vector representation. These sound descriptors are important to include
in a caption, as they represent listeners’ verbal descriptions of everyday sounds.

5.6 Conclusion

This chapter introduces the Audio Captioning Evaluation on Semantics of Sound
(ACES), a novel AAC evaluation metric based on audio semantics. ACES combines
both semantic similarities and semantic entity labeling, resulting in an approach
for evaluating audio captions that departs from earlier work relying exclusively on
embeddings, or n-grams, or entities. ACES combines elements from earlier research
on AAC evaluation and outperforms other metrics on the FENSE benchmark.

Future research can explore several promising directions, such as the involvement of
large language models such as GPT-4 to evaluate sentences for fluency issues and to
grade semantic richness and factual correctness in generated captions. A strategy
for this could be to train a large language model on how a human would evaluate a
dataset of generated audio captions and create an automatic pipeline for the caption
evaluation.
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5.8 Appendix

5.8.1 Overview of hyperparameters

In bold the parameter that performed the best in the hyperparameter tuning. Per-
centages are correlation scores with Clotho-Eval Total in total for all runs. See also
the WandB Report.

• model: (”gijs/aces-roberta-10”, ”gijs/aces-roberta-13”) Selects which pretrained
ACESmodel to use for named entity recognition and embedding extraction. The
options are the 10 label or 13 label versions, which detect different numbers of
entity types.
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• fl_weighing: (True, False) (34.9%). Determines whether a fluency model should
be added to the model. This model detects sentences with errors in them and
penalizes themwith F1_weight (float between 0.0 and 1.0) (1.4%): which controls
the amount the score is reduced if an error is detected.

• average_strategy: (”simple”, ”first”, ”max”, ”average”) Controls how the per-token
predictions from the ACES model are aggregated into entities.

• use_sbert: (True, False) (22.7%) Determines if SentenceBERT is used to calculate
entity embedding similarity instead of the native ACES embeddings.

• division: (float between 0.0 and 1.0. 0.998) (-2.6%) Controls weighting between
the cosine similarity score and the entity overlap score.

• F1_calc: (”mean”, ”mean-max”, ”max-mean”, ”max-max”). Sets how precision
and recall are combined to calculate F1 between the candidate and reference
entities.

• F1_beta: (float between 0.1 and 10.0. 9.0) (1.9%) Controls beta parameter that
balances precision and recall for F-beta score for the cosine similarity

• F1: (float between 0.1 and 10.0. 3.798) (9.3%) Controls the beta parameter that
balances precision and recall for F-beta score for the overlap.

• apply_penalty: (True, False) (-8.6%). Boolean for whether to apply the entity
overlap penalty. This is to penalize sentences that have only a few classes, as we
prefer longer more descriptive sentences over shorter ones (“bird caws noisily
with an alarming tone” over just “bird caws”). penalty_score (int between 1 and
2000. 1850) (-5.5%): Penalty applied when there is no entity overlap. Higher
values decrease this penalty. If there are a lot of labels in the sentences, it still
corresponds to a high score.

• overlap_type: (”cand”, ”ref”, ”both”, ”F1”). Sets the formulation of entity overlap
used. Based on the candidate, reference, both, or F1-weighted overlap.

• distance_technique (”cosine”, ”Euclidean”): Distance metric to calculate entity
embeddings.

• use_score: (”pairwise”, ”mean”, ”no”). With the pairwise score, both the combi-
nation of the similarity score and the overlap of the entities per combination
of sentences are calculated. ”mean” corresponds to calculating the overlap
after taking the mean. score_weighing (float between 0.0 and 1.0. 0.5) (18.0%):
Controls balance between embedding similarity and overlap when combining
values.

• overall_sbert: (True, False). Whether to incorporate an additional overall Sen-
tenceBERT similarity between the candidate and reference. overall_sbert_weight
(float between 0.0 and 1.0. 0.5) (-8.2%): Weighting on overall SBERT similarity
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when used. sbert_based_on_scores (True, False) (4.3%): Only uses SBERT sim-
ilarity if the ACES score is 0, which is the case when there are no labels at all
present.

5.8.2 In depth comparison of ACES with previous metrics

This Appendix presents selected examples of the FENSE benchmark, featuring both
successful and unsuccessful cases of scoring from the ACES metric. The examples
are displayed in Table 5.6. The first three examples demonstrate situations where
ACES outperforms FENSE and other measures. The final two instances reveal ACES’s
limitations.

In the initial example, “a door is followed by a”, both SPICE and ACES score 0.0 due to
their reliance on overlapping semantic pairs. SPICE uses non-existing graph overlap
based on its semantic graph, and ACES relies on its semantic sound categories in
the captions. For ACES, it returns 0 due to “door” being the sole recognizedWHAT
entity and in the reference captions noWHAT entities. Othermetrics, however, return
similar, albeit higher, scores.

The second example highlights a more pronounced gap between the ACES and FENSE
scores. The lower score forACESarises because of thedifference in lengthbetween the
references and candidate captions, affecting the overlap in categories considered. The
candidate caption is classified into three categories. WHO (“birds”, “young peoples”),
HOW: (“cackling”). WHAT: (“voices”). ForWHAT (“voices”), ACES matches it to the
onlyWHAT in the references: “wings”, which drives the score down. However, less
descriptive sentences may be the origin of the lower score.

For the third scenario, ACES again assigns a lower score compared to other metrics.
This is due to the reference caption containing onlyWHO and HOWcategories, cre-
ating a mismatch on HOWbetween the candidate and references. The candidate’s
“rolling” and “strikes” differ from the reference’s “roars”, “falls” and “falling”. Despite
similar overall overlap, they are missing some key components, i.e. no mention of
lightning in any of the references.

The fourth example exhibits considerable overlaps resulting in a higher ACES score.
However, certain elements, such as “in a quiet environment”, are absent. In the
candidate caption, there are no similar WHERE matches, which results in ACES
wrongly attributing a high score to a caption missing contextual details.

Finally, the fifth example highlights another instance where ACES scores higher on
average compared to other metrics. This results from the similarity inWHO and HOW
categories between the candidate and reference captions. Yet, ACES does not fully
discern the difference between “speaking” and “shouting”, focusing instead on the
entity with the greatest overlap, in this case, the HOWs “squeaking” and “bouncing”,
which are present in both the candidate and reference captions.
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Table 5.6: Candidate and reference examples from the FENSE benchmark with corresponding
AAC metrics

C1

Candidate
A door is followed by a

References
• Some scratching and rustling with small clicks

• Rustling and some knocks

• Some rustling and scratching with a short click

• Continuous clanking and rustling

AACmetrics
METEOR 0.0265
ROUGEL 0.1393
SPICE 0.0
BERTScore 0.9814
FENSE 0.0311
ACES 0.0

C2

Candidate
Birds cackling and young peoples voices

References
• A man speaking followed by pigeons cooing and flapping
wings then a kid speaking as someone claps loudly

• A man talking then a young boy talking followed by a
loud pop as pigeons coo and bird wings flap

• A man talking followed by pigeons cooing and bird
wings flapping then a young man talking

• A male voice speaks and a bird coos and flaps its wings

AACmetrics
METEOR 0.0440
ROUGEL 0.1680
SPICE 0.0541
BERTScore 0.9646
FENSE 0.6621
ACES 0.3230

C3

Candidate
Rolling thunder with lightning strikes

References
• Thunder and a gentle rain

• Thunder roars in the distance as rain falls

• Rain falling with thunder in the distance

• Rain and thunder

AACmetrics
METEOR 0.1741
ROUGEL 0.2618
SPICE 0.2000
BERTScore 0.9858
FENSE 0.6899
ACES 0.4755
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C4

Candidate
Typing on a computer keyboard

References
• Typing on a keyboard is occurring in a quiet
environment

• Typing on a keyboard is ongoing in a quiet environment

AACmetrics
METEOR 0.2049
ROUGEL 0.5031
SPICE 0.2500
BERTScore 0.9882
FENSE 0.7101
ACES 0.9677

C5

Candidate
Squeaking and bouncing followed by a man speaking

References
• Several basketballs bounce and shoes squeak on a
hardwood surface as a man yells in the distance

• A man yelling in the background as several basketballs
bounce and shoes squeak on a hardwood surface

• A man yelling in the distance as several basketballs
bounce and shoes squeak on hardwood floors

• Multiple basketballs bounce on a hard surface and shoes
squeak as a man shouts in the distance

AACmetrics
METEOR 0.1373
ROUGEL 0.2254
SPICE 0.0
BERTScore 0.9752
FENSE 0.5331
ACES 0.8676
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Chapter 6. AudioToolAgent: An Agentic Framework for Audio-Language Models

Abstract

Large Audio-Language Models (LALMs) perform well on audio understanding tasks
but lack the multistep reasoning and tool-calling capabilities found in recent Large
Language Models (LLMs). This chapter presents AudioToolAgent, a framework that
coordinates audio-language models as tools via a central LLM agent that accesses tool
adapters for audio question answering and speech-to-text. The agent reasons about
which tools to invoke, how to formulate follow-up queries, and how to arbitrate con-
flicting tool outputs, without accessing the audio. Experiments with MMAU, MMAR,
and MMAU-Pro show state-of-the-art accuracy: up to 77.50% in MMAU, 77.00% in
MMAR, and 61.90% in MMAU-Pro. Monte Carlo sampling for Shapley values across
490 configurations identifies effective agent-tool combinations. The modular de-
sign allows the integration of new tools and removes the need for additional train-
ing data and training runs. The code and reproduction materials are available at
https://github.com/GLJS/AudioToolAgent.

Preface

This chapter answers ResearchQuestion 5 (Agentic Framework for CoordinatingAudio
Tools) by evaluating whether a text-only agent can orchestrate specialized audio tools
to solve audio reasoning tasks without additional training data. It contributes to
the human-inspired structure theme by using inference-time verification and tool
coordination to improve performance: the agent selects tools, cross-checks evidence,
and synthesizes answers in a controlled format. This chapter frames audio-language
modeling as a system where outcomes depend on both tool quality and the agent’s
decision process.
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6.1 Introduction

Understanding and reasoning about audio is central to human cognition. Recent
progress in transferring this capability tomachines spans two areas: the advancement
of Large Language Models (LLMs) with reasoning and tool-calling capabilities [85,
449, 559, 348, 77, 124], and the development of Large Audio-LanguageModels (LALMs)
for tasks such as audio captioning, audio question answering, and speech recognition
[544, 72, 205, 269, 519, 134, 255, 374].

Recent LALMs perform well on audio benchmarks [393, 224] but most lack tool use
[519]. Conversely, general LLMs excel at reasoning and using external tools but lack
direct audio processing. The present work combines these strengths by enabling an
LLM agent to use audio models as tools. The approach achieves more adaptive audio
understanding than LALMs while maintaining the deeper reasoning capabilities of
general LLMs.

The chapter introduces AudioToolAgent, which treats audio-language models as tools
and uses a central agent to coordinate them. The agent, a text-only LLM, cannot pro-
cess the audio directly; it receives only the audio file path, a question or prompt, and
possible answers. The agent then reasons about which tools to invoke and delegates
instructions to LALMs (tools) that process the audio. Performance gains arise from
two mechanisms: (i) selective use of complementary tools, combining specialized
ASR with general audio understanding models, and (ii) multi-hop reasoning across
multiple tools to reduce errors from individualmodels. Because the framework reuses
pretrained models, it requires no new datasets or training.

The agent receives an audio input, a question, and answer choices. The agent uses this
information to reason about the task, upon which it calls tools to be able to answer the
question or prompt. For speech, the agent prioritizes speech-to-text tools to transcribe
the audio. For environmental sounds or music, the agent uses general audio models
to gather information. AudioToolAgent asks follow-up questions, iteratively invokes
tools, compares outputs, and verifies disagreements by continuing to call tools with
different inputs to increase reliability. Figure 6.1 shows an example of the framework
in a chatbot.

The contributions of this work are twofold:

1. A reproducible, agent-based coordination framework with modular tool
adapters. Using pretrained foundational models without additional data or
fine-tuning, this provides a cost-effective approach to high performance on
MMAU [393], MMAR [280], and MMAU-Pro [224]. Both closed-source and
open-source versions of AudioToolAgent reach or exceed previously reported
results for several benchmark subsets.

2. A controlled empirical study across three benchmarks with a large ablation
space (agents and tools) and Shapley-based contribution analysis, establishing
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Figure 6.1: Example of a chatbot using the AudioToolAgent framework. The agent is a large
language model that coordinates the tools; the tools are audio-language models.

a measurement methodology for tool-using audio systems where tools can be
swapped as new models appear without retraining.

6.2 Related Work

Recent advances in large language models (LLMs) have resulted in agents who call
tools to solve tasks [359]. This started with the function calling of GPT-3.5 [346] and
includes the Model Context Protocol (MCP) [15], which standardizes interactions
with external tools. This work uses the ReAct framework [566]. In ReAct, the agent
first reasons about the task and then performs actions to solve it. The agent selects
the appropriate tools to answer the question. After receiving tool responses, the
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agent decides whether to make additional tool calls or answer the question with the
information already gathered.

Related work in vision includes Image-of-Thought (IoT) prompting to external tools
for a multimodal model to gain information [596]. The ScienceQAmodel [271] uses an
image captioning model to provide context for a reasoning model. Similarly, SRICE
[592] guides inference by allowing the model to select parts of the image through
interactions with external tools.

Recent developments include largemultimodalmodels that integrate audio processing
and agentic capabilities within a single architecture. Models such as Gemini 3 [124]
and GPT-4o [347] handle both audio comprehension and speech recognition while
performing tool calls. Training these models costs substantial resources, and they
remain closed-source, accessible only through API endpoints.

Another relevant work, StepAudio 2 [519], capable of audio understanding, received
explicit training in tool call and benchmarking on four specific tools: audio search
with multimodal RAG, date and time retrieval, weather search, and web search. This
model processes audio input, performs tool calls, understands audio content, and
generates speech output. Training this integrated model consumed 1.356 trillion
tokens over 21 days [519]. In contrast, the AudioToolAgent framework eliminates this
training cost by coordinating existing pretrained models.

Similarly, other works with the same name include AudioAgent [14], which uses au-
dio attributes to optimize prompts using a fine-tuned LLM for audio tools, and the
AudioAgent framework [495], which uses an LLM to orchestrate audio generation
and editing. The current work differs by using a text-only agent that delegates audio
understanding to specialized tools without fine-tuning. Instead of using fixed classi-
fiers, AudioToolAgent queries multiple interchangeable tools and cross-checks their
outputs for verification.

6.3 Methodology and Experimental Setup

6.3.1 Framework Overview

The agent, a reasoning model, receives an audio file path and task description and
selects tools to produce the output. The agent accesses audio signals only through the
tools. The agent identifies suitable tool calls for the task, then invokes them through
structured tags: <tool_call> to initiate a request and </tool_call> to conclude it.
Within these tags, the agent specifies the target tool, audio file path, and prompt. Each
tool’s output enters the agent’s context, enabling it to reason and invoke additional
tools as needed. The set of tools includes multiple speech recognition and audio
understanding tools. Figure 6.2 shows a schematic visualization. To prevent runaway
loops, each agent can invoke a maximum of 20 tool calls. In AudioToolAgent, the
agent makes 5-10 calls, depending on the configuration.
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Figure 6.2: Schematic overview of the AudioToolAgent framework. The framework has two
components: a central agent and a set of tool models. The agent is a large language model
that coordinates the tools; the tools are audio-language models.

Instructions in the system prompt help the agent to issue follow-up tool calls when
outputs conflict or remain ambiguous, and to gather targeted evidence. The prompt
also directs the agent to resolve conflicting or ambiguous tool output through targeted
follow-up queries and to format answers within <answer> tags for parsing. The system
prompt starts as follows:

System Prompt

You are an expert audio analyst with access to specialized tools. Answer the
question given. Put the answer between <answer> and </answer> tags. If the
question is multiple choice, there is always just one choice correct. If the tool
says it can’t listen to audio, try invoking the tool again. Use as many tools
as needed to answer the question, even using the same tool multiple times
if needed. If initial tool outputs are conflicting or ambiguous, do not guess;
instead, you must generate specific, follow-up tool calls to isolate the point
of disagreement and gather more detailed evidence. The following tools are
available ...

In this framework, all tools connect via HTTP API tool adapters for modularity. This
includes public endpoints for proprietary models and self-hosted endpoints for open-
source models, running on vLLM [226] or Transformers [516]. To demonstrate the
versatility of the framework, the implementation offers two configurations, each
exposing four tools1:

• AudioToolAgent: This configuration uses a proprietary agent and closed-source
tools, accessed through public API endpoints to maximize performance. The
agent is Gemini 3 Pro [124], and the tool suite includes Gemini 3 Pro [124],
Qwen2.5 Omni [544], Audio Flamingo 3 [134], andWhisper [374].

1The exact tool registry and configuration files are available at https://github.com/GLJS/AudioToo
lAgent/.
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• AudioToolAgent-Open: This configuration uses an open-source agent with high-
performing open-source audio tools to balance performance with self-hosting
capabilities. The agent is Qwen 3 235B [559], and the tool suite includes Qwen3
Omni [559], Qwen2.5 Omni [544], Audio Flamingo 3 [134], andWhisper [374].

The agent uses a multi-hop approach to reduce errors from individual tools. When
the agent queries multiple tools and receives conflicting outputs, it triggers targeted
re-queries: the agent formulates follow-up questions that constrain the scope to the
disputed span or category (e.g., asking specifically about a contested timestamp or
sound event). This iterative process continues until the evidence converges across
tools or uncertainty remains explicit. By comparing answers across tools, the agent
reduces reliance on any single model and mitigates biases inherent in individual
tools.

6.3.2 Evaluation Setup

The study evaluated AudioToolAgent and AudioToolAgent-Open on three benchmarks:
Massive Multi-Task Audio Understanding (MMAU) [393], MMAR [280] and MMAU-
Pro [224]. The MMAU benchmark includes 10,000 audio clips for multi-task audio
understanding and reasoning, with 1,000 in the test-mini split and 9,000 in the test split.
The experiments used only the test-mini split to reduce costs. The MMAR benchmark
tests deep reasoning capabilities with 1,000 audio-question-answer triplets requiring
multi-step reasoning across modalities. The MMAU-Pro benchmark measures audio
intelligence using 5,305 instances containing question-answer pairs generated by
human experts in speech, sound, music, and combinations.

6.3.3 Ablation Study Design

To evaluate the effectiveness of different components in the AudioToolAgent frame-
work, an ablation study examines two aspects. First, an agent comparisonbenchmarks
the tool-use performance of state-of-the-art reasoning LLMs while holding the tool
set constant. Each agent is evaluated across five independent runs with different
random seeds to account for non-deterministic inference behavior. Second, a tool
contribution analysis quantifies how much each audio-language model improves
performance when added to different tool combinations. The study operates on a
10% subset (100 examples) of the MMAU test-mini split to balance computational cost
with statistical reliability.

For tool analysis, this work uses Shapley values [410] to quantify whether adding a
tool to an existing set of tools is beneficial. Shapley values account for interactions
where a tool’s value depends on which other tools are present, to be able to calculate
marginal contributions in multi-tool systems. To estimate Shapley values, this work
uses Monte Carlo sampling on a representative small fraction of all 220 = 1,048,576
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possible configurations. Without sampling, calculating all Shapley values would
require evaluating every possible configuration.

The calculation consists of two stages. In the first stage, the method generates many
random permutations of the available tools. For each permutation, the system calcu-
lates the accuracy on the benchmark subset of all ordered subsets (coalitions) from
the empty set to the full set of tools. In the second stage, the final Shapley value for
each tool is calculated across all sampled permutations. This Shapley value is the
average of the tool’s marginal contribution when added to a pre-existing, non-empty
set of tools. Standard errors are computed across permutations to quantify estimation
uncertainty.

6.4 Results

Table 6.1 summarizes results across three benchmarks (MMAU, MMAR and MMAU-
Pro). AudioToolAgent-Open achieves state-of-the-art open-source performance:
74.30% on MMAU, 65.90% on MMAR and 57.50% on MMAU-Pro, surpassing Audio
Flamingo 3, Qwen2.5-Omni, and Kimi-Audio. AudioToolAgent reaches 77.50% on
MMAU, 77.00% on MMAR and 61.90% on MMAU-Pro, outperforming GPT-4o Audio
and Gemini 2.5 Pro.

Speech tasks show the strongest gains. AudioToolAgent achieves 78.38% on MMAU
Speech and 82.99% on MMAR Speech. On MMAR speech categories, AudioToolAgent
reaches 83.03% on Sound-Speech and 79.17% on Sound-Music-Speech, surpassing all
baselines. This advantage comes from a specialized ASR tool (Whisper [374]), which
provides value even when general omni models already support speech transcrip-
tion.

ASR models trained with alignment constraints such as CTC, RNN-T, or transducer
architectures return tokens only when the acoustics provides sufficient evidence,
making them less prone to hallucination than general audio-language models. The
ablation results in Section 6.4.1 confirm that adding dedicated ASR tools improves
accuracy on speech-heavy subsets even when omni tools are present.

Beyond speech, both models perform well on cross-domain reasoning and music. On
MMAR,AudioToolAgent leads allmodels onMusic-Speech (81.71%) and Sound-Speech
(83.03%); AudioToolAgent-Open leads all open-source models on every MMAR cate-
gory. Music understanding is a consistent strength: AudioToolAgent reaches 72.57%
on MMAU-Pro and 72.46% on MMAU, while AudioToolAgent-Open scores 65.70% and
69.46% respectively, the highest open-source results on both benchmarks.
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6.4.1 Ablation Study

To identify the highest-accuracy configuration for AudioToolAgent, an ablation study
examines 10% of the MMAU test-mini split (100 examples), analyzing agents and tools
separately. The methodology for this analysis is also described in Section 6.3.3.

Agents

The experiments used a fixed set of five open-source tools to evaluate the LLMs capable
of tool calling: Qwen2.5 Omni [544], AudioFlamingo 3 [134], DeSTA 2.5 [269], Whisper
[374], and Voxtral [255]. Each evaluation ran five independent tests per agent with
different random seeds and reported the mean. This approach accounts for accuracy
variations from non-deterministic inference even with fixed seeds, partly due to
vendor-recommended decoding defaults such as nonzero temperature. Figure 6.3
shows the results. Inspired by Omni-R1 [389], which showed that text-only models
perform well on audio reasoning tasks, the black vertical tick shows each LLM’s
no-tools baseline. The dots represent individual evaluations that show discrepancy
between results; to combat this, the horizontal colored bar shows the average across
5 runs.

0.35 0.4 0.45 0.5 0.55 0.6 0.65 0.7 0.75 0.8 0.85

Mistral Large 3 [306]
Deepseek V3.1 [85]

GPT-5 [348]
GPT-5 Mini [348]

Hermes 4 405B [455]
Kimi K2 [450]

Gemini 2.5 Flash [77]
Claude Sonnet 4.0 [16]

Qwen 3 Next 80B A3B [559]
Qwen 3 235B A22B [559]

Gemini 3 Pro [124]
Claude Opus 4.5 [16]

Accuracy

No-tools LLM baseline
Single run accuracy

Figure 6.3: Accuracy comparison across 12 LLMs on a subset of the MMAU test-mini split. Bar
is an average of 5 runs.

Claude Opus 4.5 achieves the highest mean accuracy of 0.752, followed by Gemini 3
Pro (0.734) and Qwen 3 235B (0.710). Closed-source models (Opus 4.5, Gemini 3 Pro)
demonstrate the strongest orchestration capabilities, while open-source models like
Qwen 3 235B and Qwen 3 Next 80B (0.700) achieve competitive results. All models
benefit from tool access, with gains ranging from 15.6 percentage points (Mistral
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Large 3) to 31.0 percentage points (Gemini 2.5 Flash). Consistency varies: Qwen 3
235B exhibits the narrowest accuracy range (0.02), while DeepSeek V3.1 shows higher
variability (range of 0.08). The gap between the weakest agent (Mistral Large 3: 0.616)
and the strongest (Opus 4.5: 0.752) spans 13.6 percentage points, demonstrating that
orchestration quality is a key differentiator.

Based on these results, AudioToolAgent uses Gemini 3 Pro as the agent, since Claude
Opus 4.5was too expensive. Gemini 3 Pro also serves as an audio tool. AudioToolAgent-
Open uses Qwen 3 235B as the highest-performing open-source agent.

Tools

This work applies the Shapley values methodology (see Section 6.3.3) to quantify each
tool’s contribution to system performance. Figure 6.4 displays the estimated Shapley
values with standard error bars computed on 490 sampled configurations across 20
tools. The analysis groups the tools into 4 categories, shown on the y-axis of Figure
6.4.

-0.05 0.00 0.05 0.10 0.15

TavilyWeb Search [448]
DuckDuckGoWeb Search [103]

Parakeet TDT v3 [76]
Granite Speech [401]

Speaker Diarization [43]
Phi-4 Multimodal [303]

Gemma 3n [400]
GPT4o-mini [347]

DeSTA2.5 [269]
Voxtral [255]

Whisper v3 Turbo [374]
Kimi Audio [205]

AudSemThinker (Chapter 4)
Qwen2Audio [72]

Qwen3 Omni [559]
MiMo Audio [454]

Gemini 2.5 Flash [77]
AudioFlamingo 3 [134]
Qwen2.5 Omni [544]
Gemini 3 Pro [124]

Shapley value

Audio Understanding
Speech-to-Text
Speaker Diarization
Auxiliary

Figure 6.4: Shapley values per feature with standard error bars computed over 490 sampled
configurations. Bars indicate the contribution of each audio tool to the overall system perfor-
mance. Error bars are black.

The best performing tools were incorporated into the configurations of this work (see
Section 6.3.1), with two exceptions: Qwen2Audio [72] processes only 30 seconds of
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audio and the audios in the benchmarks are often longer, and AudSemThinker (see
Chapter 4) shares its architecture with Qwen2.5 Omni.

The Shapley value analysis reveals five key findings. First, general-purpose audio
models (Qwen2.5 Omni: 0.098, AudioFlamingo 3: 0.093, Gemini 2.5 Flash: 0.090)
contribute 2.5–3×more than speech-to-text models (Whisper v3 Turbo: 0.035), which
shows that broader audio understanding models outweigh niche single-task models.
Second, task-specific tools such as speaker diarization (0.015) provide modest value.
Third, standalone benchmark performance does not predict tool effectiveness: Au-
dioFlamingo 3 outperforms Qwen2.5 Omni on benchmarks [134] but achieves lower
Shapley values (0.093 vs 0.098). Similarly, newer speech-to-text models (Parakeet TDT
v3: 0.003, Granite Speech: 0.005) contribute less than olderWhisper v3 Turbo (0.035)
despite better transcription accuracy [76, 401]. Fourth, open-source tools match or
exceed closed-source alternatives (AudioFlamingo 3: 0.093, Qwen2.5 Omni: 0.098
vs GPT4o: 0.028). Fifth, Gemini 3 Pro (0.100) is the highest contributor, while MiMo
Audio (0.080) and Qwen3 Omni (0.070) are strong new additions that rank among the
top tools.

6.4.2 Discussion and Future Work

The multi-hop consensus mechanism mitigates tool errors by querying multiple
models and issuing targeted follow-up queries when outputs conflict, producing
higher agreement rates than any single model. This approach implements a form
of consensus aggregation where majority agreement across independent models
provides a more reliable signal than any single model. Individual models may exhibit
biases or hallucinations, but combining evidence frommultiple sources reduces the
impact of such errors.

The agent ablation reveals that tool-calling proficiency varies across models: the
best closed-source agent (Opus 4.5: 0.752) outperforms the best open-source agent
(Qwen 3 235B: 0.710) by 4.2 percentage points, while the gap between the weakest
and strongest agent spans 13.6 percentage points. Orchestration quality depends on
training methodology rather than model scale alone.

Shapley analysis shows that standalone benchmark performance does not predict tool
effectiveness: general-purpose audiomodels contribute 2.5–3×more than specialized
speech-to-text tools, and AudioFlamingo 3 outperforms Qwen2.5 Omni on bench-
marks yet achieves lower Shapley values (0.093 vs 0.098). Future work should identify
properties beyond accuracy thatmakemodels effective tools, including output format,
response consistency, and instruction following.

A practical limitation is latency. Individual audio-language models process audio
in 1–5 seconds per example, depending on model size. In contrast, AudioToolAgent
requires 30 seconds to one minute per example because the framework coordinates
multiple models sequentially, with the agent waiting for each tool’s response before
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proceeding. Four strategies mitigate this overhead. First, the orchestrator can invoke
multiple tool calls simultaneously when the tools are independent, reducing the num-
ber of sequential round-trips. Second, concurrent batching across examples allows
the orchestrator to process multiple audio questions in parallel: while waiting for
tool responses on one example, the orchestrator can initiate tool calls for other exam-
ples. Third, deploying multiple replicas of tools across GPUs enables load balancing
and reduces queuing delays. Fourth, using API endpoints from external providers
eliminates the need to run local GPU infrastructure while enabling parallel API calls
at low cost per query. Because no training is involved, the total compute cost remains
modest compared to fine-tuning or training new models. Future research should
focus on developing learned tool selection policies and lower-latency orchestration
strategies to reduce sequential dependencies.

The experiments tested the framework with web search integration using both Duck-
DuckGo API and Tavily’s proprietary search API (see Figure 6.4). Ablation studies
did not reveal consistent improvements, likely because the benchmarks focus on
audio content requiring historical information and common knowledge facts. Web
search integration may benefit real-world tasks where external knowledge retrieval is
required beyond the audio content.

A next step is combining native multimodal processing with tool-calling capabili-
ties, merging the efficiency of direct audio understanding with the extensibility of
frameworks like AudioToolAgent.
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Chapter 6. AudioToolAgent: An Agentic Framework for Audio-Language Models

6.5 Conclusion

This chapter introduced AudioToolAgent, a framework for multimodal audio under-
standing and reasoning where a central agent coordinates audio-language models as
tools. The combination of Gemini 3 Pro, Qwen2.5 Omni, Audio Flamingo 3, andWhis-
per orchestrated by Gemini 3 Pro outperforms prior models on the MMAU, MMAR
and MMAU-Pro benchmarks.

This framework combines the strengths of audio-language models and large language
models. Ablation studies identified Gemini 3 Pro, Qwen2.5 Omni, and AudioFlamingo
3 as the highest-contributing audio tools across 20 evaluated tools. Among 12 LLMs
tested as orchestrating agents, Claude Opus 4.5 and Gemini 3 Pro demonstrated
the strongest performance, while open-source models like Qwen 3 235B achieved
competitive results. This hybrid approach combines the audio processing of ALMs
with the reasoning strengths of LLMs, creating a modular system in which tools and
agents can be swapped independently.

The modular design enables integration of new tools and agents as they become
available, without retraining. Future work includes developing learned tool selection
policies, improving orchestration speed, and expanding the tool ecosystem to include
audio retrieval and generation tools.
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Chapter 7. Discussion, Conclusion, and Future Work

This dissertation examines audio-language modeling through two themes: (i) data
quality and (ii) human-inspired structure and reasoning. This chapter synthesizes
these results into contributions, limitations, and directions for future work. The first
section reviews the contributions of each chapter. The second section answers the
five research questions posed in the introduction and connects them to the central
thesis. The third section discusses limitations and challenges across five areas: data
quality and quantity trade-offs, evaluation and benchmarking issues, computational
constraints, legal and ethical considerations, and environmental concerns. The
final section proposes directions for future research, including temporally grounded
audio captioning, latent-space reasoning, end-to-end tool training, neuro-symbolic
integration, prompt optimization, and multisensory world models.

7.1 Review of Contributions

Chapter 1, the introduction, establishes the field of audio-language modeling and de-
fines the terminology used throughout the dissertation. It introduces audio-language
models (ALMs) as systems that connect audio encoders with language models to de-
scribe sound using natural language, and identifies automated audio captioning (AAC)
and audio question answering (AQA) as core tasks. The introduction presents the
two recurring themes that structure subsequent chapters: data quality (how dataset
design, curation, and overlap affect model performance) and human-inspired rea-
soning (how semantic sound descriptors and explicit reasoning steps can improve
model output). It summarizes scaling laws and their implications for audio-language
research, and outlines the five research questions addressed in Chapters 2 to 6.

Chapter 2 presents thefirst systematic cross-dataset overlap analysis of audio-language
datasets, using CLAP embeddings to measure content duplication across the full land-
scape of 69 datasets (as of September 2024). This analysis reveals that YouTube-based
and Freesound-based datasets dominate the field (23 and 21 datasets, respectively) and
that overlap between datasets is extensive: 17.6% of AudioCaps [199] overlaps with
WavCaps [296], and Clotho [102] shares up to 89%of its content with derivative datasets.
These overlap findings expose data-quality problems that compromise model eval-
uation across the field: models trained and tested on overlapping sources report
inflated performance. Additional issues include limited public availability (38 of the
69 datasets are not publicly accessible), severe underrepresentation of non-English
data (only four datasets include non-English languages), bias in frequency, visual
grounding and category diversity. These findings motivate the curation strategies
developed in subsequent chapters and establish the data foundations used throughout
the dissertation.

Chapter 3 addresses data quality through a balanced curriculum learning pipeline
for Audio Question Answering. This chapter is the first to combine zero-overlap
enforcement, statistical category balancing, and curriculum-stabilized GRPO [409] in
a single pipeline for AQA. The pipeline tackles three challenges: training-evaluation
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contamination, category imbalance (especially overrepresentation of speech and
music), and instability in reinforcement learning. It enforces zero overlap between
training and evaluation sets and explores two data preparation strategies: filtering
overrepresented categories and introducing curriculum learning to stabilize GRPO.
This results in a 3.3% improvement over the SFT+GRPO baseline.

Chapter 4 introduces AUDSEMTHINKER, the first audio-language model to structure
reasoning around cognitive-science-inspired semantic descriptors, bridging auditory
cognition research with language model reasoning. The model reasons explicitly
about “who, what, how, where, when” prior to answering, and the human can inspect
this reasoning trace before the answer is produced. This transparency makes visible
how the model contextualizes sound through each semantic dimension. The chap-
ter also introduces AUDSEM, a dataset built from YouTube closed captions using a
multi-stage pipeline involving nine models. AUDSEM was filtered to minimize bench-
mark leakage (12 examples overlap with AudioSet, one also in AudioCaps, and 0 in
VGGSound; see Chapter 2). AUDSEMTHINKER outperforms state-of-the-art models
on multiple benchmarks (MMAU [393], AudioBench [475], and OmniBench [247]),
achieving top-3 performance on music-related tasks.

Chapter 5 proposes ACES, the first caption-evaluation metric to apply semantic role
labeling grounded in auditory cognitive neuroscience. This approach bridges how
humans describe soundswith howmetrics assess caption quality, and provides amore
reliable evaluation signal than token-matching approaches. Unlike traditionalmetrics
that rely on n-gram overlap, ACES uses fine-tuned BERTmodels to identify semantic
descriptors in captions (who, what, how, when, sensation, etc.) and computes simi-
larity scores using contextualized embeddings. The metric combines precision and
recall weighted toward recall (1:9 ratio), following METEOR [27], incorporates fluency
detection, and applies a small penalty for shorter captions. On the FENSE benchmark,
ACES outperforms comparable metrics in the human-incorrect and human-machine
conditions on Clotho-Eval.

Chapter 6 introduces AudioToolAgent, a multi-tool agentic framework that achieves
state-of-the-art performance without any additional training data, relying on coor-
dination and multi-hop reasoning alone. The framework orchestrates specialized
audio-languagemodels through a central text-only orchestrator (Gemini 3 Pro [124] or
Qwen 3 235B [559]). The agent calls and selects audio understandingmodels iteratively
(Gemini 3 Pro [124], Qwen3 Omni [559], Qwen2.5 Omni [544], Audio Flamingo 3 [134])
and speech recognition systems (Whisper [374]), resolves inconsistencies, and synthe-
sizes final answers. On MMAU (77.50%) [393], MMAR (77.00%) [280], and MMAU-Pro
(61.90%) [224], this approach sets new state-of-the-art results. The Shapley-based
ablation across 490 configurations is the first systematic measurement of individual
tool contributions in an audio understanding system, revealing that standalone tool
performance does not predict contribution within the agentic framework: Gemini
3 Pro [124], Qwen2.5 Omni [544], and Audio Flamingo 3 [134] provide the highest

149



Chapter 7. Discussion, Conclusion, and Future Work

contributions as tools, while Claude Opus 4.5 [16] and Gemini 3 Pro perform best as
orchestrating agents, with Qwen 3 235B [559] as the strongest open-source agent.

7.2 Answering the Research Questions

This section synthesizes the findings from Chapters 2 to 6 to answer the five research
questions posed in Chapter 1. The answers collectively support the central thesis:
that balanced datasets with low-overlap reduce contamination and improve training
stability, and that semantic descriptors, semantics-aware metrics, and tool-based
systems support interpretable and verifiable outputs and improve performance on
audio-language tasks.

RQ1: What is the current landscape of audio-language datasets, and how do their
origins, overlaps, and augmentation strategies shape the development and evalua-
tion of audio-languagemodels?

Chapter 2 establishes that the audio-language dataset landscape concentrates around
two dominant sources: YouTube (23 datasets) and Freesound (21 datasets). This
concentration creates systematic overlap: AudioCaps shares 17.6% of its content
withWavCaps, and Clotho derivatives inherit up to 89% of the original dataset. The
CLAP-based analysis reveals that a small set of categories (indoor environments,
music, and male speech) account for nearly half of all samples, indicating severe
distributional imbalance. Augmentation strategies that expand the dataset size often
reinforce existing biases when LLMs rewrite captions for the same underlying audio.
The analysis in Chapter 2 demonstrates that dataset quality, accessibility, and diversity
mattermore than scale alone. These findings directly support the thesis that balanced,
low-overlap datasets improve training conditions by reducing contamination between
training and evaluation sets.

RQ2: How can curriculum learning and data balancing improve audio question
answering performance?

Chapter 3 demonstrates that careful data curation produces gains comparable to
architectural improvements. The chapter addresses three interrelated problems:
training-evaluation contamination from shared audio sources, category imbalance
dominated by speech and music, and instability in reinforcement learning. The
proposed pipeline enforces zero overlap between training and evaluation sets and
applies statistical thresholds to limit overrepresented categories. Combined with
curriculum-stabilized GRPO that presents easy examples before hard ones, the ap-
proach achieves a 3.3% improvement over the baseline. This result validates the first
part of the central thesis: balanced datasets with low-overlap reduce contamination
and improve training stability. The curriculum learning component further shows
that training dynamics benefit from structured data presentation rather than random
sampling.
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RQ3: How can incorporating human-inspired reasoning through semantic descrip-
tors enhance audio-languagemodel performance?

Chapter 4 introduces AUDSEMTHINKER, a model that structures its reasoning around
semantic descriptors derived from auditory cognitive neuroscience. The model ex-
plicitly analyzes who or what produces a sound, how the sound is generated, and
where and when it occurs before producing an answer. This design mirrors how
human listeners describe everyday sounds. The supporting dataset, AUDSEM, was
constructed with minimal benchmark leakage (12 examples overlap with AudioSet,
one with AudioCaps, zero with VGGSound). AUDSEMTHINKER achieves state-of-the-
art performance on MMAU, AudioBench, and OmniBench, with particularly strong
results onmusic-related tasks. These findings support the thesis that semantic descrip-
tors enhance audio-language performance by providing interpretable intermediate
representations that guide reasoning toward more accurate outputs.

RQ4: How can an audio captioningmetric better align with human perception by
using semantic descriptors?

Chapter 5 proposes ACES, a metric that evaluates captions based on semantic descrip-
tors rather than n-gram overlap. ACES uses fine-tuned RoBERTa models to identify
entities corresponding to who, what, how, where, when, and perceptual attributes,
then computes similarity using contextualized embeddings. The metric combines
precision and recall with a 1:9 ratio favoring recall (following METEOR), incorporates
fluency detection, and applies length penalties. On the FENSE benchmark, ACES
outperforms comparable metrics in the human-incorrect and human-machine con-
ditions of Clotho-Eval. These results demonstrate that semantics-aware evaluation
aligns more closely with human judgment than token-matching approaches. This
finding supports the thesis by showing that semantic descriptors improve the metrics
used to evaluate them, which enables amore accurate assessment of audio captioning
quality.

RQ5: How can agentic frameworks that coordinate specialized audio tools achieve
state-of-the-art performance without additional training data?

Chapter 6 presents AudioToolAgent, a framework that orchestrates specialized audio-
language models and speech recognizers through a central text-only agent. The agent
determines which tools to call, in what order, and with what prompts, issuing follow-
up queries when responses are incomplete or inconsistent. On MMAU (77.50%),
MMAR (77.00%), and MMAU-Pro (61.90%), AudioToolAgent achieves state-of-the-art
results without requiring additional training data. Ablation studies show that general-
purpose audio models contribute more to the agentic system than narrow speech
recognizers, and that tool performance as standalone models does not predict their
contributionwithin the framework. These results support the thesis by demonstrating
that tool-based coordination and multi-hop reasoning can boost performance beyond
what any individual model achieves alone.
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Synthesis: Supporting the Central Thesis

The central thesis of this dissertation is that balanced datasets with low-overlap reduce
contamination and improve training stability; semantic descriptors, semantics-aware
metrics, and tool-based systems support interpretable and verifiable outputs and
improve performance on audio-language tasks. The five chapters investigate specific
aspects of this thesis:

• Dataset quality and overlap (Chapter 2).

• Balanced data curation and curriculum learning (Chapter 3).

• Semantic descriptor reasoning for audio understanding (Chapter 4).

• Semantics-aware caption evaluation (Chapter 5).

• Tool-based coordination without additional training (Chapter 6).

The five chapters collectively validate both components of the central thesis. Chap-
ters 2 and 3 address the data quality theme: the survey reveals the overlap and im-
balance problems, while the curriculum learning pipeline demonstrates concrete
improvements from addressing them. Chapters 4 to 6 address the human-inspired
reasoning theme: semantic descriptors improve model reasoning (AudSemThinker),
enable better evaluation (ACES), and boost performance through multi-hop tool coor-
dination (AudioToolAgent). In terms of data quality, AudSem required overlap filtering
to enable semantic descriptor training. The interpretability aspect emerges from
the semantic descriptor framework in AudSemThinker, where the explicit reasoning
about who, what, how, where, and when allows humans to inspect the model’s un-
derstanding of the audio before it produces an answer. AudioToolAgent contributes
differently: its central agent cross-checks tool outputs and resolves inconsistencies
through iterative queries, producing performance gains through coordination rather
than interpretable intermediate representations. These contributions demonstrate
that data curation and structured reasoning frameworks advance audio-language
modeling beyond what architectural scaling alone achieves.

7.3 Discussion, Limitations and Challenges

This section distills the challenges that arose across the dissertation’s chapters. Each
subsection groups related limitations and points to directions for improvement.

7.3.1 Data-Related Challenges

A central tension throughout this dissertation is the trade-off between data quality
and quantity. Although Chapter 2 shows that millions of audio-text pairs are avail-
able, many datasets suffer from visual bias [199, 435, 331, 435, 573, 154], overlapping
content (e.g. [199] and [57]), and imbalanced data distributions [126, 57]. Chapter 3
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demonstrates empirically that data curation techniques to circumvent imbalanced
data distributions can produce stronger models (see, e.g., [296, 23]).

Scaling laws indicate that the size of the dataset should grow with model parameters
[194], yet creating high-quality datasets (e.g., through pipelines like AudSem; see
Chapter 4) is computationally expensive. A solution is data augmentation techniques,
such as the ones depicted in Chapter 2, Section 2.3. Techniques such as SpecAugment
[356], MixUp [577], and PairMix [203] show that the augmentation of audio data can
improve performance without the need for additional data [225, 203].

Using LLMs for data augmentation, as described in Chapter 2, is now commonplace
and is a practical way to improve dataset quality [604, 554, 23]. Often, this is done
with the guidance of other modalities [435, 573]. LLMs are used to generate captions
for audio-language datasets (e.g. [296, 203, 435, 129], see also Chapter 4) and multiple
audio clips to create natural combinations [523, 377]. With the rise of chat models,
datasets that include instruction tuning prompts are also becoming more common,
and mostly include LLM-generated captions (e.g. [134, 544, 269, 205]).

With the rise of LLM-generated datasets, issues such as bias amplification [320, 391] or
model collapse are becomingmore prevalent [320, 97, 418] (see Chapter 2, Section 2.5).
Consequently, future opportunities include the development of automated dataset
quality assessment tools that measure acoustic diversity, caption quality, and (tempo-
ral) alignment between audio and text. Techniques such as data overlap matching
with CLAP described in Chapter 2 can be used for this. In other works, contrastive
techniques such as CLAP [525] are also used to assess audio-text alignment to filter
out mismatched examples [23, 61].

Future research should develop metrics to quantify the dataset “synthetic-ness” to
combat model collapse and establish thresholds for safe synthetic data ratios. For
example, research on adversarial techniques that detect synthetic patterns could
help identify when models overfit on synthetic data [317, 538]. Human annotations
are often better quality than synthetic data generated by LLMs [311, 418, 326], but
unfortunately humans do not scale or are very costly to do so [323]. However, it might
be important to keep hybrid approaches with human and synthetic data combined.
Humans could provide sparse high-quality annotations, which synthetic methods
could then augment. This would achieve some level of human grounding while still
providing scale, as demonstrated by works such as [130, 554, 73].

Further opportunities for optimizing this quality-quantity trade-off reside in the adop-
tion of adaptive sampling strategies that dynamically adjust data selection and filtering
during training based onmodel performance [504] or more efficient curriculum learn-
ing [580, 422] (see also Chapter 3). Temporal-aware pretraining, such as T-CLAP [572]
and composition-aware variants of CLAP [132] expose how richer supervision can
increase robustness without collecting entirely new corpora.

153



Chapter 7. Discussion, Conclusion, and Future Work

Standardized protocols are needed to assess and report dataset contamination [233,
392]. Future research should develop contamination detection frameworks similar
to the ones in Chapter 2 that operate at multiple levels: (i) exact matching using
identifiers or metadata and (ii) similarity based on metrics (see also [542]). These
frameworks must be integrated into dataset creation pipelines and benchmark eval-
uation protocols to ensure true zero-shot learning conditions. Chapter 2 provides
online guidelines in its GitHub repository1 to help avoid dataset contamination for
various datasets.

The overlap becomes more subtle when the audio clips differ but share underlying
characteristics. For example, audio models trained on songs by specific artists often
perform better on benchmarks containing other songs by the same artists, even when
the exact tracks differ [429, 113]. This artist-level overlap can inflate performance
metrics without explicit test-set contamination, which can be seen as a gray area in
benchmark integrity. Similarly, in the domain of sound effects, models trained on
specific sound effects often perform better on benchmarks containing other sound
effects from the same source, even when the exact sound effects differ [114, 328].

7.3.2 Evaluation and Benchmarking Challenges

Chapter 5 highlights the limitations of the existing evaluationmetrics. N-grammetrics
poorly capture meaning; semantic metrics like SPICE [13] fail when phrasing varies.
ACES [512] (Chapter 4) improves alignment with human judgments but still faces edge
cases: zero scores when no semantic categories overlap and limitationswhenmultiple
entities share the same category. Similar concerns exist in music-focused evaluations
such as MuChoMusic [496], which emphasize culturally grounded questions and
human validation to reduce overfitting to metrics.

An issue withmetrics including references is that one compares the generated caption
or output to the reference. However, reference captions themselves may be incorrect,
especially if they are LLM-generated or originate from noisy data without manual
validation. Even with human labeling, the same audio can be described in multiple
ways: Clotho [102], for example, provides five reference captions per audio clip,
each fairly different from the others. In practice, models trained only on Clotho
perform poorly on AudioCaps [199] and vice versa [228]. Another issue is that captions
often follow specific style constraints: Clotho and AudioCaps contain captions with
approximately 5-15 words, while datasets like Clotho-Detail [587] or AudioLog [24]
contain paragraph-length descriptions. Metrics should account for this, something
that ACES (see Chapter 5) tries to tackle.

Reference-free metrics avoid these issues by using models pretrained on many ex-
amples to assess caption quality directly, without relying on potentially flawed or

1https://github.com/GLJS/audio-datasets
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stylistically constrained references. These methods include metrics based on pre-
trained critics, such as PAM [86], CLAPScore [528, 282], or benchmarks such as BRACE
[149], using models to evaluate the quality of the captions.

Future work should explore reference-free caption evaluation while promoting se-
mantic richness and variety in captions. Learnable evaluation metrics should also be
adapted to specific domains and contexts, for example, biodiversity or the medical
domain. Good quality metrics should be used as a policy for reinforcement learning
algorithms (i.e. GRPO, see Chapter 4 and Chapter 3). Metrics used as policy gradients
require fast performance: speed is key to be able to train a network reasonably fast
with GRPO as rewards need to be feed back to update themodels, although alternatives
such as off-policy training exist and may even be beneficial [341, 314, 558].

A major concern is self-evaluation bias: when researchers assess their models on
benchmarks they design, subtle biases can inflate performance. Researchers often
create benchmarks to accompany their models, using these benchmarks to evaluate
and compare their models against others in the field. However, these benchmarks
frequently contain examples from test sets that, while held out during training, orig-
inate from the same data collection process as the training set (i.e. [131, 128, 519,
223]). Models trained on data that share the same source, distribution and collec-
tion methodology as the test set often perform better than related models that were
trained on entirely different datasets [482]. This creates an unfair comparison as the
performance advantage may stem from familiarity with the data distribution.

Another issue is that in public benchmarks (i.e., MMAU [393], MMAR [280], or MMAU-
Pro [224]) the benchmark and its reference texts are publicly distributed. This publica-
tion can create intentional or unintentional overfitting by researchers. While directly
training on the test set is clear cheating, more subtle forms of data leakage exist in a
gray area. For instance, researchers could compare embeddings of reference data to
candidate training examples (i.e. through embedding based methods such as in [154,
234]), and selecting samples that are similar to the test distribution. This practice,
while not explicit test-set training, still biases models toward benchmark-specific pat-
terns. To mitigate these risks, benchmarks should maintain both a public validation
set and a truly held-out test set accessible only through secure evaluation servers
(good examples include Kaggle2 or the DCASE challenge3), to ensure that models
cannot be optimized on data they will be evaluated on.

In practice, it is often not clear how the benchmark was used in terms of prompt or
model output usage. It is, for example, possible to use exact matching of the model
response to the answer options (as used in Chapter 3 and Chapter 6), as well as to com-
pute a sentence embedding of all themultiple choice options and the generated output
and take the options that have the highest similarity score (Chapter 4). Theoretically,
the latter option will result in better scores asmore possibilities can bematched. With
2https://www.kaggle.com/
3https://dcase.community/challenge2025/task-audio-question-answering
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exact matching, the answer is wrong if one letter is misspelled. Future work should
standardize the evaluation protocols for the benchmarks to ensure reproducibility
and fairness.

During the research for this dissertation, this issue of self-evaluation bias was re-
peatedly encountered. When trying to replicate existing state-of-the-art models on
multiple benchmarks, almost always a lower performance than reported was seen
in the original articles (e.g., in Chapter 6). This reproducibility gap undermines the
field’s credibility and makes meaningful model comparison impossible. The problem
exists in two ways. First, during inference when evaluating models on benchmarks,
but also during training with unclear or incomplete descriptions, training procedures,
and data preprocessing steps prevent replication of the original models. Moreover,
datasets in the audio-language field are often proprietary and not publicly available,
making it difficult to replicate results on the training side.

Future work on new benchmarks should require hold-out test sets accessible only
through secure evaluation servers. More importantly, conferences and journals
should prioritize papers with benchmarks wheremodels are independently evaluated.
Future work could also focus on testing models through human preference studies,
where groups of users rate different models based on actual usage. More research on
biases and replication issues should be done in this field.

7.3.3 Computational and Architectural Challenges

Chapters 4 and 6 show that longer reasoning and the use of more tools result in better
performance, but also increase computational costs. The trade-off between perfor-
mance and efficiency presents a challenge. The methods included in this dissertation
achieve state-of-the-art performance, but their computational requirements limit
their practical adoption. For the generation of AudSem and the training of AudSem-
Thinker (Chapter 4), approximately 15k GPU hours on A100 and H100 GPUs were
needed. To host AudioToolAgent-Open (Chapter 6) locally, 10 H100 GPUs are needed,
particularly to run the Qwen 3 235B agent with its 235B parameters.

In general, the computational demands of audio-language models have increased
drastically over the years. At the start of this PhD in 2021, audio-languagemodels such
as the Audio Spectrogram Transformer [137] and Audio Captioning Transformer [291]
contained approximately 100Mparameters. Today, audiomodels such as Qwen3Omni
Captioner [559] have reached 30B parameters. State-of-the-art audio-language models
may soon no longer fit on a single GPU and require clusters of GPUs for training and
fine-tuning. This computational barrier creates a bottleneck for new PhD students,
who may lack access to large compute clusters. However, scaling laws demonstrate
that model size remains a strong predictor of language model capabilities [194, 173],
suggesting that models will continue to grow larger in the coming years.
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However, larger models are not the only path forward. There are many opportunities
for researchers to focus on smaller and more niche models that serve a specific
purpose. Recent examples include Mellow [87] (167M parameters) and Pengi [88]
(323M parameters). Models like this are particularly useful for on-device tasks, for
example, for offline recognition of sounds in environmental sound classification [310,
469], for urban noise anomalies [156] but also for biodiversity [184]. For example,
DCASE has the challenge in each year 2022-2025 to create low-complexity models
for purposes like this4. These challenges impose strict computational constraints:
in 2025, models must fit within 128 kB of memory and perform inference within 30
MMACs (million multiply-accumulate operations) per second of audio. A variant of
DCASE, named BioDCASE5 also hosted a “Bioacoustics for Tiny Hardware” challenge
in 2025 to detect birdsong on a microcontroller.

Future research should investigate smaller and fastermodels that still preserve reason-
ing and tool-use capabilities. As model sizes increase, it is also important to introduce
benchmarks in audio-language learning for smaller and faster models, and even
models trained on fewer data. To benchmark datasets, the amount of data needed to
train a model to a specific accuracy should be plotted (similar to the scaling laws).

In this category also falls a phenomenon known as ‘speedrunning’, to train a model
to a specific performance target as fast as possible. A popular speedrun6 is done with
NanoGPT7, where researchers find the fastest algorithm to train a GPT2 language
model to 3.28 cross-entropy loss on the FineWeb validation set using 8 NVIDIA H100
GPUs. Since its inception, speedrun has achieved 24.725x faster training than the
baselinemodel (which took days toweeks on 256TPUv3 cores [375]), whereas normally
with a Python framework one would train a similar model in 0.86 days on 512 GPUs
[415].

Solutions to the computation problem of larger models include developing adaptive
computation strategies that selectively invoke expensive tools only when necessary,
reducing costs while maintaining performance (see Chapter 6, Section 6.4.2).

Another recently proposed approach is using mixture-of-experts layers in the atten-
tion mechanism to route requests to particular expert layers, to reduce parameter
usage in inference [315, 599]. Qwen3 Omni Captioner [559] uses this approach to
reduce the number of parameters in the model, but is the first to do so for audio-
language models. In the future, more research should be done to explore the use of
mixture-of-experts layers in audio-language models and what kind of sparsity would
be beneficial [324].

4https://dcase.community/challenge2025/task-low-complexity-acoustic-scene-classific
ation-with-device-information

5https://biodcase.github.io/
6https://github.com/KellerJordan/modded-nanogpt
7https://github.com/karpathy/nanoGPT

157

https://dcase.community/challenge2025/task-low-complexity-acoustic-scene-classification-with-device-information
https://dcase.community/challenge2025/task-low-complexity-acoustic-scene-classification-with-device-information
https://biodcase.github.io/
https://github.com/KellerJordan/modded-nanogpt
https://github.com/karpathy/nanoGPT


Chapter 7. Discussion, Conclusion, and Future Work

Constrained decoding offers a method to guide model outputs by restricting the
vocabulary at each generation step (see also Chapter 3). Libraries such as Outlines
[514] and XGrammar [99] implement efficient algorithms to enforce context-free
grammars or regular expressions during generation. In principle, this approach
could benefit audio question answering by ensuring that a model always produces
at least one valid answer, for example, by constraining the first token to one of the
answer letters (A, B, C, or D). However, experiments in Chapter 3 found that guided
decoding reduced performance by 11.2% compared to unconstrained generation. The
findings show that strong format constraints can possibly hinder reasoning ability
[443], forcing one to respond earlywith an answer letter prevents themodel fromusing
reasoning tokens that would otherwise improve accuracy. This trade-off between
guaranteed output structure and reasoning flexibility remains an open challenge for
audio-language systems that require both reliable parsing and accurate responses.

7.3.4 Legal, Ethical, and Societal Challenges

Chapter 2 identifies the dominance of English language content, with only 4 out of 69
datasets including non-English-languages: AudioCaption [522, 549] and FAVDBench
[412] with original Mandarin captions, CAPTDURE [340] with Japanese captions, and
mClothoAQA [34] with 8 languages. Most multilingual datasets are automated trans-
lations from English, resulting in inheritance of cultural and linguistic biases and
translation errors. This monolingual bias limits the applicability of the model in
contexts where sounds carry different cultural significance.

The challenge extends beyond language to the cultural interpretation of sounds. What
constitutes a “loud” sound varies between cultures, as does the significance of specific
acoustic events. The semantic descriptor framework in Chapter 4 assumesWestern
interpretations of who, what, where, when, and how, which may not align with
other cultural frameworks for understanding sound [230, 94]. Future work should
prioritize building multilingual datasets from native sources instead of translations.
Research into culture-aware semantic frameworks that adapt captions or descriptions
of audio based on linguistic and cultural context could improve the deployment of
cross-cultural models.

A critical challenge facing audio-language research is the legal status of datasets. Chap-
ter 2 shows that 23 of the 69 datasets derive fromYouTube, despite YouTube’s Terms of
Service explicitly prohibiting content download without authorization. Researchers
circumvent these restrictions by sharing URLs instead of audio files, requiring users
to scrape content themselves using tools like yt-dlp. The legality of scraping remains
unclear. Many datasets based on YouTube exist (see Chapter 2, e.g. AudioSet [126, 199,
57]) and for almost all of them it is necessary to download the audio from YouTube.

Beyond dataset scraping, the use of copyrighted content for model training raises is a
big issue. More than 50 copyright infringement cases have been filed in the United
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States against technology companies for training models without permission [281].
Tech companies use the argument of fair use in court, which permits reproduction
under specific circumstances. Recent rulings in Bartz v. Anthropic [10] and Kadrey
v. Meta [66] found large language model training to be “transformative” because
models analyze patterns to produce statistical weights rather than retain or reproduce
expressive content [136, 29]. The distinction between transformative and substitutive
use will determine in the future whether copyright law can address AI training at
scale.

Another concern is the legal status of model usage. The EU AI Act imposes explicit
prohibitions and high-risk classifications that directly affect audio-language research
[109]. Article 5(1)(f) [109] prohibits AI systems that infer emotions in the workplace
and educational settings, except formedical or safety purposes. Themodels discussed
in this dissertation, including AudSemThinker (Chapter 4) and AudioToolAgent (Chap-
ter 6) could analyze vocal prosody, tone, or stress patterns. Voice constitutes biometric
data under Article 9 [108] of the GDPR and Annex III of the EU AI Act [109], which
classifies remote biometric identification systems as high-risk (Article 6(2)) and pro-
hibits real-time biometric identification in publicly accessible spaces under Article
5(1)(h). Speaker diarization, as used in section 6, therefore, requires explicit consent
and risk assessment when deployed outside controlled research settings.

The semantic descriptor framework in Chapter 4, which reasons about “who” and
“how” a sound is made, could inadvertently profile individuals based on protected
characteristics if deployed on human speech without safeguards. In principle, the
AudSemThinker model trained in Chapter 4 can be used for surveillance purposes,
such as recognizing specific events in public areas. Without anonymization steps, this
can be illegal.

It is also important to consider that audio datasets often capture bystanders who never
consented to recording; GDPR [108] requires a lawful basis for processing such data,
and the “legitimate interest” justification (Article 6(1)(f), GDPR) requires a balancing
test that research convenience alone may not satisfy.

To address some legal concerns, all code and dataset releases associated with the
chapters in this dissertation have been distributed under non-commercial share-alike
Creative Commons licenses (CC BY-NC-SA 4.0)8. This license option ensures that
the work remains accessible for academic and research purposes. This license also
prevents commercial exploitation that could increase legal and ethical concerns.
It also potentially mitigates the harms of deployment in surveillance or profiling
contexts.

Future research should establish ethical frameworks that balance research needs
with privacy rights. Specifically, privacy-preserving techniques for audio, such as
voice anonymization, could enable dataset creation without compromising individual
8https://creativecommons.org/licenses/by-nc-sa/4.0/
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privacy. Negotiating explicit data-sharing agreements with platforms or focusing
on open-licensed content would provide more sustainable legal foundations for the
field.

7.3.5 Environmental and Sustainability Concerns

The scaling laws emphasized throughout this dissertation also raise significant envi-
ronmental and sustainability concerns. Training AudSemThinker required approxi-
mately 15k GPU hours on A100 and H100 GPUs (Chapter 4), and AudioToolAgent-Open
requires 10 H100 GPUs for local deployment (Chapter 6). As model sizes grow from
hundreds of millions to hundreds of billions of parameters, the carbon footprint of
audio-language research increases proportionally [428, 360].

Future research should report energy consumption and carbon emissions alongside
accuracy metrics, following emerging best practices in responsible AI development
[168, 272]. Whenever training of a newmodel takes place, one should argue or reason
about what the goal or purpose of such training run is. If the result would not nec-
essarily be better than previous models, then one should question the feasibility of
the project or at least take the environmental losses into account. Otherwise, models
without any training, such as AudioToolAgent depicted in Chapter 6, are a viable
alternative, as they pose no training costs at all.

Other strategies to reduce environmental impact include reusing pretrained models
and training small layers on top of them, as well as employing parameter-efficient
methods such as LoRA [179] (see Chapter 4 and Chapter 3) or prefix tuning [204].
These approaches minimize computational overhead by freezing the majority of
model parameters and updating only a small subset, reducing training time and
energy consumption. For example, LoRA adapters typically require less than 1% of
the parameters of full fine-tuning while achieving comparable performance.

In the audio-language modeling domain specifically, a particularly effective strategy
is to reuse pretrained language model decoders and freeze them entirely, training
only a new audio encoder on top (e.g. [260, 444]). This approach uses the fact that
encoders are typically much smaller than decoders: while state-of-the-art language
model decoders can contain multiple billions of parameters, audio encoders often
only contain hundreds of millions of parameters [72, 131].

7.4 Future Research Directions

This final section proposes new directions for future audio-understanding research
and situates them within existing work. Each subsection represents a research area
that, given more time during this PhD, would have been explored as a standalone
research paper. These themes emerged from the work presented in earlier chapters,
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but remained beyond the scope of this dissertation. They are presented here as
potential starting points for new students entering the field.

7.4.1 Temporally Grounded Sound Events with Captions

The chapters in this dissertation focussed partly on audio captioning [101], with one
caption summarizing an entire clip from start to end. This task compresses multiple
acoustic events into a single sentence and ignores when precisely in the audio each
event occurs. The result has low temporal granularity [71], as audio descriptions
consist of multiple events together.

The next step is an event-centric formulation: each clip contains multiple events, and
each event has a start time, an end time, and a free-form description [319, 318]. In
essence, this approach extends beyond sound-event detection [300], which often al-
lows only a fixed set of existing labels [526]. The name for this task could be “temporal
audio captioning”.

To develop well-performing models in this field, multiple components are needed:
datasets, models, and evaluation methods. In the following, each component is
described in detail.

Datasets for temporal audio captioning

Datasets are needed that contain time-stamped, free-form captions at multiple granu-
larities. Current efforts have introduced simulated datasets like (1) Clotho-Moment
[319], with 15-30 second sound events fromClotho [102] overlaid on background sound-
scapes ofWalking Tours [472]. (2) AudioTime [540], which provides annotations with
ordering, duration, frequency, and timestamps. (3) ASFX-SED, sound effect mixtures
of background sounds and events. These datasets use synthetic generation: scripts
combine individual sounds at specified times, producing automatic timestamps. This
approach guarantees accurate temporal labels because the placement of each sound
is known.

However, synthetic mixing introduces the risk of implausible combinations. Mechan-
ically overlaying unrelated sounds can produce audio that does not occur naturally,
which results in training models on unrealistic acoustic scenes. One solution is to
use a language model to select audios that coexist in the same environment before
combining them. The language model identifies sounds that plausibly occur together
(such as traffic noisewith pedestrian chatter or birdsongwithwind) and overlays these
sounds (e.g. [531]). Thismethod reduces implausible combinations whilemaintaining
the scalability of synthetic generation.

Human annotation of events and timestamps in naturally occurring audio, such as
in TACOS [368], produces higher-quality data but does not scale for large pretraining
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datasets. During pretraining, noisy data can be used, and mechanically overlaying
data may help scale a large amount of examples, but human-annotated datasets like
TACOS should be prioritized for evaluation and fine-tuning.

Models for temporal audio captioning

These models should be capable of jointly learning start and end times and the gen-
eration of captions. Recent frameworks such as DASM [50] and FLAM [526] have
explored dual-stream and frame-wise architectures, respectively, to perform event
recognition together with temporal localization. Both models formulate sound event
detection as a retrieval task: the model determines when a specific query at inference
time is active in an audio signal. These models are limited by the text input provided
from a database: they compute similarity scores only for the text embeddings that are
measured, meaning that the possible output descriptions are restricted to whatever
the user supplies to the model.

An alternative approach is that of encoder-decodermodels such as Temp4Cap [71] and
TimeAudio [480], using LLMs to generate structured “temporal captions” to train mod-
els directly on sequential relationships. Encoder-decoder models can also generate
all possible captions for a clip, unlike retrieval-based models.

This encoder-decoder approach is to use pretrained models to preserve general audio
understanding and fine-tune for specific event detection by adding special tokens
to the tokenizer. The model decoder outputs multiple captions in a paragraph-like
format, with each event marked by temporal tokens. For example, the output might
be: 0.5s 2.3s dog barking 3.1s 5.8s car passing by”. This format allows the model
to generate structured temporal information without requiring separate regression
heads. The temporal tokens are learned during fine-tuning, while the pretrained
weights retain general audio understanding capabilities.

A promising extension of the encoder-decoder approach is the introduction of con-
trollability through input-level tokens that steer the behavior of the model [228, 451,
493]. These control tokens (also known as style tokens) would specify the desired
output format and granularity before the model processes the audio.

For example, temporal precision tokens could indicate whether timestamps should be
reported in seconds, or even more detailed with floating point precision. Granularity
tokens could instruct the model to produce fine-grained event-level descriptions or
higher-level summaries that group related sounds. Fine-grained descriptions would
separate individual occurrences (e.g., each horse neigh as a distinct event), while
coarse descriptions would group repeated occurrences (e.g., multiple horse neighs
within a short interval as a single event). Event-type tokens direct themodel to focus on
specific acoustic categories such as music, speech, or environmental noise, enabling
selective attention to relevant sound classes.
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This approach is similar to Magenta RealTime [451], which allows users to control
specific music parameters such as key, tempo, and brightness through UI controls
that are converted to specific tokens fed to the model.

An additional extension is to integrate source separation into the pipeline, a field that
has been explored extensively [550, 551, 495, 547, 263, 278] Blind source separation
(BSS) tackles the ‘cocktail party problem’ to isolate individual source signals from a
mixture of multiple sounds without knowing how they were mixed (without labels)
[51, 70]).

In language-queried audio source separation (LASS) (see also Section 2.2.2), themodel
extracts isolated audio streams for target sounds given a text query [264, 98, 574, 477].
Most models isolate the target audio stream, while some also remove the target sound
from the source to preserve the remaining audio without the specified sound (e.g.
PromptSep [505], CLAPSep [98], and HSM-TSS [571]).

Source separation cannot simply mask portions of the input audio, as this would
create temporal gaps and remove sounds that overlap in time. Due to this overlap,
the model must reconstruct the acoustic scene by targeting specific sounds within
overlapping regions. For the reconstruction of audio streams, both in the target
sound separation and in the source without the target sound separation, models use
generative frameworks that synthesize the target audio. These frameworks include
techniques such as diffusion [505, 495] and flow matching [574] to generate audio
streams that are similar to the target audio stream.

Evaluation methods for temporal audio captioning

Evaluation methods must assess both temporal accuracy and caption quality. Tempo-
ral metrics should reward predictions that closely match ground-truth intervals with
some tolerance. For example, a predicted event spanning 2.0 to 3.5 seconds should
receive partial credit if the true interval is 2.1 to 3.4 seconds, with, for example, scores
decreasing smoothly as overlap diminishes. Caption quality metrics also present a
challenge. Traditional reference-basedmetrics such as BLEU [355], METEOR [27], and
CIDEr [471] compare the generated captions with human references. However, these
metrics penalize valid descriptions and alternative descriptions that differ lexically
from the reference but remain semantically correct (see 7.3.2).

Evaluation protocols should also account for multiple levels of granularity. A model
that produces fine-grained event-level descriptions (e.g., separating each dog bark)
should be evaluated differently fromone that generates coarse summaries (e.g., group-
ing multiple barks as a single event). The metrics must distinguish between these
levels of granularity and assess whether the chosen level matches the prompt tokens
for all the prompt tokens available.
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Earlier sound separation evaluationmethods included signal-level metrics tomeasure
signal-to-distortion, interference, and artifact ratios (SDR, SIR, SAR, respectively) to
compare an estimated source with ground truth sources [474]. However, the original
SDR implementation allowed artificial score inflation through signal distortion [390],
and it is still possible to achieve high SDR scores while perceptually failing to achieve
true semantic separation [583]. (Scale-Invariant SDR (SI-SDR) [390] was suggested as
an alternative. Other techniques include Log Spectral Distance (LSD) and Peak Signal-
to-Noise Ratio (PSNR) to evaluate separation quality by comparing the spectrograms
of predicted and target samples [574]. However, these metrics are not suitable for
generative separation models as they do not take the text query into account [528].

A solution for this is the use of reference-free metrics, such as Fréchet Audio Distance
(FAD), which is used for generative models to assess the overall distribution quality of
the generated audio relative to a set of real recordings [384]. A bonus of reference-
free metrics is that they do not require a reference signal, which is often difficult to
obtain in real-world scenarios. The correlation between FAD and human perception
is strongly dependent on the choice of embedding used to compute the distance [439].
However, matching distributions such as in FAD do not guarantee a perceptually
closer result [12] and were found to capture the perceptual quality of synthesized
sounds insufficiently [473]. A better alternative would be to use CLAPScore [528],
which measures the semantic consistency between the separated audio and the text
query by calculating their similarity in a shared embedding space [525].

In terms of temporal accuracy, sound event detection metrics (SED) can be used to
evaluate the temporal accuracy of the generated captions. Most simple metrics in
SED fall into segment-based or event-based metrics categories [297]. Segment-based
evaluation divides audio into fixed-length segments (e.g., 1 second) and classifies
each segment as active or inactive for each sound class, computing true positives,
false positives, and false negatives per segment. This approach forgives this issue
with timing errors (off by hundreds of milliseconds) within segments but does not
explicitly score onset and offset accuracy. Event-based evaluation, on the contrary,
matches predicted events with ground-truth events instance by instance. This re-
quires temporal agreement within a tolerance limit (e.g., ±250 ms or something with
the duration of the event taken into account). A predicted event counts as a true
positive only if it matches a reference event of the same label within these tolerances,
making this approach more sensitive to precise temporal boundaries. Since SED is
a classification task, metrics such as F-score and error rate are used for a limited
number of classes, not for longer free-form descriptions.

For temporal audio captioning, the evaluation should combine temporal and semantic
metrics. The temporal component can use simple metrics similar to the F-score from
sound event detection to assess the onset and offset accuracy. For caption quality,
embedding-based techniques, such as BERTScore [579], MACE [95], or ACES (see Chap-
ter 5), are preferable to traditional reference-based metrics, as they better capture
semantic similarity and reward valid paraphrases. When evaluating language-queried
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audio source separation (LASS) in addition to temporal captioning, the evaluation
protocol requires both separation quality and semantic alignment metrics. Simple
metrics similar to F-score or error rate can assess whether correct sound sources
were isolated. For semantic consistency between separated audio and text query,
CLAPScore [528] provides a reference-freemeasure of alignment. FAD (Fréchet Audio
Distance) [384] can serve as a backup metric to evaluate the overall quality of the
separated audio distribution.

7.4.2 Reasoning in Latent Space

Current models reason through token sequences [499]. They output text during a
“thinking-phase” before producing an answer [148]. However, this type of reasoning
model must express every intermediate thought as a discrete word or subword from a
fixed vocabulary. GPT-2, for example, uses a vocabulary of 50,257 tokens [375]. Every
reasoning step must map onto one of these tokens, regardless of how nuanced or
continuous the underlying concept is. This loss of information limits the model’s
ability to reason even better.

This constraint is also found in linguistics: the Sapir-Whorf hypothesis (also known as
linguistic relativism) states that the structure and vocabulary of a language shape the
thought patterns of its speakers [402, 507]. An individual who wants to communicate
a concept must select words from an available lexicon. If the lexicon lacks a precise
term, the speaker must approximate, potentially losing information. Languages
with richer vocabularies for specific domains enable finer distinctions. For example,
studies of color perception show that speakers of languages with more color terms
discriminate hues more rapidly than speakers of languages with fewer terms [515,
195].

Similarly, a model constrained to a finite token vocabulary may lose precision when
compressing continuous internal states into discrete outputs. Latent representations
offer a higher-bandwidth alternative. In the same GPT-2 XL model, each hidden state
consists of a 1,600-dimensional vector of floating-point values [375]. This representa-
tion is continuous and much more expressive than a single token index. The hidden
state preserves the full distribution of activations, instead of discarding all informa-
tion except the winning token. Reasoning in this latent space avoids the information
bottleneck imposed by tokenization.

Recent work explores this direction. COCONUT (Chain of Continuous Thought) [159]
trains language models to use the last hidden state as a “continuous thought” that
feeds back into the model as the next input embedding. This approach bypasses
token generation entirely during intermediate reasoning steps, resulting in multiple
reasoning paths. This helps in reasoning tasks, particularly problems that require
backtracking. Another method is Continuous Chain-of-Thought via Self-Distillation
(CODI). CODI extends this the continuous thought paradigm through self-distillation,
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which compresses explicit chain-of-thought traces into continuous representations.
CODI and COCONUT demonstrate that reasoning does not have to occur in language,
continuous latent updates can be a substitute for token-level thinking.

A promising research path is to allow the model to run a fixed or adaptive number of
latent steps, with a controller that stops the computation based on an uncertainty or
consistency criterion [144, 28, 597]. Other objectives may be needed during training
to learn the model to halt, such as latent-to-audio/text alignment to align spaces [525].
A potential hybrid variant could use latent steps for exploration and emit short textual
plans only when needed. This approach could pair well with the auditory semantic
descriptors in Chapter 4.

The evaluation of this idea should compare token-only, latent-only, and hybrid rea-
soning under a certain amount of computation. Evaluation should also report ac-
curacy and speed with multiple prompt perturbations. Given the limited work on
latent reasoning in audio, this direction could test whether high-dimensional internal
computation might in principle result in better audio understanding than text-level
reasoning.

7.4.3 End-to-End Training for Tool Use

A possible next direction for an agentic audio system as AudioToolAgent (Chapter 6)
would be to have multiple models in an end-to-end training fashion (also known as
multi-hop reasoning). In this setting, a single training loop optimizes the orchestra-
tor’s tool-selection policy and its prompt to the tools, as well as to the tools themselves,
using reward tasks from answering audio questions and related objectives. The goal
is to learn when to call which tool and how to structure the request and responses for
all parts of the pipeline.

This end-to-end training approach is particularly useful for enriching the content
available to the orchestrator, which directly supports test-time scaling. Test-time
scaling, similar to the scaling laws discussed throughout this dissertation, operates
on the principle that the more information a model has during inference, the better.
This information could also be an additional context in the form of tool outputs. The
AudSemThinker model (Chapter 4) demonstrates this phenomenon: longer reasoning
traceswith semantic descriptor reasoning and extended thinking resulted in improved
performance up to a certain point. Latent reasoning approaches (Section 7.4.2) could
further enhance this by allowing richer intermediate representations. By training the
orchestrator and tools jointly, the system learns to generate more informative tool
responses. This increases the quality and quantity of context available at test time
without requiring architectural changes or larger models.

Several works have explored how multiple LLMs or tools should be orchestrated
when training them. Various reinforcement learning techniques exist [189, 606, 524,
557] that include multi-module policy-gradient updates for its tools for multi-turn
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reasoning. A next step would be similar to mmGRPO [606], which enables online
weight optimization formultiple LM programs by propagating final rewards backward
across the modules.

This direction would benefit from a combined approach that optimizes both weight
updates and prompt tuning. For example, the BetterTogether pipeline [423] demon-
strates that alternating between weight optimization and prompt optimization outper-
forms either approach in isolation. This pipeline achieves up to 78% gains on multi-
hop QA and reasoning tasks by first optimizing prompts, then fine-tuning weights
on bootstrapped traces, and finally re-optimizing prompts on the fine-tuned model.
A trained variant of AudioToolAgent (Chapter 6) could adapt this paradigm. In the
first stage, reinforcement learning methods such as GRPO [409] or its multi-module
extension mmGRPO [606] propagate reward gradients to the orchestrator and the tool
models that were invoked during forward passes. In principle, whenever a tool call
occurs during rollout, the tool’s parameters receive gradient updates proportional to
its contribution to the final reward. This joint optimization would align tool outputs
with orchestrator expectations and learn tool-selection policies.

In the second stage, after freezing allmodelweights, prompt-optimization frameworks
(see section 7.4.5) refine the system prompt, tool-query templates, and demonstra-
tion examples through reflective search or Bayesian instruction tuning, extracting
additional accuracy gains without further gradient computation. This pipeline would
be evaluated on MMAU [393], MMAR [280] and MMAU-Pro [224] (similar to Chapter 6
and Chapter 4) to determine whether the combined approach outperforms individual
methods in isolation.

7.4.4 Neuro-symbolic AI and Knowledge Graph Integration

Several experiments not included in this dissertation explored the integration of
knowledge graphs and symbolic reasoning with audio models. The underlying hy-
pothesis was that structured knowledge could improve audio understanding. Imple-
mentations included retrieval-augmented generation pipelines, in whichmodels used
knowledge graphs to enrich their context, and agentic layers that dynamically gener-
ated SPARQL queries to retrieve relevant information. Despite multiple architectural
variations, these neuro-symbolic approaches did not improve performance, often
degrading accuracy compared to purely neural baselines.

This outcome suggests a potential domain mismatch between audio understanding
and traditional knowledge representation. The hypothesis is that audio captioning
mainly involves identifying sound sources such as animals, vehicles, or environmental
noise, and describing actions like “dog barking” or “car passing by” [293, 133]. These
descriptions require minimal world knowledge or complex reasoning. Knowledge
graphs, on the other hand, are structured knowledge models that explicitly store rich
factual knowledge [353] and excel in knowledge-intensive tasks such as answering
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questions about historical events, scientific facts, or relational reasoning [239]. This
simplicity in audio descriptions means that audio models can learn the necessary
associations directly from pretrained knowledge or training data without requiring
external knowledge bases.

However, recent work in adjacent domains demonstrates how knowledge graphs and
retrieval-augmented generation can enhance multimodal reasoning and shows it is
possible to combine symbolic and sub-symbolic approaches in multimodal reasoning.
Multimodal Knowledge Graphs (MMKGs) organize information frommultiple modali-
ties into a single graph structure, to allow cross-modal reasoning and retrieval [232,
357, 177]. Afterward, the information from the graph can be queried and retrieved to
pass to an LLM for reasoning [177, 434]. Often, this information query occurs through
retrieval-augmented generation (RAG) [239, 129].

In the audio domain specifically, examples of adjacent work include iKnow-audio
[342] and WavRAG [65]. iKnow-audio [342] addresses limitations in Contrastive
Language-Audio Pretraining (CLAP) by refining CLAP predictions through an Audio-
centric Knowledge graph iKnow-audio enhances disambiguation of acoustically
similar sounds. Models by integrating knowledge graphs to provide semantic
grounding. The framework constructs an Audio-centric Knowledge Graph (AKG)
that encodes ontological relations, including semantic, causal, and taxonomic
connections found in everyday sound scenes. The evaluations show consistent
improvements over the baseline CLAP models. WavRAG [65] introduces the first
retrieval-augmented generation framework with native end-to-end audio support.
This framework bypasses automatic speech recognition to process raw audio directly,
in a way that integrates audio and text into a unified knowledge representation.

These advances suggest several directions for future research on the understanding
of neuro-symbolic audio. First, the construction of audio-specific knowledge graphs
that encode acoustic information with contextual knowledge of sounds could enable
structured reasoning over sound events. This could benefit tasks that require complex
audio understanding or audio question answering. Second, benchmarks that explicitly
require combining audio perception with world knowledge could reveal whether the
limitations observed in the earlier research of this dissertation lie in current task
definitions, or whether it is fundamentally unfeasible to have a state-of-the-art neuro-
symbolic audio understanding model.

7.4.5 Prompt Sensitivity and Automated Prompt Optimization

Audio-language models exhibit high sensitivity to prompt formatting. For multiple-
choice questions, constraining the outputs to begin with one of the answer letters (A,
B, C, D) so that themodel always returns at least one answer. For captioning tasks, role
instructions and output constraints, e.g. “You are an AI assistant for audio captioning”
or “Respond with a one-sentence caption”, can meaningfully alter behavior. These

168



effects introduce variance between benchmarks that does not reflect the underlying
capability, highlighting the need for a systematic study of prompt sensitivity.

One direction is to decompose prompts into components such as role framing, prob-
lem templates, output schemas, reasoning styles (direct answer vs. brief plan), and
tool-use hints when applicable. These components can then be treated as prompt
hyperparameters and searched on a fixed compute budget. Such a search would
report both accuracy and efficiency metrics (tokens, latency, number of calls). A qual-
itative analysis of high-performance prompts could further illuminate which prompt
structures matter and why. Recent work on ReAct-style prompting [566] suggests
that interleaving reasoning and action tokens can also serve as a systematic prompt
dimension for audio agents, and systematized prompt optimization frameworks such
as Self-Instruct [489] provide blueprints for reproducible prompt release practices.

Prompt components can also be optimized automatically with frameworks such as
GEPA [7], PromptBreeder [111] and OPRO [560]. These methods treat prompts as
variables and apply search or meta-prompting to improve task performance without
modifying model weights. The DSPy framework [197, 196] extends this paradigm
by compiling declarative language-model programs into optimized prompt chains:
developers specify modules (e.g., retrieval, chain-of-thought, tool calls) and DSPy
automatically tunes demonstrations, instructions, and module orderings through
teleprompters that maximize a task metric. Applied to an audio tool pipeline (Chap-
ter 6), DSPy could optimize the orchestrator’s system prompt and the decision-making
process on which tools to call, and the queries sent to each tool, all from a small set
of labeled examples. This approach does not require updating any weights in any
model. Other prompt-optimization approaches include MIPROv2 [350] for Bayesian
instruction tuning and COPRO [197] for reflective search over prompt templates.

To support reproducibility, future research should release all prompts used in bench-
mark evaluations (see issues described in section 7.3.2). In addition, evaluation
protocols should standardize the prompts between models so that the comparisons
reflect the differences between the models rather than the prompt engineering.

7.4.6 World Models and Multi-Sensory Perception

This dissertation focuses on machine listening, a field with clear implications for
robotics. World models provide a framework for teaching robots how to perceive and
act by learning predictive dynamics of the environment and using them for planning
and control. A world model is an internal representation that an agent constructs to
understand the dynamics of the environment [153]. The model learns to compute the
next state given the current state and an action, and thus can reason about potential
future outcomes.

Most of the world model research is based on video as the primary sensory modality
[30, 337, 48]. However, sound is also a continuous stream that carries information
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about object interactions. Humans rely on hearing as one of their primary senses:
auditory cues signal events outside the visual field, provide feedback during ma-
nipulation tasks, and enable anticipation of future states. To mimic how humans
perceive the world in artificial systems, robots should integrate auditory perception
along with vision, touch, and other modalities. Integrating audio perception into
vision-language-action models improves robotic manipulation [502].

A direct application of world models to audio involves learning to predict future
audio observations. For example, training models for latent generative flowmatching
to predict the audio consequences of robot actions [575]. This audio world model
approach mirrors the success of visual world models: just as NVIDIA Cosmos [337]
learns to predict future visual states from multimodal inputs, audio world models
learn to imagine future auditory states. The challenge lies in the temporal structure
of environmental audio: unlike speech or music, environmental sounds lack the
regularity that facilitates prediction.

Humans integrate information from all senses. A robot that perceives through multi-
ple modalities could interact with its surroundings more reliably and in a manner
closer to human perception. For example, a robot nowadays can combine visual, au-
ditory, and tactile perception to solve complex tasks that outperform single-modality
baselines [242]. A concrete research direction is developing multisensory world mod-
els that unify more than three modalities. Inputs could include audition, vision,
somatosensation, olfaction, and gustation. A shared latent state would encode these
signals, and a decoder would map the latent representation to actions.

Key challenges include learning cross-modal correspondences (e.g., the sound of
breaking correlateswith tactile discontinuities and visual fragmentation), but also han-
dling missing modalities when sensors fail. Research at this intersection of robotics,
perception, and control could build on the demonstration of tool coordination in
Chapter 6 and extend world-model techniques from vision-language robotics into the
audio domain.

A future where an AI system can hear, see, feel, smell, taste, reason, understand,
interpret, act, predict, navigate, and more; all in the world as complex as ours, is
rapidly approaching.
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Summary

This dissertation explores how computers can learn to understand sound and describe
it using language. The goal is to approach human capabilities. When a person hears a
dog barking, they can instantly recognize it and describe what they hear. The research
in this dissertation focuses on building and improving computer systems that move
toward similar capabilities. The systems analyze which sound is present, what action
is involved, where it occurs, and which objects are involved.

The foundation of teaching computers to understand sound lies in showing them
examples. Just as children learn by being exposed to examples and learn by doing,
these computer systems learn from large collections of sounds, paired with text
descriptions. The first part of this work provides a survey of 69 datasets used in
this field and examines where they come from and what they contain. There are
challenges in the use of audio data. For example, there is substantial overlap between
datasets, which can give a misleading impression of how well these systems perform
when tested.

Understanding these data problems led to the second contribution: improving the
way computers learn from these data. Training a computer system is not simply
about showing all available examples at once. Research shows that starting with
easier examples and gradually introducingmore difficult ones leads to better learning
outcomes. This approach, inspired by how curriculum is designed in education, was
applied to the task of answering questions about audio. It introduces examples in
order of difficulty. Other approaches include filtering out duplicate data and balancing
overrepresented sound categories. The resulting system achieved improvements in
performance without requiring more computational resources.

The third major contribution draws inspiration from how humans perceive and de-
scribe sounds. When people describe what they hear, they naturally organize their
descriptions around key questions: Who or what is making the sound? How is it
produced? Where and when is it happening? Cognitive neuroscience research sug-
gests that recognizing sound sources, understanding how sounds are made, and
placing them in context involve specific mental processes. Building on this, the Aud-
SemThinker model was developed. AudSemThinker explicitly reasons about these
semantic aspects of sound before generating its final answer, which is similar to
how a person might think through what they are hearing before speaking. To train
AudSemThinker, a completely new dataset called AudSem was created from YouTube
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video subtitles. It was designed to avoid overlap with existing test sets. The resulting
model matches or exceeds the performance of strong existing systems on multiple
benchmarks.

Improving these systems also requires better ways to evaluate them. Traditional
evaluationmethods often focus onwordmatching. The fourth contribution introduces
a new evaluation metric, called ACES, which judges computer-generated descriptions
based on whether they capture the essential semantic elements of the sound. Instead
of simply comparing words, ACES examines whether descriptions correctly identify
sound entities, actions, and other contexts. The idea is that this metric aligns more
closely with how humans judge the quality of audio descriptions.

Thefinal contribution takes a different approach to audio understanding by combining
multiple specialized systems. Like how a team of human experts with different
specializations can solve problems by collaborating, the AudioToolAgent framework
coordinates several specialized computer programs. A central reasoning system acts
as a coordinator, deciding which specialized tools to consult for different aspects of an
audio task. For example, when processing audio that contains speech, the coordinator
delegates transcription to a speech recognition specialist, while consulting other tools
for environmental sounds or music. This collaborative approach achieves strong
results on multiple challenging benchmarks. It remains modular and cost-effective
by reusing existing pre-trained models.

These contributions advance the field of audio-language learning by: (1) addressing
challenges in data quality and availability; (2) improving audio question answering via
data-balanced curricula; (3) introducing human-inspired reasoning mechanisms; (4)
developing evaluationmethods that focus on semantic content; and (5) demonstrating
how coordinated specialist systems can outperform single general-purpose models.
These developments move computers closer to understanding the acoustic world and
communicating that understanding through natural language.
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Samenvatting

Titel: Data en Semantische Redenatie in Audio-Taal Modellen

Dit proefschrift onderzoekt hoe computers kunnen leren om geluid te begrijpen en
het te beschrijven met taal, vergelijkbaar met hoe mensen dat doen. Wanneer je
bijvoorbeeld een hond hoort blaffen, kun je onmiddellijk herkennen en beschrijven
wat het is dat je hoort. Het uiteindelijke doelmet dit proefschrift is computersystemen
te bouwen en te verbeteren, zodat zij geluiden even goed kunnenherkennen en duiden
als de mens.

Computers leren door middel van data. Deze data worden gebruikt om een computer
te trainen. Net zoals kinderen die leren door blootgesteld te worden aan voorbeelden,
leren deze computersystemen van grote verzamelingen geluiden gekoppeld aan tekst.
Het eerste deel van dit werk biedt een uitgebreid overzicht van 69 datasets die in
dit vakgebied worden gebruikt, waarbij wordt onderzocht waar ze vandaan komen
en wat ze bevatten. Hieruit blijkt dat het merendeel van deze data afkomstig is van
platforms zoals YouTube en Freesound. Problemen zijn er ook, zoals aanzienlijke
onderlinge overlap, wat een verkeerde indruk kan geven van hoe goed deze systemen
daadwerkelijk presteren wanneer ze worden getest.

Om deze dataproblemen te beperken, richt dit proefschrift zich op hoe computers
van data leren. Een aanpak is curriculum learning: het model krijgt eerst makkelijke
voorbeelden te zien en daarna geleidelijk moeilijkere. Dit verbetert leerresultaten bij
het beantwoorden van vragen over geluiden. Andere technieken, zoals het zorgvuldig
uitfilteren van dubbele data en het beperken van oververtegenwoordigde geluidscate-
gorieën, verbeteren de prestaties verder.

De derde hoofdbijdrage haalt inspiratie uit hoe mensen geluiden waarnemen en
beschrijven. Wanneer mensen beschrijven wat ze horen, organiseren ze hun beschri-
jvingen van nature rond kernvragen: Wie of wat maakt het geluid? Hoe wordt het
geproduceerd? Waar en wanneer gebeurt het? Cognitief neurowetenschappelijk
onderzoek suggereert dat het herkennen van geluidsbronnen, het begrijpen hoe
geluiden worden gemaakt, en het plaatsen ervan in context allemaal specifieke men-
tale processen zijn. Voortbouwend op dit inzicht werd het model AudSemThinker
ontwikkeld. Dit systeem redeneert expliciet over deze “semantische” aspecten van
geluid voordat het zijn definitieve antwoord genereert, vergelijkbaar met hoe een
persoon zou kunnen nadenken over wat hij hoort alvorens te spreken. Om dit systeem
te trainen, werd een volledig nieuwe dataset genaamd AudSem gecreëerd uit YouTube
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video ondertitels, zorgvuldig ontworpen om overlap met bestaande data te vermijden.
Het resulterende model presteerde beter dan bijna alle vergelijkbare systemen op
meerdere benchmarks.

Het verbeteren van deze systemen vereist ook betere manieren om ze te eval-
ueren. Traditionele evaluatiemethoden richten zich vaak op oppervlakkige
woordovereenkomsten. De vierde bijdrage introduceert een nieuwe evaluatiemeth-
ode genaamd ACES, die door computers gegenereerde beschrijvingen beoordeelt op
basis van of ze de essentiële semantische elementen van het geluid vastleggen. In
plaats van simpelweg woorden te vergelijken, onderzoekt ACES of beschrijvingen
geluidsentiteiten, acties en andere contexten correct identificeren. De gedachte
erachter is dat deze metriek nauwer aansluit bij hoe mensen de kwaliteit van
audiobeschrijvingen beoordelen.

De laatste bijdrage hanteert een andere benadering van het herkennen van audio. In
plaats van een enkel model, worden er meerdere gespecialiseerde systemen gecom-
bineerd. Vergelijkbaar met hoe een team van menselijke experts met verschillende
specialisaties complexe problemen kan oplossen door samen te werken, coördineert
het AudioToolAgent-framework verschillende computerprogramma’s. Een centraal
systeem fungeert als coördinator en beslist welke gespecialiseerde tools geraadpleegd
moetenworden voor verschillende aspecten voor het herkennen van de audio, waarbij
de coördinator zelf niet de audio kan luisteren. Bij het verwerken van audio die spraak
bevat, delegeert de coördinator transcriptie aan een spraakherkenningsspecialist,
terwijl hij andere tools raadpleegt voor omgevingsgeluiden of muziek. Door samen te
werken met verschillende modellen, en een overkoepelende model alle denkstappen
te laten maken, behaalt deze methode de beste resultaten op meerdere uitdagende
evaluaties. Een groot voordeel hiervan is de besparing in rekentijd en middelen;
bestaande modellen worden hergebruikt in plaats van het laten leren van een geheel
nieuw model.

Gezamenlijk bevorderen deze bijdragen het vakgebied van de combinatie van audio en
taal, door: (1) belangrijke uitdagingen in datakwaliteit en beschikbaarheid te duiden;
(2) op mensen geïnspireerde leermethodieken te testen; (3) nieuwe redeneermecha-
nismen op basis van hoe mensen leren te introduceren; (4) betere evaluatiemethoden
te ontwikkelen; en (5) aan te tonen hoe gecoördineerde specialistische systemen beter
kunnen presteren dan enkele modellen. Dit proefschrift maakt computers beter in
staat om de rijke wereld van geluid om ons heen te begrijpen en dat te communiceren
via natuurlijke taal.
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Valorization

This dissertation studies how computers learn to listen to everyday sounds and de-
scribe them in natural language. The main purpose of the research is to make audio-
language models more broadly useful. The work focuses on two themes. First, it
improves the collection of example sounds and text descriptions on which these
models are trained. Second, it designs models that reason about sounds in a way that
is closer to human thinking. Across the chapters, the central conclusion is that better
data and better reasoning jointly lead to audio systems that performmore accurately
on benchmarks and generalize better to new situations.

The scientific contribution of this work lies in clarifying how data and reasoning
shape audio-language learning. In the short term, the survey of datasets, training
procedures, metric, semantic reasoning research, and the agent framework give
researchers concrete tools to build and assess newmodels. The analysis of dataset
overlap and bias informs how future benchmarks should be designed, including the
need for cleaner test sets and more diverse sound sources. The curriculum pipeline
provides a template for how to structure training for question answering tasks in a
way that avoids data leakage. The AudSem and AudSemThinker work links ideas from
neuroscientific research and human-inspired reasoning to machine learning model
design. ACES adds a semantics-aware evaluation to the field, and AudioToolAgent
offers a framework for agentic systems that treat audio models as tools that can be
combined and that can co-operate together. In this way, this research also supports
follow-up research in machine learning, audio signal processing, natural language
processing, and cognitive science.

The long-term scientific impact goes beyond audio alone. The methods developed
here give insight into howmultimodalmodels could reason over richer sensory inputs
in a structured way. Semantic frameworks and evaluationmethods can inspire similar
work for vision and robotics. The agentic setup in AudioToolAgent will be seen more
in future systems where multiple specialized models collaborate under the guidance
of a general reasoning agent. Such systems are relevant for research on world models
that combine hearing with vision, touch, and other senses. The open-source code
and datasets serve as material for courses on machine listening, multimodal learning,
and evaluation methods, helping new students gain hands-on experience with state-
of-the-art techniques.

The potential impact on society builds on these scientific advances but remainsmostly
indirect and long term. The dissertation focuses on fundamental methods and public
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resources rather than finished consumer products. However, the ability to interpret
sounds and explain them in plain language is closely related to everyday needs. People
who are deaf or hard of hearing rely on visual information and vibrations to detect
events in their surroundings. Systems based on audio-language models make it
possible to translate alarms, doorbells, approaching vehicles, and other important
sounds into readable text or haptic feedback on a phone or wearable device. In
public spaces, richer subtitles and audio descriptions can make online videos more
accessible. In health care and elderly care, sound monitoring can detect patterns
such as coughing, calls for help, or unusual silence, and can alert caregivers when
needed.

Environmental monitoring is another domain where audio-language systems are
relevant. Many animal species are easier to track by sound than by sight. Micro-
phones placed in forests, wetlands, or cities record continuous soundscapes that are
difficult to inspect manually. Models that recognize and describe bird calls, insect
activity, whale sounds, or human noise provide a scalable way to monitor biodiver-
sity, detect illegal hunting, or track changes in the acoustic environment of cities.
Similar ideas apply in industrial and transport settings. Machines and vehicles have
characteristic sound signatures. Early changes in these signatures can signal wear
or malfunction. Audio-language systems that explain these changes in simple terms
help technicians and operators respond in time, which supports safety and reduces
unexpected downtime.

The work is also relevant to the sectors that develop digital assistants and robots.
Sound understanding improves safety and usability in homes. Assistants that under-
stand speech and background sounds can react to events more easily. In robotics,
world models that incorporate hearing alongside vision and touch enable robots to
operate more safely in environments where sight alone is not enough. For example, a
household robot that hears a kettle boiling or a pot overflowing can react earlier than
one that relies only on images.

An important step toward bringing this research into practice is a grant received by
the supervisor prof. Elia Formisano. This grant supports bringing the fundamental
researchof this dissertation into practice. This grant is being applied at theBrightlands
Institute of Smart Sciences in Heerlen. Within this program, business developers
created one-pagers with project descriptions that they use to translate the core ideas
of this dissertation into concrete application sketches, such as patient monitoring
through sound, acoustic safety systems in homes and cities, predictive maintenance
for machines, and sound-based support for drivers and vehicles. These activities are
ongoing and business developers are contacting potential partners for the techniques
developed in this dissertation.

Several groups form the main audience for the findings of this dissertation. Within
academia, the research targets scientists in fields such as machine learning, audio
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Valorization

signal processing, computational linguistics, human-computer interaction, and cog-
nitive neuroscience. These communities also benefit from public datasets and code
published with each chapter when designing and evaluating new models. Beyond
academia, a potential audience for this research is developers in technology compa-
nies and start-ups who particularly work on tools for hearing support, environmental
sensing, smart homes, and robotics. Other groups include Health-care providers,
patient organizations, environmental agencies, and city planners. For them, the work
provides better performing models that future monitoring tools may rely on. Lastly,
people with hearing impairments, field biologists, maintenance engineers, and first
responders are potential indirect target users.

The dissertation follows an open andFAIR approach: Allmajor components developed
in the chapters are released as open-source code and, when licensing allows, as public
datasets. This allows researchers and practitioners to reuse and extend the methods
and reproduce the experiments. The repositories include documentation and example
scripts that are easy to use. For the scientific community, results are presented at
conferences and in journals.
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P R O P O S I T I O N S

accompanying the dissertation

Data and Semantic Reasoning in
Audio-Language Learning

01 Curating training and evaluation data is just as important for the training of

machine learning models as architectural innovation. THIS THESIS

02 Zero-shot evaluation in audio-language learning must contain no overlap between

its training and evaluation dataset; otherwise it should be called weak zero-shot

evaluation. THIS THESIS

03 Reasoning with human-inspired semantic descriptors improves the performance of

audio-language models. THIS THESIS

04 Evaluating automated audio captioning models on semantic content results in better

quality judgments than relying on word overlap metrics alone. THIS THESIS

05 Audio-language models that can listen, reason, invoke tools, and use the web will be

seen more in future systems. THIS THESIS

06 Amodular agent that coordinates specialized audio and speech tools can match or

surpass audio-language models in performance. THIS THESIS

07 Scaling laws will hold true for a long time, and model performance will continue to

improve with data size. THIS THESIS

08 We are moving from the age of scaling to the age of research. — Ilya Sutskever

09 To get all the way to something like AGI may just require one or two more new

breakthroughs. — Demis Hassabis

10 Artificial intelligence requires not just artificial intelligence.

GijsWijngaard
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