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ABSTRACT

KEYWORDS: Inclusive AI ; Green AI ; Bias Mitigation ; Responsible AI ; Syn-

thetic Speech

High-quality synthetic speech has transformative potential for accessibility, education,

entertainment, and personalized human–computer interaction. However, it also poses

serious risks: synthetic voices can be exploited for audio deepfakes and impersonation

attacks. These risks are magnified in multilingual and low-resource settings, where

audio deepfake detection (ADD) and speaker verification (SV) systems exhibit pro-

nounced linguistic biases, and the scarcity of large-scale, publicly available datasets

limits the development of robust, fair, and inclusive models. Moreover, existing meth-

ods for evaluating synthetic speech quality rely primarily on human studies, which are

costly, difficult to scale, and often lack reproducibility. Additionally, synthetic speech

generation models incur significant carbon emissions, yet environmental sustainabil-

ity remains largely overlooked. Together, these challenges highlight a critical need for

datasets, evaluation frameworks, and bias-mitigation methods that can enable responsi-

ble, inclusive, and environmentally conscious speech technologies.

To address these gaps, this thesis makes the following key contributions: First, we

introduce IndicSynth, a large-scale synthetic speech dataset covering 12 low-resource

Indian languages to support multilingual ADD and anti-spoofing research. IndicSynth

balances realistic voice mimicry and synthetic diversity. Using IndicSynth, we demon-

strate the vulnerability of existing ADD and SV models against synthetic speech attacks.

Human evaluation further validates the dataset quality, underscoring the dataset’s utility

for security-focused applications. Second, we present Task-Lens, a cross-task profil-

ing framework to mitigate task-resource gaps for underrepresented languages. Using

Task-Lens, we profile 34 Indian speech datasets, including IndicSynth, covering 26

languages and eight downstream tasks, based on available metadata. Third, we propose

FAtNet and EcoSpeak, which are cost-efficient methods for mitigating linguistic bi-

ases in speaker verification, addressing fully and partially cross-lingual scenarios while

v



incorporating Green AI principles by reporting carbon emissions. Finally, we intro-

duce GreenVoice, an automated environment-aware evaluation framework for synthetic

speech generation models. GreenVoice cost-effectively highlights high-performing and

sustainable generation models for large-scale synthetic speech dataset creation, thus

enabling multilingual ADD and anti-spoofing research across more underrepresented

languages and accents, beyond IndicSynth. Together, these contributions provide the

foundations for building and evaluating speech technologies that are robust, equitable,

and inclusive across languages and accents, while promoting environmentally respon-

sible practices and supporting their reliable use in real-world applications.
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CHAPTER 1

Introduction

1.1 Motivation

Speech technologies have become increasingly pervasive, shaping how humans inter-

act with machines, access information, and engage with digital content. In particular,

synthetic speech produced by text-to-speech (TTS) and voice conversion (VC) mod-

els has seen remarkable advances in recent years, yielding highly realistic, human-like

voices [8]. These technologies hold transformative potential across a range of applica-

tions, including accessibility for individuals with speech disorders, educational tools,

audiobooks, personalized virtual assistants, entertainment, and language preservation

[15, 133, 193].

The rise of synthetic speech also brings significant challenges. High-fidelity syn-

thetic voices can be exploited for malicious purposes, including impersonation attacks,

audio deepfakes, and the spread of misinformation [112, 70, 78, 108, 47, 133]. In addi-

tion, state-of-the-art (SOTA) systems for audio deepfake detection (ADD) and speaker

verification (SV) are often optimized for high-resource languages, leading to poor gen-

eralization for low-resource and underrepresented languages [8, 185, 7, 180]. Similarly,

voice cloning models frequently exhibit linguistic and accent biases, resulting in uneven

performance across different speakers and populations [201, 184]. These challenges are

further compounded by the substantial computational resources required to train and

deploy modern speech models, raising concerns about sustainability and environmental

impact [158, 184, 187]. As summarized in Figure 1.1, these applications and challenges

illustrate the motivation behind the present research.

This thesis investigates challenges in multilingual and low-resource speech process-

ing, addressing issues of inclusivity, fairness, and sustainability across a range of speech

technologies. Specifically, it focuses on (i) creating and evaluating multilingual syn-

thetic speech datasets to support audio deepfake detection and anti-spoofing tasks; (ii)

mitigating cross-lingual biases in speaker verification systems; (iii) investigating accent



biases in voice cloning models; and (iv) developing environmentally responsible frame-

works and evaluation metrics for benchmarking synthetic speech models. Collectively,

these efforts advance inclusive, responsible, and sustainable approaches to speech pro-

cessing, addressing both data scarcity and model-level limitations in low-resource set-

tings.

Figure 1.1: Overview of speech technologies, their applications, and associated chal-
lenges

1.2 Background

This thesis investigates speech processing in multilingual and low-resource settings,

with a focus on security, authentication, and the opportunities and challenges intro-

duced by synthetic speech. To provide context, we briefly define key terms and tech-

nologies foundational to this work, including text-to-speech (TTS), voice conversion

(VC), speaker verification (SV), audio deepfake, audio spoof, and audio deepfake de-

tection (ADD).
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1.2.1 Text-to-Speech

TTS systems generate synthetic speech from a text transcript while conditioning on a

target speaker’s voice sample. The generated speech articulates the given text while

attempting to mimic the voice of the target speaker.

1.2.2 Voice Conversion

VC systems take a source speech sample and a target speaker sample as input. The

system produces a synthetic speech sample that preserves the content of the source

input while mimicking the target speaker’s voice.

1.2.3 Speaker Verification

SV systems determine whether two speech recordings belong to the same speaker. SV is

critical for authentication, security, and anti-spoofing applications. Modern SV systems

often rely on deep Convolutional Neural Networks (CNNs) to model speaker-specific

characteristics.

1.2.4 Audio Deepfakes

Audio deepfakes are realistic synthetic speech samples generated to deceive humans

and spread misinformation or fake news that can cause public unrest or panic [112].

1.2.5 Audio Spoofs

An audio spoof is a synthetic speech recording that closely mimics the voice of a par-

ticular target speaker. Such recordings are misused to deceive speaker verification sys-

tems, leading to impersonation and identity theft [78, 112].
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1.2.6 Audio Deepfake Detection

ADD systems aim to distinguish between bonafide (genuine) and synthetic speech.

ADD is a growing research area driven by security concerns, as high-quality synthetic

speech increasingly poses a threat to authentication systems, trust in media, and public

discourse [112, 78, 8, 185, 7, 180].

1.3 Challenges in Speech Processing

Despite advances in speech technologies, several persistent challenges limit their inclu-

sivity, fairness, and sustainability.

1.3.1 Inclusivity challenges

Most state-of-the-art speech processing models, including security-sensitive systems

such as speaker verification (SV) and audio deepfake detection (ADD), are trained pre-

dominantly on high-resource languages. This limited coverage results in poor perfor-

mance for low-resource and underrepresented languages, as well as for speakers with

diverse accents or dialects [108, 180, 201]. The lack of inclusivity not only reduces gen-

eralization to unseen populations but also introduces biases in security-critical applica-

tions. For instance, SV systems may incorrectly reject genuine speakers from under-

represented groups or accept impostors exploiting cross-lingual mismatches. Similarly,

ADD models trained on a narrow set of languages struggle to detect synthetic speech

in other languages, increasing the risk of malicious misuse. Addressing these inclu-

sivity and bias challenges is critical for building robust, fair, and trustworthy speech

technologies [186].

1.3.2 Data Scarcity and Task-Specific Limitations

The absence of large scale, multilingual, and diverse datasets hinders research and sys-

tem development. Low-resource languages, particularly in India, have limited publicly

available data, which affects SV system robustness, and ADD performance. Beyond

language coverage, the lack of awareness of existing resources and scarcity of resources
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for specific tasks, such as speech emotion recognition, automatic speech recognition, or

audio deepfake detection, limits research progress and the development of reliable sys-

tems [85].

1.3.3 Sustainability and Green AI Considerations

Large-scale speech models often comprise millions or even billions of parameters and

require substantial computational power for training and inference. These demands re-

sult in significant energy consumption and carbon emissions. The NLP community has

highlighted that training a single large model, such as BERT, can produce carbon emis-

sions equivalent to a trans-American flight [158]. Similar analyses are largely missing

in speech processing research, despite the increasing size and complexity of modern

speech models. Despite growing awareness of Green AI principles, environmental sus-

tainability has received limited attention in the field.

1.4 Linguistic Bias

Existing audio deepfake detection and speaker verification models are often affected

by domain-specific biases. As a result, models trained on one domain tend to perform

poorly on unseen or out-of-domain data. Domain-specific biases are not only limited to

audio deepfake detection and speaker verification, but have also been observed across

other speech processing tasks. Speech processing has diverse real-world applications.

Therefore, addressing these biases is important, especially in security-sensitive tasks

like audio deepfake detection and speaker verification.

Linguistic bias is a form of domain-specific bias, where models trained on one lan-

guage exhibit performance degradation when evaluated on unseen languages. With

about 7,000 languages spoken worldwide, mitigating linguistic bias is crucial for im-

proving the global usability of speech technologies. This is especially important in

linguistically diverse countries like India. India has 22 scheduled language, 121 major

languages, and 1369 mother tongues spoken by over 1.4 billion people [51, 167].
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1.5 Pillars of this Thesis

To address the challenges above, this thesis is organized around four key pillars, span-

ning dataset creation, model development, training strategies, and sustainable evalua-

tion, as shown in Figure 1.2.

1.5.1 Datasets

• IndicSynth: We introduce IndicSynth, a large-scale multilingual synthetic speech
dataset covering 12 low-resource Indian languages, consisting of 4,000 hours
of speech from 989 target speakers. IndicSynth includes mimicry and diversity
subsets to balance realistic voice imitation with broad diversity, thus facilitating
multlingual audio deepfake detection and anti-spoofing research.

• Task-Lens: We propose Task-Lens, a cross-task profiling framework to evaluate
the applicability of speech datasets across multiple downstream tasks, enabling
resource-driven prioritization for underrepresented languages.

1.5.2 Model Design

• FAtNet: We propose FAtNet, a cost-efficient approach designed to mitigate fully
cross-lingual biases in SV by leveraging lightweight frame-level embeddings and
attention mechanisms. Fully cross-lingual biases can occur when both recordings
in the SV trial pair are in an unseen target language that is different from the
training language.

• EcoSpeak: Extends bias mitigation to partially cross-lingual scenarios using con-
trastive linguistic attention and bias-correcting mechanisms, providing environ-
mentally aware SV solutions. Partially cross-lingual bias can occur when one
trial pair recording is in the training language, whereas the other is in an unseen
target language.

1.5.3 Training Strategies

• Investigate how training on strongly related but limited datasets versus weakly
related but diverse datasets affects generalization.

• Develop training data balancing strategies to reduce linguistic biases in SV mod-
els, improving fairness and robustness across languages and accents.
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1.5.4 Environmentally Responsible Evaluation

GreenVoice: We propose GreenVoice, a novel automated evaluation framework that

evaluates synthetic speech generation models through a composite metric, the G-Score,

integrating cloning quality (realism and similarity) with environmental impact (carbon

emissions). GreenVoice supports the selection of high-performing and sustainable mod-

els for large-scale audio deepfake detection and anti-spoofing dataset creation.

Figure 1.2: Overview of Thesis Contributions

1.5.5 Relation between the Pillars of the Thesis

IndicSynth provides a large-scale dataset to support multilingual audio deepfake de-

tection (ADD) and anti-spoofing research in Indian languages. Task-Lens extends this

investigation by exploring the cross-task utility of IndicSynth and several other Indian

speech resources for underrepresented tasks based on the available metadata in these

datasets. While experiments on IndicSynth demonstrate the vulnerability of existing

ADD and speaker verification models against multilingual synthetic speech attacks,

FAtNet and EcoSpeak explore solutions for cost-effectively mitigating linguistic biases

in speaker verification. EcoSpeak further discusses the concept of Green speech pro-

cessing in regard to speaker verification. GreenVoice extends this discussion with re-

spect to selecting sustainable generation models for large-scale synthetic speech dataset

creation. Overall, GreenVoice addresses the common challenges faced by dataset cre-
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ators related to human evaluation of synthetic speech, financial costs, resource con-

straints, and environmental impact. Thus, enhancing research inclusivity and promot-

ing the sustainable development of large-scale multilingual synthetic speech datasets

for ADD and anti-spoofing research.

1.6 Research Objectives

Based on the challenges and pillars, the main objectives of this thesis are:

1. Develop a multilingual synthetic speech dataset to facilitate multilingual ADD
and anti-spoofing research for low-resource Indian languages.

2. Conduct human-centered studies to assess perceptual naturalness, mimicry qual-
ity, and detectability of synthetic speech.

3. Mitigate task-resource gaps in underrepresented Indian languages.

4. Mitigate linguistic biases in speaker verification systems in a cost-efficient and
environmentally responsible manner.

5. Propose automated, scalable, and environmentally aware evaluation framework
for synthetic speech generation models.

6. Provide practical guidance on overcoming common challenges in large-scale ADD
and anti-spoofing dataset creation.

1.7 Organization of the Thesis

The thesis is organized as follows:

• Chapter 2: Introduces IndicSynth, highlighting data scarcity in low-resource
Indian languages and the impact of linguistic biases on ADD and anti-spoofing
systems.

• Chapter 3: Presents human perception studies to evaluate the naturalness and
mimicry quality of synthetic speech in IndicSynth.

• Chapter 4: Introduces Task-Lens, a cross-task profiling framework to assess
dataset utility across multiple speech tasks.

• Chapter 5: Proposes FAtNet, a cost-efficient framework to mitigate fully cross-
lingual biases in speaker verification.

• Chapter 6: Extends bias mitigation to partially cross-lingual scenarios via EcoS-
peak, incorporating Green AI principles.
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• Chapter 7: Presents GreenVoice, an automated environment-aware evaluation
framework for synthetic speech generation models, integrating quality and sus-
tainability for large-scale ADD and anti-spoofing dataset creation.

• Chapter 8: Concludes with overarching findings, limitations, and future research
directions.

1.8 Publications
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Vienna, Austria. Association for Computational Linguistics. [Outstanding Pa-
per Award]
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pages 1247–1258, Seattle, United States. Association for Computational Lin-
guistics.
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1.9 Honors and Awards

The work presented in Chapter 2, centered on the IndicSynth dataset, received the Out-

standing Paper Award at ACL 2025. The same work was subsequently invited for
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presentation at the ACM India ARCS 2026, where it received the Distinguished Poster

Recognition.

IndicSynth has also seen wide adoption by the research community, with 31,007

downloads on HuggingFace within nine months of its release.
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CHAPTER 2

IndicSynth: Multilingual Synthetic Speech for Deepfake

Detection

Recent advances in synthetic speech generation technology has enabled the creation of

highly realistic speech that closely imitates human voices. While these technologies

offer exciting possibilities, they also pose significant risks, including identity theft and

the dissemination of misinformation. As a result, there is an urgent need for robust

and generalizable audio deepfake detection (ADD) and anti-spoofing systems. How-

ever, existing models often suffer from linguistic bias—models trained on one language

typically perform poorly when tested on out-of-domain languages. This limitation re-

duces their effectiveness and underscores the necessity of multilingual synthetic speech

datasets to support bias mitigation research. Yet, most publicly available datasets focus

only on English or Chinese, leaving a critical gap for other languages. The data scarcity

challenge is particularly severe in linguistically diverse regions such as India.

To address this, we present IndicSynth1, a large-scale dataset comprising 4,000

hours of synthetic speech from 989 target speakers (456 female and 533 male) across

12 low-resource Indian languages. The dataset provides detailed metadata, includ-

ing gender information and speaker identifiers. Experimental evaluations confirm that

IndicSynth serves as a valuable resource for advancing multilingual ADD and anti-

spoofing research. The dataset is publicly available at: https://huggingface.

co/datasets/vdivyasharma/IndicSynth.

2.1 Introduction

Recent progress in text-to-speech (TTS) and voice conversion (VC) technologies has

made it possible to generate synthetic speech that closely resembles human voices [8].
1This chapter presents the following paper:

Divya V Sharma, Vijval Ekbote, and Anubha Gupta. 2025. IndicSynth: A Large-Scale Multilingual Syn-
thetic Speech Dataset for Low-Resource Indian Languages. In Proceedings of the 63rd Annual Meeting
of the Association for Computational Linguistics (Volume 1: Long Papers), pages 22037–22060, Vienna,
Austria. Association for Computational Linguistics.

https://huggingface.co/datasets/vdivyasharma/IndicSynth
https://huggingface.co/datasets/vdivyasharma/IndicSynth


These synthetic recordings are increasingly used in domains such as assistive commu-

nication, media, entertainment, and education [15, 133, 193]. However, alongside these

benefits lies a significant risk of misuse, including the spread of misinformation, im-

personation of public figures, financial fraud, and other malicious activities [112, 70].

Since modern synthetic speech generative systems can create speech that convincingly

imitates real voices, they can deceive not only human listeners but also security sys-

tems like speaker verification. Consequently, developing reliable methods to identify

synthetic (fake) speech has become essential to counter such risks [112].

An audio deepfake refers to a synthetic speech recording that sounds realistic enough

to mislead human listeners and can be exploited to disseminate misinformation, poten-

tially triggering public unrest or panic [112]. In contrast, audio spoofing encompasses

techniques that generate synthetic speech imitating a specific speaker’s voice. Such

methods are frequently abused to bypass biometric security systems, including speaker

verification [78, 112], thereby enabling impersonation and identity theft, as shown in

Figure 2.1. A notable case occurred in 2019, when fraudsters used spoofed audio of a

corporate executive to orchestrate a financial scam worth 243,000 USD [108, 47]. In an-

other incident, audio deepfake-driven fraud led to a loss of 35 million USD for a UAE-

based company [133]. Beyond financial crimes, audio deepfakes are also weaponized

to damage the reputations of public figures and to sway voter sentiment during elections

[78]. These risks underscore the urgent need for effective audio deepfake detection and

anti-spoofing technologies to safeguard individuals and society.

Figure 2.1: Audio deepfakes are realistic synthetic speech recordings that may be mis-
used to deceive humans and spread misinformation, causing public unrest
and panic. In contrast, audio spoofs are synthetic speech recordings that
closely mimic the target speaker’s voice. Audio spoofing is misused to de-
ceive speaker verification systems, leading to impersonation and identity
theft.

Developing effective audio deepfake detection (ADD) models requires access to

realistic synthetic speech datasets. Yet, the majority of available datasets are concen-
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trated in high-resource languages like English and Chinese [112, 8, 108, 47, 79]. As a

result, much of the existing ADD research has focused on these languages [194]. How-

ever, models trained on such datasets often experience substantial drops in performance

when applied to out-of-domain languages [112]. This underscores the urgent need for

synthetic speech datasets in low-resource languages to improve the generalizability and

worldwide applicability of ADD systems. The demand is particularly pressing in lin-

guistically diverse countries like India, where 22 constitutionally recognized languages

are spoken by over a billion people, and nearly 75% of the population encounters some

form of deepfake content annually [64, 160].

In this chapter, we introduce IndicSynth, a large-scale multilingual synthetic speech

dataset covering 12 low-resource Indian languages. The dataset contains around 4,000

hours of synthetic audio generated from 989 target speakers (456 female and 533 male).

It is enriched with detailed metadata, including gender and speaker identifiers. To en-

hance its utility for multilingual audio deepfake detection (ADD) and anti-spoofing

research, IndicSynth is divided into two subsets: mimicry and diversity. The mimicry

subset consists of synthetic samples (audio spoofs) that closely mimic their correspond-

ing bonafide target voices. In contrast, the diversity subset offers a broader variety of

realistic synthetic voices (audio deepfakes). The dataset was generated using state-of-

the-art (SOTA) text-to-speech (TTS) and voice conversion (VC) models applied to pub-

licly available bonafide speech data. After generation, we evaluated the dataset along

multiple dimensions: we examined whether SOTA ADD models could reliably clas-

sify IndicSynth audios as synthetic, tested their linguistic authenticity using a SOTA

language identification model, and investigated whether IndicSynth’s mimicry subset

could deceive SOTA speaker verification systems through impersonation attacks. All

experiments were carried out using publicly available models to ensure reproducibility.

Summary of Chapter Contributions:

1. This chapter introduces IndicSynth, a multilingual synthetic speech dataset for 12
low-resourced Indian languages. The dataset contains about 4,000 hours of audio
from 989 target speakers (456 female and 533 male) and organizes the data into
mimicry and diversity subsets.

2. The study evaluates linguistic bias in state-of-the-art audio deepfake detection
(ADD) models and examines the vulnerability of state-of-the-art speaker verifica-
tion systems to impersonation attacks using multilingual audio spoofs. It further
investigates the utility of IndicSynth for building more generalizable ADD and
anti-spoofing models.
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3. This chapter evaluates the linguistic authenticity of IndicSynth both qualitatively
and quantitatively using t-SNE visualizations and a state-of-the-art language iden-
tification model.

2.2 Related Works

2.2.1 Audio DeepFake Detection and Anti-Spoofing

The rise of audio deepfakes and spoofing-related fraud has motivated the research

community to organize Audio DeepFake Detection (ADD) and ASVspoof challenges

[192, 193, 178, 94]. Despite these efforts, a major challenge that remains underex-

plored is the limited generalizability of ADD and anti-spoofing models across out-of-

domain scenarios [83, 195, 185, 78, 110]. Models trained on speech datasets in a single

language often experience substantial drops in accuracy when evaluated on other lan-

guages. This linguistic bias significantly limits their effectiveness in real-world appli-

cations [146, 145].

2.2.2 Lack of Datasets

To address linguistic bias in ADD and anti-spoofing systems, researchers explore do-

main adaptation and data augmentation strategies [8, 185]. However, these approaches

rely on the availability of synthetic speech datasets in the target languages. Most ex-

isting datasets, such as FakeAVCeleb, ASVspoof 2019, and ADD 2023, are primarily

in English or Chinese [193, 112, 108, 8, 79, 178]. To diversify resources, researchers

introduced the Urdu audio deepfake detection dataset with 16,830 spoofed recordings

[108], and the WaveFake dataset with 196 hours of synthetic speech in English and

Japanese [47]. Other efforts include the MLAAD and MLADDC datasets [112, 143],

though these lack crucial metadata such as gender details and target speaker identifiers.

Gender information is essential for studying demographic and gender-related biases

in ADD [188, 70, 78, 54], while speaker identifiers are vital for developing defenses

against impersonation attacks. The MADD dataset adds further diversity with 155.66

hours of synthetic audio across six languages [130]. To bridge the gap, we introduce

IndicSynth, a large-scale multilingual synthetic speech dataset that provides not only
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extensive coverage across low-resource Indian languages but also detailed gender infor-

mation and target speaker identifiers.

2.3 IndicSynth: Generation and Overview

This chapter introduces IndicSynth, a novel large-scale multilingual synthetic speech

dataset. IndicSynth comprises nearly 4,000 hours of synthetic speech across 12 low-

resource Indian languages: Bengali, Gujarati, Hindi, Kannada, Malayalam, Marathi,

Odia, Punjabi, Sanskrit, Tamil, Telugu, and Urdu, as shown in Figure 2.2. This section

outlines the process used to generate the dataset along with its statistical characteristics.
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Figure 2.2: Total duration (in hours) of synthetic male and female speech in IndicSynth
for each target language.

2.3.1 IndicSynth Generation Methodology

To create IndicSynth, we begin with the IndicSuperb dataset [64]. IndicSuperb is avail-

able under the Creative Commons CC0 (“no rights reserved”) license. The dataset

includes bonafide (real) speech recordings along with their corresponding transcripts

for the 12 target languages. Using IndicSuperb as the foundation, we apply publicly

available text-to-speech (TTS)–based voice cloning models and voice conversion (VC)

models to generate synthetic speech, as shown in Figure 2.32. TTS and VC models

are widely employed in synthetic data generation [205]. TTS models take as input

a bonafide target speech sample (vtgt) and its transcript (ttxt), and produce a synthetic

recording (vtgt
tts) as output, as defined in Equation 2.1:

vtgt
tts = TTS(ttxt, vtgt) (2.1)

2Models used for IndicSynth generation: https://github.com/coqui-ai/TTS. The com-
plete training data for these models is not disclosed.
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IndicSuperb
Transcripts Bonafide Audios

Target (vtgt)  Target (vtgt) Source (vsrc) 

ttxt

Text-to-Speech Voice Conversion

IndicSynth
Synthetic (vtgt

tts) Synthetic (vtgt
vc) 

1

"भारत में हर

 भाषा का सम्मान

 किया जाता है।"




"भारत में हर

 भाषा का सम्मान

 किया जाता है।"




"भारत में हर भाषा 

का सम्मान किया 

जाता है।"


2

3

Figure 2.3: IndicSynth’s generation methodology. Publicly available text-to-speech and
voice conversion models were applied to the IndicSuperb dataset (licensed
under CC0, ‘no rights reserved’) to create IndicSynth.

The synthetic speech generated by TTS models (vtgt
tts) articulates the transcript (ttxt)

while attempting to mimic the target speaker’s voice (vtgt). In contrast, voice conver-

sion (VC) models operate differently: they take as input a bonafide source speech sam-

ple (vsrc) along with a bonafide target speech sample (vtgt). The output is a synthetic

recording (vtgt
vc) that resembles the target speaker’s voice, as shown in Equation 2.2.

vtgt
vc = V C(vsrc, vtgt) (2.2)

The synthetic speech (vtgt
vc) articulates the speech content from the source audio

(vsrc) while attempting to mimic the target speaker’s voice (vtgt).

2.3.2 Mimicry and Diversity

IndicSynth comprises two categories of synthetic data, as outlined in Table 2.1:

1. Mimicry: The mimicry subset contains audio spoofs that closely mimic bonafide
target voices. This subset is useful for evaluating the susceptibility of speaker
verification models to impersonation attacks [108].

2. Diversity: The diversity subset contains realistic synthetic audios with low resem-
blance to target voices, resulting in greater voice variation. It can be useful for
training audio deepfake detection models to achieve better generalization across
out-of-domain languages.
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Language Model Category #Females #Male #Clips Duration (hrs)

Bengali
XTTS-v2 Mimicry 18 10 28,056 50.67
FreeVC24 Diversity 18 10 27,336 51.46
VITS Diversity 18 10 28,056 49.30

Gujarati
XTTS-v2 Mimicry 25 34 59,118 97.22
FreeVC24 Diversity 25 34 59,660 99.70

Hindi
XTTS-v2 Diversity 53 48 101,202 171.36
FreeVC24 Diversity 53 48 104,736 167.77

Kannada
XTTS-v2 Mimicry 13 43 55,611 127.44
FreeVC24 Diversity 16 43 59,412 140.89

Malayalam
XTTS-v2 Mimicry 10 7 17,034 46.35
FreeVC24 Diversity 10 7 17,094 48.61

Marathi
XTTS-v2 Mimicry 51 72 123,246 231.74
FreeVC24 Diversity 51 72 130,150 246.461

Odia
XTTS-v2 Mimicry 22 4 26,052 45.34
FreeVC24 Diversity 22 4 26,184 46.30

Punjabi
XTTS-v2 Mimicry 67 55 122,244 191.60
FreeVC24 Diversity 67 55 126,110 199.11

Sanskrit
XTTS-v2 Diversity 100 85 185,370 422.862
FreeVC24 Diversity 100 85 192,134 576.21

Tamil
XTTS-v2 Mimicry 32 106 138,276 280.42
FreeVC24 Diversity 32 106 144,036 298.42

Telugu
XTTS-v2 Mimicry 41 43 84,168 175.65
FreeVC24 Diversity 41 43 85,728 179.41

Urdu
XTTS-v2 Mimicry 21 26 47,094 72.34
FreeVC24 Diversity 21 26 47,804 73.95

Table 2.1: Statistical summary of IndicSynth, including generative model, subset type,
counts of male and female target speakers, number of audio clips, and total
synthetic audio duration (hours) for each language.

2.3.3 IndicSynth Generation

For the mimicry subset, synthetic data was generated by fine-tuning the XTTS-v2 model

on the IndicSuperb dataset for 10 target languages: Bengali, Gujarati, Kannada, Malay-

alam, Marathi, Odia, Punjabi, Tamil, Telugu, and Urdu3. Using the same bonafide

dataset (IndicSuperb) for both fine-tuning and synthetic data generation promotes close

resemblance between synthetic and target voices.

In contrast, the diversity subset was created without fine-tuning on IndicSuperb,

relying instead on direct outputs from TTS and VC models. Specifically, the publicly

available Coqui VITS model (trained on undisclosed Bengali data) was used to produce

Bengali synthetic samples for this subset [45]. Furthermore, for all 12 target languages,

synthetic data was generated with the publicly available XTTS-v2 text-to-speech model

3Code for fine-tuning XTTS-v2: https://github.com/anhnh2002/
XTTSv2-Finetuning-for-New-Languages
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and the FreeVC24 voice conversion model [45], as summarized in Table 2.1.

For IndicSynth construction, bonafide audios and transcripts were randomly sam-

pled. Additionally, when applying voice conversion, source and target speakers were

matched by gender to ensure high-quality outputs.

2.3.4 Metadata Details

IndicSynth includes separate metadata files for each generative model and target lan-

guage. For TTS-based generation, the metadata includes the target speaker ID, ID of the

bonafide reference sample, speaker gender, transcript, and ID of the generated synthetic

clip. For VC-based generation, it records the source speaker ID, ID of the bonafide

IndicSuperb source clip, target speaker ID, ID of the bonafide IndicSuperb target clip,

speaker genders, and the ID of the resulting synthetic clip. This structured metadata also

enables investigations of gender bias in multilingual audio deepfake detection (ADD)

[188, 70]. More broadly, pairing bonafide data from IndicSuperb with synthetic data

from IndicSynth supports research on multilingual ADD and anti-spoofing.

2.4 Evaluation of IndicSynth

2.4.1 IndicSynth for Audio DeepFake Detection

Audio deepfake detection (ADD) systems take a speech recording as input and classify

it as either bonafide (real) or synthetic (fake). These systems are critical for mitigating

the risks of misinformation and fake news generated through synthetic audio. Conse-

quently, there is an urgent need for ADD models that are both inclusive and capable of

generalizing to previously unseen languages. An essential step toward this goal is to

benchmark state-of-the-art (SOTA) models on datasets from such languages, which can

also reveal potential biases. To this end, we benchmark three publicly available SOTA

ADD models—Aasist, Aasist-L, and RawNet2 [72, 161]4—using IndicSynth. These

models, originally trained on the English LA partition of the ASVspoof 2019 challenge

4Aasist: https://github.com/clovaai/aasist
RawNet2: https://github.com/asvspoof-challenge/2021/tree/main/DF/

Baseline-RawNet2
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dataset [178], were evaluated on IndicSynth without any fine-tuning.

Setup: For each target language and generative model, distinct test sets were con-

structed, as shown in Table 2.2. Each set consists of 4,000 bonafide female samples,

4,000 bonafide male samples, 4,000 synthetic female samples, and 4,000 synthetic male

samples, selected randomly. The bonafide samples were sourced from IndicSuperb,

while the synthetic ones came from IndicSynth. These combined sets are referred to as

IndicSynth-IndicSuperb test sets.

EER (%)
Language G. Model Aasist Aasist-L RawNet-2

Bengali
XTTS-v2 70.125 56.150 56.737
FreeVC24 87.963 86.563 53.537
VITS 93.200 89.363 48.287

Gujarati
XTTS-v2 65.050 55.150 50.113
FreeVC24 86.163 86.888 53.425

Hindi
XTTS-v2 42.013 45.438 14.525
FreeVC24 81.775 81.913 48.513

Kannada
XTTS-v2 55.563 49.188 42.425
FreeVC24 73.30 78.950 50.874

Malayalam
XTTS-v2 67.575 55.013 46.888
FreeVC24 85.825 83.600 55.675

Marathi
XTTS-v2 56.712 52.825 48.037
FreeVC24 79.512 81.587 52.525

Odia
XTTS-v2 57.488 51.575 48.487
FreeVC24 78.888 82.975 44.350

Punjabi
XTTS-v2 57.575 52.863 47.225
FreeVC24 81.925 82.225 53.775

Sanskrit
XTTS-v2 33.438 38.775 7.95
FreeVC24 84.238 86.563 58.35

Tamil
XTTS-v2 61.725 51.188 51.650
FreeVC24 81.700 83.138 54.999

Telugu
XTTS-v2 54.275 52.700 46.275
FreeVC24 75.650 79.000 52.787

Urdu
XTTS-v2 62.763 55.363 49.250
FreeVC24 78.088 79.825 50.438

Table 2.2: Performance of audio deepfake detection (ADD) models on IndicSynth-
IndicSuperb test sets without domain adaptation. For each target language
and ADD model, the maximum Equal Error Rate (EER%) across generative
models is shown in bold. The results indicate that, in the absence of domain
adaptation, ADD models exhibit higher EER% on these test sets. Incorporat-
ing multilingual synthetic datasets like IndicSynth for training can improve
the robustness and generalizability of ADD models.

Evaluation Metric: The False Match Rate (FMR) and False Non-Match Rate

(FNMR) are commonly used for assessing biometric systems. FMR refers to the pro-

portion of synthetic audio samples that an ADD model incorrectly classifies as bonafide,
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while FNMR represents the proportion of bonafide samples that are mistakenly classi-

fied as synthetic. Both FMR and FNMR vary depending on the decision threshold. At

a specific threshold, these two error rates become equal, and this value is termed the

Equal Error Rate (EER). EER is a widely accepted evaluation metric in audio deepfake

detection [178, 94]. Accordingly, we benchmark ADD models using EER (%), where

a lower EER indicates better discrimination between bonafide and synthetic speech.

Observations: Aasist and Aasist-L reported Equal Error Rates (EER) of 0.83%

and 0.99% on the LA evaluation set of ASVspoof 2019 [72], while RawNet-2 achieved

an EER of 22.38% in the DF track of ASVspoof 2021 [94]. In contrast, as shown

in Table 2.2, these benchmark models produce much higher EERs on the IndicSynth-

IndicSuperb test sets. The elevated EER values suggest that the models struggled to

differentiate between bonafide and synthetic audio. In addition, Figure 2.4 presents the

Receiver Operating Characteristic (ROC) curves, which reveal extremely low Area Un-

der the Curve (AUC) scores for the Malayalam test set generated using XTTS-v2. Such

low AUC values further confirm the weak discriminative capacity of the models. Over-

all, these findings highlight a substantial drop in performance when benchmark ADD

models face unseen language test sets. Training on large-scale multilingual synthetic

datasets can mitigate this issue by improving model generalization [112]. Hence, Indic-

Synth can serve as a valuable resource for building more robust and generalizable ADD

systems.

Figure 2.4: Receiver Operating Characteristic (ROC) curve for the Malayalam
IndicSynth-IndicSuperb test set generated with XTTS-v2. A lower Area
Under the Curve (AUC%) reflects weaker discriminative ability of the ADD
models.

2.4.2 Linguistic Authenticity of IndicSynth

We next examine whether the synthetic speech in IndicSynth effectively preserves the

linguistic characteristics of the target languages. To this end, we constructed test sets
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of bonafide (IndicSuperb) and synthetic (IndicSynth) speech for each generative model

and language, as shown in Table 2.3. Each test set comprises 8,000 audio clips, evenly

distributed across male and female speakers. We then assess the linguistic authentic-

ity of IndicSynth by applying the publicly available VoxLingua107 ECAPA-TDNN

language identification model [170, 134] to these sets5. This model is trained on the

VoxLingua107 dataset, which covers recordings from 107 languages [171].

Language Source Accuracy ∆ Accuracy (%)

Bengali

Bonafide 89.925 -
XTTS-v2 89.763 −0.162
FreeVC24 90.338 +0.413
VITS 98.425 +8.500

Gujarati
Bonafide 98.612 -
XTTS-v2 96.762 −1.850
FreeVC24 96.475 −2.137

Hindi
Bonafide 92.250 -
XTTS-v2 86.175 −6.075
FreeVC24 85.525 −6.725

Kannada
Bonafide 88.550 -
XTTS-v2 84.800 −3.750
FreeVC24 85.638 −2.912

Malayalam
Bonafide 97.425 -
XTTS-v2 96.200 −1.225
FreeVC24 96.362 −1.063

Marathi
Bonafide 94.900 -
XTTS-v2 89.725 −5.175
FreeVC24 89.950 −4.950

Punjabi
Bonafide 78.388 -
XTTS-v2 66.600 −11.788
FreeVC24 65.938 −12.450

Sanskrit
Bonafide 41.350 -
XTTS-v2 9.050 −32.300
FreeVC24 9.175 −32.175

Tamil
Bonafide 97.500 -
XTTS-v2 94.500 −3.000
FreeVC24 94.812 −2.688

Telugu
Bonafide 98.625 -
XTTS-v2 96.100 −2.525
FreeVC24 95.638 −2.987

Urdu
Bonafide 39.900 -
XTTS-v2 33.975 −5.925
FreeVC24 33.763 −6.137

Table 2.3: Language identification results. We evaluate IndicSynth’s linguistic authen-
ticity by running language identification model through various test sets for
each generative model and target language (except Odia). We observe above
80% accuracy in most test sets.

5Language identification model: https://huggingface.co/speechbrain/
lang-id-voxlingua107-ecapa
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Observations: Table 2.3 reports the accuracy of the language identification model

across the test sets. Most sets achieve over 80% accuracy. We further analyze the differ-

ence between bonafide and synthetic test sets, defined as ∆ Accuracy% = Accuracysynthetic

− Accuracybonafide. For the majority of languages, this accuracy drop remains below

10%. Notably, Bengali synthetic speech generated by FreeVC24 and VITS attains

higher accuracy than bonafide speech, suggesting that these models were trained on

diverse Bengali datasets.

Qualitative evaluation: The VoxLingua107 ECAPA-TDNN spoken language iden-

tification model does not include Odia among its supported languages, though it has

been trained on 107 languages. Consequently, its embeddings are still expected to cap-

ture relevant linguistic traits. To assess this, we extracted 256-dimensional language

identification embeddings from the Odia test sets and applied t-SNE with a perplexity

of 40 [108], as shown in Figure 2.5. The visualization reveals no clear distinction be-

tween bonafide (IndicSuperb) and synthetic (IndicSynth) embeddings, suggesting that

the IndicSynth-Odia subset successfully reflects the linguistic characteristics of Odia.

Figure 2.5: t-SNE visualization of bonafide (IndicSuperb) and synthetic (IndicSynth)
Odia data. The plot suggests that the IndicSynth-Odia subset successfully
preserves the linguistic characteristics of Odia.

2.4.3 Utility of the Mimicry Subset

Speaker verification (SV) systems take two speech recordings as input and determine

whether they belong to the same speaker. Each input pair is referred to as a trial

pair. These systems play an important role in domains such as forensics, business,

e-commerce, and access control. However, advances in voice cloning technologies

make it possible to create synthetic speech that closely imitates a target speaker’s voice.

Such synthetic recordings, often termed audio spoofs, can be exploited to bypass SV

systems and carry out impersonation attacks. To counter this, fine-tuning SV models

on multilingual synthetic speech datasets can improve their robustness and generaliz-

ability against previously unseen spoofs. Motivated by this hypothesis, our experiment
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investigates the usefulness of IndicSynth’s mimicry subset in strengthening SV models.

Specifically, we test whether synthetic audios from this subset are capable of deceiving

three widely used state-of-the-art (SOTA) SV models: ECAPA-TDNN, X-Vector, and

ResNet TDNN [38, 152, 174]6.

Methodology: Speaker verification test sets were constructed as shown in Table 2.4.

Each set consists of 20,000 randomly generated trial pairs, evenly split between posi-

tives and negatives. A positive trial pair includes two bonafide (IndicSuperb) recordings

of the same target speaker, X , while a negative trial pair includes a bonafide (IndicSu-

perb) recording of X with a synthetic (IndicSynth) recording of the same speaker (X).

Since both male and female speakers contribute equally, these are referred to as com-

bined test sets. Each combined set contains 5,000 bonafide female pairs, 5,000 bonafide

male pairs, 5,000 synthetic female pairs, and 5,000 synthetic male pairs. To further an-

alyze gender-specific performance of speaker verification systems under impersonation

attacks, separate male-only and female-only test sets were also derived from the com-

bined set.

Evaluation Metric: The mimicry subset is evaluated using EER. A higher EER

suggests that the speaker verification model faced difficulty in distinguishing positive

from negative trial pairs. This, in turn, indicates that the synthetic speech recordings in

negative pairs closely resemble the target speaker’s bonafide voice samples.

Observations: State-of-the-art speaker verification models typically report EERs

below 10% on unseen language test sets [5, 181, 99]. In contrast, as shown in Table 2.4,

the combined test sets from IndicSynth yield much higher EERs, ranging from 21.470%

to 43.639%. Such elevated error rates suggest that the mimicry subset of IndicSynth

produces speech that closely resembles the bonafide (IndicSuperb) target voices.

A comparison of male and female speaker test sets further highlights language-

specific trends. For Bengali, Malayalam, and Telugu, EERs are similar across genders.

In Kannada, however, female test sets consistently exhibit higher EERs than male sets,

with absolute differences of 2.68% to 6.28% across verification models. This suggests

that Kannada female voices in IndicSynth more closely resemble their target speakers

6ECAPA-TDNN:https://huggingface.co/speechbrain/
spkrec-ecapa-voxceleb
X-Vector:https://huggingface.co/speechbrain/spkrec-xvect-voxceleb
ResNet TDNN: https://huggingface.co/speechbrain/spkrec-resnet-voxceleb
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Language SV Model Female Test Set Male Test Set Combined Test Set

Bengali
ECAPA-TDNN 31.580 29.180 31.110
ResNet TDNN 23.960 22.960 25.160
X-Vector 43.860 44.520 43.639

Gujarati
ECAPA-TDNN 23.280 34.440 28.880
ResNet TDNN 18.520 30.560 24.730
X-Vector 31.040 32.640 32.200

Kannada
ECAPA-TDNN 25.880 22.700 24.360
ResNet TDNN 22.740 20.060 21.470
X-Vector 35.020 28.740 31.770

Malayalam
ECAPA-TDNN 30.140 33.680 32.070
ResNet TDNN 30.700 31.480 31.170
X-Vector 38.460 38.240 38.520

Marathi
ECAPA-TDNN 20.620 28.820 24.710
ResNet TDNN 17.680 25.140 21.600
X-Vector 28.260 31.160 31.080

Odia
ECAPA-TDNN 29.300 36.800 32.940
ResNet TDNN 23.580 21.420 25.680
X-Vector 33.440 48.100 42.450

Punjabi
ECAPA-TDNN 25.800 33.420 29.610
ResNet TDNN 23.360 30.640 27.050
X-Vector 32.330 36.160 34.350

Tamil
ECAPA-TDNN 20.160 27.760 23.840
ResNet TDNN 17.820 25.500 21.540
X-Vector 28.280 31.860 30.070

Telugu
ECAPA-TDNN 26.380 27.500 26.930
ResNet TDNN 23.320 25.140 24.550
X-Vector 31.760 32.120 32.180

Table 2.4: Equal Error Rates (EER%) of state-of-the-art speaker verification models
under impersonation attacks using IndicSynth. Negative trial pairs consist
of synthetic speech from the mimicry subset and bonafide speech of the tar-
get speakers from IndicSuperb. The elevated EER values highlight that the
mimicry subset effectively resembles target voices, underscoring its utility
for strengthening SV model robustness.

than Kannada male voices. Conversely, for Gujarati, Marathi, Odia, Punjabi, and Tamil,

male test sets show higher EERs than female ones, indicating that male voices in these

languages achieve closer mimicry of target speakers.

Qualitative Evaluation: To complement the quantitative results, we examined the

similarity between bonafide (IndicSuperb) samples and IndicSynth’s mimicry subset

using t-SNE visualizations. Figures 2.6 and 2.7 show the t-SNE plots for Odia female

and male speakers. For each case, we randomly selected 500 bonafide and 500 synthetic

clips corresponding to the same target speakers. We then generated t-SNE plots with

a perplexity value of 40, using 80-dimensional Mel-Frequency Cepstral Coefficients

(MFCC) features [108]. MFCCs are speech features inspired by the human auditory
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Figure 2.6: The t-SNE visualization of bonafide (IndicSuperb) Odia and IndicSynth’s
mimicry subset for female speakers illustrates the close proximity between
bonafide and synthetic audio samples.

Figure 2.7: The t-SNE visualization of bonafide (IndicSuperb) Odia and IndicSynth’s
mimicry subset for male speakers illustrates the close proximity between
bonafide and synthetic audio samples.

system. In these plots, the close proximity of bonafide and synthetic embeddings shows

that the mimicry subset effectively replicates the target voices.

2.5 Discussion

This section outlines our motivation for creating the mimicry and diversity subsets in

IndicSynth and highlights their potential applications based on experimental results.

2.5.1 Mimicry Subset Rationale

The mimicry subset contains synthetic voices that closely resemble the bonafide voices

of target speakers. Such synthetic audios, often termed audio spoofs, can deceive

speaker verification systems, enabling impersonation attacks. As demonstrated in Sec-

tion 2.4.3, state-of-the-art speaker verification systems are vulnerable to these multilin-

gual audio spoofs, underscoring the value of the mimicry subset for developing multi-

lingual anti-spoofing solutions.
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2.5.2 Need for a Diversity Subset

Synthetic speech is also widely misused for spreading misinformation, where the gen-

erated voices usually do not imitate specific individuals. Instead, misinformation cam-

paigns often rely on a variety of synthetic voices. Training audio deepfake detection

(ADD) models on such diverse voices is essential to improve their robustness. How-

ever, the mimicry subset is limited in diversity since it only covers voices derived from

IndicSuperb speakers. To address this, we introduced the diversity subset, which ex-

tends IndicSynth with a broader range of synthetic voices beyond speaker mimicry.

Table 2.1 summarizes both subsets.

2.5.3 Utility of the Diversity Subset

As discussed in Section 2.4.1, we benchmarked three state-of-the-art ADD models on

IndicSynth (including both mimicry and diversity subsets) without domain adaptation.

While these models achieve low Equal Error Rates (EERs) on ASVSpoof challenge

datasets, their performance dropped significantly on IndicSynth, as evidenced by higher

EERs and lower AUC scores (Table 2.2, Figure 2.4). Similar findings were reported by

Munir et al. [108] for Urdu. These results highlight the poor generalizability of exist-

ing ADD systems to out-of-domain languages and emphasize the need for multilingual

training. Combining bonafide IndicSuperb data with synthetic IndicSynth data (both

mimicry and diversity subsets) can therefore provide a valuable resource for building

robust, multilingual audio deepfake detection systems.

2.6 Conclusions and Future Work

This chapter presents IndicSynth, a large-scale multilingual synthetic speech dataset de-

signed to advance research in multilingual audio deepfake detection and anti-spoofing.

The dataset comprises approximately 4,000 hours of synthetic audio from 989 target

speakers (456 female and 533 male) across 12 low-resource Indian languages. It also

provides comprehensive metadata, including speaker identifiers and gender informa-

tion, enabling studies on gender-related biases in audio deepfake detection and anti-

spoofing.
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IndicSynth is organized into mimicry and diversity subsets. The mimicry subset

contains synthetic recordings (audio spoofs) that closely mimic bonafide target voices,

while the diversity subset offers a broad range of realistic synthetic voices (audio deep-

fakes). Experimental results demonstrate that mimicry audios can successfully deceive

state-of-the-art (SOTA) speaker verification systems, highlighting vulnerabilities to im-

personation attacks. Similarly, SOTA audio deepfake detection models show limited

performance on Indian language test sets. Both quantitative and qualitative evaluations

using a SOTA language identification model confirm the linguistic authenticity of the

dataset. These findings establish IndicSynth as a valuable resource for mitigating im-

personation attacks and supporting robust multilingual audio deepfake detection.

This work opens several avenues for future research on linguistic biases in audio

deepfake detection and anti-spoofing. For example, IndicSynth can be utilized to inves-

tigate the relatively underexplored issue of gender bias in multilingual audio deepfake

detection, as well as to develop defenses against impersonation attacks involving multi-

lingual spoofing. Furthermore, comprehensive human evaluations involving proficient

speakers of the IndicSynth languages can be conducted to assess the dataset’s suitability

for automatic speech recognition (ASR). If found appropriate, the dataset may subse-

quently be explored for training ASR models. The dataset is released under the CC

BY-NC 4.0 license.

2.7 Limitations

This chapter presents IndicSynth, a large-scale multilingual synthetic speech dataset

designed to support research in multilingual audio deepfake detection and anti-spoofing.

We acknowledge the following limitations:

Scope of IndicSynth and Experimental Coverage: IndicSynth currently includes

synthetic speech recordings for 12 languages, and the mimicry subsets for Hindi and

Sanskrit are not available. Future extensions could incorporate additional low-resource

languages and more voice cloning models to broaden the dataset. Furthermore, our

evaluations were conducted on sample test sets. While these results should reflect the

overall quality of IndicSynth, more extensive evaluations could provide deeper insights.

Lack of User Study: Ideally, the naturalness of synthetic speech should be assessed
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via a user study, with participants fluent in the target languages. However, for large-

scale multilingual datasets like IndicSynth, recruiting participants proficient in low-

resource languages is challenging. To meet the objectives of this study, we instead

conducted experimental evaluations using state-of-the-art speaker verification models,

audio deepfake detection models, and a language identification model.

The difficulty in recruiting participants familiar with low-resource languages is

not unique to IndicSynth; it is a common challenge in the creation of multilingual

datasets for social good. Nevertheless, with over 7,000 languages globally and increas-

ing cases of deepfake-related misuse, there is an urgent need for multilingual synthetic

datasets. The absence of user studies should not delay the release of such resources.

Researchers with computational access can contribute by developing additional multi-

lingual datasets, while collaborators with access to native speakers can later conduct

user studies to evaluate human perception of synthetic speech.

Despite these limitations, the scarcity of multilingual synthetic speech datasets makes

IndicSynth a valuable resource for advancing research in multilingual audio deepfake

detection and anti-spoofing.

2.8 Ethical Considerations

Synthetic speech datasets play a crucial role in advancing research on audio deepfake

detection and anti-spoofing. At the same time, we acknowledge that such datasets

could potentially be misused to improve audio deepfake generation by malicious users.

Hence, careful and responsible handling of these resources is essential. To this end,

IndicSynth is released under the CC BY-NC 4.0 license, which prohibits commercial

use. IndicSynth is built from the publicly available IndicSuperb dataset, which is li-

censed under CC0 (“no rights reserved”), allowing unrestricted reuse, modification,

and enhancement. We strongly encourage the research community to utilize IndicSynth

for socially beneficial purposes and to further the study of multilingual audio deepfake

detection and anti-spoofing. Beyond its immediate utility, IndicSynth opens new av-

enues for research into linguistic and gender biases in audio deepfake detection and

anti-spoofing. It can also support the development of defenses against multilingual

spoofing attacks. The dataset is released under the CC BY-NC 4.0 license.
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CHAPTER 3

Human Perception of IndicSynth Speech

High-quality synthetic speech technologies, including text-to-speech and voice conver-

sion systems, generate audio that closely resembles human voices, which can be ex-

ploited for fraud, impersonation, and misinformation. This creates a pressing need for

robust multilingual audio deepfake detection (ADD) and anti-spoofing systems. Chap-

ter 2 introduced IndicSynth, a multilingual synthetic speech dataset covering 12 low-

resource Indian languages. This chapter investigates human perception of IndicSynth

audios to assess their naturalness, examine how convincingly the mimicry subset can

imitate voices of target speakers, and determine whether the dataset presents a valuable

resource for multilingual ADD and anti-spoofing research. We conduct a large-scale

user study with 93 participants proficient in different Indic languages to evaluate the

perceived naturalness of synthetic speech, human ability to identify bonafide record-

ings among collections of bonafide and synthetic audios, and the perceptual similarity

of mimicry audios to target voices. The results indicate that IndicSynth audios ap-

pear highly natural (human-like), challenging to distinguish from real speech, and often

capture recognizable speaker characteristics, highlighting IndicSynth’s relevance for

multilingual audio deepfake detection and anti-spoofing research.

3.1 Introduction

High-quality synthetic speech technologies, including text-to-speech (TTS) and voice

conversion (VC) systems, increasingly generate audio that closely mimics human voices

[8]. While these advances enable applications in assistive communication, media, and

entertainment, they also amplify risks: audio deepfakes can mislead human listeners,

spread misinformation, or trigger public panic, while audio spoofs can impersonate in-

dividuals and bypass speaker verification systems, enabling identity theft and fraud, as

illustrated in Figure 3.1 [78, 112]. These threats are particularly concerning in linguisti-

cally diverse countries like India, where numerous low-resource languages coexist and



exposure to deepfakes is rising [64, 160]. Robust multilingual audio deepfake detec-

tion (ADD) and anti-spoofing systems are essential to counter these risks, but existing

models often exhibit linguistic bias, performing poorly on out-of-domain languages

[146, 145]. Developing such models requires large-scale, linguistically diverse syn-

thetic speech datasets.

Figure 3.1: Audio deepfakes are synthetic speech recordings that sound convincingly
real and can be exploited to mislead people or spread fake news, potentially
causing public panic. Similarly, audio spoofs mimic a specific speaker’s
voice and can be misused to bypass speaker verification systems, causing
impersonation and identity theft.

IndicSynth, introduced in Chapter 2, addresses this need by providing a multilin-

gual synthetic speech dataset spanning 12 low-resource Indian languages. Before us-

ing IndicSynth to develop or evaluate ADD and anti-spoofing systems, it is crucial to

understand how humans perceive the naturalness and authenticity of its synthetic au-

dios. Human perception studies provide insights into the realism of generated speech,

reveal potential vulnerabilities in speaker impersonation, and complement automated

evaluations of ADD and speaker verification (SV) systems. This chapter conducts a

comprehensive user study to examine whether humans can distinguish synthetic from

bonafide speech, assess the naturalness of synthetic audios, and evaluate the perceptual

similarity of mimicry recordings to their target speakers.

Summary of Chapter Contributions:

1. Conduct a large-scale user study involving 93 participants to evaluate human per-
ception of IndicSynth audios across multiple low-resource Indian languages.

2. Measure participants’ ability to distinguish bonafide versus synthetic speech and
their perceived naturalness of synthetic audios using mean opinion scores (MOS).

3. Assess the perceived similarity between synthetic audios in the mimicry subset
and their corresponding bonafide target voices, providing insights into speaker-
specific characteristics.
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3.2 Participant Recruitment

To conduct the user study, we recruited participants through a Google Form that out-

lined the purpose of the study, duration, tasks involved, incentive, and data usage policy.

Participants were informed that the study aimed to evaluate the naturalness and authen-

ticity of synthetic speech recordings. Each session lasted approximately 30 minutes,

during which participants listened to audio clips and completed classification and rat-

ing tasks. Participation was voluntary, and all responses were anonymized and used

solely for research purposes. An honorarium in the form of Amazon gift cards was

provided as compensation. In line with ethical requirements, informed consent was

obtained electronically from each participant. The study protocol was reviewed and

approved by the Institutional Review Board (IRB).

The Google Form also collected basic participant information, including language

proficiency and preferred time slots for participation. This enabled us to schedule ses-

sions according to participant availability. Recruitment was carried out through email

invitations, inviting participants to take part in one or two sessions. Participants who

completed a single session received an honorarium of INR 150, while those who com-

pleted two sessions received INR 250. A short break of approximately 10 minutes was

provided between the two sessions.

Language # Participants
Bengali 5
Gujarati 4
Hindi 70
Kannada 1
Malayalam 8
Marathi 3
Odia 6
Punjabi 19
Sanskrit 2
Tamil 10
Telugu 2
Urdu 12
Total 93

Table 3.1: Participant demographics by language proficiency.

In total, 93 participants took part in the study. Some of them are proficient in

multiple languages. Table 3.1 summarizes the distribution of participants across lan-

guages. Although Hindi (70) and Punjabi (19) speakers formed the majority, the study
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also included participants proficient in other Indic languages such as Bengali, Gujarati,

Malayalam, Marathi, Odia, Sanskrit, Tamil, Telugu, and Urdu, thereby ensuring a lin-

guistically diverse evaluation.

3.3 Experimental Setup

The study involved three tasks, summarized below:

3.3.1 Task 1: Evaluating the Naturalness of Synthetic Speech

The first task aimed to assess the perceived naturalness of IndicSynth audio recordings.

For each target language, we selected a total of 12 speech clips, comprising: three

synthetic female audios, three synthetic male audios, three bonafide male audios, and

three bonafide female audios. Participants were provided the test sets of only those

languages in which they were proficient. Each clip had a duration of approximately

5–10 seconds. Bonafide samples were randomly selected from the IndicSuperb dataset,

while synthetic samples were drawn from IndicSynth.

Participants were instructed to listen to each clip and respond to the following ques-

tions:

1. Determine whether the speech recording is real or synthetic.

2. Rate the naturalness of the audio on a 5-point Likert scale:
• 1 – Completely unnatural (robotic or artificial)

• 2 – Somewhat unnatural (noticeably synthetic)

• 3 – Neutral (neither clearly natural nor unnatural)

• 4 – Mostly natural (minor unnatural elements)

• 5 – Completely natural (like genuine human speech)

Participants were allowed to replay each audio clip multiple times to form their

judgments. This task provided quantitative measures of human-perceived naturalness,

which were later analyzed using mean opinion scores (MOS) and classification accu-

racy. Participant responses were recorded through Google forms.
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3.3.2 Task 2: Identifying Bonafide Audio

The second task aimed to evaluate participants’ ability to identify bonafide speech

among synthetic recordings. Unlike Task 1, which focused only on languages in which

participants were proficient, Task 2 covered all twelve IndicSynth languages. For each

language, participants were presented with one question comprising three audio clips:

one generated using FreeVC24, one using XTTS-v2, and one bonafide clip from Indic-

Superb. Additionally, for the Bengali question, a fourth clip generated using VITS was

also included.

Participants were instructed to listen carefully to each set of audio clips and identify

the bonafide clip. Responses were collected via Google Forms. The average accuracy

across participants was subsequently computed and reported in the experimental results.

A total of 93 participants participated in Task 2.

3.3.3 Task 3: Similarity Rating of Mimicry Audios

This task aimed to evaluate how closely the synthetic audios in the IndicSynth mimicry

subset resemble the bonafide target voices from IndicSuperb. Due to the intensive na-

ture of the task, which required participants to carefully listen and compare paired au-

dio clips, this experiment was conducted on a representative subset of four IndicSynth

languages: Bengali, Gujarati, Kannada, and Odia. These languages were randomly se-

lected to cover diverse linguistic families, providing a meaningful evaluation of mimicry

quality without overburdening participants.

For each language in the subset, two examples were selected: one corresponding to

a male speaker and one to a female speaker. Each example included two audio clips:

the original bonafide recording of the target speaker and the corresponding synthetic

recording from the IndicSynth mimicry subset.

Participants were instructed to listen to both audio clips for each example and rate

the similarity of the synthetic voice to the original speaker’s voice on a scale of 1 to 5:

• 1: Completely dissimilar (no resemblance to the target speaker)

• 2: Somewhat dissimilar (few similarities but mostly different)

• 3: Neutral (equal mix of similarities and differences)
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• 4: Mostly similar (closely resembles the target speaker)

• 5: Very similar (indistinguishable from the target speaker)

A total of 92 participants completed this task. The similarity ratings collected from

this representative subset provide reliable insights into the human-perceived mimicry

quality of IndicSynth audios.

3.4 Experiments and Results

3.4.1 Task 1: Real vs. Synthetic Classification

The goal of this experiment is to examine whether human listeners can reliably distin-

guish between bonafide and synthetic speech. As explained in Section 3.3.1, partici-

pants listened to a balanced set of real and generated clips in their proficient languages

and completed both a binary classification and a naturalness rating task.

We presented each participant with 12 clips per language, spanning male and female

speakers from both real and synthetic sources. We collected two types of responses: (i)

binary classification for authenticity, and (ii) a naturalness score on a 5-point Likert

scale. Accuracy served as a direct indicator of human ability to detect synthetic speech,

while MOS captured the perceptual realism of both real and synthetic audios. These

two metrics complement each other: accuracy measures detection ability, whereas MOS

measures naturalness score.

Observations. As illustrated in the Table 3.2, the average classification accuracy

across all languages and models was 53.96%, which indicates random guessing in clas-

sification. This result shows that the participants struggled to accurately detect the syn-

thetic audios. Accuracy varied across languages: Hindi (67.5%) and Odia (62.5%) were

comparatively higher, while Marathi (36.1%) and Kannada (41.7%) were much lower.

XTTS-v2 generally achieved slightly higher accuracies than FreeVC24, except in a few

languages such as Marathi and Punjabi where FreeVC24 outperformed XTTS-v2.

MOS scores illustrated in the Table 3.3 reveal a similar trend. The average MOS

for real clips and synthetic clips are mostly very close, with differences typically below

one point. This indicates that participants found synthetic clips nearly as natural as
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Language Model Accuracy (%)
Bengali XTTS-v2 58.333
Bengali VITS 61.667
Bengali FreeVC24 40.000
Gujarati XTTS-v2 56.250
Gujarati FreeVC24 43.750
Hindi XTTS-v2 67.500
Hindi FreeVC24 58.214
Kannada XTTS-v2 41.667
Kannada FreeVC24 50.000
Malayalam XTTS-v2 44.792
Malayalam FreeVC24 53.125
Marathi XTTS-v2 36.111
Marathi FreeVC24 58.333
Odia XTTS-v2 62.500
Odia FreeVC24 61.111
Punjabi XTTS-v2 53.947
Punjabi FreeVC24 61.403
Sanskrit XTTS-v2 62.500
Sanskrit FreeVC24 54.167
Tamil XTTS-v2 55.833
Tamil FreeVC24 52.500
Telugu XTTS-v2 58.333
Telugu FreeVC24 54.167
Urdu XTTS-v2 56.944
Urdu FreeVC24 45.833
Average - 53.959

Table 3.2: Average participant accuracy (%) in the audio deepfake detection task across
languages and synthesis models. For each language, the row with the lowest
average accuracy is highlighted.

real ones. Among the models, FreeVC24 consistently produced synthetic audios whose

MOS scores were closest to the bonafide clips, highlighting that FreeVC24 generates

highly realistic synthetic audios. In some languages such as Bengali, Gujarati, and

Urdu for FreeVC24, the MOS of synthetic clips even exceeded that of the real clips.

A similar reversal occurred for Kannada, Malayalam, and Marathi in XTTS-v2. These

cases suggest that IndicSynth’s synthetic clips occasionally sounded more realistic than

original recordings.

Key Insights: We summarize our key insights from this experiment below:

1. Human listeners found it difficult to differentiate between synthetic and bonafide
clips, as reflected in near-random classification accuracy.

2. The small MOS gap between real and synthetic clips shows that IndicSynth au-
dios sound convincingly natural across languages.

3. FreeVC24 generated more realistic audios than XTTS-v2 for most languages,
often producing MOS scores indistinguishable from real speech.
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Language Model Avg. MOS:
Real Clips

Avg. MOS:
Synthetic Clips

MOS Difference
(Real − Fake)

Bengali XTTS-v2 3.467 3.233 0.234
Bengali VITS 3.067 2.267 0.800
Bengali FreeVC24 2.900 3.500 -0.600
Gujarati XTTS-v2 3.292 3.250 0.042
Gujarati FreeVC24 2.417 2.792 -0.375
Hindi XTTS-v2 3.762 2.876 0.496
Hindi FreeVC24 3.511 3.102 0.409
Kannada XTTS-v2 2.667 3.500 -0.833
Kannada FreeVC24 3.667 3.333 0.334
Malayalam XTTS-v2 2.750 2.917 -0.167
Malayalam FreeVC24 2.938 2.854 0.084
Marathi XTTS-v2 3.500 4.222 -0.722
Marathi FreeVC24 3.833 3.333 0.500
Odia XTTS-v2 4.028 3.250 0.778
Odia FreeVC24 4.056 3.611 0.445
Punjabi XTTS-v2 3.421 3.184 0.237
Punjabi FreeVC24 3.421 2.859 0.562
Sanskrit XTTS-v2 3.583 3.333 0.250
Sanskrit FreeVC24 3.333 3.083 0.250
Tamil XTTS-v2 3.317 2.933 0.384
Tamil FreeVC24 3.383 3.367 0.016
Telugu XTTS-v2 3.167 2.333 0.834
Telugu FreeVC24 3.083 2.667 0.416
Urdu XTTS-v2 3.403 3.056 0.347
Urdu FreeVC24 2.917 3.250 -0.333
Average - 3.315 3.124 0.191

Table 3.3: Average naturalness score indicated through MOS on a Likert scale. Higher
score indicates higher naturalness of audio clips as perceived by humans.
For each language, cell with the least MOS difference is highlighted in Blue.
Rows with a negative MOS difference are highlighted in Red.

4. In some cases, synthetic clips outscored real ones on MOS. The presence of oc-
casional disfluencies in generated speech contributed to its human-like quality,
making it appear natural to listeners despite being synthetic.

5. The results emphasize both the strength and risk of modern generative models:
while they enable realistic multilingual synthesis, they also increase the challenge
of reliable human and machine detection, leading to a threat of audio deepfake-
related frauds.

3.4.2 Experiment 2: Identifying Bonafide Audio

The goal of this experiment is to evaluate whether participants can reliably identify

bonafide recordings when presented alongside synthetic audios generated by different

speech synthesis models. This task directly reflects the perceptual difficulty of distin-
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guishing authentic speech from deepfakes.

As described in Section 3.3.2, each participant was presented with 12 multiple-

choice questions, one for each IndicSynth language. Each question contained one

bonafide clip from IndicSuperb and corresponding synthetic clips generated by FreeVC24

and XTTS-v2 (with an additional VITS clip for Bengali). Participants were instructed

to select the bonafide clip in each case. A total of 93 participants completed this task.

Observations. We computed the accuracy of each participant over 12 questions

and then averaged across all participants. The overall average accuracy was found to

be 42.83%, which is close to random guess, highlighting the high perceptual realism of

the IndicSynth speech samples and the challenges posed in bonafide identification.

3.4.3 Task 3: Similarity Rating of Mimicry Audios

The aim of this experiment is to evaluate the perceived similarity between synthetic

audios in the IndicSynth mimicry subset and the corresponding bonafide target voices.

This task helps quantify how closely synthetic speech captures speaker-specific charac-

teristics from real recordings.

As described in Section 3.3.3, participants listened to paired audio clips—one bonafide

and one synthetic—from a representative subset of four IndicSynth languages: Bengali,

Gujarati, Kannada, and Odia. Each participant rated the similarity of the synthetic voice

to the original speaker on a 1–5 Likert scale. A total of 92 participants completed this

task, and the ratings were averaged per language to compute the mean opinion score

(MOS).

Observations. Table 3.4 reports the average MOS for each language. All lan-

guages scored above 3, with Bengali and Gujarati at 3.35 and 3.33, Kannada slightly

higher at 3.51, and Odia at 3.07. These consistently above-neutral scores indicate that

participants clearly noticed similarities between the synthetic audios and the original

speakers’ voices. This demonstrates that IndicSynth’s mimicry subset effectively cap-

tures speaker-specific characteristics, producing synthetic speech that is perceptually

close to the target voices.

Key Insights:
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Language Average MOS
Bengali 3.348
Gujarati 3.326
Kannada 3.511
Odia 3.065
Average 3.312

Table 3.4: Mean opinion scores (MOS) indicating perceived similarity between syn-
thetic and original voices for the mimicry subset.

1. The MOS scores above 3 indicate that participants perceived a moderate similar-
ity between synthetic voices and the bonafide voice recordings of original speak-
ers, suggesting that the mimicry subset captures recognizable speaker character-
istics.

2. Higher similarity scores for Kannada suggest relatively closer speaker modeling,
while slightly lower scores for Odia reflect perceptible differences, though still
above neutral.

3. These findings highlight the utility of IndicSynth’s mimicry subset for anti-spoofing
research, as it provides synthetic voices that are decently similar to real voices to
test the robustness of speaker verification and audio deepfake detection systems.

3.5 Conclusions and Future Work

This chapter describes the comprehensive user study that was conducted to evaluate

human perception of synthetic speech present in IndicSynth. The study was conducted

with a total of 93 human participants. Participants performed tasks involving natu-

ralness ratings, real versus synthetic classification, bonafide audio identification, and

similarity assessment of mimicry audios across multiple Indic languages. The study re-

vealed that human listeners generally struggled to reliably distinguish synthetic speech

from bonafide recordings, with classification accuracies close to random guessing. Mean

opinion scores further indicated that synthetic audios were perceived as nearly as natu-

ral as real speech, and in some cases even more so, particularly when generation-related

disfluencies contributed to human-like qualities. The similarity ratings in the mimicry

subset demonstrated that synthetic voices effectively capture speaker-specific charac-

teristics.

These findings highlight both the potential and the risks associated with high-quality

synthetic speech. The high naturalness of synthetic audios increases the likelihood of

audio deepfake–related fraud, while the strong similarity between bonafide and syn-
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thetic audios amplifies the threat of spoofing attacks. Addressing these risks requires

robust multilingual audio deepfake detection and anti-spoofing systems. Large-scale,

linguistically diverse synthetic speech datasets are essential for training such systems,

and IndicSynth provides a valuable resource for multilingual anti-spoofing and audio

deepfake detection research.

Future work can expand the scope of the study to include a larger and more diverse

participant pool, additional languages, and a wider range of synthesis models. Incorpo-

rating more extensive evaluation metrics that could provide deeper insights into human

perception of synthetic speech. Longitudinal studies investigating listener adaptation to

synthetic voices, as well as strategies for improving detection robustness in real-world

scenarios, would further enhance the practical utility of the dataset.

3.6 Limitations

Despite the insights gained from the user study, several limitations constrain the gener-

alizability of the findings. First, the participant pool, while linguistically diverse, was

heavily skewed toward Hindi and Punjabi speakers, resulting in limited representation

for other Indic languages. Consequently, the results may not fully capture perceptions

across all low-resource languages included in IndicSynth. Second, participants’ flu-

ency in the tested languages was self-reported, which may have introduced variability

in comprehension and perceptual judgments. Third, the scale of the study was con-

strained by practical considerations, with each participant evaluating only a subset of

the total audio clips.

39



CHAPTER 4

Cross-Task Profiling of Speech Datasets

The growing demand for inclusive speech technologies has amplified the need for mul-

tilingual datasets for research. To address this need, Chapter 2 introduced IndicSynth,

and Chapter 3 illustrated human perception of the dataset. While IndicSynth is de-

signed specifically for multilingual audio deepfake detection and anti-spoofing tasks,

several other speech-based tasks continue to remain underserved due to resource limi-

tations. Furthermore, limited awareness of existing task-specific datasets continues to

hinder research progress, particularly in linguistically diverse countries such as India.

One promising strategy to address this challenge is cross-task profiling, which involves

evaluating the usability of existing datasets across multiple downstream tasks, rather

than restricting them to their originally intended scope. While most surveys catalog

available datasets, the cross-task utility of these datasets remains underexplored.

To fill this gap, this chapter introduces Task-Lens1, a cross-task profiling framework

that assigns a task-specific utility score to quantify the relevance of a dataset for vari-

ous speech processing tasks. Task-Lens is applied to evaluate the utility of 34 publicly

available Indian speech datasets covering 26 languages across eight downstream tasks:

Automatic Speech Recognition (ASR), Audio Deepfake Detection (ADD), Emotion

Recognition, Gender Recognition, Language Identification (LID), Multilingual Text-

to-Speech (TTS), Monolingual TTS, and Speaker Verification/Identification. This eval-

uation includes IndicSynth, allowing us to further investigate its potential utility across

tasks beyond its original design for ADD and anti-spoofing research.

This chapter presents our findings on the usability of these datasets across tasks,

identifies areas for improvement to enhance their utility, and highlights downstream

tasks that remain critically under-resourced. The insights aim to assist researchers in

finding relevant datasets for their research problems and guiding future data develop-

ment efforts, ultimately supporting the creation of multilingual speech datasets that are

broadly applicable across diverse tasks.
1Part of this chapter has been accepted for publication at LREC 2026:

Swati Sharma, Divya V. Sharma, Anubha Gupta. 2025. Task-Lens: Cross-Task Utility Based Speech
Dataset Profiling for Low-Resource Indian Languages.



4.1 Introduction

The growing demand for inclusive speech technologies has intensified the need for mul-

tilingual datasets to support research in Natural Language Processing (NLP). However,

most publicly available speech datasets are predominantly English-centric, which re-

stricts progress in developing speech technologies for low-resource languages. While

multilingual speech models aim to improve inclusivity, they frequently underperform

and exhibit linguistic biases, particularly when evaluated on underrepresented languages

[186]. This underscores the critical need for task-specific datasets in low-resource set-

tings.

In addition to creating new datasets, optimizing the use of existing resources presents

an effective strategy for alleviating data scarcity. However, researchers often remain un-

aware of publicly available datasets for underrepresented languages, further impeding

research progress for those languages [85]. In this context, cross-task profiling emerges

as a promising approach. Cross-task profiling involves investigating a dataset’s utility

across multiple downstream tasks, rather than solely using it for its originally intended

purpose. Such an approach can surface the untapped potential of existing resources and

shed light on both research and dataset development priorities.

Despite its potential, cross-task profiling remains underexplored. Prior work in the

field has largely focused either on dataset creation methodologies or on cataloging ex-

isting datasets [149, 11]. Even when datasets are accompanied by rich metadata, they

are typically positioned as relevant to only a single task [156, 67, 66, 50]. As a result,

the broader task-specific applicability of speech datasets remains unclear, especially for

low-resource languages. While this challenge is global, it is particularly pressing in

linguistically diverse countries such as India, where maximizing the utility of existing

datasets can significantly advance multilingual speech research.

To address this gap, this chapter introduces Task-Lens, a cross-task utility-based

profiling framework for speech datasets, illustrated in Figure 4.1. Task-Lens com-

putes a task-specific utility score for each dataset, thereby facilitating systematic cross-

task profiling. We apply Task-Lens to evaluate 34 publicly available Indian speech

datasets spanning 26 languages and covering over 74,745 hours of audio across eight

downstream tasks: Automatic Speech Recognition (ASR), Audio Deepfake Detection
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(ADD), Emotion Recognition, Gender Recognition, Language Identification (LID),

Multilingual Text-to-Speech (TTS), Monolingual TTS, and Speaker Verification/Iden-

tification. Through Task-Lens based cross-task profiling of the target Indian speech

datasets across the eight downstream tasks, we address the following key research ques-

tions:

• Which datasets are currently usable for which tasks?

• What improvements would enhance a dataset’s suitability for additional tasks?

• Which speech tasks currently lack dataset support?

• Which Indian languages are adequately represented for each speech task?

• Which language-task combinations currently exhibit significant resource gaps?

Figure 4.1: Addressing Key Barriers to Inclusive Speech Technology Development
through Task-Lens

Summary of Chapter Contributions:

1. We propose Task-Lens, a cross-task utility profiling framework that assigns task-
specific utility scores to quantify the utility of speech datasets for diverse down-
stream tasks.

2. We apply Task-Lens on 34 publicly available Indian speech datasets, spanning
26 languages and over 74,745 hours of audio for a comprehensive cross-task
profiling across eight speech processing tasks: Automatic Speech Recognition
(ASR), Audio Deepfake Detection (ADD), Emotion Recognition, Gender Recog-
nition, Language Identification (LID), Multilingual Text-to-Speech (TTS), Mono-
lingual TTS, and Speaker Verification/Identification.

3. Based on the analysis, we present empirical insights into:
• Dataset-task compatibility and coverage

• Task-specific limitations of existing datasets
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• Task-language combinations that are under-resourced

• Opportunities to enhance the cross-task utility of existing speech datasets

• Suggest directions for future data collection efforts

4.2 Related Works

4.2.1 Cross-Task Utility Evaluation

Several studies have explored inclusive profiling frameworks aimed at evaluating lan-

guage representations across multiple tasks and languages [191, 34, 49, 22, 100]. How-

ever, the majority of surveys and benchmarks primarily focus on compiling lists of

available datasets or assessing the utility of newly introduced resources [149, 11]. As

a result, a number of important research questions remain insufficiently addressed. For

example: (1) Although datasets are often released for a particular task, their rich meta-

data may enable broader applicability — how can we systematically examine such

cross-task potential for existing multilingual speech datasets? (2) Are there urgent gaps

for certain language–task combinations that require immediate dataset creation? Ad-

dressing these questions could reveal critical gaps in NLP research. Overall, cross-task

evaluation from an inclusivity perspective remains largely underexplored, underscoring

the need for unified, utility-driven frameworks, particularly for linguistically diverse

countries such as India.

4.2.2 Indian Dataset Landscape

India, with its 22 constitutionally recognized languages, remains underrepresented in

mainstream speech benchmarks [69]. High-quality, general-purpose datasets that cap-

ture dialectal and accent variations are especially scarce [16]. While some targeted

resources exist — such as Lahaja for Hindi accents, AccentDB for non-native Indian

English, and Svarah for speech from 19 Indian states [67, 3, 66] — awareness of these

datasets is limited. The most comprehensive review of Indian speech datasets across

diverse tasks was published over a decade ago by Pukhraj P. Shrishrimal [128]. The ab-

sence of up-to-date consolidated reviews means that researchers often spend significant

time locating relevant datasets instead of advancing novel research. To bridge this gap,
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this chapter introduces Task-Lens, a framework designed to profile the cross-task utility

of Indian speech datasets and identify critical resource gaps.

4.3 Task-Lens

Task-Lens is a utility-driven, cross-task profiling framework designed for systematic

evaluation of speech datasets. The framework operates in four sequential stages: dataset

discovery, dataset filtering, feature extraction, and utility mapping. An overview of the

process is presented in Figure 4.2.

Figure 4.2: Overview of the Task-Lens framework. The process comprises four stages:
dataset discovery, dataset filtering, feature extraction, and utility score com-
putation. Through utility mapping, dataset features are aligned with the
requirements of specific downstream tasks to assess suitability. The utility
score U

(d)
t measures the relative suitability of dataset d for task t, based on

task-specific weights wt and dataset features f (d). The framework supports
eight speech processing tasks: Automatic Speech Recognition [T1], Au-
dio Deepfake Detection [T2], Emotion Recognition [T3], Gender Recogni-
tion [T4], Language Identification [T5], Multilingual Text-to-Speech [T6],
Speaker Verification/Identification [T7], and Monolingual Text-to-Speech
[T8].

4.3.1 Dataset Discovery

The initial stage focuses on identifying relevant datasets for inclusion in the study. A

systematic search was conducted on Google Scholar, arXiv, GitHub, Hugging Face,
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and PapersWithCode. The search employed a set of targeted keywords, such as Indian

speech dataset, Hindi ASR corpus, Indian multilingual TTS, Indian language speech

data, Bhasha ASR dataset, low-resource Indian speech corpus, Indian speech transla-

tion dataset, and Indic voice dataset. To further expand coverage, citation snowballing

was also applied. This process resulted in a curated list of Indian speech datasets for

subsequent analysis.

4.3.2 Dataset Filtering

After identifying potential datasets, the next step involves filtering them based on their

authenticity and accessibility. Therefore, each dataset’s repository was manually re-

viewed to record its name, access link, and license information. Only datasets meeting

all of the following criteria were retained:

1. Contain speech data from the Indian demographic population.

2. Include basic documentation—such as a research paper, preprint, metadata file,
or README—describing the dataset’s contents and collection methodology.

3. Provide a functional access link and a valid license.

4. Include metadata with at least one type of annotation, for example, utterance
transcripts, speaker identifiers, or language tags.

Datasets were excluded if they had any of the following issues: inactive access link,

absence of speech audio, lack of documentation, or duplication as an exact copy or

superseded release.

Applying these criteria resulted in a curated set of 34 publicly available Indian

speech datasets. Table 4.1 presents the complete list, including dataset abbreviations

and references. Collectively, these datasets span 26 Indian languages, totaling over

74,745 hours of audio. They encompass both monolingual and multilingual resources,

representing a wide range of speech styles, domains, speaker demographics, and levels

of annotation detail.
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ID Dataset

D1 AccentDB [3]

D2 Assamese TTS Corpus [163]

D3 BhasaAnuvaad [63]

D4 Open-source TTS Voices [154]

D5 Bengali Numbers Corpus [115]

D6 South Asian Crowdsourced Speech

[81]

D7 Low-Income Workers [1]

D8 FLEURS [34]

D9 GACMIS Songs [168]

D10 GlobalPhone Speaker Package [43]

D11 GRAM VAANI [14]

D12 Hindi-Tamil-English ASR [61]

D13 Indian Folk Music [151]

D14 Regional Music [150]

D15 Indic TTS (IITM) [62]

D16 IndicSpeech (TTS) [156]

D17 IndicSUPERB [65]

D18 IndicVoices-R [141]

D19 Kashmiri Data Corpus [121]

D20 KritiSamhita [82]

D21 Lahaja [67]

D22 MS Indic Speech [104]

D23 MUCS Site [40]

D24 Nexdata AI 759h [117]

D25 NISP [75]

D26 NPTEL2020 [4]

D27 Opensource Multispeaker Data [56]

D28 Rajasthani Hindi (MS) [106]

D29 Rasa [155]

D30 SMC Malayalam [33]

D31 Svarah [66]

D32 Urdu Recognition (Desktop) [44]

D33 Vāksañcayah. [2]

D34 IndicSynth (Ours)

Table 4.1: List of the 34 publicly available Indian speech datasets analyzed in this study,
each assigned a unique identifier (D1–D34) for consistent reference. The list
comprises both prominent and lesser-known resources, with corresponding
citations provided.
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4.3.3 Feature Extraction

Following dataset filtering, 16 descriptive features are extracted for each dataset. The

selection is informed by an analysis of metadata commonly available in speech datasets.

Table 4.2 summarizes these features and explains the rationale behind each. They are

grouped into four dimensions:

1. Audio properties: Accent Diversity (number of distinct accents/dialects); Total
duration (hours); Language Covered (number of unique languages represented);
Sampling rate (kHz); Recording Quality (studio, mixed, or noisy)

2. Metadata and licensing: Annotation detail (utterance, word, phoneme); License
Openness (e.g., CC0, CC-BY); Metadata depth (presence of speaker ID, demo-
graphic attributes); Synthetic speech (binary); Transcription type (normalized and
aligned, verbatim, noisy).

3. Speaker demographics: Gender detail (presence of male and female speakers);
Multilingual speakers (average number of languages per speaker); Speaker count.

4. Style and paralinguistics: Emotion labels (unique label count); Style variety
(read, conversational, spontaneous); Tonal variation (unique label count).

Feature Rationale

f1: Accent Diversity Phoneme coverage

f2: Annotation Detail Linguistic modeling

f3: Emotion Labels Affective computing

f4: Gender Detail Fairness in gender tasks

f5: License Openness Reuse and distribution

f6: Languages Covered Multilingual generalization

f7: Multilingual Speakers Cross-lingual adaptability

f8: Metadata Depth Demographic analysis

f9: Recording Quality Environmental variability

f10: Sampling Rate Audio fidelity

f11: Speaker Count Speaker variability

f12: Style Variety Prosody modeling

f13: Synthetic Speech Data Augmentation

f14: Transcription Type ASR/TTS alignment

f15: Total Duration Data scale

f16: Tone Variation Intonation modeling

Table 4.2: Utility feature summary.
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Each feature score f (d)
i is derived using a feature-specific computation and scaled to

the [0,5] range, as specified in Table 4.3. The process employs two main approaches:

(1) z-score normalization for continuous features to represent their relative magnitude

across datasets, and (2) threshold-based categorical scoring to represent qualitative dif-

ferences through clear, discrete levels. This combined approach provides a consistent

framework for evaluating both quantitative and structural aspects of datasets.

Feature (fi) Computation Description

f1, f6, f11, f15 Z-score-based normalization relative to the mean and standard deviation
across datasets; result is bounded between 0 and 5.

f2 Assign 5 if annotation is at phoneme level, 3 for word level, 1.5 for utterance or sen-
tence level, and 0 otherwise (finer granularity improves ASR model training and error
analysis, as applied in our ASR evaluation).

f3 Let t be the number of distinct tags. Assign 5 if t ≥ 6, 3 if 2 ≤ t ≤ 5, 1 if t = 1, and 0
otherwise.

f4 Assign 5 if both male and female speakers are present, 3 if only one gender is present,
0 if none.

f5 Assign 5 for CC0 license, 4 for CC-BY/MIT/Apache, 3 for GPL/CC-SA/unspecified
CC, 2 for non-commercial, 1 for restricted/custom/commercial, and 0 otherwise.

f7 Let n be the number of languages per speaker. Assign 5 if n ≥ 3, 3 if n ≥ 2, 1 if n ≥ 1,
and 0 otherwise.

f8 Let m be the number of informative metadata fields (e.g., speaker age, gender, dialect,
region). Assign 5 if m > 4, 3.5 if 1 ≤ m ≤ 3, 2 if m = 1, 0 otherwise.

f9 Assign 5 for ‘noise’, 4 for ‘mixed’, 2.5 for ‘clean’, 0 for anything else.
f10 Let s be the set of all sampling rates. Assign 5 if all si ≥ 48kHz, 3.5 if all si = 32kHz

and some si < 48kHz, 3 if any si < 32kHz, 1.5 if 8kHz is present, and 0 otherwise.
f12 Assign 5 if all three styles (read/conversational/spontaneous) are present, 4 if any two

of those or if music is present, 2 if only spontaneous, 1 if only read, 0 otherwise.
f13 Assign 5 if synthetic speech is available, otherwise 0.
f14 Assign 5 if transcript is phonemic or normalized, 3 if verbatim/clean, 0 otherwise.
f16 Let t be the number of distinct tags. Assign 5 if t ≥ 4, 3 if 1 ≤ t ≤ 5, 1 if t = 1, and 0

otherwise.

Table 4.3: Feature-specific scoring fi is applied to normalize each dataset attribute
onto the [0,5] scale. As summarized in the table, this involves z-score nor-
malization for continuous features and threshold-based categorical mapping
for qualitative features, ensuring consistent and interpretable representation
across varied speech datasets.

4.3.4 Utility Mapping

Upon completing feature extraction, each dataset is described by its full set of features.

The subsequent step involves mapping these features to task-specific utility scores, con-

sidering eight representative speech technology tasks:
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T1 : Automatic Speech Recognition (ASR),

T2 : Audio DeepFake Detection (ADD),

T3 : Emotion Recognition,

T4 : Gender Recognition,

T5 : Language Identification (LID),

T6 : Multilingual text-to-speech,

T7 : Speaker Verification/Identification,

T8 : Monolingual Text-to-Speech (TTS),

T6 and T8 are considered separately to capture the distinction between generating

speech across multiple languages and producing high-quality output in a single lan-

guage2.

For each task t, let Ft ⊆ {f1, . . . , f16} denote the subset of utility features identi-

fied as relevant, each assigned a positive importance weight wi > 0. The weights for

each task are provided in Table 4.4, determined by both the functional demands of the

task and the empirical significance of features in prior speech research. For example,

ADD places higher weight on synthetic data availability, emotion recognition focuses

on emotion labels, and ASR prioritizes recording and transcription quality. The as-

signed weights indicate the extent to which each feature affects a downstream task, and

they can be adapted by researchers as requirements evolve.

The utility score of a dataset d for a given task t is calculated and subsequently

standardized through z-score normalization:

Ũ
(d)
t =

∑
i∈F⊔

wi f
(d)
i∑

i∈F⊔

wi

, U
(d)
t =

Ũ
(d)
t − µt

σt

, (4.1)

where µt and σt are the mean and standard deviation of utility values across all datasets

for task t. We denote U (d)
t as the Utility Score for task t and dataset d. The standardized

utility scores for all tasks are then aggregated to form a multi-task utility profile:

2For T8, feature f15 is modified to represent the maximum duration (in hours) of any single language,
rather than the total duration of the entire dataset, thus emphasizing performance in one language.
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Feature
(fi)

T1 T2 T3 T4 T5 T6 T7 T8

f1 2.50 3.25 2.50 4.00 3.75 3.25 4.00 1.75
f2 4.00 0.00 3.75 1.00 1.75 3.75 0.00 2.75
f3 0.00 0.00 5.00 2.00 1.25 1.00 1.50 1.25
f4 2.25 3.75 2.75 5.00 4.00 3.75 3.50 2.50
f5 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
f6 1.75 2.75 2.25 3.00 5.00 5.00 4.25 0.00
f7 0.00 0.00 0.50 1.50 1.50 3.40 3.75 0.00
f8 0.00 0.00 1.50 1.25 2.25 1.50 2.25 0.75
f9 3.50 2.25 3.25 3.75 3.50 4.25 4.75 3.25
f10 5.00 1.75 1.25 3.50 3.25 3.00 4.50 3.50
f11 2.75 4.25 4.25 4.50 4.25 4.50 5.00 4.00
f12 2.00 0.00 2.00 3.25 2.50 2.50 2.50 2.00
f13 0.00 5.00 0.00 0.25 0.00 0.00 0.00 0.25
f14 4.50 0.00 0.00 1.00 0.75 4.00 0.00 3.00
f15 3.00 1.25 1.75 3.50 3.00 3.59 3.25 5.00
f16 0.00 0.00 0.25 2.00 1.25 2.75 1.25 1.00

Table 4.4: Feature importance weights (wi ) for each task used in utility computation.
Each feature fi is assigned a weight between 0 and 5, indicating its relevance
to the specific requirements of each downstream task Tj . These weights
serve as the basis for calculating dataset utility scores across various speech
technology tasks.

U(d) = [U
(d)
1 , . . . , U

(d)
8 ]⊤ ∈ R8.

This z-score–based approach allows for consistent dataset comparisons by repre-

senting each utility score as its deviation from the mean for that task. Higher values

reflect stronger alignment with the priorities of the given task. The framework fur-

ther facilitates automated dataset selection and benchmarking, integrating smoothly into

evaluation pipelines to enhance reproducibility and enable task-oriented dataset cura-

tion.

4.4 Task-Lens Utility Evaluation

4.4.1 Cross-Task Dataset Utility

In speech processing, it is common to design each dataset d with a single target task

t in mind. However, many released datasets include extensive metadata, making them

applicable to a wider range of tasks. For example, while Librispeech was originally

created for ASR, it has also been used for speaker verification [122, 147]. Despite this
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potential, the cross-task utility of existing datasets remains largely underexplored. As a

result, without systematic evaluation of their cross-task value, datasets are often under-

utilized for varied applications. This gap is especially challenging for NLP researchers

working with low-resource languages. To address this, we employ Task-Lens to investi-

gate: (1) How well does each dataset d serve different tasks t? (2) What improvements

could enhance a dataset’s relevance for cross-task use?

Setup: Task-Lens addresses these questions by calculating a normalized utility

score U
(d)
t for each dataset d with respect to every task t, as shown in Table 4.5. A

higher U (d)
t reflects greater suitability of dataset d for task t. The computation of these

utility scores follows the procedure in Equation 4.1 (Section 4.3). Details about the

tasks and datasets can be found in Section 4.3 and Table 4.1.

Observations: As presented in Table 4.5, datasets D8, D17, D18, and D34 exhibit

the highest cross-task utility, each achieving a utility score (U (d)
t ) above 1.0 for most

tasks. In particular, D18 (IndicVoices-R) and D34 (IndicSynth) reaches U
(d)
t ≥ 1.25 for

the majority of tasks.

Insights: To our knowledge, this review captures the majority of known feature –

dataset associations; however, certain features were absent in specific datasets: f1 in d3,

d7, d8, d9, d10; f2 in d1, d20, d32; f4 in d10; f6 in d21; f10 in d12; f11 in d12, d22; and f14

in d1, d9, d20, d32. While the search was designed to be as thorough as possible, some

attributes may still have been missed—an issue that likely affects other researchers as

well. Missing or hard-to-discover features can limit a dataset’s applicability. For the

purpose of this study, such gaps were recorded as NaN and imputed as zero. Document-

ing these omissions highlights opportunities for enriching dataset metadata to improve

usability3.

Recommendations: As shown in Table 4.5, D8, D17, D18, and D34 stand out for

broad multi-task support. For instance, D8 achieves U (d)
t ≥ 1.25 in T5 and T6; D17 in

T3, T5, and T7; D18 in T1 and T3−8, and D34 in T2−8. Based on Task-Lens findings, we

propose five key principles for future dataset development:

1. Ensure high acoustic diversity and allow modular inclusion of underrepresented
recording conditions.

3Some datasets are distributed under paid licenses, and missing details may be present in the licensed
versions.
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Dataset T1 T2 T3 T4 T5 T6 T7 T8

D1 -0.65 0.31 -0.13 0.15 0.19 -0.61 0.54 -0.40
D2 0.39 -0.01 -0.35 -0.05 -0.18 -0.10 -0.12 0.18
D3 0.95 0.61 0.72 0.87 0.77 0.90 0.73 0.27
D4 1.25 0.36 0.01 0.35 0.25 0.63 0.19 0.91
D5 -0.37 -0.66 -0.77 -0.89 -0.90 -0.68 -0.91 -0.53
D6 -0.15 -0.09 -0.41 -0.33 -0.41 -0.29 -0.54 -0.27
D7 -0.34 -0.09 0.18 -0.16 -0.07 -0.04 -0.20 -0.11
D8 1.14 0.82 0.94 0.86 1.31 1.53 1.03 0.76
D9 -0.26 0.20 0.16 0.61 0.44 -0.27 0.86 -0.05
D10 -0.80 -1.48 -1.41 -1.66 -1.34 -1.02 -1.31 -1.35
D11 -0.56 -0.29 0.01 -0.21 -0.17 -0.17 -0.37 -0.13
D12 -3.78 -2.94 -3.31 -3.28 -3.37 -3.58 -3.47 -3.86
D13 -0.66 0.00 0.30 0.27 0.27 0.11 0.15 -0.32
D14 -0.61 0.11 0.40 0.36 0.42 0.23 0.28 -0.31
D15 0.67 0.48 0.25 0.48 0.62 0.53 0.61 0.36
D16 -0.04 0.00 -0.08 -0.14 -0.13 -0.09 -0.23 -0.04
D17 1.01 1.25 1.28 1.20 1.36 1.13 1.36 0.94
D18 1.67 0.79 1.41 1.48 1.60 1.76 1.44 1.53
D19 -0.57 -0.75 -1.03 -1.15 -1.12 -0.88 -1.13 -0.78
D20 -0.80 0.01 -0.19 0.35 0.00 -0.46 0.24 -0.41
D21 0.43 0.12 0.71 0.67 0.64 0.51 0.54 0.60
D22 -1.10 -1.77 -1.84 -2.10 -1.92 -1.54 -1.82 -1.46
D23 0.03 0.00 -0.19 -0.15 -0.21 -0.05 -0.24 -0.11
D24 -0.24 -0.28 -0.54 -0.44 -0.56 -0.41 -0.64 -0.24
D25 0.76 0.15 0.32 0.44 0.55 1.01 0.65 0.68
D26 -0.20 -0.04 0.19 0.02 -0.17 0.10 -0.37 0.54
D27 0.66 0.36 0.01 0.23 0.16 0.19 0.19 0.44
D28 0.15 -0.03 -0.03 -0.01 -0.04 0.03 -0.02 0.22
D29 0.71 0.42 1.93 0.90 0.72 0.56 0.82 0.97
D30 0.81 0.41 0.55 0.57 0.63 0.54 0.75 0.84
D31 1.04 0.12 0.71 0.79 0.73 0.95 0.54 1.07
D32 -0.99 -0.23 -0.48 -0.06 -0.33 -0.91 -0.08 -0.78
D33 -0.55 -1.34 -0.96 -1.40 -1.17 -0.91 -1.01 -0.74
D34 1.04 3.44 1.62 1.38 1.45 1.33 1.54 1.55

Table 4.5: Utility scores of each dataset (Di) across all tasks (T1–T8). For each task,
the top three datasets are shaded: light blue (highest), light red (second), and
light green (third). For each dataset, its most relevant task is both bolded
and underlined. Notably, D8, D17, D18, and D34 achieve scores above 0.8
on most tasks, indicating strong cross-task applicability. Higher scores cor-
respond to greater task-specific utility. Task and dataset descriptions are pro-
vided in Section 4.3 and Table 4.1.

2. Recruit speakers from diverse demographic backgrounds to enhance ASR, speaker
verification, and emotion recognition capabilities.

3. Provide multi-layered annotations—particularly normalized and phonetic tran-
scripts—alongside utterance and speaker-level metadata for richer transcription
and prosody modeling.

4. Adopt a standardized metadata schema covering speaker identity, recording envi-
ronment, device type, noise conditions, and emotion labels to enable systematic
filtering and targeted augmentation.

5. Publish per-task utility profiles with explicit thresholds (e.g., U
(d)
t ≥ 1.0 for gen-
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eralist readiness, U (d)
t < 0 to indicate areas needing improvement) and maintain

open, version-controlled repositories with mechanisms for community-driven up-
dates to meet evolving multi-task requirements.

4.4.2 Task-Wise Data Requirement

Advancing robust speech models for Indian demographics requires a systematic map-

ping of available datasets for each task, along with the identification of persisting gaps.

While ASR and TTS resources have grown substantially, dataset coverage across tasks

remains uneven and often unclear to practitioners [65, 141]. Researchers often spend

substantial time exploring repositories to verify the availability of data for tasks such

as audio deepfake detection or speaker verification, only to find that datasets for un-

derrepresented Indian languages are scarce or entirely absent [19]. These insights lead

to our second research question: Which tasks remain under-resourced for the Indian

demographic population?

Setup: We used the Task-Lens utility scores (Table 4.5) to select datasets with a

threshold of U (d)
t ≥ 1.0 for each task. This selection yielded the most relevant datasets

per task: D4, D8, D17, D18, D31, and D34 for T1; D1, D17, and D34 for T2; D17, D18,

D29, and D34 for T3; D17, D18, and D34 for T4; D8, D17, D18, and D34 for T5; D8, D17,

D18, D25, and D34 for T6; D8, D17, D18, and D34 for T7; D18, D31, and D34 for T8.

We then analyzed the total speech duration of these high-utility datasets (Figure 4.3) to

assess their coverage4.

Observations: Figure 4.3 illustrates that tasks T1, T5, T6, and T7 achieve moderate

dataset coverage. Tasks T3 and T4 have coverage of roughly 40–50 thousand minutes,

indicating fair support that could be further enhanced. In contrast, tasks T2 and T8 each

cover about 34 thousand minutes, revealing notable gaps in available synthetic speech

and high-quality low-resource datasets.

Recommendations: Analysis indicates that tasks T2 (ADD) and T8 (TTS) need new

datasets to address duration shortfalls. T2 calls for synthetic dialectal speech encom-

passing numerous speakers, explicit gender labels, and a range of accents. T8 requires

4For tasks with abundant data, a stricter threshold (e.g., U (d)
t ≥ 1.5) can isolate the strongest datasets,

whereas for low-resource tasks, a relaxed threshold (e.g., U
(d)
t ≥ 0.25) can expand the candidate pool.

In this study, we set the threshold to 1.00.
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Figure 4.3: Total data duration (in minutes) available for each target downstream task.

expressive, monolingual recordings showcasing diverse voice styles and high-fidelity

audio. All datasets should adhere to a consistent annotation framework and a rigorous

quality-control process.

4.4.3 Linguistic Data Requirement

Researchers in the NLP community aim to build multilingual and inclusive speech tech-

nologies, yet most publicly accessible speech datasets remain English-centric. This

scarcity of low-resource language datasets poses a significant barrier to advancing mul-

tilingual speech systems. In fact, only a small fraction of the world’s ≈ 7,000 lan-

guages possess adequate resources for human language technologies [13]. This imbal-

ance drives our third research question: Which Indian languages have sufficient dataset

coverage for each task, and where do key language-specific gaps remain?

Setup: For each task, we selected all datasets with a utility score of U (d)
t ≥ 1.0.

We then identified the languages represented in these datasets, resulting in a total of

26 languages. For each language, we computed the aggregate audio duration across all

qualifying datasets. Table 4.6 reports the total speech durations (in hours) for datasets

satisfying the strict U (d)
t ≥ 1.0 threshold, covering 26 languages and eight downstream

tasks (T1–T8). Additionally, Table 4.7 lists the IDs of curated datasets containing that

language, helping researchers locate relevant resources. Figure 4.4 visualizes the total

speech duration for each language across all 33 datasets.

Observations: Table 4.6 and Figure 4.4 highlight pronounced imbalances in lan-
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Language T1 T2 T3 T4 T5 T6 T7 T8

L1: Assamese 187.34 0.00 192.44 175.34 187.34 187.34 187.34 175.34
L2: Bengali 394.16 267.23 396.22 379.22 391.22 391.22 391.22 263.42
L3: Bhojpuri 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
L4: Bodo 172.05 172.05 0.00 172.05 172.05 172.05 172.05 172.05
L5: Dogri 70.68 0.00 70.68 70.68 70.68 70.68 70.68 70.68
L6: Garhwali 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
L7: Gujarati 347.16 326.22 335.16 335.16 347.16 347.16 347.16 205.86
L8: Hindi 575.93 489.33 563.93 563.93 575.93 582.43 575.93 413.73
L9: Indian English 9.60 19.82 0.00 0.00 0.00 32.03 0.00 9.60
L10: Kannada 390.74 334.13 378.74 378.74 390.74 395.54 390.74 312.94
L11: Kashmiri 64.99 0.00 64.99 64.99 64.99 64.99 64.99 64.99
L12: Konkani 53.06 0.00 53.06 53.06 53.06 53.06 53.06 53.06
L13: Maithli 81.77 0.00 81.77 81.77 81.77 81.77 81.77 81.77
L14: Malayalam 336.83 242.26 324.83 324.83 336.83 341.53 336.83 177.53
L15: Manipuri 23.99 0.00 23.99 23.99 23.99 23.99 23.99 23.99
L16: Marathi 716.30 653.40 704.30 704.30 716.30 716.30 716.30 529.10
L17: Nepali 120.67 0.00 105.87 105.87 117.87 117.87 117.87 105.87
L18: Odia 286.19 203.24 274.19 274.19 286.19 286.19 286.19 162.59
L19: Punjabi 606.55 519.61 594.55 594.55 606.55 606.55 606.55 457.65
L20: Rajasthani 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
L21: Sanskrit 1150.32 1114.57 1150.32 1150.32 1150.32 1150.32 1150.32 1034.82
L22: Santali 76.37 0.00 76.37 76.37 76.37 76.37 76.37 76.37
L23: Sindhi 22.48 0.00 10.48 10.48 22.48 22.48 22.48 10.48
L24: Tamil 875.41 763.94 891.61 863.41 875.41 879.91 875.41 678.31
L25: Telugu 658.36 509.96 646.36 646.36 658.36 662.66 658.36 491.46
L26: Urdu 323.60 232.99 311.60 311.60 323.60 323.60 323.60 224.90

Table 4.6: The table presents speech durations (in hours) for datasets meeting the U
(d)
t

≥ 1.0 criterion, spanning 26 languages and eight downstream tasks (T1–T8).
For each task, the three longest durations are highlighted: light blue (high-
est), light red (second), and light green (third). Language–task pairs with
less than 50 hours are bolded and underlined to emphasize scarcity. There
is a critical shortage of datasets for L3 (Bhojpuri), L7 (Garhwali), and L20

(Rajasthani) across all tasks.

guage coverage across tasks. High-resource languages like L24 (Tamil) and L25 (Tel-

ugu) lead in most tasks, supported by large multi-speaker datasets contributing hundreds

of hours of audio. In contrast, L3 (Bhojpuri), L6 (Garhwali), and L20 (Rajasthani) show

critical gaps, with urgent need for datasets across all tasks. Meanwhile, L7 (Gujarati),

L14 (Malayalam), and L26 (Urdu) display consistent but relatively modest coverage.

Overall, the results reveal that essential speech data is heavily concentrated in a few

languages, leaving many Indian languages significantly underrepresented.

Insights: Our analysis highlights the unique value each dataset brings to the table.

D5 strengthens Bengali-specific modeling, improving linguistic accuracy; D6 and D24

capture speech from numerous speakers in low-resource languages, aiding bias detec-

tion and noise-resilience research; D10 delivers broad multilingual coverage, making

it valuable for cross-language acoustic studies; D16, with its rich feature diversity, is
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Language Dataset
L1: Assamese Di∈{2,3,8,13−15,18,29}
L2: Bengali Di∈{3−6,8,13−18,29,34}
L3: Bhojpuri Di∈{9,13}
L4: Bodo Di∈{15,18}
L5: Dogri Di∈{15,18}
L6: Garhwali Di∈{9,13}
L7: Gujarati Di∈{3,8,13−15,17,18,22,23,27,34}
L8: Hindi Di∈{3,8,9,11,12,14−18,21,23−25,31,34}
L9: Indian English Di∈{1,12,25,26,31}
L10: Kannada Di∈{3,8,13−15,17,18,25,27,34}
L11: Kashmiri Di∈{14,18,19}
L12: Konkani Di∈{14,15,18}
L13: Maithli Di∈{15,18}
L14: Malayalam Di∈{3,8,14−18,25,27,30,34}
L15: Manipuri Di∈{14,15,18}
L16: Marathi Di∈{3,7,8,13−15,17,18,23,27,34}
L17: Nepali Di∈{3,4,6,8,14,15,18}
L18: Odia Di∈{3,8,14,15,17,18,23,34}
L19: Punjabi Di∈{3,8,13,14,15,17,18,34}
L20: Rajasthani Di∈{13,15,16,28}
L21: Sanskrit Di∈{15,17,18,33,34}
L22: Santali Di∈{18}
L23: Sindhi Di∈{8,15,18}
L24: Tamil Di∈{3,8,10,12−15,17,18,22,23,25,27,29,34}
L25: Telugu Di∈{3,8,14,15,17,18,22,23,25,27,34}
L26: Urdu Di∈{3,8,13,17,18,32,34}

Table 4.7: Mapping between the 26 Indian languages (L1–L26) considered in this study
and the curated datasets (Di) in which they appear. Dataset IDs correspond
to the numbering used in Table 4.1.
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Figure 4.4: Task-wise cumulative speech duration for each Indian language (L1–L26)
across all 33 datasets. L8 (Hindi) and L9 (Indian English) contain 2,487
and 15,953 hours of data, respectively, and were omitted from the figure to
prevent their sheer size from overshadowing differences among other lan-
guages. High-resource languages such as L2 (Bengali) and L24 (Tamil)
record the largest durations, while low-resource languages like L3 (Bho-
jpuri), L7 (Garhwali), and L20 (Rajasthani) appear almost entirely absent,
aside from limited representation in emotion-related tasks.
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a key TTS resource for Indian languages; D19 and D32 address critical gaps in Kash-

miri and Urdu, respectively, fostering broader language inclusion; D22 spans multiple

Indian languages with a large, consistently recorded speaker base; and D33, equipped

with detailed speaker background metadata, supports high-quality Sanskrit TTS and

enables demographic-sensitive modeling. This breadth—from small, specialized sets

to expansive multilingual corpora—empowers researchers to optimize dataset utility,

create fair and representative acoustic models, mitigate resource shortages, and push

forward speech technology for all languages.

Recommendations: Future dataset development should prioritize underrepresented

languages with targeted, task-specific data collection. For languages without founda-

tional ASR resources, even modest pilot corpora can jump-start fine-tuning of multilin-

gual models. Community-led efforts should be fostered to capture spontaneous, con-

versational, and code-switched speech—particularly for L3 (Bhojpuri), L7 (Garhwali),

and L20 (Rajasthani). Existing multilingual datasets can be enriched with annotated

emotional content and adversarial samples to expand task coverage without requiring

complete re-collection. Lastly, creating shared benchmarks and open version-controlled

repositories for each Indian language will enable incremental dataset growth, ensure

consistent cross-language evaluation, and advance inclusive, domain-resilient speech

technologies.

4.5 Conclusions and Future Work

This chapter presented Task-Lens, a novel framework for cross-task, utility-based pro-

filing of speech datasets. The approach comprises four key stages: dataset discovery,

dataset filtering, feature extraction, and utility mapping, ultimately producing a task-

specific utility score for each dataset. Task-Lens was applied to evaluate 34 Indian

speech datasets spanning 26 languages and totaling 74,745 hours of audio. Sixteen

descriptive features—covering audio characteristics, metadata and licensing, speaker

demographics, speech style, and paralinguistic aspects—were used for utility score

computation. Scores were generated for eight target tasks, enabling the assessment of

four core research questions: (1) the degree to which each dataset supports individual

tasks, (2) possible improvements for enhancing cross-task applicability, (3) identifi-
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cation of tasks with inadequate data support, and (4) evaluation of language-specific

coverage and existing gaps. Results showed that FLEURS [34], INDICSUPERB [65],

INDICVOICES-R [141], and IndicSynth attained the top rankings. Many other datasets

lacked sufficient metadata diversity and scale. While automatic speech recognition and

multilingual text-to-speech are relatively well-supported, tasks such as audio deepfake

detection, emotion recognition, and certain TTS resources remain significantly under-

developed. Language-wise, Bengali and Tamil offer moderate coverage, Bhojpuri, Ra-

jasthani, and Garhwali are scarcely represented, and Indian English dominates in terms

of total duration.

The work also outlines several directions for future research. By providing clear

utility scores and highlighting dataset limitations, Task-Lens offers researchers a practi-

cal means to select suitable datasets, thereby allowing greater focus on model develop-

ment rather than dataset curation. It facilitates rapid dataset discovery by identifying op-

timal resources for specific tasks. Moreover, the framework highlights under-resourced

languages and tasks, guiding the creation of new datasets where they are most needed.

Extending Task-Lens to include additional tasks, languages and dialects—within India

and internationally—could further enhance its scope and support the development of

inclusive and domain-robust speech technologies.

4.6 Limitations

While Task-Lens offers broad applicability and practical value, several limitations should

be noted:

1. Language and Task Scope: The current evaluation encompasses eight speech
tasks, 26 languages, andgn 34 publicly available Indian speech datasets. Propri-
etary, restricted-access, or emerging datasets—such as those for code-switching
ASR—are excluded. Future work can incorporate both proprietary and community-
generated datasets to expand language and task coverage.

2. Feature Weight Assignment: The calculation of utility scores is based on manu-
ally assigned weights, reflecting each task’s functional requirements and the em-
pirical importance of features reported in prior research. This introduces the pos-
sibility of bias. These scores are not intended as direct predictors of model per-
formance, but rather as a structured means of identifying datasets with potential
suitability for specific tasks. By publishing these rankings, we aim to encourage
further community-led benchmarking and comparative evaluations—particularly
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for low-resource datasets—to examine how closely utility-based rankings align
with actual performance improvements.

3. Static Nature of Evaluation: Task-Lens currently operates as a one-time evalua-
tion and does not automatically update with the release of new datasets or changes
in standards. This limitation could be addressed by implementing an automated
pipeline with periodic benchmarking to maintain up-to-date utility scores.

Despite these constraints, Task-Lens provides the NLP community with a transpar-

ent and practical foundation for dataset selection, a clear roadmap for extending evalu-

ations to additional languages and tasks, and actionable insights into resource gaps that

can guide targeted data creation and sharing.

4.7 Ethical Considerations

The adoption of Task-Lens can promote systematic, cross-task profiling of speech datasets

across multiple languages and tasks. However, researchers should adhere to ethical

obligations—particularly in verifying dataset licenses, reviewing README documen-

tation, and ensuring compliance with usage restrictions before using any dataset in re-

search or commercial applications.
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CHAPTER 5

Mitigating Linguistic Bias in Speaker Verification

Linguistic bias in Deep Neural Network (DNN)-based Natural Language Processing

(NLP) systems is a well-recognized challenge, and its implications become more severe

in security-sensitive applications such as audio deepfake detection (ADD) and speaker

verification (SV), where fairness and reliability are critical. To facilitate bias mitiga-

tion research in ADD and anti-spoofing, Chapter 2 introduced the 4000-hour Indic-

Synth dataset covering 12 Indian languages. The chapter highlighted the vulnerability

of SV models against multilingual audio spoofing attacks. Furthermore, to facilitate

bias mitigation research across more speech-based tasks, Chapter 4 presented a system-

atic cross-task profiling of 34 Indian speech datasets covering 26 languages across eight

downstream tasks.

This chapter addresses the problem of linguistic bias in SV. SV systems aim to

determine whether two speech recordings belong to the same speaker, and such sys-

tems must remain accessible to speakers of diverse languages. Ideally, an SV model

trained on one language should generalize effectively to others. However, DNN-based

approaches often exhibit language dependency. Prior studies have investigated domain

adaptation strategies that fine-tune pre-trained models for out-of-domain languages, but

performing language-specific adaptation for every case is computationally expensive

and reduces practical scalability.

To address this limitation, this chapter1 introduces a cost-efficient approach that in-

tegrates a lightweight embedding into existing SV frameworks to mitigate linguistic

bias without requiring language-specific adaptation. The method is grounded in the hy-

pothesis that attentive frames can help generate language-agnostic embeddings. To vali-

date this hypothesis, we design two frame-attentive networks, FAtNet-v1 and FAtNet-v2,

and evaluate their integration with standard baselines across twelve global languages.
1This chapter presents the following paper:

Divya V Sharma and Arun Balaji Buduru. 2022. FAtNet: Cost-Effective Approach Towards Mitigating
the Linguistic Bias in Speaker Verification Systems. In Findings of the Association for Computational
Linguistics: NAACL 2022, pages 1247–1258, Seattle, United States. Association for Computational
Linguistics.



Experimental findings demonstrate that frame-attentive embeddings effectively reduce

linguistic bias in a cost-efficient manner, thereby improving the usability of SV systems

in multilingual settings.

5.1 Introduction

Mitigating linguistic bias in Deep Neural Network (DNN)-based models is a critical

challenge in Natural Language Processing (NLP). This issue becomes particularly sig-

nificant in security applications, such as speaker verification (SV) systems, where fair-

ness and reliability are essential. Speaker verification systems are biometric authenti-

cation tools that use speech signals to verify a speaker’s identity, leveraging the fact

that each individual has unique vocal characteristics, as depicted in the Figure 5.1 [53].

These systems have real-world applications in areas including e-commerce, forensics,

law enforcement, business, and access control [53]. SV systems can be either text-

dependent or text-independent [53], with text-independent systems being more user-

friendly, as they authenticate speakers without restrictions on the spoken content.

Figure 5.1: Speaker Verification System

Despite their utility, speaker verification models often exhibit language dependency

[7]. This arises because robust SV systems rely on memory mechanisms to analyze

sequential speech data and capture relevant discriminatory information. Such mem-

ory components, while useful for remembering past information and predicting future
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frames, can inadvertently encode linguistic content into the embeddings [144]. Conse-

quently, embeddings generated for speaker verification may contain language-specific

details.

Language-dependent SV models tend to perform well when the test data matches

the training language. However, their performance deteriorates on test sets comprising

speech in different languages. Most publicly available speech datasets are in English,

making it challenging to obtain labeled datasets for many low-resource languages. Prior

works often employ domain adaptation to improve SV performance for a limited set

of languages [137, 183, 24], but fine-tuning pre-trained models individually for each

language is computationally expensive. Moreover, studies indicate that linguistic infor-

mation in embeddings increases with the temporal scope of the representations [30].

Our approach is motivated by the hypothesis that frame-level features, due to their

low temporal scope, contain minimal linguistic information and can therefore be used to

generate language-agnostic embeddings. Further, an intelligent selection of frame-level

features may enhance model generalizability to out-of-domain data. We aim to address

language dependency in text-independent SV systems in a cost-efficient manner, with-

out the overhead of domain adaptation. To this end, this chapter proposes integrating

a lightweight embedding into existing SV frameworks to improve their cross-lingual

generalizability.

To validate this hypothesis, we introduce two variants of frame-attentive networks,

FAtNet-v1 and FAtNet-v2. These models take a pair of speech recordings as input

and determine whether they belong to the same speaker, even if the speakers are previ-

ously unseen. We qualitatively evaluate the generalization ability of our models against

two strong baselines on four publicly available datasets. Quantitative experiments are

conducted on twelve languages to assess the integration of FAtNet embeddings with

baseline models on out-of-domain test sets, without any domain adaptation.

Summary of Chapter Contributions:

1. Explore cognitive-inspired concepts such as attention mechanisms, residual con-
nections for memory retention, and learning parameters to develop language-
agnostic embeddings.

2. Formally test the theoretical hypothesis by introducing two frame-attentive archi-
tectures: FAtNet-v1 and FAtNet-v2.

3. Conduct both qualitative and quantitative evaluations across twelve global lan-
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guages, benchmarking against two strong baselines and utilizing four publicly
available datasets.

5.2 Background and Motivation

5.2.1 Language dependency in speaker verification

Modern speaker recognition systems primarily rely on deep neural networks (DNNs) for

feature extraction and identification tasks [53, 92, 73, 71, 114, 153, 113, 52, 200, 48].

However, most DNN-based models exhibit strong language dependency [120], which

can limit their usability across geographically and linguistically diverse populations.

Obtaining labeled datasets for low-resource languages remains a significant challenge

[17]. Models that perform consistently across multilingual datasets can potentially ben-

efit other applications, such as code-switching, by facilitating information transfer [12].

Considering that there are roughly 7,000 languages spoken worldwide [59], addressing

linguistic bias in NLP models is crucial for improving their global applicability [59].

5.2.2 Recent approaches

Transfer learning has been explored as a strategy to mitigate domain mismatches, but

acquiring sufficient labeled data for low-resource languages continues to be difficult

[17]. Adversarial domain adaptation methods have been proposed to tackle cross-

lingual speaker verification tasks [137, 183, 24, 17], but these approaches typically

improve performance only for a limited set of languages and introduce the additional

overhead of domain adaptation.

The work most closely related to our objective is [27], where the authors attempt to

reduce linguistic bias in speaker verification without domain adaptation. They demon-

strate that training on multiple languages can enhance generalization to out-of-domain

languages. However, their approach requires extremely large datasets—over 196,000

speakers and 20 million utterances—which is computationally expensive and often im-

practical. Additionally, their method combines text-dependent and text-independent SV

systems. In contrast, our approach focuses on integrating a lightweight embedding into
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existing text-independent SV models to mitigate linguistic bias efficiently.

5.2.3 Linguistic content in frames

Speech signals are non-stationary, so they are typically divided into short frames, within

which the signal is assumed to be approximately stationary [98]. The temporal span

of each frame is usually just a few milliseconds. Studies in neural phonology have

shown that representational similarity analysis (RSA) applied to local frame-level fea-

tures yields weaker correlations between phonemes and neural activation patterns [30],

suggesting that individual frames carry limited linguistic information.

5.2.4 Theoretical hypothesis

We hypothesize that utterance-level embeddings capture more linguistic content than

frame-level embeddings, making frame-level representations more robust to language

variation. Leveraging frame-level features allows the model to focus on speaker-specific

discriminatory information while minimizing the influence of language content. Previ-

ous studies indicate that certain frames contribute more significantly to the final encoded

representation [55], and attention mechanisms have been widely used in state-of-the-art

SV models to selectively emphasize these critical frames [204, 119]. In this chapter,

we explore how attention can be used to intelligently select frame-level features for

creating language-agnostic embeddings.

5.3 Proposed Approach

To evaluate our theoretical hypothesis, we introduce two variants of Frame-Attentive

Networks: FAtNet-v1 and FAtNet-v2.

As depicted in Figures 5.2 and 5.3, both FAtNet variants share similar time-delay

neural network (TDNN) paths, with the following specifics: The models take as input a

pair of Mel-frequency cepstral coefficients (MFCCs) for speaker verification [24, 204,

80]. MFCCs refine the features to align with human auditory perception [96]. Let

d denote the dimension of the input MFCCs, and l1 and l2 represent the number of
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frames in the given pair for speaker verification, which may differ due to variable speech

durations. The models are trained on 3-second speech segments [113], generating 80-

dimensional MFCCs of shape (94, 80) as input.

Figure 5.2: Architecture diagram for FAtNet-v1.

As shown in Figures 5.2 and 5.3, each input MFCC is passed through an Adap-

tiveAvgPool2d layer, producing features of shape (b, 94, 80), where b is the batch size

[197]. This design allows the model to handle variable-duration speech recordings dur-

ing testing without requiring specialized augmentation strategies. Additionally, it sim-

plifies integration of FAtNet embeddings with other speaker verification models and

improves overall model usability.

The next step involves computing frame-level features for further analysis. By lever-
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Figure 5.3: Architecture diagram for FAtNet-v2.

aging the abstract representation of frame-level features, the linguistic content in the

final embedding can be minimized. We employ four stacked TDNN layers to extract

these frame-level features, as illustrated in Table 5.1 [173]. Since the task involves de-

termining whether a pair of speech recordings belong to the same speaker, two parallel

TDNN paths are used for the input audio clips.

Hyper-parameter #1 #2 #3 #4
Input dimension 80 512 512 512

Output dimension 512 512 512 512
Context-size 3 5 3 1
Batch-norm False False True True

Table 5.1: Hyper-parameter detail for the stacked TDNN layers in FAtNet models.

FAtNet-v1: For this variant, the frame-level features from both input speech record-

ings are concatenated, as illustrated in Figure 5.2. Batch normalization is applied to the

concatenated features, which are then passed through an eight-head frame-level atten-

tion block. The attention mechanism assigns higher weights to the most informative

features within each frame.

FAtNet-v2: In this variant, the frame-level features of each input recording are
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passed through separate four-head attention blocks, resulting in embeddings 1 and 2

(Figure 5.3). Within each frame, the attention block emphasizes relevant features. The

outputs from both attention blocks are then concatenated to produce embedding 3.

Attention Mechanism: Attention mechanisms are widely used in state-of-the-art

speaker verification models [204, 179]. Our FAtNet attention design draws inspiration

from [172, 107]. Frame-level features are processed through a multi-head residual self-

attention block (Figures 5.2 and 5.3). The input to the attention block is a tensor of

shape (b, l, d), where b represents the batch size, l is the number of frames, and d is

the number of features per frame. Let dv denote the dimension of the linear projection

space and nv the number of attention heads. The same tensor is used as the query, key,

and value in the self-attention computation.

Each of the query, key, and value tensors is first passed through separate fully con-

nected layers with dv × nv output units, followed by a ReLU activation, resulting in

modified tensors Q, K, and V . After appropriate reshaping, these tensors have di-

mensions (b, l, nv, dv). For each example i, the attention block performs the following

computation using Q, K, and V :

1. K i
permute := K i.permute(0, 2, 1)

2. probi := Qi*K i
permute

3. probi
scaled :=

prodi√
dv

4. weightsi
attn:=Softmax(prodi

scaled, dim = -1)
5. rprodi := weightsi

attn*V i

We also incorporate a residual connection that functions as a memory mechanism,

combining the original set of frame-level features with rprodi. Specifically, the output

of the residual attention block is computed by adding rprodi to the initial query tensor

and passing the result through a fully connected layer with dout neurons, followed by a

ReLU activation.

The subsequent layers are consistent across both FAtNet-v1 and FAtNet-v2. The

attentive frame features are first batch normalized and then processed through a fully

connected layer for fine-grained analysis. A leaky-ReLU activation is applied, followed

by L2-normalization. The frame-level features are then aggregated by computing their

mean and passed through a final fully connected layer with two output units for speaker

verification.
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5.4 Experimental Setup

5.4.1 Datasets

Training datasets

Separate FAtNet-v1 models were trained on the publicly available VoxCeleb-12 (Vox-1

dev) and VoxCeleb-2 development sets (Vox-2 dev)3 [114, 31], while FAtNet-v2 was

trained on the VoxCeleb-2 development set [200]. VoxCeleb-1 contains recordings from

1,251 speakers, including 799 from the USA and 215 from the UK, where English pre-

dominates. Its development set comprises utterances from 1,211 speakers, with the test

set including 40 speakers. The VoxCeleb-2 development set includes 5,994 speakers.

We adhered to the dev-test splits provided in [114, 31]. Both datasets primarily consist

of English speech recordings [25].

Test datasets

Experiments were performed using trial pairs from several publicly available datasets:

the VoxCeleb-14 test set (predominantly English) [114], LibriSpeech5 test set (English)

[123], Aishell-16 test set (Mandarin) [18], and Voxforge7 test set (covering ten lan-

guages: Bulgarian, Dutch, French, German, Greek, Italian, Portuguese, Russian, Span-

ish, and Turkish) [176]. For LibriSpeech, Aishell-1, and Voxforge, trial pairs were ran-

domly generated from the respective datasets. The VoxCeleb-1, LibriSpeech, Aishell-1,

and Voxforge test sets contained 37720, 47402, 23800, and 51856 trial pairs, respec-

tively. Since most publicly available speech datasets, including VoxCeleb (used for

model training), primarily consist of English recordings, we focus on evaluating the

effectiveness of our approach on non-English test sets without applying domain adap-

tation.
2VoxCeleb-1: https://www.robots.ox.ac.uk/~vgg/data/voxceleb/vox1.html
3VoxCeleb-2: https://www.robots.ox.ac.uk/~vgg/data/voxceleb/vox2.html
4VoxCeleb-1: https://www.robots.ox.ac.uk/~vgg/data/voxceleb/meta/veri_

test.txt
5LibriSpeech: https://www.openslr.org/12
6Aishell-1: https://www.openslr.org/33/
7Voxforge: http://www.voxforge.org/
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5.4.2 Training Setup

We preprocessed the speech recordings by removing silent segments and dividing them

into 3-second clips. Acoustic features were extracted as 80-dimensional MFCCs using

the Librosa library [102]. For training, we randomly generated separate datasets con-

sisting of 525,000 and 2,388,000 trial pairs for models trained on VoxCeleb-1 dev and

VoxCeleb-2 dev, respectively. Each training set contained an equal number of positive

and negative trial pairs, and the examples were shuffled at the start of each epoch. The

batch size was set to 128.

The proposed models were trained under joint supervision using softmax loss and

center loss. While softmax loss increases inter-speaker separability, center loss reduces

intra-speaker variations [92]. Adam optimizer was used for FAtNet, and RMSProp was

used for center loss [92, 125]. For VoxCeleb-1 dev, the learning rates were 0.005 for

Adam and 0.2 for RMSProp, with step-wise decay applied every ten epochs using a

gamma of 0.5 for Adam and 0.3 for RMSProp. For VoxCeleb-2 dev, a lower learning

rate of 0.0005 was applied to both Adam and RMSProp due to the larger number of

steps per epoch. The total loss was calculated as:

Ltotal = Lsoftmax + 0.01Lcenter

Training was performed on a GeForce GTX 1080 GPU.

5.4.3 Baselines

Experiments were conducted using two publicly available baseline models: RawNet-28

[73] and VGG-M9 [114].

RawNet-2

RawNet-2 is an enhanced version of RawNet [71] that directly processes raw audio

waveforms to extract speaker embeddings. The model is pre-trained on the VoxCeleb-2

8Pre-trained RawNet-2 model available at https://github.com/Jungjee/RawNet
9Pre-trained VGG-M model available at https://github.com/Derpimort/

VGGVox-PyTorch
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dataset for speaker identification, producing 1024-dimensional embeddings [73]. Each

speech recording in a trial pair is input to the model separately, generating two 1024-

dimensional embeddings—one for each audio. A cosine similarity score is then com-

puted between these embeddings to perform the speaker verification task.

VGG-M

The VGG-M model was trained on the full VoxCeleb-1 dataset for speaker identification

[114] and produces a 4096-dimensional discriminative embedding. We utilized this pre-

trained model to build a siamese network for speaker verification, which was fine-tuned

on the VoxCeleb-1 development set. Each speech recording in a trial pair is passed

through the VGG-M models with frozen weights. The resulting 4096-dimensional em-

beddings are concatenated to form a single 8,192-dimensional embedding. After apply-

ing batch normalization, this embedding is processed through a fully connected layer

with 512 units and a ReLU activation. Finally, following L2-normalization, the 512-

dimensional VGG embedding is passed to another fully connected layer with two units

for speaker verification.

5.4.4 Input strategy

For simplicity, the input features are fed into the model without any test-time augmen-

tation. The adaptive average pooling layer in FAtNet addresses the variability in speech

duration. Unlike a siamese network, FAtNet learns the weights of the two TDNN paths

independently. Features from each audio clip in the trial pair are passed through both

TDNN paths. We then compute their mean as follows: let mfcc1 and mfcc2 represent

the MFCC features for the trial pair clips.

FAtNet-v1:

1. prob1 := model(mfcc1, mfcc2)
2. prob2 := model(mfcc2, mfcc1)
3. probfinal := mean(prob1, prob2)

FAtNet-v2:

1. emb1a,emb2a := model(mfcc1, mfcc2)
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2. emb2b,emb1b := model(mfcc2, mfcc1)
3. emb1 := mean(emb1a, emb1b)
4. emb2 := mean(emb2a, emb2b)
5. probfinal := CosineSimilarity(emb1, emb2)

5.4.5 Evaluation Metric

Equal Error Rate (EER) is a widely used metric for evaluating biometric systems [53].

Accordingly, we assess the effectiveness of our approach using EER, where a lower

value corresponds to better performance.

5.5 Experiments and Results

5.5.1 Experimental validation of hypothesis

Our approach is designed to mitigate linguistic bias in existing speaker verification

systems by incorporating a language-agnostic embedding. To empirically validate this

hypothesis, we examine the impact of integrating FAtNet embeddings with baseline

models on out-of-domain test sets.

Consider a trial pair (clip1.wav, clip2.wav) represented by MFCCs (mfcc1,mfcc2)

and spectrograms (spec1, spec2).

VGG-M ⊕ FAtNet-v1: In this setup, the MFCCs (mfcc1,mfcc2) are processed

through FAtNet-v1 to generate 1024-dimensional embeddings. Simultaneously, the

spectrograms (spec1, spec2) are passed through the VGG-M siamese baseline to ob-

tain 512-dimensional embeddings. These embeddings are then concatenated and fed

into a fully connected layer with 1024 neurons. After applying ReLU activation and

L2 normalization, the features pass through a final fully connected layer with 2 units

for speaker verification. The last two fully connected layers are fine-tuned using the

VoxCeleb training set.

RawNet-2 ⊕ FAtNet-v2: For this integration, the MFCCs (mfcc1,mfcc2) are fed

through FAtNet-v2 to produce 512-dimensional embeddings for each recording, fol-

lowing steps 3 and 4 of the input strategy described in Section 5.4.4. Concurrently, the
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Model FAtNet
Train set Test Set EER (%) Rel.

Imp. (%)
VGG-M - Voxforge 9.190 -

VGG-M ⊕ FAtNet-v1 Vox-1 dev Voxforge 7.665 +16.594%
VGG-M ⊕ FAtNet-v1 Vox-2 dev Voxforge 7.618 +17.106%

VGG-M - Aishell-1 9.999 -
VGG-M ⊕ FAtNet-v1 Vox-1 dev Aishell-1 9.139 +8.601%
VGG-M ⊕ FAtNet-v1 Vox-2 dev Aishell-1 6.866 +31.333%

RawNet-2 - Voxforge 7.012 -
RawNet-2 ⊕ FAtNet-v2 Vox-2 dev Voxforge 5.341 +23.831%

RawNet-2 - Aishell-1 6.202 -
RawNet-2 ⊕ FAtNet-v2 Vox-2 dev Aishell-1 3.832 +38.213%

Table 5.2: Table illustrating the relative performance gains of VGG-M and RawNet-2
baselines following integration with FAtNet embeddings.

recordings are processed through the RawNet-2 baseline to obtain 1024-dimensional

embeddings. For each trial pair, the embeddings from FAtNet-v2 and RawNet-2 are

concatenated for both recordings, and cosine similarity is computed for speaker verifi-

cation.

Observations: As shown in Table 5.2, integrating FAtNet embeddings leads to no-

table improvements in baseline performance on out-of-domain test sets. This indicates

that, with minimal additional overhead, FAtNet embeddings can enhance the effective-

ness of these baselines on unseen languages without requiring domain adaptation.

5.5.2 Language-specific analysis

For a more comprehensive evaluation of the findings from the previous experiment, we

generated separate test sets for 11 languages using the Voxforge dataset. The Bulgar-

ian test set contains 3,110 trial pairs, while each of the remaining test sets comprises

20,000 trial pairs. Figures 5.4 and 5.5 demonstrate that integrating the baselines with the

proposed FAtNet embeddings consistently lowers the equal error rate. This further con-

firms that FAtNet embeddings help reduce the language dependency of baseline models

and enhance their generalizability on out-of-domain test sets. Notably, an absolute

improvement of 2.64% was observed on the Dutch (Non-English) test set after com-

bining FAtNet-v1 with VGG-M, and a 3.65% absolute improvement was observed on

the Portuguese (Non-English) set after integrating RawNet-2 with FAtNet-v2. Hence,

the largest absolute gains were seen on Non-English test sets, specifically Dutch and
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Portuguese.

Figure 5.4: Figure illustrating that combining VGG-M with FAtNet-v1 consistently
lowers the EER across test sets containing speech in various languages.

Figure 5.5: Figure illustrating that the integration of RawNet-2 with FAtNet-v2 con-
sistently decreases the EER across test sets comprising speech in multiple
languages.

5.5.3 Linguistic study with augmentation

To gain deeper linguistic insights, we analyze the performance of the standalone FAtNet

models using test-time augmentation (TTA) for feeding input data. The input strategy

outlined in Section 4.3 is referred to as S0.

In the TTA strategy, each audio recording in the test set is either repeated or trun-

cated to a fixed duration of 30 seconds [113], and then further divided into 3-second

segments. All possible pairs of these segments are created, forming a batch of 100

pairs, which is fed to the model (similarly to S0). For FAtNet-v1, the final probabilities

are averaged across the batch. For FAtNet-v2, the 100 embeddings of embedding1 are
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averaged to produce a single tensor, and the same is done for embedding2. The cosine

similarity between these averaged embeddings is then computed. This input procedure

is referred to as S1.

Observations: As shown in Figure 5.6, using the S1 input strategy resulted in im-

proved performance compared to S0. Notably, FAtNet-v2 outperformed FAtNet-v1 on

out-of-domain (Non-English) test sets. This is expected, as FAtNet-v2 employs two

4-head attention blocks, while FAtNet-v1 uses a single 8-head attention block. This

suggests that selectively attending to frame-level features for each audio clip individu-

ally enhances the model’s language robustness on out-of-domain data.

Figure 5.6: Figure illustrating the robustness of the proposed FAtNet models on out-of-
domain test sets, demonstrating improved performance with the S1 test-time
augmentation strategy compared to S0.

5.5.4 Qualitative comparison with the baselines

In this experiment, we assess the generalization performance of the proposed FAtNet

networks compared to baseline models. As shown in Figure 5.7, the baselines per-

formed reasonably well on the VoxCeleb-1 test set (mostly English) and the LibriSpeech

(English) test set. However, their performance dropped noticeably on the two out-of-

domain multilingual test sets: Aishell-1 (Mandarin) and Voxforge (Non-English).

In contrast, FAtNet models demonstrated improved performance on the out-of-

domain multilingual test sets, generalizing effectively without any domain adaptation.

This highlights the language dependency present in the VGG-M and RawNet-2 base-
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Figure 5.7: Figure illustrating that baseline models exhibit degraded performance on
Non-English test sets without domain adaptation, whereas FAtNet models
show improved performance on the same sets without any adaptation.

lines. The comparatively lower performance of FAtNet on VoxCeleb-1 and LibriSpeech

may stem from dataset-specific variability: VoxCeleb-1 contains recordings collected

under noisy, unconstrained conditions, while LibriSpeech, derived from audiobooks,

exhibits high prosodic variation. These observations suggest that frame-attentive net-

works offer strong cross-lingual generalization but may be sensitive to noise or prosodic

variability.

5.5.5 Ablation Study

To investigate which components of FAtNet contribute to its language robustness, we

conducted an ablation study. FAtNet consists of two main modules: the TDNN compo-

nent and the attention block. We trained a simple TDNN-only model on the VoxCeleb-2

dev set, keeping the architecture identical to FAtNet but omitting the attention block.

Figure 5.8 and Figure 5.9 show that the full FAtNet models generally outperform the

TDNN-only model across most test sets. These results indicate that frame-level features
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enhance language robustness, and that attention-driven selection of these features fur-

ther improves performance. Thus, combining the TDNN module with attention blocks,

as in FAtNet, is key to achieving language-robust embeddings.

Interestingly, the TDNN-only model outperformed both FAtNet-v1 and FAtNet-v2

on the Aishell-1 and LibriSpeech test sets. While FAtNet-v1 surpassed TDNN on Lib-

riSpeech, FAtNet-v2 did not, suggesting that FAtNet-v1 handles prosodic variations

better. This is reasonable because FAtNet-v1 uses a single attention block applied

after concatenating frame-level features from both audio clips, resulting in a higher-

dimensional input to the attention mechanism than in FAtNet-v2. On the other hand,

FAtNet-v2 performed better on out-of-domain test sets compared to TDNN, whereas

FAtNet-v1 underperformed on the Aishell-1 test set relative to TDNN. The use of two

separate attention blocks in FAtNet-v2, each specific to an individual audio clip, con-

tributes to its superior language robustness compared to FAtNet-v1.

Figure 5.8: Comparison of the TDNN model and FAtNet-v1 performance, using the S0

input strategy for both models.

5.6 Discussion

This study explores a cost-efficient approach of combining lightweight frame-attentive

embeddings with more complex baseline models to reduce linguistic bias in these base-

lines without requiring domain adaptation. Through extensive experiments across twelve

languages and ablation studies, we observed that the proposed method consistently and
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Figure 5.9: Comparison of the TDNN model and FAtNet-v2 performance, employing
the S0 input strategy for both models.

significantly improves the mitigation of linguistic bias. Key observations include:

Model complexity: As shown in Table 5.3, the FAtNet models contain fewer pa-

rameters compared to the baseline models, resulting in faster training times. While

VGG-M and RawNet-2 require 71.7MB and 53.6MB of disk space, respectively, the

proposed FAtNet-v1 and FAtNet-v2 occupy only 41MB and 32.6MB. Hence, FAtNet

models are considerably lighter than the baselines.

Model #Parameters
VGG-M 17909219

RawNet-2 13379378
FAtNet-v1 10226690
FAtNet-v2 8127490

Table 5.3: Table presenting the parameter counts for the proposed FAtNet models and
the baseline networks.

Cost-effectiveness: Reducing linguistic bias without domain adaptation is essential

for improving the global usability of speaker verification models. However, this task

is inherently challenging, often requiring complex network architectures and additional

computational overhead. Some commonly used approaches to address linguistic bias

include:

1. Fine-tuning a pre-trained model separately for each language can mitigate bias.
Given that there are roughly 7,000 languages worldwide [59], this approach is
extremely resource-intensive and impractical for large-scale deployment.

2. Training large, highly complex models on massive datasets can improve gener-
alization to out-of-domain test sets. However, this strategy demands significant
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computational resources and storage capacity.

In contrast, FAtNet models are lightweight and have lower complexity compared

to these baselines. By integrating the proposed FAtNet embeddings with stronger and

heavier baseline models, we observed substantial performance improvements. This in-

dicates that with minimal overhead, FAtNet embeddings can effectively enhance the

generalizability of existing baselines. Consequently, our approach provides a cost-

efficient solution for mitigating linguistic bias and improving the usability of speaker

verification models worldwide.

5.7 Conclusions and Future Work

In this chapter, we presented a cost-efficient approach that leverages lightweight frame-

level embeddings to mitigate linguistic bias in existing speaker verification systems,

avoiding the need for domain adaptation. We further examined the use of attention

mechanisms at the frame level to selectively emphasize discriminative features. To rig-

orously evaluate our theoretical hypothesis, we proposed two variants of frame-attentive

networks: FAtNet-v1 and FAtNet-v2, and studied their integration with baseline models

across twelve languages. Experimental results demonstrated consistent improvements

in baseline performance on out-of-domain test sets without any domain adaptation.

Qualitative comparisons indicated that the proposed models are more generalizable than

the baselines. Additionally, ablation studies revealed that frame-level embeddings cap-

ture less linguistic information than utterance-level embeddings, and intelligent selec-

tion of frame-level features can further enhance speaker verification performance.

Our findings also highlight directions for future research. For example, exploring

standalone domain-invariant architectures could be promising. While this work focuses

on trial pairs where both speech recordings are in the same language, extending the

approach to bilingual or code-switched scenarios—where recordings in a pair come

from different languages—may offer further benefits.
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CHAPTER 6

Mitigating Partially Cross-Lingual Bias in Speaker

Verification

Linguistic bias presents a major obstacle to ensuring diversity, equity, and inclusiveness

in Natural Language Processing (NLP) systems. The problem is especially acute in

security-critical applications such as speaker verification, where fairness and reliability

are paramount. Speaker verification systems determine whether two speech recordings

belong to the same speaker. Such biometric systems must be accurate and inclusive for

bilingual users. Yet, deep neural network–based systems often exhibit linguistic bias.

This bias can manifest as either fully cross-lingual or partially cross-lingual. While

Chapter 5 addressed the issue of fully cross-lingual bias, this chapter focuses on the

challenge of partially cross-lingual bias in speaker verification. Partially cross-lingual

bias arises when one recording in a trial pair belongs to the training language and the

other is in an unseen target language. Such mismatches can distort system decisions,

creating barriers for bilingual speakers. Although domain adaptation can mitigate this

issue, adapting models to each language individually is prohibitively expensive.

In this chapter1, we explore cost-efficient strategies to reduce partially cross-lingual

bias in speaker verification. We begin by analyzing the behavior of five baseline systems

across five partially cross-lingual scenarios. Building on these insights, we propose

EcoSpeak, a lightweight framework that incorporates contrastive linguistic (CL) atten-

tion. CL attention exploits linguistic differences within trial pairs to emphasize more

discriminative regions of the embeddings. Experimental results demonstrate that EcoS-

peak consistently improves robustness under partially cross-lingual testing, providing

an efficient and practical solution toward fairer speaker verification.

1This chapter presents the following paper:
Divya V Sharma. 2024. EcoSpeak: Cost-Efficient Bias Mitigation for Partially Cross-Lingual Speaker
Verification. In Findings of the Association for Computational Linguistics: NAACL 2024, pages
379–394, Mexico City, Mexico. Association for Computational Linguistics.



6.1 Introduction

Linguistic bias is a significant concern that undermines the diversity, equity, and in-

clusiveness of Natural Language Processing (NLP) systems. The problem becomes

even more critical in security-sensitive applications such as speaker verification, where

fairness and reliability are essential. Speaker verification is a biometric task that deter-

mines whether two speech recordings belong to the same speaker. These two recordings

form a trial pair, labeled positive if they originate from the same speaker and negative

otherwise. Speaker verification has broad applications in domains such as forensics,

e-commerce, legal proceedings, and access-control systems [46]. Such systems can

operate in either text-dependent or text-independent modes [180]. Text-independent

speaker verification imposes no constraints on the spoken content, relying instead on

acoustic features to discriminate between speakers. By eliminating the need for users to

remember specific passphrases, text-independent approaches provide a more seamless

and user-friendly experience compared to their text-dependent counterparts.

Deep Neural Network (DNN)–based methods have achieved state-of-the-art perfor-

mance in text-independent speaker verification [31, 113, 114]. However, the embed-

dings extracted by these models often blend acoustic and linguistic information [202].

This entanglement introduces linguistic bias, causing models to rely on irrelevant lan-

guage cues when verifying speakers, which in turn degrades performance on unseen

target languages [95, 190]. Linguistic bias can manifest in two ways: fully cross-lingual

or partially cross-lingual. In the fully cross-lingual case, both recordings in a trial pair

belong to a target language t that differs from the source or training language s. In

the partially cross-lingual case, one recording is in s while the other is in t, creating a

mismatched condition that is equally challenging, as shown in Figure 6.1.

Figure 6.1: A partially cross-lingual scenario in speaker verification.

While most prior work has emphasized the fully cross-lingual setting, the partially

cross-lingual scenario deserves equal attention, particularly since nearly 40% of the
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world’s population is bilingual [180]. Addressing this problem is essential to improve

the inclusiveness of speaker verification technologies. Domain adaptation offers one

solution [86, 203, 24, 177, 138, 166, 182], but adapting models to thousands of lan-

guages is impractical and prohibitively expensive. Another strategy is to train models

on large-scale multilingual datasets to improve generalizability [28], but this requires

immense computational and storage resources, which also translates into high carbon

emissions and environmental costs [142, 187].

To address these challenges, this chapter investigates cost-efficient methods for mit-

igating partially cross-lingual bias in text-independent speaker verification. We intro-

duce EcoSpeak, a lightweight framework designed to reduce this bias without expensive

domain adaptation. EcoSpeak combines three key components: a compact residual net-

work, a novel contrastive linguistic (CL) attention mechanism, and a bias corrector.

Residual connections strengthen the model’s ability to retain low-level acoustic cues

that are critical for speaker verification. The CL attention mechanism leverages linguis-

tic differences within trial pairs to generate attention weights, directing the model to-

ward more discriminative features. Finally, the bias corrector adjusts verification prob-

abilities based on the linguistic mismatch between recordings.

We first analyze the behaviour of five baseline systems across five partially cross-

lingual test sets derived from four low-resource languages. We then evaluate EcoSpeak

on these test sets, demonstrating its effectiveness even without domain adaptation. In

addition, we explore efficient fine-tuning strategies that further improve EcoSpeak’s

generalizability to unseen low-resource languages, all while keeping computational

costs low.

Summary of Chapter Contributions:

1. We study the behavior of five baseline speaker verification models on five par-
tially cross-lingual test sets spanning four low-resource languages.

2. We introduce EcoSpeak, a cost-effective approach to mitigate bias in partially
cross-lingual speaker verification.

3. We investigate the effectiveness of EcoSpeak on partially cross-lingual test sets
and explore low-cost fine-tuning strategies to improve its generalizability to un-
seen languages.
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6.2 Related Works

Partially Cross-Lingual Bias: Training on large-scale cross-lingual datasets can help

reduce partially cross-lingual bias [180, 131]. However, such labeled datasets are often

scarce [180], and using them entails significant computational and storage costs. Multi-

task learning is another approach, allowing models to simultaneously learn speaker

identities while alleviating linguistic bias [202]. Additionally, combining multiple mod-

els through fusion can further mitigate linguistic bias [131, 165], though this increases

inference costs. Residual networks, in particular, have shown relatively higher robust-

ness to linguistic differences compared to other architectures [131, 165], though the

underlying reasons remain unclear. In this chapter, we examine the behavior of residual

networks under partially cross-lingual conditions. Among prior studies, [165] is the

most closely related. They address partially cross-lingual speaker verification involving

speakers whose first language is Persian and second language is English [198], propos-

ing a language compensation offset for trial pairs in different languages. However, their

study focuses on closed-set speaker verification, where test utterances belong to known

speakers. In contrast, we target the open-set scenario, where test trial pairs may include

speakers unseen during training.

Green Speech Processing: The NLP community has increasingly emphasized de-

veloping inclusive and environmentally sustainable models [142, 187]. Speech pro-

cessing, however, is resource-intensive, demanding substantial computation and stor-

age. For example, SpeakerStew’s training set included over 20 million utterances from

196,000 speakers [28], and XLS-R contains roughly 2 billion parameters, trained on

nearly half a million hours of speech [10]. In [131], models were trained using record-

ings from 21,795 virtual speakers along with actual training set speakers for partially

cross-lingual bias mitigation. Such large-scale training contributes to high carbon emis-

sions. Consequently, researchers have explored cost-efficient bias mitigation techniques

for fully cross-lingual speaker verification [89]. This chapter extends these efforts by

investigating low-cost bias mitigation strategies for partially cross-lingual speaker ver-

ification.
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6.3 Proposed Approach

The outstanding performance of deep Convolutional Neural Network (CNN)–based

models in speaker recognition motivates an investigation into their susceptibility to lin-

guistic bias. These models employ several CNN layers [113, 73, 74]. The initial layers

typically capture low-level acoustic properties of speech, which are crucial for speaker

verification [88], while the deeper layers capture higher-level representations that of-

ten embed linguistic information [116]. As a result, deeper models may inadvertently

learn excessive linguistic details and become biased. To address this issue, we introduce

EcoSpeak, a framework designed to mitigate linguistic bias in speaker verification. This

section outlines the architecture of EcoSpeak.

Hypothesis: Residual connections in deep CNNs propagate outputs from lower

layers to higher layers [58]. This mechanism integrates low-level acoustic features with

more abstract higher-level representations, enabling the model to preserve and empha-

size the acoustic cues critical for speaker verification. Based on this, we hypothesize

that residual connections reduce linguistic bias by reinforcing the importance of low-

level acoustic information.

Input: The trial pair recordings are first preprocessed by trimming silent regions.

From the processed audio, we extract 64-dimensional normalized log-Mel spectrograms

with shape (b, 1, ti,m), as illustrated in Figure 6.2. Here, b refers to the batch size, 1

corresponds to the mono-channel input, ti represents the number of time frames, and

m denotes the number of Mel bands (m = 64). Since test recordings can have variable

durations, t1 and t2 may differ across inputs. These spectrogram features are then fed

into ResNet (Lite) and the s-Detect model.

s-Detect: In partially cross-lingual trial pairs, one recording belongs to the source

language s while the other is from an unseen target language t. To identify whether a

given recording is in s, we employ the s-Detect module. This model is composed of

three bidirectional GRU layers (hidden size = 128) followed by a fully connected layer.

As illustrated in Figure 6.2, it outputs both a probability score and a 256-dimensional

language identification embedding (lidi, d = 256).

ResNet (Lite): ResNet (Lite) is a compact, more efficient variant of ResNet-34
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Figure 6.2: Architecture diagram for EcoSpeak.

[137].2 Layer-wise details of ResNet (Lite) are provided in Table 6.1. The network

is pre-trained for speaker identification, a multi-class task where the system predicts

a speaker’s identity from the training set. Within EcoSpeak, ResNet (Lite) is used to

derive d-dimensional speaker embeddings (see Figure 6.2). Specifically, embeddings

emb1 and emb2 for the trial pair are extracted from the avgPool layer. We then compute

their absolute difference:

x = |emb1 − emb2| (6.1)

This operation highlights the discriminative features crucial for speaker verification,

while the use of absolute difference ensures commutativity, making the result invariant

to the input order.

2Two variants of ResNet-34 were evaluated, and we selected the lighter yet robust one. Details are
provided in the ablation study.
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Layer Input shape Output shape
conv1 [b, 1, 301, 64] [b, 32, 297, 60]

maxpool1 [b, 32, 297, 60] [b, 32, 149, 30]
layer1 [b, 32, 149, 30] [b, 32, 149, 30]
layer2 [b, 32, 149, 30] [b, 64, 38, 8]
layer3 [b, 64, 38, 8] [b, 128, 10, 2]
layer4 [b, 128, 10, 2] [b, 256, 3, 1]

avgpool [b, 256, 3, 1] [b, 256, 1, 1]
fc1 [b, 256] [b, 512]
fc2 [b, 512] [b, num_speakers]

Table 6.1: Architecture details of the ResNet (Lite) speaker identification model.

Contrastive Linguistic (CL) Attention: Prior studies have shown that attention

mechanisms are effective for speaker verification [38, 73]. Building on this, we in-

troduce the contrastive linguistic (CL) attention mechanism specifically for partially

cross-lingual speaker verification. The core idea is to leverage the linguistic mismatch

between recordings in a trial pair to generate attention weights. The attention module

takes x as its primary input, while lid1 and lid2 serve as auxiliary prompts. The CL

attention operates in two stages:

1. Attention weight generation: We begin by computing the absolute difference
between the language embeddings of the two recordings. This difference is
passed through a fully connected layer followed by a ReLU activation to pro-
duce the CL attention weights W att:

∆lid = |lid1 − lid2| (6.2)

Watt = ReLU(∆lidW T + blinear) (6.3)

where W and blinear are the weight and bias parameters of the linear layer.

2. Attention application: The generated attention weights are then applied to the
speaker embedding difference. The final CL attention output is computed as:

x′ = x+ tanh(θ1) ·Watt (6.4)

Here θ1 is a learned parameter.

Bias Corrector: To carry out speaker verification, x′ is first passed through fully

connected layers (see Figure 6.2). The resulting speaker verification scores are then

refined using the bias corrector, which operates in two stages: language verification and

bias adjustment.

Language verification: EcoSpeak is jointly trained for both speaker and language
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verification. Language verification is framed as a binary classification problem: deter-

mining whether the two recordings in a trial pair belong to the same language. For this

task, ∆lid is passed through fully connected layers to produce the language verification

probabilities p, as illustrated in Figure 6.2.

Bias adjustment: Speaker verification outcomes are often influenced by the lin-

guistic similarity of the trial pair. When both recordings are in the same language, the

system tends to lean toward the positive class, while cross-lingual pairs push the sys-

tem toward the negative class. To counteract this tendency, EcoSpeak integrates a bias

adjustment mechanism.

• If the language verification model predicts that both recordings are in the same
language, the bias corrector penalizes the negative class to reduce the system’s
inclination toward the positive class:

x′[i, 0] = x′[i, 0] + |θn| (6.5)

• Conversely, if the recordings are predicted to be in different languages, the bias
corrector penalizes the positive class to prevent the system’s inclination towards
the negative class:

x′[i, 1] = x′[i, 1] + |θp| (6.6)

Here, θp and θn are learnable parameters.

6.4 Experimental Setup

The datasets3 and baseline models4 employed in this study are publicly accessible. All

sets maintain a balanced number of positive and negative trial pairs. In our experiments,

English serves as the source language s, while Tamil, Telugu, Malayalam, and Kannada

are treated as the low-resource target languages t.

3VoxCeleb:https://www.robots.ox.ac.uk/~vgg/data/voxceleb/,
Indian-English (NPTEL): https://github.com/AI4Bharat/
NPTEL2020-Indian-English-Speech-Dataset, Hindi:http://openslr.org/103/,
Tamil:http://openslr.org/65/, Telugu:http://openslr.org/66/, Malayalam:http:
//openslr.org/63/, Kannada:https://openslr.org/79/, Microsoft Speech Cor-
pus:https://www.microsoft.com/en-za/download/details.aspx?id=105292,
NISP:https://github.com/iiscleap/NISP-Dataset

4VGG-M: https://github.com/Derpimort/VGGVox-PyTorch, X-Vector:https:
//huggingface.co/speechbrain/spkrec-xvect-voxceleb, ECAPA-TDNN:https:
//huggingface.co/speechbrain/spkrec-ECAPA-voxceleb, RawNet-2:https:
//github.com/Jungjee/RawNet/tree/master/python/RawNet2, RawNet-
3:https://github.com/Jungjee/RawNet/tree/master/python/RawNet3
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6.4.1 Datasets

Pre-training ResNet (Lite)

ResNet (Lite) was pre-trained for speaker identification using the VoxCeleb-2 devel-

opment set [113, 31], which comprises 1,092,009 utterances from 5,994 speakers. The

model’s performance was subsequently evaluated on the VoxCeleb-1 test set [114], con-

taining 37,720 trial pairs. Since the VoxCeleb datasets primarily feature English speech

[131], English serves as the source language (s) in our experiments.

Training s-Detect

The s-Detect model was trained on English and five Indian languages: Hindi, Tamil,

Telugu, Malayalam, and Kannada. Indian-accented English recordings were sourced

from the NPTEL 2020 lecture dataset [4], while Hindi speech came from the Multi-

lingual and Code-Switching ASR Challenge Dataset (sub-task 1) [41]. For Tamil and

Telugu, we used conversational speech recordings from the Microsoft Speech Corpus

[105], and Malayalam and Kannada recordings were obtained from OpenSLR [57].

Training Setup

We first trained ResNet (Lite) for speaker identification using the VoxCeleb-2 dev set.

Each epoch took approximately 40 minutes to complete, resulting in 0.18 kgCO2eq of

carbon emissions and consuming 0.61 kWh of electricity. The model was trained for a

total of ten epochs. Next, we trained the s-Detect model to identify the source language

(English). We combined speech recordings from multiple datasets, obtaining 23,856

(Hindi), 24,884 (Tamil), 20,207 (Telugu), 1,983 (Malayalam), 3,633 (Kannada), and

74,563 (English) recordings.

Subsequently, s-Detect was fine-tuned on the NISP-Hindi speaker data to enable

EcoSpeak-Hindi to adapt to dataset-specific variations. Mixed training was performed

by combining NISP-Hindi data with the original s-Detect training set. The adapted s-

Detect was then used to train EcoSpeak-Hindi on the NISP-Hindi speaker recordings.

Fine-tuning was performed for four epochs to avoid overfitting due to limited data, with

ResNet (Lite) weights frozen. CrossEntropyLoss was employed as the loss function,
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and the Adam optimizer with a learning rate of 0.0005 was used.

The same procedure was applied to train EcoSpeak-Tamil, EcoSpeak-Telugu, EcoSpeak-

Malayalam, and EcoSpeak-Kannada models. Training was conducted on a single NVIDIA

A100 GPU. Pre-processing and feature extraction were performed using Librosa, model

training used PyTorch, and carbon emissions as well as electricity usage were tracked

with CodeCarbon [101, 126].5

Cross-lingual Speaker Verification

Cross-lingual experiments were conducted using the NISP dataset [76], which contains

speech from bilingual speakers whose native language is Hindi, Tamil, Telugu, Malay-

alam, or Kannada, and who speak English as a second language. Each speaker in the

dataset contributes recordings in both English and their native language.

6.4.2 Low-Resource Language Test Sets

Our experiments target four low-resource languages (LRLs): Tamil, Telugu, Malay-

alam, and Kannada. For cross-lingual evaluation, we used native speaker data from

NISP-LRL. The following notations are used consistently throughout to report our re-

sults:

1. s: The source language, which is English.
2. t: The target language, i.e., the speaker’s native language.
3. ts or st: A trial pair in which one recording is in English (s) and the other is in

the speaker’s native language (t).

We constructed seven LRL test sets, represented using the following notations:

1. tt− tt: Both recordings in each trial pair are in the speaker’s native language t.
2. ts − tt: Positive trial pairs consist of recordings in different languages ts, while

negative trial pairs are in the speaker’s native language tt.
3. ts− ts: Each trial pair includes recordings in different languages ts.
4. tt− ts: Positive trial pairs have both recordings in the speaker’s native language

tt, whereas negative trial pairs consist of recordings in different languages ts.
5. ss− ss: All recordings in the trial pairs are in English s.
6. ss − st: Positive trial pairs include recordings in English ss, and negative trial

pairs have recordings in different languages st.

5https://pypi.org/project/codecarbon/
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7. st − ss: Positive trial pairs contain recordings in different languages st, while
negative trial pairs are in English ss.

Table 6.2 provides a concise overview of the seven LRL test sets. Each set com-

prises 100,000 trial pairs, with 25,000 pairs contributed by native speakers of each low-

resource language. In negative trial pairs, the speakers are matched by gender. Based on

this, we created a same-language test set (ss−ss), a fully cross-lingual test set (tt− tt),

and five partially cross-lingual test sets (ts− tt, ts− ts, tt− ts, ss− st, and st− ss).

Test Set Positive Trial Pairs Negative Trial Pairs
tt− tt both target (tt) both target (tt)
ts− tt one target (t), one source (s) both target (tt)
ts− ts one target (t), one source (s) one target (t), one source (s)
tt− ts both target (tt) one target (t), one source (s)
ss− ss both source (ss) both source (ss)
ss− st both source (ss) one source (s), one target (t)
st− ss one source (s), one target (t) both source (ss)

Table 6.2: Overview of the Low-Resource Language (LRL) test sets. In this context, s
denotes the source language (English) and t denotes the target language (the
speaker’s native language). The tt–tt set corresponds to a fully cross-lingual
scenario, while ss–ss represents a same-language test set. The other five test
sets reflect partially cross-lingual conditions.

6.4.3 Baselines

We analyzed the behavior of five baseline models on the LRL test sets: RawNet-3,

ECAPA-TDNN, RawNet-2, X-Vectors, and VGG-M [74, 38, 134, 73, 152, 113]. These

baselines were pre-trained for speaker identification and take speech recordings as in-

put to produce speaker embeddings. For speaker verification, each trial pair recording is

fed into the model, and the cosine similarity between the resulting embeddings is com-

puted to determine whether the recordings belong to the same speaker. The X-Vector,

ECAPA-TDNN, and RawNet-3 models were trained on the combined VoxCeleb-1 and

VoxCeleb-2 development sets, while VGG-M and RawNet-2 were trained on VoxCeleb-

1 dev and VoxCeleb-2 dev, respectively.
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6.4.4 Evaluation Metric

Equal Error Rate (EER) is a widely used metric for evaluating speaker verification sys-

tems [53]. It corresponds to the point where the False Match Rate (FMR) equals the

False Non-Match Rate (FNMR). FMR measures the proportion of negative trial pairs

that the system mistakenly classifies as positive, whereas FNMR measures the propor-

tion of positive trial pairs incorrectly classified as negative. The EER is identified at the

threshold where FMR and FNMR are equal. In this study, EER is employed to assess

system performance, with lower values indicating better verification accuracy.

6.5 Experiments and Results

6.5.1 Baseline Behavioral Insights

Understanding error patterns in baseline models is the first step toward mitigating bias

[26]. To this end, we analyzed the behavior of baseline models on the LRL test sets.

As shown in Table 6.3, elevated EER values were observed on the ts − tt and st −

ss test sets, indicating that high linguistic similarity in negative trial pairs (tt or ss)

degrades performance. This suggests that high linguistic similarity biases the model

toward predicting the positive class. Conversely, low linguistic similarity in positive

trial pairs (ts or st) also reduces performance, implying a bias toward the negative class.

We further observed lower EER values on the tt−ts and ss−st test sets, indicating that

baseline models perform best when positive trial pairs have high linguistic similarity

(ss or tt) and negative trial pairs have low linguistic similarity (ts or st). Overall,

these results highlight that linguistic similarity between trial pair recordings strongly

influences baseline model decisions.

Key Observations:

1. Elevated EERs were found on ts−tt and st−ss, indicating that baselines perform
worst on these sets. This reflects that linguistic mismatch in positive trial pairs (ts
or st) and linguistic match in negative trial pairs (tt or ss) leads to performance
degradation. We classify Positive-ts, Positive-st, Negative-tt, and Negative-ss as
complex trial pair types.

2. Lower EERs were observed on tt− ts and ss− st, indicating that baselines per-
form best on these sets. This shows that linguistic match in positive trial pairs
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Model tt− tt ts− tt ts− ts tt− ts ss− ss ss− st st− ss
VGG-M (Baseline) 11.40 26.15 22.42 9.47 10.35 7.90 28.06

X-Vector (Baseline) 6.75 20.38 17.43 5.85 6.92 5.25 22.19
ECAPA-TDNN (Baseline) 12.46 20.93 19.57 11.96 11.40 9.30 22.65

RawNet-2 (Baseline) 38.24 41.48 39.21 36.87 37.90 37.00 39.80
RawNet-3 (Baseline) 41.34 52.17 46.54 36.75 41.71 44.10 43.60

ResNet+ (Hypothesis) 10.72 13.55 12.27 9.81 9.51 9.55 12.08
EcoSpeak (Scheme-A) 8.54 13.88 12.80 7.64 7.70 7.37 13.66
EcoSpeak (Scheme-B) 7.70 12.01 12.65 8.09 7.23 7.61 11.87
EcoSpeak (Scheme-C) 7.31 9.32 11.16 9.06 6.81 8.18 9.65

Table 6.3: EER (%) of baselines, ResNet+, and EcoSpeak across the LRL test sets.
Bold font highlights each model’s best and worst performance. Key obser-
vations: 1) Baselines show the lowest performance on ts–tt and st–ss sets.
2) ResNet+ exhibits more stable performance than the baselines. 3) EcoS-
peak (Scheme-C) performed the better than that of Scheme-A and Scheme-B
models. EcoSpeak (Scheme-C) performed the worst on ts–ts, differing from
the baselines’ worst-case pattern.

(tt or ss) and linguistic mismatch in negative trial pairs (ts or st) improves per-
formance. We classify Positive-tt, Positive-ss, Negative-ts, and Negative-st as
simple trial pair types.

6.5.2 Behavior of Residual Connections

We next explored the effect of residual connections on cross-lingual evaluation by test-

ing ResNet+ on the LRL sets. ResNet+ employs 64, 128, 256, and 512 channels in its

first through fourth layers, whereas ResNet (Lite) uses 32, 64, 128, and 256 channels.

To assess stability, we compared the relative differences between each model’s highest

and lowest EER scores on the LRL test sets. As shown in Table 6.3, ResNet+ exhibited

an EER difference of 29.81% (i.e.,
(
13.55−9.51

13.55
× 100

)
), which is substantially lower than

that of VGG-M, X-Vector, and ECAPA-TDNN. The corresponding relative EER differ-

ences for VGG-M, X-Vector, and ECAPA-TDNN were 71.84%, 76.34%, and 58.94%,

respectively, indicating that ResNet+ is more stable across LRL test sets.

We also compared the RawNet models’ performance on VoxCeleb-1 versus the LRL

test sets. RawNet-2 and RawNet-3 achieved EERs of 3.67% and 1.11% on VoxCeleb-

1. However, their performance deteriorated considerably on NISP-LRL sets, with

EERs increasing by over 30%. In contrast, ResNet+ achieved an EER of 9.97% on

VoxCeleb-1, which is closer to its LRL test set results. Notably, although ECAPA-

TDNN, RawNet-2, and RawNet-3 also incorporate residual connections, they still ex-

hibited high linguistic bias on LRL sets, suggesting that residual connections alone are
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insufficient for mitigating bias.

Summary of Findings: ResNet+ demonstrates reduced linguistic bias compared to

baseline models, indicating that residual connections can help mitigate bias. Neverthe-

less, residual connections by themselves are not adequate for complete bias reduction.

6.5.3 Data Balancing Schemes

Focusing on the quality of training data rather than its sheer quantity can serve as a

cost-efficient way to mitigate linguistic bias [159]. To study the role of data balancing

in partially cross-lingual speaker verification, we experimented with three balancing

strategies for fine-tuning EcoSpeak. These strategies differed in how they distributed

simple versus complex trial pair types within the training set.

Methodology: We defined six trial pair categories for EcoSpeak fine-tuning: Positive-

ts, Positive-tt, Positive-ss, Negative-ts, Negative-tt, and Negative-ss, where “positive”

and “negative” indicate whether both recordings belong to the same speaker. The no-

tations tt, ss, and ts represent whether the trial pair is monolingual (tt, ss) or cross-

lingual (ts). Based on our baseline analysis, Positive-ts, Negative-tt, and Negative-ss

are considered complex types, while Positive-tt, Positive-ss, and Negative-ts are con-

sidered simple types. Using these, we designed three balancing schemes:

1. Scheme-A: 200,000 examples for each trial pair type.

2. Scheme-B: 250,000 examples for each complex type, and 150,000 for each simple
type.

3. Scheme-C: 300,000 examples for each complex type, and 100,000 for each simple
type.

Each scheme produced 1.2 million trial pairs, resulting in separate training sets.

EcoSpeak was fine-tuned on NISP-Hindi speaker data using these scheme-specific sets,

yielding three models—one per scheme. We then evaluated these models on the LRL

test sets (Tamil, Telugu, Malayalam, Kannada) without domain adaptation.

Observations: We compared the spread between the highest and lowest EER values

for each scheme. The relative differences were 46.90% (
(
13.88−7.37

13.88
× 100

)
), 42.84%,

and 38.97% for Scheme-A, Scheme-B, and Scheme-C, respectively. Scheme-C thus

produced the most consistent performance, likely because it emphasized complex trial

92



pair types in training. This highlights that effective data balancing can provide a cost-

efficient pathway for bias mitigation. Notably, unlike baselines that performed worst

on ts–tt or st–ss, EcoSpeak (Scheme-C) showed its weakest performance on ts–ts,

indicating a different error trend.

6.5.4 Dataset for fine-tuning EcoSpeak

Due to the scarcity of data in low-resource target languages, identifying suitable datasets

for model fine-tuning is a major challenge. To address this, we investigated two strate-

gies for fine-tuning EcoSpeak:

1. Fine-tuning with weakly related but diverse datasets

2. Fine-tuning with strongly related but limited datasets

Methodology: For this study, we selected Tamil as the target low-resource language

(t). Using the LRL test sets, we constructed Tamil-LRL test sets by retaining only those

trial pairs containing speech recordings of Tamil native speakers. This process yielded

seven Tamil-LRL test sets, each containing 25,000 trial pairs.

For fine-tuning, we used two types of datasets: (i) NISP-Hindi, a relatively large and

diverse dataset with 103 speakers, although Hindi is only weakly related to Tamil, and

(ii) NISP-Telugu, NISP-Malayalam, and NISP-Kannada, each smaller (60 speakers) but

linguistically closer to Tamil. Fine-tuning EcoSpeak on these datasets produced four

variants: EcoSpeak-Hindi, EcoSpeak-Telugu, EcoSpeak-Malayalam, and EcoSpeak-

Kannada.

Observations: As shown in Table 6.4, EcoSpeak-Hindi consistently achieved lower

EER values on the Tamil-LRL test sets compared to the other variants. This indicates

that fine-tuning on a weakly related but diverse dataset can be more effective than fine-

tuning on a strongly related but limited dataset. The results also suggest that overfitting

on small datasets restricts the model’s ability to generalize.

6.5.5 Cost Analysis

This work investigates cost-efficient approaches to partially cross-lingual speaker ver-

ification by comparing the computational costs of baseline models with those of the
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Test Set EcoSpeak-Hindi EcoSpeak-Telugu EcoSpeak-Malayalam EcoSpeak-Kannada
tt− tt 8.31 9.70 9.98 10.36
ts− tt 10.25 14.57 13.44 12.97
ts− ts 11.42 15.94 15.78 14.34
tt− ts 8.86 10.51 11.61 12.43
ss− ss 6.26 8.18 9.05 9.85
ss− st 7.42 10.26 11.04 12.46
st− ss 8.94 12.63 12.49 11.17

Table 6.4: EER values (%) on Tamil-LRL test sets. The EcoSpeak model fine-tuned
with NISP-Hindi data achieved the best performance. Although Hindi is
only weakly related to Tamil, the NISP-Hindi dataset is more diverse.

proposed EcoSpeak. The comparison considers model size, parameter count, and in-

ference costs (time, carbon emissions, and electricity usage). As shown in Table 6.5,

EcoSpeak requires fewer parameters and has a smaller model size than the baselines.

We further compared the inference costs of EcoSpeak-Hindi with those of the baselines

on the tt− tt LRL test set. Results indicate that EcoSpeak-Hindi achieves faster infer-

ence than most baselines, while also producing lower carbon emissions and consuming

less electricity. Although EcoSpeak’s inference cost is close to that of the X-Vector

model, Table 6.3 shows that EcoSpeak is notably more stable. Specifically, EcoSpeak

(Scheme-C) exhibits a relative EER variation of 38.97%, whereas X-Vector shows a

much larger variation of 76.34%. These findings suggest that EcoSpeak offers a more

cost-efficient and stable solution for partially cross-lingual speaker verification.

Model #Parameters Size (MB) Time (sec) CO2 (kgCO2eq) Electricity (kWh)
RawNet-3 16,280,322 62.30 4000 0.46 0.73
ECAPA-TDNN 22,150,912 85.00 2195 0.23 0.36
RawNet-2 13,379,378 51.10 1360 0.13 0.20
VGG-M 17,909,219 68.40 1252 0.11 0.18
X-Vector 8,172,473 31.50 1014 0.09 0.14
EcoSpeak 6,660,233 25.50 1165 0.10 0.16

Table 6.5: Table comparing the computational costs of EcoSpeak and baseline models.
The reported model size and parameter count for EcoSpeak include those of
s-Detect. The time, carbon emissions, and electricity usage reflect inference
costs measured on the tt− tt LRL test set.

6.5.6 Absolute Difference in EcoSpeak

EcoSpeak employs the absolute difference operation to compare trial pair embeddings

(emb1, emb2) for speaker verification. This section details the experiment that moti-

vated this choice. We evaluated the following models:
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ResNet (Lite)-Concat (RC): In this model, each trial pair recording is passed

through ResNet (Lite) to obtain 256-dimensional embeddings (emb1, emb2). The em-

beddings are concatenated to form a 512-dimensional vector, which is then fed through

two fully connected layers of 512 units each. A final fully connected layer with two

units outputs the speaker verification decision. The RC model requires 22.4 MB of

storage.

ResNet (Lite)-AbsoluteDifference (RAD): Here, each trial pair recording is also

processed through ResNet (Lite) to generate 256-dimensional embeddings (emb1, emb2).

The absolute difference between these embeddings is computed to produce a 256-

dimensional vector, which is passed through two fully connected layers of 256 units,

followed by a two-unit output layer for speaker verification. The RAD model occupies

20.9 MB of storage.

Language-Specific LRL Test Sets: For evaluation, we created separate test sets for

each target low-resource language, resulting in Tamil-LRL, Telugu-LRL, Malayalam-

LRL, and Kannada-LRL sets. These are subsets of the original LRL test sets described

in Section 6.4.1 and contain trial pairs exclusively from native speakers, with 25,000

pairs per language.

Observations: Performance comparisons between RC and RAD on both the LRL

test sets (Section 6.4.2) and language-specific LRL sets (Table 6.6) indicate that RAD

consistently achieves lower EER values. This result motivated the adoption of the ab-

solute difference operation in EcoSpeak.

6.5.7 Ablation Study

To evaluate EcoSpeak, we conducted an ablation study summarized in Table 6.7. First,

we observed that ResNet (Lite) outperforms ResNet+ on the LRL test sets while be-

ing computationally lighter. Consequently, ResNet (Lite) was used in EcoSpeak to

extract speaker embeddings from trial pair recordings. In ResNet (Lite)+fc, instead of

cosine similarity, fully connected layers were used for speaker verification. The ab-

solute differences between trial pair embeddings from ResNet (Lite) were fed to the

fully connected layers, which were fine-tuned on NISP-Hindi native speaker data using

Scheme-C. The subpar performance of ResNet (Lite)+fc indicates that data balancing
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Dataset Test Set RC RAD

NISP-LRL

tt− tt 10.11 8.16
ts− tt 13.26 12.91
ts− ts 11.96 12.08
tt− ts 9.15 7.78
ss− ss 8.70 7.88
ss− st 9.96 8.32
st− ss 11.30 11.30

NISP-Tamil

tt− tt 12.38 10.72
ts− tt 14.98 15.29
ts− ts 13.47 14.69
tt− ts 11.14 10.24
ss− ss 8.94 8.11
ss− st 9.69 8.88
st− ss 12.39 12.66

NISP-Telugu

tt− tt 9.61 7.41
ts− tt 10.81 9.83
ts− ts 10.07 9.58
tt− ts 8.98 7.15
ss− ss 10.10 9.22
ss− st 10.62 8.04
st− ss 8.71 8.46

NISP-Malayalam

tt− tt 7.24 6.36
ts− tt 11.21 11.12
ts− ts 9.28 9.69
tt− ts 6.17 5.61
ss− ss 6.56 6.79
ss− st 7.68 7.58
st− ss 8.99 9.44

NISP-Kannada

tt− tt 10.64 7.97
ts− tt 15.61 15.26
ts− ts 14.05 13.97
tt− ts 9.78 7.98
ss− ss 8.12 7.32
ss− st 10.55 8.50
st− ss 14.13 14.39

Table 6.6: EER (%) values for RC and RAD across various LRL test sets. RAD
achieves lower EERs than RC on most test sets, supporting the use of the
absolute difference operation in EcoSpeak.
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alone is insufficient for mitigating linguistic bias. Following this, we fine-tuned the CL

attention model and EcoSpeak using Scheme-C, as described in Section 6.5.3.

It is worth noting that the relative EER difference with ResNet+ is 29.81% as dis-

cussed in Section 6.5.2. This value is lower than that with the CL attention. However,

the CL attention model surpassed ResNet (Lite) across most LRL test sets, with im-

provements of more than 20% through the minor cost of CL attention. Notably, using

the CL attention model, we observe improvements in the two most challenging partially

cross-lingual scenarios: ts− tt and st− ss. This suggests that CL attention effectively

modulates speaker embeddings based on the linguistic differences in trial pairs. EcoS-

peak, which integrates both CL attention and the bias corrector, outperformed the CL

attention model on most LRL test sets. Its lowest performance occurred on ts − ts,

which can be explained by the interdependence of language verification and speaker

verification. As shown in Figure 6.3, higher language verification accuracy corresponds

to lower EER in speaker verification and vice versa. Since EcoSpeak performed worst

on language verification for ts − ts, this accounts for its lowest speaker verification

performance on that set.

Model tt− tt ts− tt ts− ts tt− ts ss− ss ss− st st− ss
ResNet+ 10.72 13.55 12.27 9.81 9.51 9.55 12.08

ResNet (Lite) 9.52 12.14 10.96 8.33 8.54 9.13 10.58
ResNet (Lite)+fc 11.16 14.72 13.87 10.67 10.57 10.29 13.76

CL Attention 7.47 9.29 11.70 9.67 6.94 8.48 9.88
EcoSpeak 7.31 9.32 11.16 9.06 6.81 8.18 9.65

Table 6.7: Ablation study results for EcoSpeak. Observation: CL attention mitigates
linguistic bias.

6.6 Conclusions and Future Work

This study examines the behavior of five baseline speaker verification models on five

partially cross-lingual test sets. The results reveal that high linguistic similarity in neg-

ative trial pairs and low linguistic similarity in positive trial pairs lead to performance

degradation. Additionally, residual networks show relative robustness under cross-

lingual evaluation. Building on these insights, we introduced EcoSpeak, a cost-efficient

approach to mitigating bias in partially cross-lingual speaker verification. EcoSpeak

integrates residual connections, contrastive linguistic attention, and a bias corrector.

Empirical evaluations demonstrate its robustness across partially cross-lingual test sets,
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Figure 6.3: Negative correlation between EcoSpeak’s language and speaker verification
performance. Higher accuracy in language verification corresponds to lower
EER in speaker verification, and vice versa.

with performance patterns differing from the baselines. The findings suggest that lever-

aging linguistic differences to selectively emphasize or suppress parts of speaker em-

beddings can effectively reduce cross-lingual bias.

These insights can guide the design of more robust, domain-invariant architectures.

Moreover, this work encourages the adoption of greener methods in computationally

intensive speech processing. For instance, our results indicate that fine-tuning on di-

verse datasets in a weakly related language can be more effective for bias mitigation

in unseen low-resource target languages. The proposed data balancing strategies also

reduce training costs compared to large-scale datasets. A thorough cost analysis is rec-

ommended to develop environmentally friendly and inclusive models.

6.7 Limitations

While this work proposes cost-efficient techniques for mitigating bias in partially cross-

lingual speaker verification, the approach has the following limitations:

1. Dependency on language verification performance: EcoSpeak’s speaker veri-
fication performance is influenced by its language verification accuracy. A more
robust s-Detect model could enhance EcoSpeak’s speaker verification results,
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since s-Detect embeddings serve as prompts for CL attention and language veri-
fication.

2. Need for broader validation of CL Attention: The contrastive linguistic (CL)
attention mechanism is based on the premise that the attention weights should
align with speaker verification embeddings, emphasizing embedding components
affected by linguistic variations. Although we evaluated CL attention on five par-
tially cross-lingual test sets across four low-resource languages, additional exper-
iments across more languages are necessary to fully validate its effectiveness.

3. Limited target language data for s-Detect training: EcoSpeak was not ex-
plicitly fine-tuned on the target low-resource languages (Tamil, Telugu, Malay-
alam, Kannada). Instead, s-Detect was trained using speech data from diverse
datasets in these languages. This approach is practical, as language identification
datasets are more readily available than cross-lingual bilingual speaker datasets
for speaker verification.

Linguistic bias is a complex challenge to address using a single bias mitigation

technique. EcoSpeak combines multiple low-cost strategies for bias reduction. Future

work could explore integrating these techniques with additional methods advancing

towards developing more inclusive and domain-invariant architectures.
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CHAPTER 7

Quality and Sustainability Metrics for Large-Scale

Audio Deepfake Detection and Anti-Spoofing Dataset

Creation

Large-scale multilingual synthetic speech datasets are essential for advancing research

in audio deepfake detection (ADD) and anti-spoofing, particularly for mitigating lin-

guistic biases. To support this direction, Chapter 2 introduced the 4000-hour Indic-

Synth dataset. Subsequently, Chapter 3 demonstrated the vulnerability of human lis-

teners to native-language-based audio deepfake attacks. Beyond linguistic bias, ADD

and anti-spoofing systems are also affected by biases associated with accents and syn-

thetic speech generation models. Consequently, there is a pressing need for large-scale

synthetic speech datasets that encompass diverse languages, accents, speech genera-

tion models, and other demographic attributes, such as age, to support bias mitigation

research.

The creation of such datasets is hindered by three key challenges. First, creating

these resources requires rigorous quality assessments. However, current assessments

primarily rely on human evaluation, which lacks scalability. Second, synthetic speech

dataset creation often requires fine-tuning generation models for target languages and

accents. The financial cost and resources incurred in fine-tuning undermine research

inclusivity by deterring researchers with limited computational resources from partic-

ipating in resource creation initiatives. Third, large-scale synthetic speech generation

can incur substantial carbon emissions. While the environmental impact of speech pro-

cessing has received limited attention in the literature, Chapter 6 of this thesis discussed

the concept of green speech processing in the context of speaker verification. Similarly,

modern generation models contain millions of parameters and incur significant com-

putational cost. Therefore, sustainability considerations are crucial when generating

synthetic speech on a large scale.

Given these challenges and the large number of publicly available synthetic speech

generation models, selecting an appropriate model for dataset creation is non-trivial. In



particular, identifying models that are cost-efficient, environmentally sustainable, and

suitable for large-scale dataset creation without additional fine-tuning remains challeng-

ing. To address this research gap, this chapter introduces GreenVoice, an automated

framework for large-scale evaluation of synthetic speech quality. GreenVoice incorpo-

rates five evaluation metrics: Realism, Similarity, Environmental Impact Assessment

(EIA), Cloning Quality Assessment (CQA), and G-Score. These metrics are designed

to facilitate the selection of cost-efficient and environmentally sustainable speech gen-

eration models for large-scale synthetic speech dataset creation covering multiple de-

mographic attributes. We demonstrate the effectiveness of GreenVoice through a case

study covering eight synthetic speech generation models and seven English accents.

7.1 Introduction

Advances in synthetic speech generation technologies have made it possible to gen-

erate highly realistic voice clones from just a few seconds of reference audio [162].

This capability increases the risk of audio spoofing attacks, particularly for public fig-

ures whose voices are publicly available [79, 129]. Over the past three years, synthetic

speech attacks have grown by more than 2000% [118], highlighting the urgent need

for robust audio deepfake detection (ADD) and anti-spoofing systems [15]. Deploying

these safeguards in smartphones, audio-based large language models, and other vulner-

able platforms can help mitigate the risks posed by such attacks [15, 91].

Developing effective ADD and anti-spoofing models requires large-scale synthetic

speech datasets [130]. Most publicly available datasets, however, are concentrated on

high-resource languages such as English and Chinese [79, 47, 9, 108, 112], leaving

many low-resource languages largely underrepresented [9, 194]. As a result, existing

ADD and anti-spoofing models are often highly tailored to their training data [111],

and even small linguistic variations in the test set can increase attack success rates by

over 60% [118]. Systematic evaluations are therefore mostly limited to high-resource

languages due to the scarcity of data in other languages [9], leaving cross-lingual biases

and native-language-based deepfake vulnerabilities underexplored [9, 129].

Besides linguistic bias, ADD and anti-spoofing models also show generation-model-

specific bias [118]. As a result, ADD and anti-spoofing models trained on data from one
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generation model often perform poorly on samples from unseen models [78, 84, 109,

196]. With new synthetic speech generation models continually emerging, it is there-

fore essential to regularly expand ADD and anti-spoofing datasets to include a wider

range of languages, accents, and generation methods [94, 130, 32, 157].

The development of large-scale ADD and anti-spoofing datasets is hindered by three

key challenges, depicted in Figure 7.1. First, assessing data quality largely depends on

human evaluations, which are both costly and difficult to scale. These evaluations also

require participants fluent in the target languages and accents, restricting dataset design

to languages and accents for which such participants are available. Consequently, many

languages and accents remain underrepresented in current resources.

Figure 7.1: Challenges in Large-Scale Synthetic Speech Dataset Creation for Audio
Deepfake Detection and Anti-Spoofing Research

The second challenge is that creating large-scale synthetic speech datasets with

state-of-the-art generation models demands significant computational resources, includ-

ing GPUs. Resource limitations often make it difficult for researchers to run these large

models [70], and the challenge is even greater when datasets require training or fine-

tuning models for specific languages [142, 79, 9]. As a result, contributing to large-scale

dataset creation is extremely challenging for many researchers, limiting inclusivity and

preventing those with constrained computational resources from participating in dataset

development [129].

The third challenge concerns the substantial carbon emissions associated with large-

scale synthetic speech generation. Although environmental assessments are rarely dis-

cussed in the speech processing literature, studies indicate that computational demands

in deep learning have increased by 300,000 times over the past six years [142]. Training

a large NLP model is estimated to generate approximately 626k lbs of CO2 [139]. This

amount of emissions is roughly five times the lifetime emissions of an average passen-
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ger vehicle in the United States. Consequently, reducing carbon emissions by half over

the next decade is necessary to mitigate the rising frequency of natural disasters [164].

Therefore, incorporating sustainability considerations into the creation of large-scale

synthetic speech datasets is essential.

To address these challenges, reliable automated metrics are needed to enable com-

prehensive and large-scale comparative evaluations of synthetic speech generation mod-

els. Without such evaluations, models capable of producing high-quality synthetic

speech may be unintentionally excluded during dataset creation. These models could

subsequently be exploited by malicious actors. Additionally, large-scale dataset cre-

ation may incur substantial financial, computational, and environmental costs if costly

generation models that offer only marginal improvements in output quality are selected.

This chapter introduces GreenVoice, an automated framework designed for large-

scale comparative evaluation of synthetic speech generation models. The framework

employs five objective metrics to assess synthetic speech quality automatically: Real-

ism Score, Similarity Score, Environmental Impact Assessment (EIA) Score, Cloning

Quality Assessment (CQA) Score, and G-Score. The EIA score measures the carbon

emissions associated with synthetic speech generation. CQA and G-Score are com-

posite metrics: CQA is a performance-oriented metric that combines the Realism and

Similarity Scores into a single measure, whereas G-Score is an efficiency-oriented met-

ric that integrates the CQA and EIA scores of generation models. We demonstrate the

efficacy of GreenVoice through a comprehensive case study involving eight synthetic

speech generation models and seven English accents.

Summary of Chapter Contributions:

1. We propose GreenVoice, an automated comparative evaluation framework for
synthetic speech generation models. GreenVoice evaluates each model by jointly
assessing its synthetic speech quality and environmental impact, producing a
GreenVoice Score. Higher scores indicate models that are both efficient and en-
vironmentally sustainable.

2. We apply GreenVoice to evaluate five text-to-speech (TTS) and three voice con-
version (VC) models across seven English accents, considering multiple evalu-
ation criteria: (a) realism of synthetic voices, (b) similarity between cloned and
bonafide target voices, (c) model size (parameter count), (d) inference or cloning
time, (e) carbon emissions, and (f) electricity consumption.

3. Using the GreenVoice Score, we evaluate the eight models for two practical sce-
narios: (A) prioritizing high realism (authenticity) of synthetic voices, and (B)
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prioritizing high similarity (mimicry) between cloned and bonafide voices.

4. We further analyze the models’ performance on both in-domain and out-of-domain
(OOD) accents, investigate potential gender biases, and provide recommenda-
tions for selecting efficient and sustainable generation models for audio deepfake
detection (ADD) and anti-spoofing dataset creation.

7.2 Related Works

7.2.1 Challenges in Human Evaluation

At present, human evaluation is widely regarded as the gold standard for assessing syn-

thetic speech quality [140, 136]. However, these evaluations are costly and difficult

to scale across numerous languages and generation models [87, 35, 97]. In addition,

human evaluations often lack reproducibility [29]. In response to these challenges, ex-

isting ADD and anti-spoofing datasets typically employ recently proposed generation

models that support the target languages [79]. These datasets serve as valuable bench-

marks for research. However, systematic comparative evaluation of generation models

remains essential to identify high-risk models.

7.2.2 Reliability Challenges in Existing Automated Metrics

Mean Opinion Score (MOS) predictors were introduced to address the scalability lim-

itations of human evaluations [87, 60]. These predictors enable large-scale automated

evaluation of synthetic speech quality. However, they often show limited generaliz-

ability when applied to out-of-domain datasets [35]. Adapting MOS predictors to new

domains requires extensive listening tests involving human participants [97]. Further-

more, Word error rate (WER) has also been used to evaluate synthetic speech quality

[6]. However, calculating WER requires automatic speech recognition (ASR) systems,

which often lack sufficient support for low-resource languages and accents [23]. As

a result, WER cannot reliably assess synthetic speech quality in underrepresented lan-

guages [169]. This limitation highlights the need for language-agnostic metrics that

enable large-scale automated evaluation of synthetic speech quality across diverse lan-

guages and accents, thereby improving inclusivity in evaluation practices [189].
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DNSMOS is one such automated metric used for speech quality assessment [136].

However, it was originally designed to rank Deep Noise Suppression (DNS) techniques.

In addition, prior work has examined the proximity between the Speech Activity Ratio

(SAR) and the Signal-to-Noise Ratio (SNR) of bonafide and synthetic samples for qual-

ity evaluation [32]. These metrics measure distributional similarity between bonafide

and synthetic audio in terms of silence patterns (SAR) and noise characteristics (SNR),

rather than directly capturing perceptual realism.

7.2.3 Need for Joint Evaluation of Realism and Similarity

Beyond these metrics, ClonEval proposes an evaluation protocol for assessing synthetic

speech quality [29]. This protocol measures the proximity between WavLM embed-

dings of bonafide and cloned (synthetic) speech. Although effective for evaluating sim-

ilarity, it does not assess the naturalness of synthetic speech. Furthermore, there is an

increasing interest in jointly optimizing ADD and anti-spoofing models. Therefore,

there is a need for a reliable evaluation metric that jointly considers the realism and

similarity dimensions.

7.2.4 Sustainability Considerations in Synthetic Speech Generation

Besides quality, the environmental impact of large-scale synthetic speech generation

must also be considered [70]. However, most existing evaluation metrics focus only on

quality and ignore the associated costs. Although some studies examine the computa-

tional cost of these models, their environmental impact remains largely underexplored.

Synthetic speech generation models often require substantial computational resources,

raising concerns about their environmental footprint [124]. Therefore, incorporating

planetary boundary considerations into evaluation frameworks is important to ensure

the sustainability of large-scale synthetic speech generation [164]. To address this, prior

work has used Pareto-optimal analysis to study the trade-off between synthetic speech

quality and environmental impact [42, 124]. However, Pareto-optimal approaches be-

come difficult to scale when a large number of generation models must be evaluated.
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7.2.5 Research Gap Addressed

Given the limitations of existing evaluation metrics, there is a clear need for a uni-

fied metric that jointly evaluates both the performance and environmental impact of

synthetic speech generation models. To date, Pareto-optimal analysis is the closest ap-

proach explored in this direction, yet a unified evaluation metric remains lacking. To

address this gap, this work introduces GreenVoice, an automated comparative evalua-

tion framework for synthetic speech generation models. The framework incorporates

five automated metrics to assess synthetic speech quality across realism, similarity, and

sustainability dimensions. In particular, the G-Score jointly measures model perfor-

mance and environmental sustainability, while the Cloning Quality Assessment (CQA)

score is a performance-oriented metric that evaluates realism and similarity together.

7.3 GreenVoice Framework

GreenVoice integrates both cloning quality and environmental impact into a unified

evaluation metric, the GreenVoice Score (G-Score). This section presents a detailed

overview of the framework, as illustrated in Figure 7.2.

GreenVoice integrates cloning quality and environmental impact to compute a novel

composite evaluation metric, the GreenVoice Score (G-Score). This section presents a

detailed overview of the framework.

Target Models: GreenVoice is designed to evaluate text-to-speech (TTS) and voice

conversion (VC) models, collectively referred to as target models. For each of the T

target models, GreenVoice computes a G-Score, which combines a Cloning Quality

Assessment (CQA) score and an environmental impact assessment score. The CQA

score integrates results from both realism and similarity tests.

Realism Test: The realism test evaluates how human-like the synthetic audio gener-

ated by the target models is. This test leverages state-of-the-art audio deepfake detection

(ADD) models, which classify input recordings as either bonafide (real) or synthetic

(cloned). For each target model ti, an ADD test set is prepared containing d audio clips

with equal numbers of real and cloned samples. The test set is processed by an ADD

model to compute an Equal Error Rate (EER) in ADD (EERi
ADD) for ti. A higher EER
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Figure 7.2: The GreenVoice framework evaluates target models by calculating each
model’s GreenVoice Score (G-Score), where a higher score reflects bet-
ter overall performance. For a given model ti, G-Scorei integrates the
Cloning Quality Assessment (CQAi) and the Environmental Impact As-
sessment (Êi

CO2). CQAi combines results from realism and similarity tests
for ti, while Êi

CO2 measures the carbon emissions generated during voice
cloning. By uniting performance and sustainability, GreenVoice highlights
models that are both effective and environmentally responsible.
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indicates greater difficulty for the ADD model in distinguishing real and cloned sam-

ples, signifying higher realism of the cloned voices. This results in the following set of

EER values:

EERADD = {EERi
ADD}Ti=1.

From hereon, we refer to EERi
ADD as the Realism Score of generation model i.

Similarity Test: The similarity test measures how closely the cloned voices resem-

ble the bonafide voices of the target speakers. This assessment uses speaker verification

(SV) models, which compare two audio recordings to determine whether they belong to

the same speaker. In this setup, positive trial pairs consist of two bonafide recordings of

the same speaker, while negative trial pairs include one bonafide and one cloned record-

ing. For each target model ti, a test set with v trial pairs (balanced between positive and

negative) is evaluated using an SV model, yielding EERi
SV. Higher EER values indicate

greater similarity between cloned and bonafide voices. The resulting set of EER values

is:

EERSV = {EERi
SV}Ti=1

From hereon, we refer to EERi
SV as the Similarity Score of generation model i.

Environmental Impact Assessment: To complement performance-based tests, Green-

Voice measures the environmental cost of synthetic speech generation. For each tar-

get model ti, the carbon emissions generated from producing c synthetic samples are

recorded, resulting in:

ECO2 = {Ei
CO2}Ti=1

Max Normalization: Since ÊER
i

ADD, EERi
SV, and Ei

CO2 represent distinct metrics,

max normalization is applied to make them comparable. Each score is divided by the

maximum value across all target models:

ÊER
i

ADD =
EERi

ADD

max
j=1,...,T

EERj
ADD

(7.1)

ÊER
i

SV =
EERi

SV

max
j=1,...,T

EERj
SV

(7.2)
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Êi
CO2 =

Ei
CO2

max
j=1,...,T

Ej
CO2

(7.3)

These max-normalized scores, now in the range [0,1], are directly comparable and

suitable for further evaluation. Similarly, for each target model, we get a max-normalized

score, as represented below:

ÊERADD = {ÊER
i

ADD}Ti=1

ÊERSV = {ÊER
i

SV}Ti=1

ÊCO2 = {Êi
CO2}Ti=1

Cloning Quality Assessment: The CQA score of a target model ti is the weighted

combination of max-normalized realism and similarity scores:

CQAi =
wADD × ÊER

i

ADD + wSV × ÊER
i

SV

wADD + wSV

(7.4)

where wADD and wSV are the weights for realism and similarity tests, respectively.

GreenVoice Score: The CQAi captures model performance, while Êi
CO2 quantifies

environmental cost. These are combined to compute the GreenVoice Score:

G-Scorei =
CQAi(
Êi
CO2

) 1
n

(7.5)

Here, the scaling factor n controls the influence of carbon emissions; lower n in-

creases the gap between high-cost and low-cost models.

GreenVoice Evaluation: Target models with high Realism Scores can be leveraged

for ADD dataset creation, whereas those with high Similarity Scores can be explored

for anti-spoofing dataset creation. The CQA allows selection of target models that

attain the required balance in Realism and Similarity dimensions, based on the task-

specific needs. Each target model’s G-Scorei reflects its ability to generate high-quality

voice clones with minimal environmental impact. Models with higher G-Score are

considered superior, promoting sustainable and high-performing voice cloning models

for large-scale ADD and anti-spoofing dataset creation.
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7.4 Experimental Setup

We evaluate eight publicly available state-of-the-art (SOTA) voice cloning models,

comprising five TTS models and three VC models. The TTS models are MetaVoice-1B,

Coqui XTTS-v2, SV2TTS, OpenVoice-V2, and YourTTS [103, 68, 21, 132, 20], while

the VC models include FreeVC, DiffVC, and SeedVC [90, 127, 93].

7.4.1 Realism and Similarity Tests

We conducted realism tests using two publicly available state-of-the-art (SOTA) audio

deepfake detection (ADD) models: Aasist and RawNet-2 [72, 161]1. To ensure robust

and fair realism assessment, we averaged the Equal Error Rate (EER) scores obtained

from both ADD models, denoted as EERADD.

For similarity tests, we used two publicly available SOTA speaker verification (SV)

models: ECAPA-TDNN2 and ResNet-TDNN3 [135, 39, 175]. Similarly, we averaged

the EER scores from both SV models to obtain a fair measure of similarity performance

(EERSV).

7.4.2 Dataset and Accent Diversity

The target TTS and VC models were evaluated on four publicly available datasets:

LibriTTS (test-clean subset), CEABI (Open Source Multi-Speaker Corpora of English

Accents in the British Isles), NISP, and AESRC 2020 [199, 77, 37, 148]. The LibriTTS

test-clean subset primarily contains British and American English recordings, which

align with the accents the target models were trained on. Thus, we consider it an in-

domain test set.

From CEABI, we extracted recordings for four English accents—Southern, North-

ern, Scottish, and Welsh—which differ from standard British or American English but

remain within the anglophone spectrum. These are categorized as moderately out-of-

1Aasist:https://github.com/clovaai/aasist
RawNet-2:https://github.com/asvspoof-challenge/2021/tree/main/DF/

Baseline-RawNet2
2https://huggingface.co/speechbrain/spkrec-ecapa-voxceleb
3https://huggingface.co/speechbrain/spkrec-resnet-voxceleb
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domain (Mod. OOD). NISP and AESRC provide Indian-English and Chinese-English

recordings, respectively, which exhibit distinct prosodic patterns compared to British or

American English. Therefore, they are labeled as strongly out-of-domain (Str. OOD).

Using these datasets, we evaluate seven English accents in total: British/American,

Southern, Northern, Scottish, Welsh, Indian, and Chinese, to assess the inclusivity of

the target models through GreenVoice.

7.4.3 Test Set Creation

Bonafide recordings from the above datasets were used to generate cloned audios with

the target TTS and VC models. For each accent, the same set of speakers was used

across all model test sets to ensure fair benchmarking. While creating VC-based cloned

recordings, the gender of source and target speakers was kept consistent.

Similarity Test Sets: For every target model and English accent, we generated

similarity test sets containing 20,000 trial pairs, with an equal split of positive and

negative pairs.

Realism Test Sets: Similarly, realism test sets were generated for each target model

and accent, comprising 4,000 audio clips: 2,000 bonafide and 2,000 cloned. Due to

fewer male recordings in LibriTTS, its ADD test set contains 3,800 clips.

7.5 Experiments and Results

To demonstrate the application of GreenVoice, we evaluate eight state-of-the-art (TTS/VC)

models across seven English accents, encompassing both in-domain and out-of-domain

(OOD) variations. The evaluation covers four major dimensions: realism (authentic-

ity) testing, similarity (mimicry) assessment, cost analysis, and the overall GreenVoice

benchmarking.

7.5.1 Realism Test

A higher Realism Score for a given generation model indicates that audio deepfake

detection (ADD) systems find it difficult to differentiate between bonafide speech and
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the synthetic outputs generated by that model. Consequently, such a model can be

utilized to create challenging, high-quality datasets for training ADD systems. There-

fore, this section compares the target (TTS/VC) models based on their Realism Scores

(EERADD)4.

Setup: For this experiment, we created separate audio deepfake detection (ADD)

test sets for each of the seven target English accents described in Section 7.4.2 and pre-

pared as outlined in Section 7.4.3. Additionally, to account for gender, we constructed

separate ADD test sets for female and male voices from LibriTTS, denoted as LibriTTS

(F) and LibriTTS (M).

Observations: Table 7.1 presents the averaged EERADD scores obtained using the

Aasist and RawNet-2 models. We find that in-domain TTS test sets yield significantly

higher EER values compared to out-of-domain (OOD) TTS test sets. A higher EER

indicates that the ADD models struggled to differentiate between bonafide (real) and

synthetic (cloned) audios. This implies that the target voice cloning models produce

more realistic synthetic voices for in-domain accents than for OOD accents, revealing

a pronounced domain-specific (accent) bias in TTS models.

In contrast, VC models exhibit high EER values across both in-domain and OOD

test sets, suggesting greater robustness to accent variations. Among the VC models,

FreeVC achieves the highest EER scores for most accents, indicating superior resilience

to accent variability, likely due to its bottleneck architecture that disentangles content

and speaker information for improved content transfer. Additionally, EER values for

LibriTTS (M) test sets are slightly higher than LibriTTS (F), suggesting that VC models

generate marginally more authentic male voice clones compared to female ones.

Summary of Realism Test Findings:

1. VC models produce more realistic synthetic voices than TTS models across di-
verse English accents.

2. FreeVC demonstrates the highest robustness to accent variations.

3. TTS models show a strong domain-specific (accent) bias.

4. VC models exhibit a mild gender bias, generating slightly more authentic male
voice clones than female ones.

4Details of the realism test are provided in Section 7.3
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Accent Dataset Category OpenVoice-V2 MetaVoice-1B XTTS-v2 SV2TTS YourTTS FreeVC DiffVC SeedVC
UK/US LibriTTS-F In-Domain 48.67 30.38 31.27 48.95 32.55 34.62 47.52 42.50
UK/US LibriTTS-M In-Domain 41.42 35.71 31.89 45.86 28.68 43.68 50.76 43.34
UK/US LibriTTS In Domain 45.92 33.21 32.36 47.91 32.15 39.38 49.70 44.16
Northern CEABI Mod. OOD 5.95 1.58 1.85 2.97 1.20 62.67 45.75 47.50
Southern CEABI Mod. OOD 5.93 1.48 2.12 4.17 1.22 57.40 43.03 49.01
Scottish CEABI Mod. OOD 6.03 1.53 2.00 3.53 1.32 62.15 45.36 47.695
Welsh CEABI Mod. OOD 18.23 6.72 7.88 12.23 7.05 75.15 58.43 52.10
Indian NISP Str. OOD 45.95 9.78 9.50 8.40 2.97 44.88 45.47 51.08
Chinese AESRC Str. OOD 8.48 3.35 6.00 10.00 3.97 51.15 49.63 46.00

Table 7.1: The table presents the Realism Scores (EERADD%) of target (TTS/VC) mod-
els computed using Aasist and RawNet-2 ADD models, without domain
adaptation. Key observations: (1) VC models produce slightly more re-
alistic male voice clones (LibriTTS-M) compared to female voice clones
(LibriTTS-F). (2) TTS models generate more realistic voice clones for in-
domain accents than for moderately (Mod. OOD) and strongly (Str. OOD)
out-of-domain accents. (3) VC models exhibit greater robustness to accent
variations than TTS models. (4) FreeVC consistently produces the most re-
alistic voice clones among the evaluated models for most OOD accents.

7.5.2 Similarity Test

A higher Similarity Score for a given generation model indicates that speaker verifica-

tion (SV) systems have difficulty distinguishing between synthesized voice clones and

the genuine speech of the target speakers. As a result, such models can be utilized

to generate challenging, high-quality anti-spoofing datasets for improving robustness

against impersonation attacks. Therefore, this section compares the target (TTS/VC)

models based on their Similarity Scores (EERSV)5.

Setup: For this experiment, we generated separate similarity test sets for each of

the seven target English accents described in Section 7.4.2, following the procedure in

Section 7.4.3. Additionally, we prepared distinct test sets for female and male voices

from LibriTTS, referred to as LibriTTS (F) and LibriTTS (M).

Observations: Table 7.2 presents the averaged EERSV scores on these test sets.

In-domain test sets show substantially higher EER values compared to out-of-domain

(OOD) sets. A higher EER indicates that the SV models struggled to differentiate be-

tween positive and negative trial pairs. When an SV model finds it difficult to distin-

guish these pairs, it implies that the cloned voices closely resemble the bonafide tar-

get voices. Therefore, higher EERs for in-domain test sets suggest that target models

produce more accurate voice clones for in-domain accents than for OOD accents, re-

flecting a strong accent-specific bias. Among the evaluated models, SeedVC produces

the most similar voice clones to bonafide targets, likely due to its architecture reducing

5Details about the similarity test are in Section 7.3.
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timbre leakage and enhancing alignment. Moreover, most models exhibit higher EERs

for LibriTTS-F than LibriTTS-M, indicating that female voice clones better replicate

bonafide voices than male clones.

Accent Dataset Category OpenVoice-V2 MetaVoice-1B XTTS-v2 SV2TTS YourTTS FreeVC DiffVC SeedVC
UK/US LibriTTS-F In Domain 11.30 30.58 34.08 17.29 24.87 12.15 9.01 36.38
UK/US LibriTTS-M In Domain 9.57 29.77 29.27 16.42 24.04 11.83 7.40 37.17
UK/US LibriTTS In Domain 10.59 30.68 32.49 17.33 25.45 12.30 8.28 37.53
Northern CEABI Mod. OOD 1.99 5.42 8.47 1.24 3.06 3.37 1.71 25.33
Southern CEABI Mod. OOD 2.17 5.90 8.95 1.32 2.68 3.10 1.40 26.61
Scottish CEABI Mod. OOD 1.17 4.84 11.94 2.08 5.52 3.25 1.61 26.92
Welsh CEABI Mod. OOD 2.11 6.73 10.66 1.66 2.79 3.12 1.27 24.82
Indian NISP Str. OOD 2.11 4.31 4.02 0.61 0.80 1.95 0.60 26.33
Chinese AESRC Str. OOD 3.485 8.00 16.50 3.11 5.10 6.92 3.00 29.61

Table 7.2: Similarity Scores (EERSV%) of target (TTS/VC) models computed using
ECAPA-TDNN and ResNet-TDNN SV models, without domain adaptation.
Key observations: (1) For most models, female voice clones (LibriTTS-F)
more closely resemble the bonafide target voices than male voice clones
(LibriTTS-M). (2) SeedVC generates voice clones with the highest similarity
to bonafide target voices among all models. (3) In-domain voice clones ex-
hibit greater similarity to target voices compared to moderately (Mod. OOD)
or strongly (Str. OOD) out-of-domain (OOD) voice clones.

Summary of Similarity Test Findings:

1. Target models exhibit pronounced accent-specific bias.

2. SeedVC demonstrates the greatest robustness to accent variations.

3. Female voice clones more closely mimic bonafide voices than male clones.

7.5.3 Cost and Sustainability Analysis

Most existing voice cloning benchmarks focus exclusively on model performance [29].

While performance evaluation is important, we highlight the significance of cost-aware

benchmarking. Assessing models based on cost is essential for encouraging environ-

mentally sustainable and energy-efficient voice cloning. Accordingly, we evaluate tar-

get (TTS/VC) models using cost-related metrics, summarized in Table 7.3.

Setup: In this experiment, each target model was used to generate 1,000 voice

clones on an NVIDIA A6000 GPU, while recording the cloning time. Carbon emissions

and electricity consumption were also tracked during inference6.

Observations: As shown in Table 7.3, MetaVoice-1B has the largest number of pa-

rameters, while SV2TTS has the fewest. In terms of speed, MetaVoice-1B is the slow-

est, whereas YourTTS is the fastest among the target models. Additionally, YourTTS
6We used the CodeCarbon library [36]
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produces the lowest carbon emissions and electricity usage during voice cloning, likely

due to its efficient architecture. Consequently, YourTTS emerges as the most environ-

mentally friendly target model.

Measurement OpenVoice-V2 MetaVoice-1B XTTS-v2 SV2TTS YourTTS FreeVC DiffVC SeedVC
#Parameters (M) 84.6 1265 466.8 36.7 86.8 356.2 141.6 310.2
Cloning Time (min) 25.42 348.45 65.58 218.97 1.89 3.76 37.34 127.91
Carbon Emissions (kgCO2eq) 0.066 1.49 0.166 0.493 0.004 0.01 0.154 0.302
Energy Consumed (kWh) 0.093 2.094 0.233 0.691 0.006 0.014 0.217 0.424

Table 7.3: Table shows cost-based benchmarks for the target models.

7.5.4 GreenVoice Benchmarking

Next, we evaluate the target (TTS/VC) models using our proposed GreenVoice score

(G-Score), encouraging both efficiency and sustainability in voice cloning models for

large-scale ADD and anti-spoofing dataset creation.

Setup: The scaling factor is set to n = 4. We consider two scenarios: (A) prioritiz-

ing the realism of voice clones, and (B) prioritizing high similarity between cloned and

bonafide voices. For Scenario (A), the weights in CQA are wADD = 4 and wSV = 1,

while for Scenario (B), wADD = 1 and wSV = 4.

Observations: Table 7.4 and Table 7.5 show the G-Score results for Scenarios (A)

and (B). For most target models, in-domain accents achieve higher G-Score values than

out-of-domain (OOD) accents, indicating more efficient cloning of in-domain accents.

YourTTS attains the highest G-Score for in-domain accents under both scenarios. In

Scenario A, FreeVC scores highest for OOD accents, consistent with its superior per-

formance in the realism test (Section 7.5.1) and its sustainability (Section 7.5.3). In

Scenario B, SeedVC achieves the highest G-Score for OOD accents, aligning with its

strong performance in the similarity test (Section 7.5.2). No notable gender bias is

observed in G-Score values between LibriTTS-F and LibriTTS-M test sets.
Accent Dataset Category OpenVoice-V2 MetaVoice-1B XTTS-v2 SV2TTS YourTTS FreeVC DiffVC SeedVC

UK/US LibriTTS-F In-Domain 1.87 0.66 1.21 1.28 2.94 2.21 1.46 1.33
UK/US LibriTTS-M In-Domain 1.53 0.72 1.14 1.16 2.55 2.63 1.48 1.32
UK/US LibriTTS In-Domain 1.73 0.70 1.20 1.23 2.87 2.44 1.49 1.36
Northern CEABI Mod. OOD 0.2 0.06 0.16 0.11 0.17 2.89 1.05 1.2
Southern CEABI Mod. OOD 0.22 0.06 0.17 0.14 0.16 2.88 1.08 1.32
Scottish CEABI Mod. OOD 0.19 0.06 0.2 0.11 0.25 2.88 1.05 1.21
Welsh CEABI Mod. OOD 0.46 0.13 0.29 0.24 0.43 2.88 1.11 1.12
Indian NISP Str. OOD 1.6 0.19 0.31 0.22 0.23 2.51 1.26 1.49
Chinese AESRC Str. OOD 0.34 0.11 0.36 0.28 0.42 2.96 1.40 1.37

Table 7.4: G-Score for Scenario A with wADD = 4 and wSV = 1, emphasizing realism
of voice clones. YourTTS achieves the highest scores for in-domain accents,
while FreeVC leads for out-of-domain accents.

Key Insights:
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Accent Dataset Category OpenVoice-V2 MetaVoice-1B XTTS-v2 SV2TTS YourTTS FreeVC DiffVC SeedVC
UK/US LibriTTS-F In-Domain 0.98 0.80 1.52 0.77 2.99 1.43 0.69 1.45
UK/US LibriTTS-M In-Domain 0.80 0.78 1.31 0.70 2.77 1.49 0.63 1.45
UK/US LibriTTS In-Domain 0.89 0.79 1.42 0.74 2.95 1.47 0.66 1.46
Northern CEABI Mod. OOD 0.18 0.18 0.47 0.06 0.44 1.07 0.35 1.42
Southern CEABI Mod. OOD 0.19 0.18 0.48 0.07 0.37 1.02 0.34 1.45
Scottish CEABI Mod. OOD 0.12 0.15 0.63 0.1 0.74 1.04 0.34 1.42
Welsh CEABI Mod. OOD 0.25 0.23 0.63 0.11 0.48 1.05 0.35 1.40
Indian NISP Str. OOD 0.53 0.17 0.28 0.07 0.16 0.82 0.35 1.49
Chinese AESRC Str. OOD 0.28 0.23 0.81 0.16 0.67 1.35 0.49 1.46

Table 7.5: G-Score for Scenario B with wADD = 1 and wSV = 4, emphasizing simi-
larity test performance. YourTTS achieves the highest scores for in-domain
accents, while SeedVC leads for out-of-domain accents.

1. FreeVC achieves the highest score in realism tests across most accents.
2. SeedVC attains the highest score in similarity tests across accents.
3. YourTTS produces the lowest carbon emissions among the target (TTS/VC) mod-

els.
4. When prioritizing realism of synthetic voices (Scenario A), FreeVC is a sustain-

able option.
5. When prioritizing similarity between bonafide and cloned voices (Scenario B),

SeedVC is the sustainable choice.

7.6 GreenVoice Score: Scaling Factor Impact

Tables 7.6, 7.7, and 7.8 present G-Score values for scaling factors n = 2, 4, and 8,

computed with wADD = wSV = 1. In each table, the highest and lowest G-Score

values in every row are highlighted. We observe that smaller n values lead to larger

variations in G-Score. For example, at n = 2, the difference between the highest

and lowest average G-Score is 6.46 (6.80–0.34), whereas at n = 4 it reduces to 1.61

(1.95–0.34), and at n = 8 it further decreases to 0.78 (1.12–0.34). This indicates that

increasing n diminishes the influence of carbon emissions on the G-Score, while a

lower n amplifies it. Additionally, higher n generally lowers G-Score values overall,

except for MetaVoice-1B, whose G-Score remains unchanged due to its extremely high

recorded carbon emissions.

Accent Dataset Category OpenVoice-V2 MetaVoice-1B XTTS-v2 SV2TTS YourTTS FreeVC DiffVC SeedVC
UK/US LibriTTS-F In-Domain 3.1 0.73 2.36 1.28 13.01 6.35 1.9 2.07
UK/US LibriTTS-M In-Domain 2.55 0.75 2.12 1.17 11.69 7.19 1.86 2.06
UK/US LibriTTS In-Domain 2.87 0.74 2.27 1.24 12.79 6.84 1.9 2.1
Northern CEABI Mod. OOD 0.41 0.12 0.55 0.08 1.35 6.92 1.24 1.95
Southern CEABI Mod. OOD 0.44 0.12 0.56 0.11 1.18 6.81 1.25 2.06
Scottish CEABI Mod. OOD 0.33 0.1 0.71 0.12 2.18 6.84 1.23 1.96
Welsh CEABI Mod. OOD 0.78 0.18 0.8 0.2 2.00 6.87 1.29 1.88
Indian NISP Str. OOD 2.33 0.18 0.51 0.16 0.85 5.81 1.42 2.22
Chinese AESRC Str. OOD 0.67 0.17 1.01 0.26 2.41 7.53 1.67 2.11

Average 1.5 0.34 1.21 0.51 5.27 6.80 1.53 2.05

Table 7.6: G-Score when the scaling factor n is set to 2. Here, wADD = 1 and wSV = 1
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Accent Dataset Category OpenVoice-V2 MetaVoice-1B XTTS-v2 SV2TTS YourTTS FreeVC DiffVC SeedVC
UK/US LibriTTS-F In-Domain 1.42 0.73 1.36 0.97 2.96 1.82 1.07 1.39
UK/US LibriTTS-M In-Domain 1.17 0.75 1.23 0.89 2.66 2.06 1.06 1.38
UK/US LibriTTS In-Domain 1.31 0.74 1.31 0.94 2.91 1.96 1.08 1.41
Northern CEABI Mod. OOD 0.19 0.12 0.31 0.06 0.31 1.98 0.70 1.31
Southern CEABI Mod. OOD 0.20 0.12 0.32 0.08 0.27 1.95 0.71 1.38
Scottish CEABI Mod. OOD 0.15 0.10 0.41 0.09 0.50 1.96 0.70 1.32
Welsh CEABI Mod. OOD 0.36 0.18 0.46 0.15 0.45 1.97 0.73 1.26
Indian NISP Str. OOD 1.07 0.18 0.29 0.12 0.19 1.66 0.81 1.49
Chinese AESRC Str. OOD 0.31 0.17 0.58 0.20 0.55 2.16 0.94 1.42

Average 0.69 0.34 0.70 0.39 1.20 1.95 0.87 1.37

Table 7.7: G-Score when the scaling factor n is set to 4. Here, wADD = 1 and wSV = 1.

Accent Dataset Category OpenVoice-V2 MetaVoice-1B XTTS-v2 SV2TTS YourTTS FreeVC DiffVC SeedVC
UK/US LibriTTS-F In-Domain 0.96 0.73 1.04 0.85 1.41 0.97 0.81 1.14
UK/US LibriTTS-M In-Domain 0.79 0.75 0.93 0.77 1.27 1.1 0.8 1.13
UK/US LibriTTS In-Domain 0.89 0.74 1 0.82 1.39 1.05 0.81 1.15
Northern CEABI Mod. OOD 0.13 0.12 0.24 0.06 0.15 1.06 0.53 1.07
Southern CEABI Mod. OOD 0.14 0.12 0.25 0.07 0.13 1.04 0.53 1.13
Scottish CEABI Mod. OOD 0.1 0.1 0.31 0.08 0.24 1.05 0.52 1.08
Welsh CEABI Mod. OOD 0.24 0.18 0.35 0.13 0.22 1.05 0.55 1.03
Indian NISP Str. OOD 0.72 0.18 0.22 0.11 0.09 0.89 0.61 1.22
Chinese AESRC Str. OOD 0.21 0.17 0.44 0.17 0.26 1.15 0.71 1.16

Average 0.46 0.34 0.53 0.34 0.57 1.04 0.65 1.12

Table 7.8: G-Score when the scaling factor n is set to 8. Here, wADD = 1 and wSV = 1.

7.7 Social Impact

GreenVoice benchmarks existing publicly available models to highlight those that are

both effective and sustainable for social good as follows:

1. Assisting Responsible AI Researchers: Through GreenVoice, responsible AI
researchers can easily identify high-performing and low-cost publicly available
voice cloning models that may be misused for audio deepfake related fraud.
Consequently, they may generate synthetic data using these cloning models and
train audio deepfake detection and anti-spoofing systems to enhance robustness
of these security systems against fake audio generated by these cloning models,
thus combating deepfake-related fraud.

2. Social Good Applications: High-performing and sustainable models identified
through GreenVoice have socially beneficial applications, such as assistive tech-
nologies for individuals with speech disorders, education, and entertainment.

3. Environmental Impact: About 90% of ACL papers, 80% of NeurIPS papers and
75% of CVPR papers target accuracy, instead of efficiency for evaluation [158].
Similarly, training a BERT model on a single GPU causes carbon emissions that
are equivalent to a trans-American flight [158]. Yet, environmental assessments
are uncommon in speech processing. The widespread use of voice cloning models
with millions or billions of parameters without such studies is concerning from
ethical and sustainability standpoints. GreenVoice explicitly promotes inference-
efficient models with lower carbon emissions.

In this way, GreenVoice promotes responsible usage by highlighting sustainable

voice cloning models for socially beneficial applications, while also enabling responsi-

ble AI researchers to advance defenses against their malicious use.
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7.8 Conclusions and Future Work

This chapter presented GreenVoice, an automated, environmentally aware benchmark-

ing framework for text-to-speech (TTS) and voice conversion (VC) models. GreenVoice

provides a comprehensive performance-cost evaluation through the G-Score, which

identifies efficient models as those with higher scores. The G-Score combines Cloning

Quality Assessment (CQA) and Environmental Impact Assessment (EIA). CQA evalu-

ates the quality of generated voice clones using realism and similarity tests, while EIA

measures the carbon emissions associated with voice cloning. The realism test assesses

the authenticity of synthetic voices, whereas the similarity test measures how closely

the clones mimic bonafide target voices.

Using GreenVoice, eight cloning models were benchmarked across seven English

accents. The realism tests highlighted a pronounced accent-specific bias in TTS mod-

els and a strong robustness of VC models to out-of-domain (OOD) accents. Similarity

tests also revealed a significant accent-specific bias among target models. The EIA eval-

uation showed that YourTTS is the most environmentally sustainable model. Overall,

GreenVoice indicates that YourTTS performs best for in-domain cloning, while FreeVC

and SeedVC are preferable for OOD scenarios. Specifically, FreeVC excels when syn-

thetic voice realism is prioritized, whereas SeedVC is optimal when achieving high

similarity to bonafide voices is the goal.

This study highlights several promising directions for future research. First, Green-

Voice facilitates the cost-efficient identification of sustainable generation models ca-

pable of producing challenging synthetic speech in target languages and accents. The

data generated using these models can therefore be used to construct high-quality mul-

tilingual datasets for audio deepfake detection and anti-spoofing research. Moreover,

GreenVoice provides a framework to analyze the behavior of generation models across

diverse linguistic settings. Such analyses can drive more comprehensive investigations

into model architectures and training methodologies. The resulting insights can con-

tribute to the development of more robust countermeasures for detecting synthetic audio

generated by these models. Furthermore, large-scale synthetic speech generation incurs

a high inference cost.
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7.9 Limitations

While GreenVoice represents an initial step toward automated, environmentally aware

benchmarking, several aspects could be improved:

1. Weight assignments: The parameters n, wADD, and wSV should be selected
based on the specific benchmarking goals and user priorities. In Section 7.5.4,
we set n = 4, but also explored n = 2 and n = 8 (Section 7.6). Similarly, we
used wADD = 1 and wSV = 4 for Scenario (A), and wADD = 4 and wSV = 1 for
Scenario (B), with additional experiments using wADD = 1 and wSV = 1 reported
in the Section 7.6 .

2. Dependence on external tools: GreenVoice relies on audio deepfake detection
(ADD) and speaker verification (SV) models for assessing cloning quality. Con-
sequently, any limitations of these models can affect GreenVoice results. Simi-
larly, carbon emission estimates depend on GPU runtime, hardware, and region-
specific carbon intensity, which may vary. To mitigate variability, we averaged
results from two state-of-the-art ADD and SV models and ran all inferences on
the same server, GPU, and day. During carbon tracking, the server was dedicated
exclusively to one model at a time.

3. Scope: Currently, GreenVoice supports only TTS and VC models. However,
the framework can be extended to other model types, such as automatic speech
recognition (ASR). In this work, we benchmarked five TTS and three VC models
across seven English accents, but future work could include additional models,
accents, and languages. Our carbon emission analysis focuses on inference-time
emissions, excluding training, long-term deployment, or hardware lifecycle con-
tributions. While including these factors would provide a fuller environmental
assessment, limiting the scope to inference allows for reproducible, efficient, and
standardized comparisons. Inference workloads are easier to replicate and less
resource-intensive than training, enabling fair benchmarking under controlled
conditions.

Overall, we hope that GreenVoice encourages researchers to adopt Green AI prac-

tices, fostering environmentally responsible development in speech technologies.

7.10 Ethical Considerations

Synthetic speech has a wide range of applications, including entertainment, personal-

ized digital assistants, and audiobook narration. At the same time, it poses potential

risks, such as the creation of audio deepfakes for spreading misinformation. To ad-

dress these concerns, we developed GreenVoice to encourage the responsible use of

voice cloning models. Although there is a possibility that malicious users could exploit
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GreenVoice to identify highly efficient voice cloning models, GreenVoice is designed

to primarily serve Responsible AI researchers. Responsible AI researchers can leverage

GreenVoice to highlight efficient models and subsequently enhance audio deepfake de-

tection and anti-spoofing technologies, mitigating potential misuse. In addition, Green-

Voice encourages the adoption of Green AI principles by reporting the environmental

impact of large voice cloning models, addressing a notable gap in current research.

Overall, we strongly advocate for the use of GreenVoice to support socially beneficial

and ethical applications.
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CHAPTER 8

Conclusions and Future Research Directions

This thesis investigates synthetic speech in multilingual, low-resource settings, with a

focus on security, fairness, and sustainability. It integrates dataset creation, machine

and human evaluation, cost-efficient linguistic bias mitigation in speaker verification,

and an automated, environment-aware framework for evaluating synthetic speech gen-

eration models. Collectively, these contributions advance responsible, inclusive, and

sustainable speech processing in diverse linguistic contexts.

8.1 Key Contributions and Findings

8.1.1 IndicSynth: Multilingual Synthetic Speech for Audio Deep-

fake Detection and Anti-Spoofing

Chapter 2 highlighted the risks posed by synthetic speech, including its misuse for mis-

information and impersonation. Consequently, there is an urgent need for robust audio

deepfake detection (ADD) and anti-spoofing systems. Existing ADD and anti-spoofing

systems often exhibit language dependency. However, the lack of publicly available

multilingual synthetic speech datasets hinders multilingual ADD and anti-spoofing re-

search. The problem intensifies in linguistically diverse countries, such as India. To ad-

dress this gap, IndicSynth was introduced—a large-scale synthetic speech dataset com-

prising approximately 4,000 hours of audio from 989 target speakers (456 female, 533

male) across 12 low-resource Indian languages. IndicSynth is organized into mimicry

and diversity subsets to balance the need for realistic voice imitation and broad syn-

thetic diversity. Evaluation using state-of-the-art ADD and speaker verification (SV)

models demonstrated that existing systems struggle with linguistic biases. Addition-

ally, SV models are vulnerable to impersonation attacks, emphasizing the critical utility

of IndicSynth. However, human perception of IndicSynth audios is essential for a thor-

ough evaluation of the dataset before using it for multilingual ADD and anti-spoofing

research.



8.1.2 Understanding Human Perception of Synthetic Speech

Chapter 3 complemented the machine-based evaluations by investigating human per-

ception of IndicSynth audios. A user study with 93 participants was conducted to assess

the naturalness of the audios and to evaluate how closely the mimicry subset resembles

the corresponding bonafide target voices, thereby examining the quality of both the

mimicry and diversity subsets. The study consisted of three tasks: (1) classifying test

audios as real or synthetic, (2) identifying a bonafide audio from a set of real and syn-

thetic recordings, and (3) rating the similarity of synthetic audios in the mimicry subset

to their corresponding bonafide target voices. The results revealed that participants

often struggled to reliably distinguish synthetic speech from real recordings, and the

perceived naturalness of synthetic audios was comparable to that of real speech. These

findings highlight the potential risks associated with high-quality synthetic speech while

emphasizing the importance of datasets like IndicSynth for supporting research on au-

dio deepfake detection and anti-spoofing.

8.1.3 Cross-Task Dataset Profiling

Chapter 4 introduced Task-Lens, a cross-task utility-based profiling framework de-

signed to evaluate the applicability of speech datasets across multiple downstream tasks.

Applying Task-Lens to 34 publicly available Indian speech datasets spanning 26 lan-

guages revealed critical gaps in resources for audio deepfake detection, speech emotion

recognition, and TTS tasks, particularly in underrepresented languages. IndicSynth

ranked among the top datasets for cross-task utility, confirming its broad relevance.

Task-Lens also provides a systematic methodology to guide future dataset creation and

selection, enabling more inclusive and task-agnostic research in multilingual speech

processing.

8.1.4 Linguistic Bias Mitigation in Speaker Verification

Chapters 5 and 6 focused on mitigating linguistic biases in speaker verification (SV)

systems. Insights from Chapter 2 revealed that SV models are susceptible to linguistic

biases, while Chapter 4 highlighted the scarcity of data for underrepresented Indian lan-
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guages. Motivated by these findings, Chapter 5 introduced FAtNet, a cost-efficient ap-

proach to reducing fully cross-lingual bias in SV. FAtNet leverages lightweight frame-

level embeddings and attention mechanisms to emphasize discriminative features, im-

proving performance on out-of-domain languages without requiring domain adaptation.

While FAtNet addressed fully cross-lingual bias, Chapter 6 extended this work to

partially cross-lingual scenarios, where one recording in a trial pair may belong to the

training language and the other to an unseen language. EcoSpeak, introduced in Chapter

6, incorporates contrastive linguistic (CL) attention and bias-correcting mechanisms

to selectively emphasize or suppress parts of speaker embeddings based on linguistic

differences. Beyond providing cost-efficient strategies for linguistic bias mitigation,

Chapter 6 also promoted Green AI practices by reporting carbon emissions for both

baseline models and EcoSpeak, highlighting environmentally responsible approaches

in speech processing.

8.1.5 Responsible and Environment-Aware Voice Cloning

Chapter 7 extended the Green AI perspective from Chapter 6 by focusing on voice

cloning models, which are more computationally intensive, contain millions of parame-

ters, and consequently have higher carbon emissions. While earlier chapters highlighted

the risks of synthetic speech, including misuse for deepfakes and impersonation attacks,

this chapter emphasized the potential of synthetic speech for socially beneficial applica-

tions and the need for responsible usage. Chapter 7 presented GreenVoice, an automated

comparative evaluation framework for synthetic speech generation models. GreenVoice

overcomes the limitations of human evaluations and is used to evaluate eight voice

cloning models across seven English accents. By combining cloning quality assess-

ment with carbon emissions evaluation, GreenVoice highlights high-performing and

sustainable voice cloning models for large-scale creation of multilingual audio deepfake

detection and anti-spoofing datasets, thus supporting inclusive and responsible speech

processing.
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8.2 Research Narrative

First, Chapter 2 introduced IndicSynth, a large-scale synthetic speech dataset to fa-

cilitate multilingual audio deepfake detection and anti-spoofing research. The chapter

demonstrated the vulnerability of existing audio deepfake detection and speaker verifi-

cation models against multilingual synthetic speech attacks. Chapter 3 further presented

a human evaluation of IndicSynth, demonstrating the quality of IndicSynth audios and

the limited human ability to identify native-language-based audio deepfakes. However,

the human evaluation was limited by the availability of fewer participants for some of

the low-resource languages, highlighting a potential challenge faced by researchers in

such resource-creation initiatives. Furthermore, to explore the broader utility of Indic-

Synth and other existing Indian speech resources for more downstream tasks, Chapter 4

introduced Task-Lens, a cross-task utility-based profiling framework. The chapter sug-

gested a broader utility of IndicSynth for more downstream tasks based on the available

metadata.

While Chapter 2 revealed the vulnerability of ADD and speaker verification mod-

els against multilingual synthetic speech attacks, these security-sensitive models are

influenced by both linguistic variations in synthetic speech and the deviations in syn-

thetic speech generation methods. Given the large number of existing languages and

generation models, simultaneously handling both these biases is complex. Therefore,

Chapter 5 and Chapter 6 investigate cost-effective solutions to mitigate linguistic biases

in speaker verification models. In addition to computational cost, Chapter 6 discusses

the environmental impact of proposed solutions. Chapter 7 extends the idea of Green

speech processing in the context of large-scale dataset creation for audio deepfake de-

tection and anti-spoofing research. The chapter introduces an automated comparative

evaluation framework for synthetic speech generation models to cost-effectively high-

light high-performing and sustainable generation models. Thus, by mitigating human

evaluation challenges in synthetic speech dataset creation, the automated evaluation

framework enhances broader participation in resource creation initiatives across diverse

languages and accents. At the same time, the framework minimizes the environmental

impact by promoting sustainable generation models for large-scale dataset creation.

124



8.3 Overall Inferences

Across the thesis, several recurring insights emerge:

1. Synthetic speech poses both risks and opportunities. High-quality synthetic
voices can deceive humans and SV systems but also enable accessibility, enter-
tainment, and personalized technologies.

2. Linguistic and accent biases limit system fairness. Effective mitigation re-
quires cost-efficient, data-driven, and environmentally conscious approaches.

3. Resource scarcity remains a major challenge. Multilingual datasets like Indic-
Synth and frameworks like Task-Lens are critical for guiding research and dataset
creation.

4. Responsible AI and Green AI principles are increasingly important. Quan-
tifying environmental impact and ethical considerations ensures sustainable and
socially beneficial speech technologies.

8.4 Limitations

Despite addressing key challenges in multilingual synthetic speech, several limitations

remain:

1. IndicSynth currently covers 12 Indian languages; expanding to additional lan-
guages, voices, and synthesis models would further improve generalization.

2. User studies are limited in scope and participant diversity, reflecting the inher-
ent challenges of conducting large-scale human evaluations for low-resource lan-
guages. While GreenVoice provides an automated and scalable alternative to hu-
man evaluation, further large-scale and diverse human studies are necessary for
comprehensive validation.

3. Task-Lens currently assesses the potential utility of existing datasets for down-
stream tasks solely based on available metadata, without empirical validation
through downstream model training. For example, training models such as au-
tomatic speech recognition (ASR) on datasets identified as suitable by Task-Lens
could provide stronger validation of its effectiveness.

4. Bias mitigation strategies in FAtNet, EcoSpeak, and GreenVoice require further
validation across a broader range of datasets, languages, and accents. Similarly,
experiments across the thesis are primarily limited to languages and accents; ex-
tending the analysis to other demographic attributes, such as gender and age,
would provide a more comprehensive evaluation.

5. Environmental impact analysis primarily focuses on inference, excluding the ef-
fects of model training and long-term deployment.
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8.5 Future Directions

Building on the contributions of this thesis, several promising directions for future re-

search are:

1. Dataset Expansion and Multilingual Benchmarking:
• Extend IndicSynth to additional low-resource languages and include more

voice cloning models.

• Incorporate multilingual and code-switched scenarios to better capture real-
world challenges.

2. Human-Centered Evaluations:
• Conduct larger and more diverse user studies to evaluate perceptual natural-

ness and mimicry across languages and accents.

• Investigate longitudinal adaptation of listeners to synthetic speech to im-
prove human-centered detection strategies.

3. Advanced Bias Mitigation Techniques:
• Extend bias analysis and mitigation strategies to other speech processing

tasks, such as automatic speech recognition, emotion recognition, audio
deepfake detection, and text-to-speech synthesis.

• Work towards developing multitask, domain-invariant architectures and in-
tegrating linguistic, accent, and socio-demographic features to enable scal-
able, cross-task solutions for bias mitigation in multilingual and low-resource
settings.

4. Environmentally Responsible Speech Technologies:
• Extend GreenVoice to multilingual, multi-task evaluation, including auto-

matic speech recognition, emotion recognition, and text-to-speech systems.

• Track the full life-cycle environmental impact, including training and de-
ployment, to optimize Green AI practices.

5. Responsible Synthetic Speech Applications:
• Encourage socially beneficial uses of voice cloning, such as accessibility

tools, language preservation, and education.

• Investigate defenses against misuse, including audio deepfakes, imperson-
ation, and misinformation, leveraging robust datasets and automated bench-
marking frameworks.

8.6 Concluding Remarks

This thesis provides a coherent narrative spanning multilingual synthetic speech dataset

creation, human perception analysis, cross-task profiling, linguistic bias mitigation, and
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an automated environment-aware evaluation framework for synthetic speech generation

models.

First, this thesis introduced IndicSynth, a 4,000-hour multilingual synthetic speech

dataset spanning 12 low-resource Indian languages. The dataset addresses an impor-

tant resource gap in multilingual audio deepfake detection and anti-spoofing research.

Experimental evaluations on IndicSynth further demonstrated the vulnerability of exist-

ing audio deepfake detection and speaker verification models to multilingual synthetic

speech attacks, underscoring the need for more robust and inclusive defenses. The

dataset provides rich metadata, including gender information, target speaker identifiers,

and text transcripts. Given the availability of this metadata, IndicSynth may also be

explored in the future for additional downstream tasks, such as automatic speech recog-

nition, thereby helping to mitigate task-resource gaps for underrepresented languages.

Second, the thesis examined human ability to identify native-language audio deep-

fakes using audio samples from IndicSynth. The empirical findings showed that partic-

ipants had limited ability to reliably distinguish synthetic speech from bonafide speech,

with performance approaching random guessing. These results further emphasize the

risks posed by realistic synthetic speech in low-resource multilingual settings, while

also providing human-centered evidence of the quality of IndicSynth.

Third, the thesis presented Task-Lens, a cross-task profiling framework designed

to highlight the potential utility of existing multilingual speech datasets across diverse

downstream tasks beyond their originally intended scope. The framework performs this

profiling based on the availability of metadata in existing datasets that are relevant to

supporting different downstream tasks. Using Task-Lens, this thesis profiled 34 Indian

speech datasets, including IndicSynth, across 26 languages and eight downstream tasks.

This profiling helps mitigate task-resource gaps by providing practical guidance for

researchers working on underrepresented languages and low-resource speech tasks.

Fourth, the thesis builds on the observation that speaker verification models are vul-

nerable to multilingual audio spoofing attacks. Since multilingual audio spoofing is

a complex challenge shaped by both linguistic bias and synthetic generation model-

specific biases, this thesis focuses specifically on the linguistic bias component. To

address this aspect, the thesis proposed FAtNet and EcoSpeak, two cost-efficient ap-

proaches for mitigating linguistic bias in speaker verification systems. EcoSpeak further
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broadens this contribution by bringing sustainability into the discussion and introducing

the perspective of Green speech processing in speaker verification. Overall, these con-

tributions provide effective strategies that can support the future development of more

language-invariant and robust security systems.

Fifth, the thesis concludes by proposing GreenVoice, an automated environment-

aware evaluation framework designed to address common challenges in the large-scale

creation of audio deepfake detection and anti-spoofing datasets. The framework intro-

duces novel metrics for evaluating speech quality based on the realism of synthetic

speech and the similarity between cloned synthetic voices and their corresponding

bonafide target voices, along with a unified cloning quality assessment score. Fur-

thermore, GreenVoice takes into account the environmental impact of large-scale syn-

thetic speech generation and introduces the novel G-Score. G-Score highlights high-

performing and sustainable generation models for large-scale audio deepfake detection

and anti-spoofing dataset creation.

GreenVoice offers three key benefits. First, it enhances inclusivity in dataset cre-

ation by helping resource-constrained researchers identify high-performing synthetic

speech generation models that can be used across languages and accents without fine-

tuning. Second, its automated evaluation complements traditional human evaluation of

synthetic speech, which is costly, difficult to scale, and less reproducible. Third, the

framework explicitly accounts for the environmental cost of large-scale dataset creation

by identifying sustainable generation models. Beyond dataset creation, the framework

can also be used to study the behavior of synthetic speech generation models across di-

verse real-world scenarios. Such insights can motivate deeper analysis of model archi-

tectures and training strategies, ultimately supporting the development of more robust

countermeasures against synthetic speech generated by these models.

Overall, this work lays the foundation for inclusive, responsible, and sustainable

speech technologies. The key outputs, namely IndicSynth, Task Lens, FAtNet, EcoS-

peak, and GreenVoice, provide practical tools, frameworks, and insights to guide future

research in this direction. The creation and evaluation of IndicSynth, in particular, have

been recognized with an Outstanding Paper Award at ACL 2025, underscoring the rel-

evance and significance of this work to the research community.
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