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Modern speaker verification systems achieve strong performance on adult speech, but their

performance often degrades when applied to children’s speech. This degradation arises from

three challenges: children’s speech differs substantially from adult speech, children’s voices

continue to change as they grow, and the lack of large child speech databases. Developmental

changes affect acoustic and articulatory properties of speech and create age-related variability

that can obscure speaker identity. This dissertation addresses the problem of robust speaker

verification for children by studying developmental variability in child speech and developing

adaptation methods that improve child speaker verification while preserving performance on

adult speech.

The first contribution of this dissertation is a longitudinal analysis of acoustic and artic-

ulatory development in children. By analyzing vowel formants, subglottal resonances, and

ultrasound-based tongue-shape measures from children recorded longitudinally across four

years, this dissertation quantifies both systematic developmental trends and child-specific

variability. These findings motivate the need for speaker verification systems that are robust

to age-related changes in children’s voices. Building on this analysis, the dissertation de-

velops methods for age-robust child speaker verification, including approaches that improve

ii



verification when enrollment and test speech are separated by one or more years. It then ad-

dresses the broader problem of efficiently adapting adult speech trained speaker verification

models to child speech under limited child speech data.

A central challenge in this progression is catastrophic forgetting, i.e., adaptation to child

speech can improve child speaker verification while degrading adult speaker verification per-

formance. This dissertation addresses this challenge first in settings where source-domain

data is available, and then in the more restrictive source-free setting where the original adult

training data is unavailable during adaptation. Overall, this dissertation provides a progres-

sion from quantifying developmental variability in child speech to building robust, efficient,

and age-agnostic speaker verification systems that better serve both children and adults.
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CHAPTER 1

Introduction

1.1 Speech Technology for Children - Challenges

Speech-based technologies simplify human interaction with digital systems. Applications

such as voice assistants, online learning platforms, personalized educational tools, and se-

curity systems rely on speech processing models that can recognize, characterize, or verify

users from their voices. Speaker verification (SV), in particular, aims to determine whether

two speech samples belong to the same speaker. Modern SV systems have achieved strong

performance on large-scale adult speech benchmarks, driven by neural speaker embedding

models such as X-vectors [1], ECAPA-TDNN [2], ResNet [3], and related architectures [4, 5].

However, this success has not transferred equally well to children’s speech.

Children’s speech presents a distinct and challenging domain for speech technology. Un-

like adult speech, which is relatively stable over time, children’s speech changes substan-

tially as they grow. These changes are driven by developmental variation in vocal tract

anatomy, speech motor control, articulation, phonological development, and acoustic real-

ization [6, 7, 8, 9]. As a result, systems trained primarily on adult speech often perform

poorly when applied to children. This mismatch is especially problematic for SV, where

the goal is to model speaker-specific characteristics while remaining robust to age-related

variability. In child speaker verification (C-SV), age-related variability can directly obscure

speaker identity, because the same child’s voice may change considerably over the devel-

opmental years. This mismatch is compounded by the limited availability of child speech

datasets, which makes it difficult to train large neural SV systems directly on child speech.

The central theme of this dissertation is the development of robust speaker verification
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systems for children. The dissertation begins by analyzing longitudinal acoustic and artic-

ulatory changes in children’s speech. This analysis motivates the core technical problem:

children’s voices are not only different from adults’ voices, but also dynamically changing

during development. The dissertation then investigates methods to improve C-SV systems

under this variability, beginning with age-related robustness within children’s speech, mov-

ing to adult-to-child domain adaptation, and finally addressing catastrophic forgetting when

adapting adult SV systems to child speech.

1.2 Developmental Analysis

1.2.1 Developmental Variability in Child Speech

Elementary school years are a critical period in a child‘s speech and language development.

During this period, children’s speech becomes complex, and increasingly adult-like. At the

same time, substantial individual variation exists in both acoustic and articulatory behavior.

Prior work has examined children’s vowel acoustics, temporal characteristics, and spectral

properties, often using cross-sectional designs [6, 7, 8, 9, 10, 11]. However, cross-sectional

studies alone cannot fully reveal individual developmental trajectories, because they com-

pare different children at different ages rather than observing how the same child changes

over time. Longitudinal analysis is therefore important for understanding child speech de-

velopment.

Vowel production provides a useful lens for studying these developmental changes. The

first two formant frequencies, F1 and F2, are closely related to vowel height and frontness,

respectively, and are widely used to characterize vowel spaces. In addition to formants,

subglottal resonances (SGRs) provide important information about the interaction between

speech acoustics and vocal tract development. Prior work has shown that SGRs can di-

vide the vowel space into high, low, front, and back vowel regions, consistent with quantal

theory [12, 13, 14, 15]. However, relatively little longitudinal evidence exists on how these

relationships develop during the elementary school years.
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Articulatory analysis provides an additional perspective on developmental variability.

Acoustic measurements alone do not uniquely determine the articulatory configuration used

to produce a sound. Children may achieve similar acoustic targets using different tongue

shapes or articulatory strategies. Ultrasound tongue imaging makes it possible to examine

midsagittal tongue contours during speech production.This allows developmental analysis to

move beyond acoustics and examine how articulatory strategies evolve over time.

The longitudinal analysis in this dissertation uses acoustic and articulatory measurements

from children recorded annually from Grade 1 to Grade 4. This analysis shows that acoustic

and articulatory development is not uniform across children. The observations from this

study motivates the need for speech technologies that explicitly account for developmental

variability rather than treating children’s speech as a fixed or homogeneous domain.

1.3 Robust Speaker verification systems for Children

1.3.1 Age Robust and Efficient Adaptation for Child Speaker Verification

In this dissertation we investigate adult-to-child adaptation from two perspectives. First, we

study age-related robustness within child speech by developing methods to improve inter-year

C-SV performance. Second, we study general low-resource adaptation from adult SV to child

SV by using adapter-based fine-tuning strategies that improve knowledge transfer from adult-

trained models to child speech. These stages reflect a progression from understanding the

variability in child speech to designing adaptation methods that improve C-SV performance

under realistic data constraints.

Several strategies have been explored to address the data scarcity problem in C-SV.

Feature level adaptation and data augmentation methods attempt to increase training di-

versity by perturbing adult or child speech. These include speed perturbation, vocal tract

length perturbation, noise and reverberation augmentation, SpecAugment-style masking,

and voice conversion or synthesis-based approaches that make adult speech more child-like

[16, 17, 18, 19]. Such approaches can improve robustness by exposing the model to a wider
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range of acoustic conditions. However, augmentation alone does not fully address the mis-

match between adult and child speech, especially when the goal is to preserve speaker identity

while reducing sensitivity to age-related variation.

Model-level adaptation provides a complementary direction. Rather than training a new

model from scratch, adaptation methods modify or extend a pretrained adult SV model using

child speech. Fine-tuning, adapter-based learning, domain adaptation losses, and related

parameter-efficient methods have been used in speaker verification and speech processing

tasks [20, 21, 22, 23, 24, 25, 26, 27]. Adapter-based approaches are particularly attractive

in low-resource settings because they can introduce a small number of trainable parameters

while preserving much of the pretrained model. This is useful when target-domain child

speech is limited and full-model fine-tuning may be unstable or inefficient.

This dissertation proposes novel adapter architectures that ensure better adaptation from

adult-to-child domains and also address age-related robustness within C-SV. An efficient

fine-tuning technique to deal with data-scarce scenarios for the child speech domain is also

proposed.

1.3.2 Age-Agnostic Speaker Verification

Having focused on robust adaptation from adult-to-child adaptation, we next shift our focus

towards building age-agnostic SV systems. Age-related robustness and age-agnostic speaker

verification are related but distinct goals. Age-related robustness within C-SV focuses on

verifying that the speech signal came from a certain child speaker across developmental

changes. The enrollment and test utterances may come from the same child but at different

grades or ages. In this setting, the model must learn representations that are stable enough

to preserve speaker identity while being insensitive to age-related acoustic shifts.

Age-agnostic speaker verification extends this idea further by aiming for strong perfor-

mance across both children and adults. A model adapted only to children may improve

C-SV performance but degrade adult SV performance. Conversely, a model trained only on

adult speech may perform well on adult benchmarks but poorly on child speech. A truly
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inclusive SV system should therefore support both adults and children without requiring

separate systems or sacrificing one domain for the other.

This objective is difficult because adult and child speech differ substantially, and the

model must represent speaker identity across domains with different acoustic distributions.

Prior domain adaptation work has addressed various mismatch scenario in speaker verifi-

cation, including cross-language, cross-device, cross-distance, and cross-dialect conditions

[23, 28, 29, 30]. However, age-based mismatch is especially challenging because the acous-

tic differences between adults and children are tied to biological and developmental factors.

Speaker embeddings themselves can contain age-related information [31], which means that

age variation may be entangled with speaker identity in the learned representation.

In this dissertation we address this issue by considering systems that combine adult-

specific and child-specific speaker representations. The goal is not simply to optimize perfor-

mance for children, but to construct representations that remain effective across age groups.

This dissertation proposes a domain classifier that dynamically combines the representations

from adult and child SV models to generate a hybrid embedding that works well on both

adult and child domains, hence resulting in an age-agnostic SV system. This provides a

bridge between C-SV and broader inclusive speech technology, where systems should work

reliably for speakers across age groups.

1.3.2.1 Addressing Catastrophic Forgetting in Domain Adaptation

A major challenge in domain adaptation is catastrophic forgetting. Catastrophic forgetting

occurs when a model adapted to a new task or domain, suffers from performance degradation

on the original task or domain [32, 33]. In the context of this dissertation, an adult-trained

SV model adapted to child speech may improve child SV performance while degrading adult

SV performance. This creates a stability-plasticity problem: the model must be plastic

enough to learn the child speech domain, but stable enough to retain source-domain adult

speaker knowledge.

Catastrophic forgetting has been studied in continual learning, where methods are often
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grouped into architectural, rehearsal-based, and regularization-based approaches. Architec-

tural methods modify or expand the network to reduce interference across tasks [34, 35, 36,

37, 38]. Rehearsal-based methods retain or replay data from previous tasks during adapta-

tion [39]. Regularization-based methods constrain important parameters or outputs so that

the model does not drift too far from the source task [40, 41, 42, 43, 44]. These strategies

provide useful tools for balancing adaptation and retention. In the context of this disser-

tation, if adapting the model to children causes a large degradation on adult speech, the

adapted system becomes less useful as a general-purpose verifier.

This dissertation, considers a challenging adaptation scenario, where source data is un-

available during adaptation. Source-free domain adaptation addresses the case where a

pretrained source-domain model is available, but the original source-domain data is not.

This setting is realistic for speech applications because large-scale training datasets may be

proprietary, restricted, or difficult to store and redistribute. In such cases, the model must

adapt to the target domain using only the pretrained model and target-domain data. This

constraint makes catastrophic forgetting more difficult to address.

Although effective, standard rehearsal-based methods [39] are incompatible with the

source-free setting considered in this dissertation because they require continued access to

source data. Generative-replay methods avoid directly storing source examples by training

a generative model to synthesize samples representative of previously learned tasks [45].

However, they require an additional generator to be trained on the source domain and

retained alongside the source model. Consequently, generative replay does not satisfy the

stricter setting considered in this dissertation.

Knowledge distillation (KD) [43] transfers information from a fixed teacher model to

a student model by encouraging the student to reproduce the teacher’s softened output

distribution. However, the effectiveness of this transfer depends on whether the teacher

produces informative outputs for the data used during distillation. In the present setting,

an adult-trained speaker model is evaluated using child speech, for which a substantial

domain mismatch exists. Consequently, the teacher outputs on the child data may be poorly
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calibrated or may exhibit limited variation across different child speakers.

Learning without Forgetting (LwF) [46] applies knowledge distillation to continual learn-

ing without requiring access to source-domain examples. Before adaptation, the frozen source

model is applied to the target-domain samples, and its predictions for the original task are

recorded as soft targets. During adaptation, the model is jointly optimized using the new-

task objective and a distillation loss that encourages its predictions for the original task,

evaluated on the target-domain samples, to remain close to those produced by the frozen

source model. Thus, LwF preserves the source model’s behavior on the target samples while

allowing the shared representation to be updated for the new task. Like in KD, severe do-

main mismatch between adult and child speech domains can cause these predictions to be

poorly calibrated, overly concentrated, or insufficiently diverse across target speakers. In

such cases, the LwF objective may encourage the adapted model to preserve an unreliable

or weakly discriminative teacher response.

Parameter-regularization methods like Synaptic Intelligence (SI) [41] estimates parameter

importance by accumulating each parameter’s contribution to changes in the training loss

throughout source-task optimization. Although SI is computationally efficient, it requires

access to the source-training trajectory or importance statistics saved during that training.

These quantities are unavailable when adaptation begins with only the final source-model

checkpoint.

In this dissertation, we address source-free adaptation for speaker verification under both

cross-age (Adult → Child) and cross-lingual (English → Chinese) domain shifts. The key

idea is to exploit pretrained-model embeddings extracted from target-domain inputs as a

proxy for source-domain knowledge. These embeddings retain information from the source-

trained model even though the original source data is unavailable. This enables the design of

adaptation strategies that constrain the target-domain model while reducing source-domain

degradation. By addressing catastrophic forgetting under a zero-source-data constraint, the

dissertation moves toward more practical and deployable adult-to-child speaker verification

frameworks.
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1.4 Dissertation Contributions

The main contributions of this dissertation are as follows.

• Presents a longitudinal analysis of developmental acoustic and articulatory variability

in children’s speech.

• Introduces evaluation and adaptation methods for age-related robustness in child speaker

verification. Examines inter-year C-SV, where enrollment and test utterances are sep-

arated by one or more years, and studies methods that improve robustness to devel-

opmental changes in the same child’s voice.

• Develops adapter-based adult-to-child adaptation methods for low-resource C-SV. By

leveraging adult-trained speaker verification models and adapting them using limited

child speech, this dissertation studies how pretrained adult SV knowledge can be trans-

ferred efficiently to the child speech domain.

• Investigates age-agnostic speaker verification, where the goal is to maintain strong

performance across both adult and child speech.

• Addresses catastrophic forgetting in adaptation methods assuming no access to source

domain data, i.e., adult speech. This dissertation proposes methods that reduce source-

domain degradation in a source-domain data free adaptation framework.

1.5 Dissertation Organization

The remainder of this dissertation is organized as follows. Chapter 2 describes the datasets

and feature representations used across this dissertation. Chapter 3 presents the exper-

imental framework, including speaker verification models, evaluation metrics and training

protocols. Chapter 4 presents the longitudinal acoustic and articulatory analysis of children’s

speech. Chapter 5 investigates methods for improving age-related robustness in child speaker

8



verification. Chapter 6 introduces adapter-based iterative fine-tuning for low-resource adult-

to-child speaker verification adaptation. Chapter 7 presents an age-agnostic speaker ver-

ification framework designed to improve performance across both adult and child speech.

Chapter 8 addresses catastrophic forgetting under source-free domain adaptation. Finally,

Chapter 9 summarizes the dissertation and discusses future research directions.
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CHAPTER 2

Databases and Features

2.1 Overview

This chapter, describes the databases and features used in this dissertation. The aim of

this dissertation was to study the effect of age-related acoustic variability on child speech

processing, with a focus on speaker verification. The experimental work uses two broad

categories of data. The first category consists of longitudinal child speech production data,

used to characterize developmental changes in acoustic and articulatory features. The second

category consists of speaker verification corpora, used to study age-related robustness, adult-

to-child domain adaptation, age-agnostic speaker verification, catastrophic forgetting, and

source-free domain adaptation.

The organization of this chapter is as follows: Section 2.2 describes the longitudinal

child speech data used to analyze developmental acoustic and articulatory variability. Sec-

tion 2.3 introduces the datasets used across the remaining chapters on speaker verification.

Section 2.4 summarizes the feature representations used in all experiments.

2.2 IU Database - Longitudinal Child Speech Data for Develop-

mental Analysis

The first component of this dissertation examines how child speech changes during the el-

ementary school years. This analysis uses a longitudinal child speech production dataset

referred to as IU database [47, 48] collected by our project collaborators at Indiana Uni-

versity. Data were collected from eight typically developing children: four female and four
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male native speakers of Midwestern American English. The children were recorded once per

year from Grade 1 through Grade 4, covering approximately ages 6 to 10. All children had

Goldman-Fristoe Test of Articulation, Third Edition (GFTA-3), standardized scores within

the normal range, and age and gender information were recorded for each participant.

The data were collected using synchronized microphone, neck accelerometer, and ultra-

sound recordings. The microphone signal was used for acoustic vowel analysis, the neck

accelerometer signal was used for estimating subglottal resonances, and the ultrasound im-

ages were used for midsagittal tongue contour analysis. More details of this database will

be provided in 4.

2.3 Speaker Verification Datasets

The speech datasets used in our speaker verification experiments are discussed in the follow-

ing subsections.

2.3.1 CSLU Kids’ Speech Corpus

The CLSU Kids’ Speech Corpus [49], also referred to as the OGI Kids’ Speech Corpus,

contains speech from approximately 1,100 children, spanning kindergarten through Grade 10,

with roughly 100 speakers per age group. The corpus includes both spontaneous and scripted

speech. All the experiments in this dissertation, use only the scripted speech portion of the

dataset.

Two CSLU train-evaluation splits are used in our experiments. One split uses a relatively

large training set, with 866 speakers and approximately 24 hours of speech, and an evaluation

set spanning 255 speakers covering 44,000 speaker verification trials. This split is referred

to as CLSU-S, where the suffix “S” indicates presence of smaller number of speaker in

the evaluation set. The second train-evaluation split follows a low-resource protocol, with

120 training speakers, approximately spanning 2.65 hours of speech, and an evaluation set

containing 993 speakers and 190,972 verification trials. This split is referred to as CSLU-L
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[19] in this dissertation, where the suffix “L” indicates larger number of speakers in the

evaluation set. In both train-eval splits, train and evaluation speakers are non-overlapping.

Age labels in the CSLU corpus, supports evaluation of age-group-specific speaker verification.

2.3.2 IU Longitudinal Speaker Verification Evaluation Set

The longitudinal child speech production dataset [47, 48] described in Section 2.2 is also used

to construct a speaker verification evaluation set. This evaluation set is referred to here as

the IU longitudinal evaluation set. Verification trials are then constructed to evaluate both

intra-year and inter-year speaker verification across Grade 1 (G1), Grade 2 (G2), Grade 3

(G3), and Grade 4 (G4).

The intra-year sets compare enrollment and test segments from the same grade, produc-

ing conditions such as G1–G1, G2–G2, G3–G3, and G4–G4. The inter-year sets compare

enrollment speech from one grade with test speech from later grades, producing conditions

such as G1–G2, G1–G3, G1–G4, G2–G3, G2–G4, and G3–G4. Each evaluation set contains

2,000 verification trials, consisting of 1,000 positive trials (same speaker) and 1,000 negative

trials (different speakers). This dataset is especially important for evaluating the effect of

age-related voice changes on child speaker verification.

2.3.3 My Science Tutor (MyST) Corpus

The MyST corpus [50] is used as a larger child speech dataset in adult-to-child adaptation

and low-resource child speaker verification experiments. The full corpus contains speech

totalling 499 hours from 1,372 speakers in Grades 3 to 5 without explicit grade labels unlike

CSLU corpus [49]. In the experiments considered in this dissertation, the annotated portion

of the corpus is used, totaling approximately 268 hours of speech.

Multiple MyST training subsets are constructed to study the effect of the amount of

in-domain child speech available for adaptation. The subsets are referred to as MyST-1,

MyST-2, MyST-3, and MyST-4. Each subset contains data from all 1,210 training speakers,
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while the amount of speech per speaker increases across the subsets. The approximate

durations across MyST-1, MyST-2, MyST-3, and MyST-4 subsets are 2 hours, 8 hours, 85

hours, and 268 hours, respectively. A fixed evaluation set with 91 speakers and 100,000

verification trials is used across these four training conditions. There is no overlap between

training and evaluation speakers.

The MyST subsets are useful for evaluating adaptation under different resource condi-

tions. The smaller MyST-1 subset represents an extremely low-resource adaptation scenario,

while the larger MyST-4 subset enables a more data-rich child adaptation setting.

2.3.4 VoxCeleb

VoxCeleb [51, 52] is the primary adult speaker verification dataset consisting of large-scale

English speech data collected from YouTube and includes substantial variation in speak-

ers, acoustic environments, and recording conditions. In our experiments, we do not train

speaker verification models using Voxceleb, instead only models trained on VoxCeleb are

used as pretrained models before adaptation to child speech. However, the VoxCeleb1-O,

VoxCeleb1-E, and VoxCeleb1-H evaluation sets are used as a standard adult speaker verifica-

tion evaluation set to quantify catastrophic forgetting in terms of adult-speaker verification

performance degradation post adaptation.

2.3.5 CNCeleb

CNCeleb [53] is a large scale adult speaker verification dataset in Chinese. This dataset

contains speech from Chinese open-media sources. It is used in the domain adaptation

experiments in Chapter 8 as an additional target-domain dataset. Unlike MyST, which is

used for cross-age adaptation from adult English to child English, CNCeleb is used for cross-

lingual adaptation from English to Chinese adult speech. In the experiments considered in

Chapter 8, only CNCeleb training segments of at least three seconds are retained, and shorter

files are discarded leading to a training set with 162 hours of speech from 781 speakers.
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Four CNCeleb training subsets are constructed, referred to as CNCeleb-1, CNCeleb-2,

CNCeleb-3, and CNCeleb-4. These subsets contain all 781 speakers, with increasing amounts

of training speech: approximately 1.94 hours, 10.00 hours, 98.55 hours, and 162.20 hours,

respectively. Evaluation is performed using the standard CNCeleb evaluation set. CNCeleb

is included to test whether adaptation strategies designed for catastrophic forgetting are

effective beyond the adult-to-child setting.

2.3.6 Dataset Summary

The details of the major datasets used in this dissertation and their primary role are sum-

marized in Table 2.1.

Table 2.1: Summary of datasets used in this dissertation.

Dataset Domain Main statistics Role in dissertation

Longitudinal IU

child production

data

Scripted

Speech -

Child speech

production

8 children; 4 female

and 4 male; Grade 1-4;

yearly recordings

Developmental acoustic and

articulatory analysis

IU longitudinal

SV set

Scripted

Speech -

Child speaker

verification

Grade 1-4 intra-year

and inter-year trials;

Evaluation of age-related robustness

in child speaker verification

CSLU Scripted

Speech -

Child speaker

verification

Approximately 1,100

children; K00–K10;

scripted portion used

Child speaker verification,

adult-to-child adaptation, age-group

evaluation

Continued on next page
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Table 2.1: Summary of datasets used in this dissertation. Continued.

Dataset Domain Main statistics Role in dissertation

MyST Spontaneous

Speech -

Child speaker

verification

Annotated portion

approximately 268 h;

training subsets of 2 h,

8 h, 85 h, and 268 h

from 1,210 speakers;

fixed 91-speaker

evaluation set

Low-resource and high-resource child

adaptation experiments

VoxCeleb Spontaneous

Speech -

Adult

English

speaker

verification

VoxCeleb1 and

VoxCeleb2 pretrained

SV model used;

evaluations on

VoxCeleb1-O/E/H

Adult source-domain pretrained

model and catastrophic forgetting

evaluation

CNCeleb Spontaneous

Speech -

Adult

Chinese

speaker

verification

Four training subsets:

1.94 h, 10.00 h, 98.55 h,

and 162.20 h from 781

speakers after duration

filtering; evaluated on

standard 200 speaker

evaluation set

Cross-lingual adaptation

2.4 Feature Representations

2.4.1 Acoustic Features for Longitudinal Developmental Analysis

The longitudinal developmental analysis uses acoustic features that characterize vowel pro-

duction and vocal tract growth. The first two formant frequencies, F1 and F2, are manually
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measured from the microphone recordings using Praat. The first two subglottal resonances,

Sg1 and Sg2, are manually measured from the neck accelerometer signal.

2.4.2 Articulatory Features for Longitudinal Developmental Analysis

The articulatory analysis uses ultrasound-derived midsagittal tongue contours. For each rel-

evant ultrasound image, the midsagittal tongue contour is manually extracted. The contour

is then summarized using two articulatory measures: Tongue Curvature Degree (TCD) and

Tongue Curvature Position (TCP) [54, 55, 56]. TCD measures the degree of tongue curva-

ture, while TCP measures the position of the curvature along the tongue contour. These

measures are useful because they are relatively robust to variation in ultrasound probe place-

ment and provide compact descriptors of the tongue shape. In the developmental analysis,

TCD is used to examine vowel height-related articulatory differences, while TCP is used to

examine vowel frontness-related differences.

2.4.3 Speaker Verification Acoustic Features

For the speaker verification experiments, the common acoustic input representation is an

80-dimensional filterbank feature sequence. The filterbank features are extracted using a 25

ms analysis window and a 10 ms frame shift.

2.5 Summary

In this chapter the datasets and feature representations used throughout the dissertation

were introduced. The longitudinal child speech production data provide the empirical basis

for studying developmental variability in acoustic and articulatory speech features. The

speaker verification datasets support a sequence of experiments on age-related robustness,

age-agnostic speaker verification, and adaptation. The next chapter defines the experimental

framework, evaluation metrics, and training protocols used.
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CHAPTER 3

Experimental Framework, Evaluation Metrics, and

Models

3.1 Overview

In this chapter we describe the common experimental framework used in this dissertation.

The goal is to define the tasks, model families, evaluation metrics, and training protocols

that are shared across experiments.

3.2 Longitudinal Acoustic and Articulatory Analysis

3.2.1 Task Definition

The longitudinal analysis is designed to characterize how children produce vowels across

Grades 1 to 4. The analysis focuses on both acoustic and articulatory development. The

acoustic analysis examines changes in vowel formants and subglottal resonances, while the

articulatory analysis examines changes in tongue shape using ultrasound-derived measures.

This analysis provides the developmental motivation for the speaker verification work in

the later chapters: i.e., if a child’s acoustic and articulatory speech characteristics change

across age, then a child speaker verification system trained or enrolled at one age may not

remain robust when tested at a later age.
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3.2.2 Acoustic Analysis Protocol

The acoustic analysis uses the first two formant frequencies, F1 and F2, measured from

microphone recordings. Measurements are made for four corner vowels, each appearing in

two word contexts, across the four yearly (Grade 1 to 4) recordings. This produces repeated

measurements for each child across vowel, word, and grade.

The formant measurements are visualized using F1–F2 vowel plots. These plots are exam-

ined at the individual-child level, at the grade level, and at the gender level. Individual-child

plots reveal longitudinal trajectories that may differ across children, while grade-averaged

and gender-averaged plots reveal broader developmental trends.

The first two subglottal resonances, Sg1 and Sg2, are measured from the neck accelerom-

eter signal. Because subglottal resonances are treated as vowel-independent for a given child

and grade, they provide a developmental reference for interpreting vowel space organization.

The analysis therefore includes SGR-normalized vowel spaces, where F1 and F2 are normal-

ized with respect to Sg1 and Sg2. These normalized plots are used to examine whether the

subglottal resonances separate high, low, front, and back vowel regions during development.

3.2.3 Articulatory Analysis Protocol

The articulatory analysis uses midsagittal tongue contours extracted from ultrasound images.

Each contour is summarized using Tongue Curvature Degree (TCD) and Tongue Curvature

Position (TCP) [54]. TCD is used as a compact measure of the degree of tongue-body

curvature, while TCP is used as a compact measure of where the curvature occurs along the

tongue contour.

The analysis compares TCD values for high versus low vowels and TCP values for front

versus back vowels. This comparison tests whether the articulatory measures correspond to

known vowel production distinctions. TCD and TCP are also compared across gender and

grade to examine whether systematic developmental or sex-based patterns are present in the

articulatory data.
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3.2.3.1 Statistical Comparisons

The longitudinal analysis uses descriptive plots and statistical tests. Box plots are used to

summarize the distributions of TCD, TCP, Sg1, and Sg2 across relevant groupings. Two-

sample one-tailed t-tests are used for targeted comparisons such as high versus low vowels

for TCD and front versus back vowels for TCP. One-way analysis of variance (ANOVA) is

used to test for main effects of grade on articulatory measures.

These statistical tests are used to support developmental interpretation rather than to

train predictive models. The purpose of this part of this dissertation is therefore explanatory:

it establishes that child speech development involves measurable acoustic and articulatory

changes, and that these changes can vary across children.

3.3 Speaker Verification

3.3.1 Task Definition

Speaker verification is the task of deciding whether two speech samples belong to the same

speaker. In a typical trial, one sample or set of samples is treated as the enrollment speech,

and another sample is treated as the test speech. The system extracts speaker embeddings

from the enrollment and test samples, computes a similarity score, and compares that score

to a decision threshold.

A target (or positive) trial is a trial in which the enrollment and test samples come from

the same speaker. A non-target (or negative) trial is a trial in which the enrollment and test

samples come from different speakers. The verification system should assign higher scores

to target trials than to non-target trials.

19



3.4 Speaker Verification Models

The first step in building a speaker verification model is to train a deep neural network

on the task of speaker identification (SID). In order to perform speaker verification, fixed

dimensional feature vectors are extracted from these models trained on the SID task. The

feature vectors extracted are the speaker embeddings discussed in Section 3.3.1 In this dis-

sertation, we report our findings on multiple deep neural models, in order to highlight the

applicability of our proposed approaches across network architectures. We use X-vector [1],

ECAPA-TDNN [2], and ResNet [3] based models in our experiments.

3.4.1 X-vector

The X-vector system is based on a Time Delay Neural Network (TDNN) architecture [57].

The TDNN layers operate on short-term acoustic (filterbank) features and capture speaker-

relevant patterns over local temporal contexts. In the lower TDNN layers, the network

captures information from a relatively small number of neighboring frames. As multiple

TDNN layers are stacked, the effective temporal context increases, allowing deeper layers to

represent speaker characteristics over a wider span of the speech signal. These frame-level

representations are then passed to a statistics pooling layer, which converts the variable-

length sequence of frame-level features into a fixed-dimensional segment-level representation.

The statistics pooling layer computes the mean and standard deviation of the frame-level

representations across time, thereby summarizing both the average characteristics and tem-

poral variability of the speaker’s voice within an utterance. This pooled representation

is subsequently passed through fully connected layers to produce the X-vector, a compact

fixed-dimensional speaker embedding.

3.4.2 ECAPA-TDNN

ECAPA-TDNN (Emphasized Channel Attention, Propagation, and Aggregation in Time

Delay Neural Network) [2] extends the standard TDNN-based X-vector architecture by in-
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troducing a more expressive frame-level feature extraction network and a stronger pooling

mechanism.

A key component of ECAPA-TDNN is the use of Res2Net-style [58] TDNN blocks, which

divide the feature channels into multiple groups and process them hierarchically. This allows

the network to capture speaker-relevant information over multiple temporal scales within

a single block. As in the X-vector system, stacking multiple TDNN-based layers further

increases the effective temporal context. However, ECAPA-TDNN strengthens this process

by propagating and aggregating information from multiple intermediate layers, allowing the

final representation to retain both lower-level and higher-level acoustic cues.

ECAPA-TDNN also introduces channel attention through squeeze-and-excitation [59]

mechanisms. These mechanisms allow the network to dynamically emphasize channels that

are more informative for speaker discrimination while suppressing less useful or noisy chan-

nels. In addition, in order to generate a fixed speaker embedding, ECAPA-TDNN improves

upon standard statistics pooling by using channel-dependent attentive statistics pooling [60],

where the importance of each frame can vary across feature channels. This produces a more

informative speaker embeddings than simple unweighted mean and standard deviation pool-

ing done in standard X-vector systems.

3.4.3 ResNet

ResNet-based speaker verification systems [3] use convolutional neural networks with residual

connections to extract speaker-discriminative representations. Unlike TDNN-based systems,

which model temporal context through one-dimensional temporal operations, ResNet archi-

tectures typically operate on two-dimensional time-frequency representations and learn local

patterns across both time and frequency.

The key component of ResNet is the residual block, where the input to a block is added

to the output of a sequence of convolutional layers. This skip connection allows the network

to learn residual mappings rather than entirely new transformations, making it easier to

train deeper networks and reducing problems such as vanishing gradients. As the signal
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passes through successive residual blocks, the network learns increasingly abstract acoustic

representations that capture speaker-relevant spectral and temporal patterns.

For speaker verification, the frame-level or feature-map representations produced by the

convolutional layers are converted into a fixed-dimensional speaker embedding using a pool-

ing or aggregation layer.

3.4.4 Embedding Extraction and Scoring

As discussed in the earlier subsections, the speaker verification systems map acoustic fil-

terbank features to fixed-dimensional speaker embeddings. These embeddings are then

compared using cosine similarity in the verification backend. Cosine scoring is appropri-

ate because the speaker embedding is intended to encode speaker identity information in a

vector space where same-speaker pairs should be close and different-speaker pairs should be

separated.

In the X-vector, ECAPA-TDNN, and ResNet based experiments, the speaker embedding

dimensions are typically 512, 192, and 256 respectively. The same general cosine similarity

based scoring framework is used across the child speaker verification, adult-to-child adapta-

tion, age-agnostic verification, and catastrophic forgetting experiments.

3.4.5 Evaluation Metric: Equal Error Rate

The main speaker verification metric used throughout this dissertation is Equal Error Rate

(EER). The EER is the operating point at which the false acceptance rate (FAR) equals the

false rejection rate (FRR). Lower EER indicates better speaker verification performance.

For a set of verification scores, the FAR measures the proportion of non-target trials

incorrectly accepted as target trials, while the FRR measures the proportion of target trials

incorrectly rejected. By sweeping the decision threshold, one obtains a trade-off between

these two error rates. The Equal Error Rate (EER) is the error rate at the threshold where

FAR and FRR are equal. Thus, EER provides a single summary of verification performance
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without requiring a predefined application-specific decision threshold.

3.5 Data Augmentation and Input Preparation

Data augmentation is used to improve robustness in all our speaker verification experiments.

The common augmentation methods include additive noise, room impulse response rever-

beration, frequency masking or frequency dropping, and time masking or time dropping

[61, 62, 63, 64]. In the experiments, noise augmentation uses signal-to-noise ratios between

0 and 15 dB, frequency dropping removes one to three frequency bands, and time dropping

removes one to five chunks of 1000 to 2000 samples per audio sample.

Input segment duration constraints were set based on available sample durations present

in a given dataset. For example, in child speaker verification experiments (MyST and CSLU)

we only use two-second speech segments, and in the case of CNCeleb speaker verification

experiments we retain only training segments of at least three seconds.

3.6 Training and Adaptation Protocols

3.6.1 Training from Scratch

Our experiments include systems trained from scratch on the target-domain training data.

These systems provide a baseline for evaluating whether transfer from an adult pretrained

model is useful. We evaluate training from scratch under varied train data-availibility sce-

narios. For example low-resource setting using CSLU-L (2.65 hours), MyST-1 (2 hours),

or CNCeleb-1 (2 hours). Similarly, relatively high-resource scenario can be simulated using

MyST-4 (268 hours) and CNCeleb-4 (162 hours).

3.6.2 Direct Evaluation of pretrained models

Adult pretrained speaker verification models are used as source-domain systems. These

models trained on VoxCeleb, are either evaluated directly on target domain or adapted to
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target domain. Direct evaluation of adult-trained systems on child data measures the severity

of adult-to-child mismatch (or language mismatch in case of adult-English to adult-Chinese).

Poor performance in this setting motivates the need for adaptation.

3.6.3 Fine-Tuning and Target-Domain Adaptation

Fine-tuning adapts an adult pretrained speaker verification model using target-domain data,

such as CSLU or MyST for child speaker verification and CNCeleb in case of Chinese speaker

verification. In the general framework, the pretrained speaker embedding model is initialized

from the VoxCeleb adult speaker verification model, and the system is optimized using target-

domain speaker labels. In this dissertation, we propose various efficient finetuning strategies,

which will be discussed in detail in subsequent chapters.

3.7 Evaluation Scenarios

3.7.1 Developmental Variability

The first evaluation scenario examines developmental variability in child speech. It uses lon-

gitudinal acoustic and articulatory measurements to compare vowels, grades, gender groups,

and individual child trajectories. The goal is to show that child speech development is not

only a group-level phenomenon but also involves child-specific patterns. This will be the

focus of our discussion in Chapter 4.

3.7.2 Age-Related Speaker Verification Robustness

The second evaluation scenario tests child speaker verification under intra-year and inter-

year conditions. Intra-year trials measure performance when enrollment and test speech are

drawn from the same grade (i.e., age group). Inter-year trials measure performance when

enrollment and test speech are separated by one or more years. The difference between these

conditions quantifies the impact of age-related voice changes on speaker verification systems.
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This will be the focus of our discussion in Chapter 5.

3.7.3 Adult-to-Child Adaptation

The third evaluation scenario evaluates adaptation strategies for adaptation from adult

speaker verification models to child speaker verification models. This setting compares adult

pretrained systems, child-domain systems trained from scratch, and adapted systems. The

key evaluation criterion is whether adaptation improves EER on child speaker verification

tasks. This will be the focus of our discussion in Chapter 6.

3.7.4 Age-Agnostic Verification and Catastrophic Forgetting

The fourth evaluation scenario considers both child and adult speaker verification perfor-

mance. A system is age-agnostic if it performs competitively on both child and adult

speech. This setting requires reporting target-domain performance on child speech and

source-domain performance on adult speech. The gap between adapted model performance

and source model performance on source evaluation set, i.e., adult evaluation data is central

to the catastrophic forgetting analysis. This will be the focus of our discussion in Chapter

7.

3.7.5 Source-Free Domain Adaptation

The final evaluation scenario considers adaptation assuming no access to source-domain data.

The model is adapted using only target-domain data, but it is still evaluated on both the

target domain and the original source-domain evaluation set. Similar to evaluation scenario

3.7.4, the model is evaluated based on performance on both target and source evalaution sets.

The emphasis here is on the trade-off between target-domain adaptation and source-domain

performance retention. This will be the focus of our discussion in Chapter 8.
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3.8 Summary

This chapter defined the common experimental framework used in this dissertation. The lon-

gitudinal acoustic and articulatory analysis establishes the developmental variability prob-

lem. The speaker verification framework provides a shared evaluation structure for the

remaining chapters. Later chapters build on this framework to introduce specific meth-

ods for age-related robustness, adult-to-child adaptation, age-agnostic speaker verification,

catastrophic forgetting, and source-free adaptation.
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CHAPTER 4

Understanding Speech Development in Children

4.1 Introduction

The goal of this chapter is to quantify longitudinal acoustic and articulatory variability in

children’s speech. The analysis focuses on four corner vowels, /æ/, /i/, /u/, and /A/, ob-

served from Grade 1 (approximately age 6) to Grade 4 (approximately age 10). These vowels

provide a compact way to study changes in vowel height and frontness, and therefore provide

a useful window into developmental changes in the vowel space. The acoustic analysis ex-

amines the first two formant frequencies - F1 and F2, and the first two subglottal resonances

- Sg1, and Sg2. The articulatory analysis examines tongue-shape measures derived from

midsagittal ultrasound tongue contours.

The main questions addressed in this chapter are:

• How do the acoustic vowel spaces of children change from Grade 1 to Grade 4?

• Do gender-based acoustic differences emerge during this period?

• How do subglottal resonances change across grades, and how do they relate to the

organization of the vowel space?

• Are tongue curvature measures systematically related to vowel height and vowel front-

ness?

• Do the articulatory patterns show the same developmental trends as the acoustic pat-

terns?
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The measured acoustic and articulatory features in this chapter, characterize developmen-

tal variability in the respective aspects of child speech. The findings provide the empirical

motivation for the age-robust and adult-to-child speaker verification methods developed in

later chapters.

4.2 Methods

4.2.1 Analysis Overview

The database and feature representations used in this chapter were introduced in Chapter 2.

Briefly, the analysis uses longitudinal recordings from eight typically developing children,

consisting of four female and four male native speakers of Midwestern American English.

The children were recorded once per year from Grade 1 to Grade 4. The data available

include - speech transcriptions, microphone recordings, neck accelerometer recordings, and

ultrasound tongue images.

For each child and grade, the analysis considers four corner vowels: /æ/, /i/, /u/, and /A/.

Each vowel is recorded in two word contexts - “Apple”/“Vacuum” (/æ/), “Teeth”/“Zebra”

(/i/), “Shoe”/“Zoo” (/u/) and, “Watch”/“Frog” (/A/). For the acoustic analysis, formant

frequencies were measured from the microphone signal, and subglottal resonances were mea-

sured from the accelerometer signal. For the articulatory analysis, midsagittal tongue con-

tours were extracted from the mid-sagittal view of the ultrasound images aligned with the

corresponding speech signal.

4.2.2 Acoustic Analysis

The first two formant frequencies, F1 and F2, were used to characterize the acoustic vowel

space. For each vowel in each grade, the two word contexts provided two measurements of

F1 and F2. To make the measurements, for each target vowel, a temporally stable segment

was selected to minimize the influence of vowel onset, offset, and coarticulatory transitions.

Formant frequencies were initially identified from the broadband spectrogram and subse-
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quently cross-checked against the spectral envelope obtained from the same stable vowel

segment. This combined spectrographic and spectral inspection was particularly important

for productions with a high f0, where the wide spacing between harmonics can make formant

estimation less reliable. In such cases, the spectral representation was used to distinguish

individual harmonics from broader vocal-tract resonances and to verify the formant val-

ues observed in the spectrogram. These measurements were averaged when constructing

grade-wise vowel plots for individual children and gender-based group averages.

The first two subglottal resonances, Sg1 and Sg2, were analyzed as speaker-level mea-

sures for each recording year. Since subglottal resonances are treated as vowel-independent

properties for a given child and grade [65], they provide reference values for interpreting

the organization of the acoustic vowel space. To examine this relationship, F1 and F2 were

normalized with respect to Sg1 and Sg2, respectively, and the normalized vowel spaces were

visualized across grades.

4.2.3 Articulatory Analysis

The articulatory analysis uses Tongue Curvature Degree (TCD) and Tongue Curvature Posi-

tion (TCP), which summarize the shape and position of the midsagittal tongue contour. The

use of TCD and TCP follows prior work showing that such measures are relatively robust

to ultrasound probe-placement variability and can characterize tongue-shape differences in

speech production [54, 55, 56].

Figure 4.1 illustrates the midsagittal tongue profiles for /u/ and /æ/ and the geometric

basis for TCD and TCP. Let X and Y denote the tongue tip and tongue root, respectively.

Let Z be the point on the tongue contour with the maximum perpendicular distance from

the line XY, and let O be the projection of Z onto XY. TCD and TCP are computed as

TCD =
len(ZO)

len(XO)
=

r

p
, TCP =

len(Y O)

len(XO)
=

q

p
. (4.1)

Here, len(.) refers to length, TCD represents the degree of tongue curvature, while TCP

represents the position of the curvature along the tongue contour.
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(a) (b)

Figure 4.1: Midsagittal tongue profiles during the production of /u/ in “Zoo” and /æ/ in

“Vacuum” by a boy in Grade 1. The tongue contour is highlighted using dotted markings.

The articulatory analysis tests two main hypotheses. First, because high vowels require

raising the tongue body, TCD is expected to be larger for high vowels than for low vowels.

Second, because front vowels require a more anterior tongue configuration, TCP is expected

to be larger for front vowels than for back vowels. The analysis therefore compares TCD

for high versus low vowels and TCP for front versus back vowels. Additional comparisons

examine gender-based differences and grade-based developmental changes.

4.2.4 Statistical Comparisons

The results are presented using vowel-space plots, normalized vowel-space plots, articulatory

vowel-space plots, and box plots. Statistical comparisons were performed to evaluate differ-

ences between vowel classes, gender groups, and grades. Two-sample one-tailed t-tests were

used for binary comparisons such as high versus low vowels, front versus back vowels, and

male versus female children. One-way ANOVA was used to test for grade-based differences

in TCD and TCP.
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(a) Grade-wise F1–F2 plots for four vowels for

four female children.

(b) Grade-wise F1–F2 plots for four vowels for

four male children.

(c) Grade-wise averaged F1–F2 plots for four vowels by gender.

Figure 4.2: Longitudinal changes in the first two formant frequencies from Grade 1 to Grade

4. F1 and F2 form the vertical and horizontal axes, respectively.

4.3 Results and Discussion

4.3.1 Longitudinal Changes in the Acoustic Vowel Space

Figures 4.2a and 4.2b show the longitudinal F1–F2 vowel spaces for female and male children,

respectively. Each subplot corresponds to one child, and the different colors represent the

vowel spaces from different grades. Figure 4.2c shows the corresponding gender-based average

vowel spaces across grades.

To quantify the grade-wise changes, the geometric centroid of each quadrilateral in the

F1–F2 space was calculated and plotted in Figure 4.3. Since the axes in the F1–F2 space
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Figure 4.3: Grade-wise changes in the centroids of the vowel spaces for the eight children.

The non-monotonic centroid trajectories demonstrate that reductions in formant frequencies

with increasing age are not consistent across all children.

are plotted using the conventional vowel-space orientation, a shift up towards the right cor-

responds to an overall reduction in formant frequency values. Although with grade (i.e.,

age) vocal-tract growth is generally expected to reduce the formant frequencies values, the

centroid trajectories do not decrease consistently (i.e., do not move up towards the right in

the F1–F2 space) for all children as seen in Figure 4.3. Several children exhibit increases

between adjacent grades, indicating that individual developmental patterns may depart from

the expected monotonic trend. These findings demonstrate substantial inter-child and lon-

gitudinal variability and suggest that age-related changes in children’s formant frequencies

cannot be adequately represented by a single uniformly decreasing trajectory.

This observation is important for the broader goals of this dissertation. In child speaker

verification, age-related variation cannot be modeled only as a global age effect. The same

grade transition may produce different acoustic changes for different children. Therefore,
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Figure 4.4: Grade-wise average vowel plots highlighting gender-based acoustic differences.

robust child speaker verification systems must handle both systematic developmental trends

and child-specific trajectories.

4.3.2 Emergence of Gender-Based Acoustic Differences

Figure 4.4 shows grade-wise average vowel plots for male and female children. For each

grade, formant frequencies were averaged across children of the same gender and plotted as

separate male and female vowel spaces.

In Grade 1, the average male and female vowel spaces overlap substantially, suggesting

that there are limited gender-based acoustic differences at this age. From Grade 2 onward,

the male vowel plots show a shift consistent with lower formant frequency values relative to

the female vowel plots. This suggests that gender-based acoustic differences begin to emerge

during the elementary school years. This trend is consistent with prior observations of vowel

acoustic-space development in children [9].

The emergence of acoustic differences before puberty is relevant because anatomical di-
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(a) Grade-wise Sg1 for all children. (b) Grade-wise Sg2 for all children.

Figure 4.5: Grade-wise distributions of the first two subglottal resonances. The mean value

is represented by a green triangle marker within each box plot.

morphism in vocal tract length is generally associated with later development. The results

therefore suggest that acoustic differences in children may reflect a combination of anatom-

ical growth, articulatory behavior, and speech motor development. For speaker verification,

this further supports the need to understand how age and gender-related variability interact

with speaker identity in child speech.

4.3.3 Development of Subglottal Resonances

Figure 4.5 shows the grade-wise distributions of Sg1 and Sg2. Both resonances show an

overall reduction from Grade 1 to Grade 4. This decrease is consistent with developmental

changes in the subglottal system as children grow.

To examine the role of SGRs in the vowel space, F1 and F2 were normalized using Sg1

and Sg2, respectively. The normalized vowel plots are shown in Figure 4.6. Each subplot

corresponds to one child, and the dotted horizontal and vertical lines represent the normalized

Sg1 and Sg2 values.

The normalized plots indicate that SGRs provide meaningful reference boundaries for the

vowel space. With increasing grade, the SGRs become slightly clearer boundaries separating
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(a) Grade-wise SGR-normalized F1–F2 plots

for four female children.

(b) Grade-wise SGR-normalized F1–F2 plots

for four male children.

Figure 4.6: Grade-wise vowel plots with F1 and F2 normalized by the first and second

subglottal resonances, respectively. Dotted horizontal and vertical lines indicate normalized

subglottal resonance frequencies.

vowel regions, particularly around Grades 2 and 3. This pattern is consistent with prior

observations that subglottal resonances structure vowel acoustics in a manner similar to

their effect in adult speech [66, 67, 15, 68].

These results show that developmental variability is not limited to supraglottal vowel for-

mants. The subglottal system also changes across grades and interacts with the organization

of the vowel space.

4.3.4 Relationship Between Tongue Curvature and Vowel Categories

The articulatory analysis first examines whether TCD and TCP capture expected vowel-

category differences. Following the geometric interpretation of these measures, larger TCD

values were expected for high vowels, and larger TCP values were expected for front vowels.

These hypotheses were tested using the box plots in Figure 4.7.

The results from Figure 4.7a show that TCD is larger for high vowels than for low

vowels. This supports the interpretation that TCD is related to vowel height, since high

vowels involve raising the tongue body toward the palate. The results in Figure 4.7b also
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(a) (b) (c)

(d) (e) (f)

Figure 4.7: Box plots comparing articulatory parameters TCD and TCP. The plots summa-

rize vowel-category, gender-based, and grade-based comparisons. Statistical test results are

shown in red in each subplot, and the mean value is represented by a green triangle marker.

show that TCP is larger for front vowels than for back vowels, supporting the interpretation

that TCP is related to vowel frontness. These trends indicate that TCD and TCP capture

meaningful articulatory information about vowel production.

4.3.5 Gender-Based and Grade-Based Articulatory Patterns

The gender-based TCD and TCP comparisons are shown in Figures 4.7c and 4.7d. In Fig.

4.7c, “TCD Male” represents TCD values for all vowels /æ/, /i/, /u/, and /A/ over the

four years for all male children (128 meaurements = 4 vowels x 2 words per vowel x 4 male

children x 4 years ). Similary, “TCD Female” is plotted in Fig. 4.7c and “TCP Male” and

“TCP Female” in Fig. 4.7d. The mean value is represented by a green triangle marker

within each boxplot. The p-value obtained from 2-sample, 1-tailed t-tests comparing TCD

and TCP of males and females are given in red font within Figs. 4.7c and 4.7d. Unlike
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the acoustic formant results, the articulatory measures do not show significant gender-based

differences. This suggests that the observed gender-based acoustic differences are not fully

explained by the TCD and TCP measures alone.

The grade-based comparisons are shown in Figures 4.7e and 4.7f. Each boxplot in Fig.

4.7e and and 4.7f, was plotted using 64 TCD/TCP measurements (4 vowels x 2 words

per vowel x 8 children). The grade-wise TCD distributions do not show the same level of

systematic change as the grade-wise TCP distributions. In contrast, TCP shows a significant

grade effect. The decreasing TCP values across grades may reflect developmental changes in

how children coordinate tongue body and tongue blade gestures. One possible interpretation

is that, as children grow, they develop more differentiated articulatory control, with tongue

blade gestures becoming more reserved for consonantal articulation. This interpretation is

consistent with the idea that articulatory strategies adapt during vocal tract growth [69].

The contrast between the acoustic and articulatory results is important. Gender-based

differences are apparent in the acoustic vowel space but not in the TCD and TCP measures.

Grade-related changes appear in both acoustic and articulatory analyses, but the patterns

are not identical. Both must be considered when interpreting developmental variability in

child speech.

4.3.6 Articulatory Vowel Spaces Across Grades

Since TCD and TCP are correlated with vowel height and vowel frontness, we hypothesized

that the vowel articulatory space using the TCD and TCP features might look similar to the

vowel acoustic space using F1 and F2. Figure 4.8 shows the articulatory vowel spaces formed

using TCD and TCP. TCD is plotted along the vertical axis, and TCP is plotted along the

horizontal axis. These plots allow comparison between articulatory vowel organization and

the acoustic vowel spaces defined using F1 and F2 values.

Although some individual articulatory vowel spaces (e.g. “Male 2” grade 2) show broad

resemblance to the corresponding acoustic vowel spaces, this relationship is not consistent

across children and grades. High vowels generally show larger TCD values than low vowels,
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(a) Grade-wise TCD–TCP values for four

female children.

(b) Grade-wise TCD–TCP values for four male

children.

Figure 4.8: Grade-wise TCD versus TCP plots. TCD is plotted along the vertical axis and

TCP along the horizontal axis.

but the organization of vowels in the TCD–TCP plane does not always match the organiza-

tion observed in the F1–F2 plane. This indicates that although TCD and TCP on the whole

are correlated with vowel height and frontness, the vowel- and child-specific correlations are

not straightforward, especially for TCP. One reason for this could be due to the fact that

jaw movement (related to vowel height) and lip rounding (correlated with vowel backness)

were not measured.

Another reason could be that the relationship between vowel height and TCD was more

straightforward than the relationship between vowel backness and TCP, due to the fact that

raising the tongue body (i.e. increasing TCD) creates a vocal tract Helmholtz resonator

associated with a low target F1 frequency [70]. In contrast, the target F2 frequency of each

vowel is not necessarily uniformly affiliated with either the “front (oral) cavity” or the “back

(pharyngeal) cavity” [71]. Specifically, the F2 of /u/ is a second Helmholtz resonance, the F2

of /A/ could be affiliated with either the front or the back cavity depending on their relative

lengths, and the F2 of both /i/ and /æ/ is most likely affiliated with the front cavity. This

complex relationship between F2 and vocal tract configuration may explain the absence of
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a strong resemblance between the vowel acoustic spaces and the corresponding articulatory

spaces defined by TCD and TCP.

4.3.7 Implications for Child Speaker Verification

The findings in this chapter directly motivate the speaker verification studies in later chap-

ters. First, the acoustic analysis shows that children’s formant frequencies and subglottal

resonances change from Grade 1 to Grade 4. These changes can alter the acoustic char-

acteristics of a child’s speech even when speaker identity remains constant. This creates a

challenge for longitudinal child speaker verification, where enrollment and test utterances

may be separated by one or more years.

Second, the analysis shows that developmental change varies across children. Some chil-

dren follow the average trend clearly, while others deviate from it. This means that child

speaker verification systems cannot rely only on a simple age-normalization strategy. They

must be robust to child-specific developmental trajectories.

As a result, speaker verification systems trained primarily on adult speech may be insen-

sitive to child-specific developmental factors that are not well represented in adult datasets.

Overall, this chapter establishes that child speech variability is both developmental and

speaker-specific. The following chapters build on this observation by developing age-robust,

adult-to-child adapted, and age-agnostic speaker verification methods.

4.4 Summary

This chapter analyzed longitudinal acoustic and articulatory development in children’s speech

from Grade 1 to Grade 4. The acoustic analysis showed that F1 and F2 generally decrease

across grades, reflecting developmental changes in the vocal tract. Gender-based acoustic

differences begin to emerge from Grade 2 onward. The subglottal resonance analysis showed

that Sg1 and Sg2 also decrease with age and become useful reference boundaries for orga-

nizing the vowel space around Grades 2 and 3.
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The articulatory analysis showed that TCD is generally associated with vowel height

and TCP with vowel frontness. However, the relationship between acoustic and articulatory

vowel spaces is not one-to-one. Children can use different tongue configurations to achieve

similar acoustic targets. The analysis did not show significant gender-based differences in

TCD or TCP, but TCP showed grade-related developmental change.

The main conclusion is that children’s speech development involves both systematic

trends and individual variability. These changes affect the acoustic and articulatory proper-

ties of speech and provide an empirical basis for the age-related robustness problem in child

speaker verification. The next chapter uses this motivation to study speaker verification

systems for intra-year and inter-year child speech evaluation conditions.
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CHAPTER 5

Enhancing Age-Related Robustness in Children’s

Speaker Verification

5.1 Introduction

The longitudinal analysis in Chapter 4 showed that children’s speech changes across the

elementary school years in both acoustic and articulatory dimensions. These developmental

changes create a direct challenge for children speaker verification (C-SV). In a practical

verification system, a child may enroll at one age and later attempt verification after months

or years of growth. In this setting, the system must determine whether the enrollment and

test utterances belong to the same child, even though the child’s voice may have changed

substantially between the two recordings.

Most speaker verification systems are optimized for speaker-discriminative consistency

under relatively stable speaker characteristics [72]. However, in C-SV, age-related variability

can alter acoustic cues that are useful for speaker verification. This makes inter-year C-SV

more challenging than intra-year C-SV, where enrollment and test utterances are drawn from

the same age or grade. While cross-age speaker verification has been studied for adult speech

[73], the age-related changes in children’s speech are more pronounced because they are tied

to ongoing developmental changes in the vocal tract, articulation, and speech production

patterns [6, 74, 75].

In this chapter we will discuss our proposed approaches to improve the robustness of

C-SV systems to age-related changes. Specifically, we addresses two related questions. First,

how can C-SV systems be evaluated under longitudinal age-mismatch conditions? Second,
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how can the model be trained so that it preserves speaker-discriminative information while

reducing sensitivity to local acoustic changes caused by development? To address these

questions, we introduce an inter-year C-SV evaluation setup and study two approaches for

improving age-related robustness: a Feature Transform Adapter (FTA) and Synthetic Audio

Augmentation (SAA).

5.2 Methods

5.2.1 Age-Related Robustness Evaluation

The evaluation of age-related robustness requires verification trials in which enrollment and

test utterances may come from different years of the same child’s development. The longi-

tudinal child speech data referred to as IU database used for this purpose were described

in Chapter 2. The IU database has child speech data collected longitudinally from eight

children from Grade 1 (G1) through Grade 4 (G4).

As discussed in Section 2.3.2, intra-year evaluation trials were constructed by pairing

enrollment and test segments from the same grade, producing the G1–G1, G2–G2, G3–

G3, and G4–G4 evaluation sets. Inter-year evaluation trials were constructed by pairing

enrollment speech from one grade with test speech from a later grade. For example, Grade

1 enrollment utterances were paired with Grade 2, Grade 3, and Grade 4 test utterances,

producing G1–G2, G1–G3, and G1–G4 evaluation conditions. Other inter-year sets, such as

G2–G3, G2–G4, and G3–G4, were constructed similarly.

For each evaluation set, target trials were formed using utterances from the same child,

while non-target trials were formed using utterances from different children. Non-target

trials were sampled from the same year to make the task more challenging by reducing the

confounding effect of grade mismatch in impostor comparisons. Each evaluation set contains

2,000 verification trials, with 1,000 target and 1,000 non-target trials. This setup allows the

evaluation to separately measure intra-year performance and the effect of one-year, two-year,

and three-year gaps between enrollment and test speech.
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5.2.2 Feature Transform Adapter

Figure 5.1: Overview of the Feature Transform Adapter used to improve age-related robust-

ness in children speaker verification.

We propose an adapter module called Feature Transform Adapter (FTA), shown in Fig-

ure 5.1, to improve robustness to age related variations in SV systems. The motivation

for FTA is based on the distinction between local and global speaker information. Local

acoustic properties, such as short-term segmental or spectral characteristics, may change

as children grow [6]. In contrast, more global speaker characteristics may remain relatively

stable and therefore provide more useful cues for speaker verification across years. The goal

of FTA is to reduce the model’s dependence on local age-sensitive variation while preserving

speaker-discriminative information.

The FTA operates on the 80-dimensional filterbank features used as input to the speaker

verification system. The input features are first layer-normalized and passed through a

fully connected layer. The resulting features are then processed using two one-dimensional

convolutional layers along the frequency dimension, with a ReLU activation between them.

These convolutional layers aggregate local frequency-domain information and are intended to

smooth or transform local acoustic patterns that may be sensitive to age-related change. The
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output of the adapter is then combined with the original input features through a residual

connection before being passed to the speaker verification model.

A residual adapter (RA) variant is used as a comparison system. In this variant, the

convolutional layers in FTA are replaced by fully connected layers while keeping the number

of parameters comparable. This comparison is used to test whether the frequency-domain

convolutional operation is important for improving age-related robustness.

5.2.3 Synthetic Audio Augmentation

The second proposed approach is Synthetic Audio Augmentation (SAA). The motivation for

SAA is to increase the diversity of the training data while preserving speaker identity. We

implement using a pretrained HiFi-GAN generator [76, 77]. For each child speech signal,

a spectrogram is provided as input to the generator, which synthesizes a corresponding

waveform. The synthetic waveform is then used as additional training data.

The working assumption behind this augmentation is that the synthesis process preserves

speaker identity sufficiently for speaker verification training, but may not perfectly preserve

fine-grained age-related information. This can be useful for age-robust C-SV because it

introduces variability that encourages the model to rely less on age-sensitive local acoustic

details. The synthesized samples are therefore used to augment the child speech training

data during fine-tuning.

5.2.4 Training and Evaluation Setup

The common speaker verification framework, input features, model architecture, and eval-

uation metrics were introduced in Chapter 3. Briefly, the systems in this chapter use an

ECAPA-TDNN speaker embedding model [2] implemented with the SpeechBrain toolkit

[78]. The input consists of 80-dimensional filterbank features extracted using a 25 ms analy-

sis window and a 10 ms frame shift. The model outputs 192-dimensional speaker embeddings,

which are compared using similarity scoring for verification.
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All systems are evaluated using Equal Error Rate (EER). In addition to the longitudinal

IU evaluation sets, the CSLU [49] child speech corpus is used for training and intra-year

evaluation. Two train/evaluation splits are used, as described in Chapter 2: CSLU-S, which

contains a larger training set, and CSLU-L, which contains fewer training speakers but a

larger evaluation set. The CSLU-S split is used for the main age-robustness experiments,

while CSLU-L is used to test generalization to a larger intra-year evaluation set and to

compare against prior C-SV systems [19].

5.2.5 Models

All models are trained include augmentation approaches discussed in Section 3.5. The models

trained only using child speech data (Section 3.6.1) are referred to as Baseline systems.

Models obtained by finetuning a adult SV system using child speech (Section 3.6.3) are

referred to as Finetune. In Synthetic Audio Augment experiments we use the pretrained

HiFi-GAN vocoder and denoiser [77], with a denoising strength of 0.005, and these models are

referred to as SAA. The models trained with the Feature Transform Adapter (Section 5.2.2)

are referred to as FTA. The models trained by replacing convolution layers in the FTA

module with fully connected layers are referred to as RA (Residual Adapter).

5.3 Results and Discussion

5.3.1 Effect of Feature Transform Adapter

Table 5.1 reports EER results for systems trained using the CSLU-S split and evaluated on

CSLU intra-year trials and IU intra-year/inter-year trials. The Baseline system performs

substantially worse on the IU inter-year conditions than on same-grade, i.e., CSLU Intra-year

and IU Intra-year evaluation trials, confirming that age mismatch introduces a significant

challenge for C-SV.

Finetune model improves intra-year performance on CSLU and most IU intra-year con-

ditions, but it does not consistently improve inter-year robustness. This suggests that simply
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Table 5.1: Equal Error Rate (EER) results for systems trained using the CSLU-S split

and evaluated on CSLU intra-year trials (Kindergarten - K00 to Grade 10 - K10) and IU

intra-year/inter-year trials. Intra-year refers to enrollment and test segments from the same

grade, while inter-year refers to enrollment and test segments from different grades.

CSLU Intra-Year

K00 K01 K02 K03 K04 K05 K06 K07 K08 K09 K10

Baseline 13.2 12.85 10.45 9 9.55 7.05 4.7 4.9 4.5 3.45 4.4

Finetune 9.55 10.65 9.05 6.95 7.25 4.1 4.05 2.95 2.75 1.85 3.3

+ RA 9.7 11.5 8.75 7.5 7.1 4.35 3.85 3.2 2.6 1.95 3.45

+ FTA 10.5 10.35 9.05 6.85 5.8 4.2 3.45 2.85 2.55 1.7 3.25

++ SAA 10.6 12.1 9.65 6.8 5.75 4.4 3 2.85 2.6 2.65 3.6

IU Intra-Year IU Inter-Year

G1-G1 G2-G2 G3-G3 G4-G4 G1-G2 G1-G3 G1-G4 G2-G3 G2-G4 G3-G4

Baseline 22.5 15.5 17.5 16.2 29.5 32.8 34.7 39.5 40.3 23.4

Finetune 19 13.9 15.8 11 28.7 36.1 36.7 37.1 39 24.1

+ RA 19.4 16.7 13 13.1 27.9 38 37.1 39.5 38.3 22.3

+ FTA 16.4 12.9 12.2 10.6 26.6 34.2 35.8 34.2 35.2 21

++ SAA 19.9 12.2 8.1 13.1 27.1 31.15 32.6 30.6 32.3 16.8

optimizing the model on child speech is not sufficient to handle longitudinal age mismatch.

Because the training data does not explicitly represent all inter-year conditions, the fine-

tuned model can still overfit to age-specific or local acoustic patterns.

The FTA system improves over conventional fine-tuning on all IU inter-year evaluation

sets. This supports the hypothesis that transforming local frequency-domain patterns be-

fore speaker embedding extraction can improve robustness to age-related variability. The

comparison with the residual adapter (RA) further supports this interpretation. Replac-

ing the convolutional layers in FTA with fully connected layers does not yield the same

level of improvement, indicating that the frequency-domain aggregation performed by the

convolutional layers is important for age-related robustness.
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5.3.2 Effect of Synthetic Audio Augmentation

Adding SAA on top of FTA further improves inter-year verification performance. As shown

in Table 5.1, the FTA+SAA system (i.e., the last row) obtains the lowest EER in five of the

six IU inter-year evaluation conditions. Relative to the baseline, the average EER is reduced

by 19.4%, 13.0%, and 6.1% for the one-year, two-year, and three-year gap evaluation sets,

respectively.

At the same time, SAA introduces a trade-off. While it improves inter-year robustness,

it does not consistently improve intra-year performance. On the CSLU intra-year evaluation

set, SAA degrades EER in several age groups compared to FTA alone. A similar pattern is

observed for some IU intra-year evaluation sets. This suggests that synthetic augmentation

encourages the model to become less sensitive to age-specific local acoustic detail, which

helps when enrollment and test speech are separated by age, but can reduce performance

when those local details are useful for same-year verification. This trade-off is consistent

with observations in inter-year adult speaker verification, where improving robustness to age

mismatch can come at the cost of same-age verification accuracy [73].

5.3.3 Effect of Training Split and Comparison with Prior C-SV Systems

Table 5.2 summarizes performance across combined CSLU, IU intra-year, and IU inter-year

test sets. The first four rows correspond to systems trained using the CSLU-L split, indicated

by a †. In this setting, the FTA† only system does not improve over fine-tuning. This is likely

because CSLU-L contains substantially fewer training speakers, making the limited size of

the training set the dominant constraint. However, adding SAA† substantially improves

performance, with relative EER improvements of 28.3% on the CSLU intra-year set, 29.3%

on the IU intra-year set, and 10.8% on the IU inter-year set compared with the corresponding

Baseline†.

We also compare the proposed systems with prior C-SV methods from [19]. The compar-

ison highlights two important observations. First, the Proposed 3/11 model from [19] was
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Table 5.2: EER comparisons across combined CSLU, IU intra-year, and IU inter-year evalu-

ation sets. CSLU is obtained by combining K00 to K10 test sets from the CSLU-L evaluation

split. IU Intra-Year and IU Inter-Year are obtained by combining the corresponding IU eval-

uation sets from Table 5.1. † indicates training data from CSLU-L, and * indicates training

data from CSLU-S.

CSLU IU Intra-Year IU Inter-Year

Baseline† 12.15 27.02 38.7

Finetune† 11.1 19.53 35.15

+FTA† 11.58 20.30 36.97

++ SAA† 8.71 19.1 34.5

+FTA* - 12.97 31.2

++ SAA* - 13.8 28.72

Proposed 3/11 [19] 16.77 24.03 41.65

Baseline 3/5 [19] 8.15 10.24 30.83

trained using 11 different data augmentation techniques on the out-of-domain dataset Vox-

Celeb2 [52]. We observe that incorporating in-domain child speech CSLU data significantly

outperforms using only out-of-domain data augmentation for both intra-year and inter-year

verification.

Second, conventional training and augmentation methods alone are insufficient for ad-

dressing robustness issues in inter-year C-SV, whereas larger datasets of child speech show

more pronounced benefits in intra-year verification. Specifically, we observed that the Base-

line 3/5 model [19], trained using substantially more MyST child speech data performs

notably better on the IU intra-year evaluation set. This is likely because the MyST data

(Grades 3 to 5) used for Baseline 3/5 aligns better with the IU dataset (Grades 1 to 4). On

the other hand, our proposed model trained on 24 hours of CSLU-S data, indicated by * in

Table 5.2, FTA+SAA* achieves an IU inter-year EER of 28.72%, outperforming the reported

Baseline 3/5 system that obtained an IU inter-year EER of 30.83%.
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5.4 Summary

In this chapter we discussed age-related robustness in children speaker verification. A lon-

gitudinal evaluation setup was used to measure both intra-year and inter-year verification

performance from Grade 1 to Grade 4. The results showed that inter-year C-SV is sub-

stantially more challenging than intra-year C-SV, confirming that developmental changes in

children’s voices can degrade verification performance.

To improve robustness, this chapter introduced the Feature Transform Adapter and Syn-

thetic Audio Augmentation. The FTA improved inter-year performance by transforming

local frequency-domain features while preserving speaker-discriminative information. SAA

further improved inter-year performance by increasing data diversity, although it introduced

a trade-off with intra-year accuracy. Experiments with different CSLU train/evaluation splits

and comparisons with prior C-SV systems showed that explicitly addressing age-related vari-

ability is important for robust longitudinal C-SV.

The main conclusion is that age-related robustness should be treated as a distinct objec-

tive in child speaker verification. Improving performance on child speech in general is not

sufficient; systems must also be designed to handle the developmental changes that occur

within the same child over time.
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CHAPTER 6

Gated Linear Unit Adapter with Iterative Fine-Tuning

6.1 Introduction

The previous chapter focused on improving age-related robustness within children speaker

verification (C-SV), especially when enrollment and test utterances are separated by one or

more years. This chapter addresses a related but broader problem: how to efficiently adapt

speaker verification systems trained on high-resource adult speech to the low-resource child

speech domain.

Modern speaker verification systems trained on adult speech achieve strong performance

on large-scale adult datasets, but their performance degrades when directly applied to chil-

dren’s speech. This degradation is caused by the acoustic mismatch between adult and child

speech, including differences in vocal tract size, pitch, formant structure, speaking style, and

developmental variability. At the same time, training a high-capacity neural speaker veri-

fication system directly on child speech is difficult because child speech datasets are much

smaller than adult speech datasets. Therefore, adult-trained models provide a useful starting

point, but they must be adapted carefully to the child domain.

A common approach is to fine-tune an adult-trained speaker embedding model using child

speech. However, in low-resource C-SV, conventional fine-tuning may not use the limited

target-domain data efficiently. In speaker verification, fine-tuning is also different from tasks

such as automatic speech recognition (ASR) because the classifier must be changed to match

the speakers in the target-domain training set. This means that the classifier is typically

trained from scratch, while the pretrained embedding model is adapted from the source

domain. Updating all components simultaneously can be inefficient, particularly when the
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target-domain dataset is small.

This chapter proposes a Gated Linear Unit adapter with Iterative Fine-Tuning, referred

to as G-IFT, for efficient adult-to-child adaptation. The goal is to improve knowledge transfer

from adult-trained speaker verification models to child speech while limiting overfitting in

low-resource settings. As discussed in section 3.4, the proposed framework is evaluated

across multiple speaker embedding architectures, including ECAPA-TDNN [2], ResNet [3],

and X-vector [1] systems, to test whether the approach is architecture-agnostic.

6.2 Methods

6.2.1 Adult-to-Child Adaptation Framework

The adaptation setting follows the general framework introduced in Section 3.6. A speaker

embedding model trained on adult speech is adapted to perform C-SV using child speech

data. The adapted model is evaluated on child speaker verification trials. The child speech

datasets, feature extraction settings, and evaluation metrics used in this chapter were de-

scribed in Chapters 2 and 3.

The experimental comparison uses several systems. The Baseline system refers to a

model trained from scratch using child speech (Section 3.6.1). The Pretrained system refers

to an adult-trained speaker verification model evaluated directly on child speech without

adaptation (Section 3.6.2). The Finetune system refers to conventional fine-tuning of the

adult-trained model using child speech (Section 3.6.3). Residual Adapter (RA) fine-tuning

is included as an adapter-based comparison system [79]. The proposed systems include a

GLU adapter without iterative fine-tuning and two variants of the full G-IFT framework.

6.2.2 Gated Linear Unit Adapter

The first component of the proposed framework is a Gated Linear Unit (GLU) adapter. The

GLU mechanism was originally introduced to allow networks to control information flow
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through learned gates [80]. In this chapter, the motivation for using a GLU adapter is to

allow the adapted system to learn how much information from the pretrained adult speaker

embedding model should be passed forward for child speaker verification.

As shown in Figure 6.1(a), the GLU adapter is inserted between the output of the speaker

embedding model and the classifier. Let Eout denote the output of the pretrained speaker

embedding model. This representation is first passed through a linear layer, followed by

a ReLU activation and layer normalization. The resulting representation, denoted Gin, is

passed through the GLU layer. The operation of the GLU layer is given by

Gout = (Gin ∗W + b)⊗ σ(Gin ∗ V + c), (6.1)

where W , V , b, and c are learnable parameters, σ(·) is the sigmoid activation function,

and ⊗ denotes element-wise multiplication. The sigmoid branch acts as a learned gate that

controls how much information is passed through the adapter. The output of the GLU

layer is then passed through another linear layer before being used by the classifier. During

evaluation, the output of the adapter is used as the speaker embedding.

6.2.3 Iterative Fine-Tuning - IFT

The second component of the proposed framework is iterative fine-tuning (IFT). Conven-

tional fine-tuning updates the embedding model and classifier simultaneously. In adapter-

based fine-tuning, the adapter and classifier are often updated together, and in some cases

the embedding model is also updated at the same time. However, as we briefly discussed in

Section 6.1, in the case of adaptation unlike ASR, in SV, the classifer has to be initialized

from scratch to match the target domain speaker set. Hence classifier and adapter (also ini-

tialized from scratch) may require larger adjustments than the pretrained embedding model.

Updating all components simultaneously can therefore lead to inefficient optimization, espe-

cially when child speech data is limited.

G-IFT addresses this issue by separating the adaptation process into focused update
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Figure 6.1: Overview of the G-IFT framework. Panel (a) shows the GLU adapter. Panels

(b) and (c) show the iterative fine-tuning procedures for G-IFT-1 and G-IFT-2, respectively.

steps. The framework contains two variants: G-IFT-1 and G-IFT-2. Both variants begin by

initializing the speaker embedding model with adult-trained parameters and inserting the

GLU adapter between the embedding model and the target-domain classifier.

In G-IFT-1 (Figure 6.1(b)), training alternates between two update stages. First, the

GLU adapter and classifier are fine-tuned jointly using the child speech data, while the pre-

trained speaker embedding model is kept frozen. In the second stage, the pretrained speaker

embedding model is finetuned, while the adapter and classifier are kept frozen. This process

allowing the adapter and classifier to first adjust to the target-domain speakers before making

any updates to the larger embedding model.

In G-IFT-2 (Figure 6.1(c)), the update process is further separated into three stages. The

classifier is fine-tuned first, followed by the GLU adapter, and then the pretrained speaker

embedding model. This variant allows the classifier to adapt in isolation before adapter and

embedding-model updates are introduced. The motivation is that, in extremely low-resource
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conditions, separately updating the classifier, adapter, and embedding model may improve

the use of limited target-domain data.

To make the comparison fair, the number of training epochs is adjusted so that the

number of parameter updates is comparable across fine-tuning methods. The total number

of epochs for G-IFT-1 is twice that of conventional fine-tuning, while the total number of

epochs for G-IFT-2 is three times that of conventional fine-tuning. This accounts for the

fact that G-IFT-1 and G-IFT-2 split updates across multiple stages rather than updating

all components together in each epoch.

6.2.4 Experimental Comparison

The experiments evaluate whether the proposed framework improves adult-to-child adapta-

tion under different target-domain data conditions. The framework is tested using ECAPA-

TDNN [2], ResNet [3], and X-vector [1] speaker verification architectures. All systems are

implemented using the SpeechBrain toolkit [78]. The adult pretrained models are trained

using VoxCeleb [51], while the child-domain adaptation and evaluation are conducted using

CSLU [49] and MyST [50].

The MyST experiments use multiple target-domain training subsets with increasing

amounts of train data as discussed in Section 2.3.3. These subsets allow the analysis to

test whether the advantage of G-IFT depends on the amount of available child speech data.

This is important because the main motivation for the framework is low-resource adaptation.

If the method is effective, the largest improvements should appear when the amount of child

speech adaptation data is small. All systems are evaluated using Equal Error Rate (EER).
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6.3 Results and Discussion

6.3.1 Performance Across Speaker Verification Architectures

Table 6.1 compares the proposed methods with pretrained, baseline, conventional fine-tuning,

residual adapter, and GLU adapter systems on CSLU and MyST-1. The results show that

directly applying adult pretrained models to child speech, i.e., Pretrained is not sufficient,

confirming the adult-to-child domain mismatch. Training from scratch on child speech, i.e.,

Baseline is competitive in some cases, but it is not consistently better than conventional

fine-tuning, i.e., Finetune, especially when the child training data is limited.

Finetune improves performance over the pretrained system in most cases, showing that

adult-trained speaker embeddings provide useful initialization for C-SV. However, the pro-

posed adapter-based adaptation, i.e., GLU provides additional gains over conventional fine-

tuning in four of the six architecture/dataset combinations, indicating that gated adaptation

can help the model selectively transfer information from the adult-trained embedding model

to the child-domain task.

The full G-IFT framework provides the most consistent improvement. Across ECAPA-

TDNN, ResNet, and X-vector systems, either G-IFT-1 or G-IFT-2 achieves the best perfor-

mance for every architecture/dataset pair. This supports the central hypothesis of the chap-

ter: the benefit of adapter-based adaptation is strengthened when the classifier, adapter, and

pretrained embedding model are optimized through an iterative fine-tuning strategy rather

than updated simultaneously.

The results also show that the best G-IFT variant depends on the architecture and

dataset. For ECAPA-TDNN and ResNet on CSLU, G-IFT-1 performs best. For ECAPA-

TDNN and ResNet on MyST-1, and for X-vector on both CSLU and MyST-1, G-IFT-2

performs best. This suggests that separating the classifier, adapter, and embedding model

updates can be particularly useful in some low-resource adaptation settings, but the best

update schedule may depend on model architecture and target-domain data characteristics.

In order to verify the improvement brought out by the proposed GLU adapter, an addi-
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Table 6.1: Performance in terms of Equal Error Rate (EER %) across CSLU and MyST-1.

Pretrained refers to adult SV systems tested directly on child speech. Baseline refers

to systems trained from scratch on child speech. Finetune refers to conventional fine–

tuning of adult SV systems using child speech. GLU refers to adapter fine-tuning, and

G-IFT-1/G-IFT-2 are the proposed iterative fine-tuning frameworks. Statistical significance

is assessed using paired t-tests at p = 0.05 and significant improvements over Finetune are

marked with “*”.

ECAPA-TDNN ResNet X-vector

CSLU MyST-1 CSLU MyST-1 CSLU MyST-1

Pretrained 17.39 17.48 12.62 14.47 23.59 24.95

Baseline 12.15 24.80 14.23 36.23 14.71 25.70

Finetune 11.10 20.04 7.45 10.64 15.89 21.26

RA [79] 11.34 22.89 7.47 12.76 15.61 21.54

GLU 9.70 22.30 6.92 12.48 12.31 17.96

G-IFT-1 8.88* 16.38 6.77* 9.29 12.71 18.20

G-IFT-2 9.06 14.22* 6.88 8.37* 12.09* 16.79*

tional comparison is obtained by applying IFT without the GLU adapter. On MyST-1, IFT

alone gives EERs of 22.5%, 10.2%, and 20.9% for ECAPA-TDNN, ResNet, and X-vector,

respectively. In contrast, as seen in Table 6.1, applying IFT with the GLU adapter, i.e.,

G-IFT-1, G-IFT-2, reduces the corresponding EERs to 14.2%, 8.4%, and 16.8%. This indi-

cates that the improvement does not come from iteration alone. Rather, the combination of

the adapter-classifier structure and the iterative update strategy provides the benefit. And

as far as comparison with other adapter approaches is concerned, although RA performed

well in [79], we can see from the results in Table 6.1 that it is less effective here.
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Table 6.2: Equal Error Rate (EER %) across ECAPA-TDNN, ResNet, and x-vector systems

on different MyST training splits. The duration of the training splits increases progressively

from MyST-1 to MyST-4. The evaluation split is fixed, with no overlap in speakers be-

tween training and evaluation sets. Statistical significance is assessed using paired t-tests at

p = 0.05 and significant improvements over Finetune are marked with “*”.

ECAPA-TDNN ResNet X-vector

MyST-1 MyST-2 MyST-3 MyST-4 MyST-1 MyST-2 MyST-3 MyST-4 MyST-1 MyST-2 MyST-3 MyST-4

Baseline 24.80 14.42 10.76 10.11 36.23 19.26 18.05 11.48 25.70 19.76 17.08 16.24

Finetune 20.04 7.97 5.81 6.05 10.64 9.33 6.60 4.87 21.26 19.16 16.70 16.11

RA [79] 22.89 8.19 6.13 6.07 12.76 8.62 5.70 4.87 21.54 19.50 16.36 17.83

GLU 22.30 7.51 5.92 5.97 12.48 7.48 5.50 5.07 17.96 15.05 11.49* 11.75*

G-IFT-1 16.38 7.03 5.49* 5.42* 9.29 6.42 4.89* 4.82 18.20 15.37 12.29 12.58

G-IFT-2 14.22* 7.81 5.93 5.99 8.37* 5.87* 5.52 5.27 16.79* 14.58* 14.70 15.30

6.3.2 Effect of Target-Domain Training Data Size

Table 6.2 reports EER results across the MyST-1 to MyST-4 training subsets. The amount

of child speech data increases from MyST-1 to MyST-4 while the evaluation set remains

fixed. This setup allows the analysis to separate low-resource and higher-resource adaptation

behavior.

Across all methods, EER generally decreases as the amount of MyST training data

increases. This is expected: more in-domain child speech gives the model more opportunity

to learn child-domain speaker-discriminative patterns. However, the effect of the proposed

G-IFT framework is strongest in the low-resource conditions. On MyST-1 and MyST-2,

G-IFT-1 and G-IFT-2 consistently improve over conventional fine-tuning across all three

architectures. This confirms that the proposed method is especially useful when child speech

data is scarce.

Figure 6.2 summarizes the absolute EER reduction of the proposed G-IFT framework

over conventional fine-tuning. The largest and most consistent reductions occur in MyST-1

and MyST-2. These are the low-resource conditions where the model is most vulnerable

to overfitting and inefficient adaptation. By updating the classifier, adapter, and embed-
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Figure 6.2: Absolute reduction in EER (%) by the proposed G-IFT framework (we consider

the best result out of G-IFT-1 and G-IFT-2) over conventional fine-tuning across different

MyST training splits. Larger reductions are observed in low-resource settings, especially

MyST-1 and MyST-2.

ding model in a staged manner, G-IFT appears to use the limited child speech data more

effectively.

The advantage of G-IFT becomes smaller in higher-resource conditions. On MyST-3 and

MyST-4, conventional fine-tuning becomes more competitive, especially for ECAPA-TDNN

and ResNet. This suggests that when sufficient child speech data is available, the model can

adapt effectively even without the staged update strategy. In contrast, when only a small

amount of child speech is available, the structure imposed by G-IFT provides a more efficient

adaptation path.

The relative behavior of G-IFT-1 and G-IFT-2 also changes with training data size. In the

lower-resource MyST-1 and MyST-2 conditions, G-IFT-2 often performs better, suggesting

that separately updating the classifier, adapter, and embedding model can be useful when

target data are scarce. In the larger MyST-3 and MyST-4 conditions, G-IFT-1 is often more

competitive, suggesting that jointly updating the adapter and classifier may be sufficient
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when more target-domain data are available.

6.3.3 Discussion

The results in this chapter show that adult-to-child adaptation is not simply a matter of fine-

tuning all parameters on child speech. Because child speech data is limited, the adaptation

procedure itself affects how efficiently adult-domain knowledge is transferred. The proposed

GLU adapter introduces a gated mechanism that learns how much information should pass

from the pretrained embedding model to the child-domain classifier. The iterative fine-tuning

strategy then structures the optimization process so that the classifier and adapter can adapt

before larger changes are made to the pretrained embedding model.

The architecture-agnostic behavior of the proposed framework is also important. G-IFT

improves performance across ECAPA-TDNN, ResNet, and X-vector systems, which suggests

that the method is not tied to a single speaker embedding architecture. This is useful for

the broader dissertation because the goal is not only to improve one particular model, but

to study general adaptation strategies for C-SV.

The low-resource results are especially relevant to practical C-SV. Child speech data is of-

ten expensive to collect, difficult to annotate, and limited by privacy and consent constraints.

A method that improves adaptation using small amounts of child speech is therefore valuable.

The MyST subset experiments show that G-IFT provides its largest advantage precisely in

these low-resource conditions.

This chapter also sets up the next stage of the dissertation. The methods here improve

performance on child speech by adapting adult-trained models to the child domain. However,

adapting a model to child speech can degrade its performance on the original adult domain.

This trade-off leads to the catastrophic forgetting problem studied in the following chapters,

where the goal is to build systems that improve C-SV while retaining A-SV performance.
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6.4 Summary

Experiments on CSLU and MyST showed that the proposed framework consistently improves

over conventional fine-tuning across ECAPA-TDNN, ResNet, and X-vector architectures.

The largest improvements were observed in low-resource MyST conditions, confirming that

G-IFT is particularly effective when only limited child speech data is available. As the

amount of target-domain data increases, conventional fine-tuning becomes more competitive,

but G-IFT remains a useful adaptation strategy.

The main conclusion of this chapter is that efficient adaptation is critical for C-SV. A-

SV models contain useful speaker-discriminative knowledge, but this knowledge must be

transferred carefully to the child domain. The next chapter builds on this observation by

addressing the source-domain retention problem: how to improve C-SV performance without

sacrificing A-SV performance.
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CHAPTER 7

Age-Agnostic Speaker Verification

7.1 Introduction

The previous chapter addressed efficient adult-to-child adaptation for low-resource children

speaker verification (C-SV). The central goal there was to improve performance on child

speech by adapting speaker verification systems trained on adult speech. However, improv-

ing target-domain performance alone is not sufficient for building inclusive speaker verifi-

cation systems. A model adapted to child speech can substantially degrade on the original

adult speech domain, even when child-domain performance improves. This behavior is an

instance of catastrophic forgetting: the model learns the target domain, but loses part of the

knowledge that made it effective on the source domain.

In this chapter we address the next step in the dissertation: building a speaker verification

system that is robust across both adults’ and children’s speech. This goal is referred to here

as age-agnostic speaker verification (AASV). In this setting, the system should perform well

on C-SV tasks without sacrificing performance on A-SV tasks. This is important because

real-world voice-based systems are not always deployed for a single age group. A practical

speaker verification system may need to handle both adults and children, and therefore

should not require a strict choice between adult-domain and child-domain performance.

The challenge arises because adult and child speech differ acoustically due to develop-

mental differences in vocal tract structure, pitch, formant patterns, and speaking behavior

[81, 82, 83]. Adult-trained speaker verification systems perform strongly on adult benchmark

datasets, but often perform poorly on children speech. Conversely, child-adapted systems

improve C-SV performance, but may degrade A-SV performance. Therefore, the central
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problem addressed in this chapter is: how can adult- and child-domain speaker information

be combined to form a unified speaker representation that performs well across age groups?

Unlike the source-free setting studied in the next chapter, this chapter assumes that

source-domain information is available when constructing the age-agnostic system. This

allows the system to use both adult-domain and child-domain speaker embedding models,

and to learn age-domain information that guides the integration of their embeddings. The

proposed solution is an Age-Agnostic Speaker Verification (AASV) system that combines

adult- and child-specific speaker representations using a domain classifier. The goal is to

reduce the adult–child performance trade-off and build a more inclusive speaker verification

system.

7.2 Methods

7.2.1 Age-Agnostic Speaker Verification (AASV)Framework

The proposed AASV system combines information from two domain-specific speaker verifi-

cation systems: an adult speaker verification system and a child speaker verification system.

The adult system is trained on adult speech and is effective for A-SV, while the child sys-

tem is obtained by adapting the adult system to child speech and is effective for C-SV.

Rather than choosing one system for all inputs, the proposed framework uses age-domain

information to determine how adult- and child-domain embeddings should be combined.

Figure 7.1 shows the workflow of the proposed AASV system. Given an input utterance,

embeddings are extracted from both the adult-domain and child-domain speaker embedding

networks. A domain classifier estimates whether the input speech is more likely to belong

to the adult or child domain. The domain classifier output is then used to weight and

concatenate the two embeddings, producing an expanded age-agnostic representation. This

representation is used for speaker verification scoring.
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Figure 7.1: Workflow of the Age-Agnostic Speaker Verification (AASV) system. Speaker

embeddings Ea and Ec from the A-SV and C-SV subsystems are fused with age-domain

information from the domain classifier to generate robust speaker embeddings.

7.2.2 Domain-Specific Speaker Embedding Networks

The first component of the AASV framework is a pair of domain-specific speaker embedding

networks. The adult-domain network is trained on adult speech and maps speech inputs to

adult-domain speaker embeddings. Let this network be parameterized by θa, with classifi-

cation head parameters defined by adult speaker set.The resulting adult-domain embedding

network extracts speaker embeddings Ea that are well suited to adult speech. It is to be

noted in all our experiments, we do not train A-SV models, instead use existing pretrained

models.

To obtain the child-domain network, the adult-domain network is fine-tuned using child

speech. The speaker embedding network is initialized with the adult-domain parameters and

adapted to the child domain, yielding parameters θc. A new classification head is trained

with parameters defined by the child-domain speakers. The resulting child-domain network

extracts speaker embeddings Ec that are better suited to C-SV.

Maintaining separate adult- and child-domain embedding networks has two advantages.

First, it avoids forcing a single embedding network to represent both domains under strong
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data imbalance. Adult datasets are typically larger and more diverse than child datasets,

so training a single mixed-domain model may bias the representation toward adult speech.

Second, separate networks make it possible to preserve adult-domain speaker information

while adapting a child-domain model. The age-agnostic system then combines the two

representations instead of replacing one with the other.

7.2.3 Age-Domain Representation and Domain Classifier

The second component of the AASV framework is a domain classifier that estimates age-

domain information from speech. The motivation for this component is that speaker em-

beddings contain information related not only to speaker identity but also to age-domain

characteristics. Prior work has shown that speaker embeddings can carry age-related infor-

mation [31]. In this chapter, this property is used to guide the integration of adult- and

child-domain embeddings.

A pretrained ECAPA-TDNN model [2] is used as an encoder to convert speech samples of

varying duration into fixed-dimensional embeddings. Figure 7.2 shows t-SNE visualizations

of such fixed-dimensional embeddings from CSLU child speech and VoxCeleb adult speech.

A domain classifier is then trained to distinguish between adult and child speech using these

embeddings.

7.2.4 Multi-Space Embedding Integration

The third component of the AASV framework is multi-space embedding integration. For

each input utterance, the adult-domain network produces an embedding Ea ∈ Rd, and the

child-domain network produces an embedding Ec ∈ Rd. The domain classifier produces a

softmax output p = [pc, pa], where pc is the estimated probability that the input belongs to

the child domain and pa is the estimated probability that it belongs to the adult domain.

The domain probabilities are used as dynamic fusion coefficients. The child-domain

embedding is weighted by pc, and the adult-domain embedding is weighted by pa. The two
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(a) (b)

Figure 7.2: t-SNE visualization of speaker embeddings. Blue and red points denote chil-

dren’s speech from CSLU and adult speech from VoxCeleb, respectively. (a) Younger chil-

dren’s group (K00–K06) compared with adult speech. (b) Older children’s group (K07–K10)

compared with adult speech.

weighted embeddings are concatenated to form the age-agnostic representation:

ER = [pcEc; paEa] ∈ R2d. (7.1)

This expanded representation preserves information from both embedding spaces while

allowing the domain classifier to control their relative contribution. If an input is clearly

child-like, the representation emphasizes the child-domain embedding. If it is clearly adult-

like, it emphasizes the adult-domain embedding. If the age domain is uncertain, both em-

beddings contribute, which can reduce the impact of incorrect hard domain assignment.

7.2.5 Experimental Comparison

The experiments compare adult-domain, child-domain, and age-agnostic systems. The adult-

domain systems are referred to as A-SV systems, and the child-domain systems are referred

to as C-SV systems. Two ECAPA-TDNN configurations are used: a smaller model with 512

channels per convolutional frame layer and a larger model with 1024 channels per convolu-

tional frame layer. These are referred to as the Small and Large systems, respectively.
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Table 7.1: Accuracy of domain classifiers trained on mixed datasets with varying proportions

of adult and child speech. The children test set is a mixture of K00–K10 CSLU test sets,

and the adult test set is VoxCeleb1-O.

Adult:Child Ratio
# Utterances Accuracy

Adults Children Adults Children

1:1 20,000 20,000 42.1% 100.0%

2:1 40,000 20,000 70.6% 99.9%

3:1 60,000 20,000 87.5% 99.9%

4:1 80,000 20,000 89.7% 99.7%

5:1 100,000 20,000 95.0% 99.6%

The adult-domain systems are evaluated on VoxCeleb test sets, while the child-domain

systems are evaluated on CSLU year-wise test sets. The AASV systems are evaluated on both

adults’ and children’s speech to determine whether they can maintain balanced performance

across domains. The comparison also includes existing approaches such as ChildAugment

[19], Stable Learning [84], and Weight Space Ensemble (WSE) [29]. Equal Error Rate (EER)

is used as the evaluation metric.

7.3 Results and Discussion

7.3.1 Domain Classifier Behavior

The first set of experiments examines the domain classifier. Table 7.1 reports the accuracy

of classifiers trained with different adult-to-child data ratios. The amount of child speech

is fixed at 20,000 utterances, while the amount of adult speech is increased from 20,000 to

100,000 utterances.

The classifier achieves nearly perfect accuracy on the child test set across all data ratios.
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In contrast, adult-domain accuracy is poor when equal numbers of adult and child utterances

are used, but improves substantially as the amount of adult training data increases. With a

5:1 adult-to-child ratio, adult-domain accuracy reaches 95.0%, while child-domain accuracy

remains 99.6%. This suggests that the adult domain requires more training examples to

cover its greater variability, likely because VoxCeleb contains a wider range of speakers,

ages, accents, and acoustic conditions than the CSLU child speech data.

Although the domain classifier is not perfect, its errors have a smaller impact on speaker

verification EER than the raw domain-classification error rate might suggest. This is because

misclassification does not necessarily cause a verification error. For example, in some non-

target trials, assigning the two utterances to different domains can increase their embedding

difference and reduce cosine similarity, which does not harm verification and may even help

in some cases.

7.3.2 Adult-Only and Child-Adapted Systems

Table 7.2 reports EER results for adult-domain, child-domain, and age-agnostic systems.

The adult-domain systems perform well on VoxCeleb but poorly on younger CSLU age

groups. For example, A-SV-Large obtains an EER of 0.80% on VoxCeleb1-O, but its EER is

above 30% for the youngest CSLU age groups K00–K02. This confirms the strong mismatch

between adult-trained speaker verification models and child speech.

The child-adapted systems substantially improve performance on CSLU. C-SV-Large

reduces EER from 30.65% to 8.90% on K00 and from 31.75% to 8.55% on K02 relative to

A-SV-Large. However, this improvement comes at the cost of adult-domain degradation.

On VoxCeleb1-O, C-SV-Large has an EER of 7.01%, compared with 0.80% for A-SV-Large.

Similarly, C-SV-Small has an EER of 10.21% on VoxCeleb1-O, compared with 1.19% for

A-SV-Small. These results show that conventional child-domain adaptation improves C-SV

but causes substantial source-domain forgetting.
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Table 7.2: EER (%) comparison of verification systems. K00–K10 represent increasing child

age groups in CSLU. A-SV and C-SV denote adult and children speaker verification systems,

respectively. AASV denotes the proposed Age-Agnostic Speaker Verification system. DC

denotes the domain classifier, and PreEmbed denotes pretrained speaker embeddings.

# System
CSLU Children’s Speech VoxCeleb Adult Speech

K00 K01 K02 K03 K04 K05 K06 K07 K08 K09 K10 VoxCeleb1-O VoxCeleb1-E VoxCeleb1-H

1 A-SV-Large 30.65 30.55 31.75 26.85 23.90 12.55 13.10 9.15 6.15 5.80 6.15 0.80 - -

2 C-SV-Large 8.90 10.10 8.55 6.40 6.45 3.60 3.20 2.55 2.40 1.60 3.20 7.01 - -

3 ChildAugment [19] 29.30 29.65 29.95 24.55 23.55 12.30 13.15 8.90 6.10 5.65 5.75 1.19 1.49 2.98

4 AASV-Large 8.90 10.20 8.55 6.40 6.45 3.60 3.20 2.55 2.30 1.70 4.00 1.89 - -

5 A-SV-Small 31.95 34.40 32.30 29.85 28.80 15.40 14.90 11.60 10.10 9.15 9.60 1.19 1.31 2.48

6 C-SV-Small 9.50 9.50 8.45 6.60 5.60 3.80 3.30 2.80 2.50 1.80 3.00 10.21 9.55 13.38

7 Stable Learning [84] 8.55 9.60 8.40 6.55 6.35 4.00 3.05 2.80 2.15 1.60 3.15 10.26 9.55 13.38

8 WSE [29] 17.25 18.40 16.05 14.30 13.95 7.25 5.80 4.35 3.15 3.55 3.15 1.92 2.13 3.44

9 AASV-Small 9.50 9.60 8.45 6.65 5.55 3.80 3.30 2.80 2.40 1.90 3.80 2.25 - -

w/o DC 16.65 17.60 16.35 13.80 13.95 8.00 5.90 4.75 4.45 3.30 4.75 1.85 2.13 3.63

w/o DC + PreEmbed 19.80 22.15 21.10 19.45 19.65 10.20 9.00 6.00 5.75 4.90 5.10 2.43 2.66 4.56

10 AASV-Small + PreEmbed 11.70 14.45 12.54 11.00 11.45 8.40 7.20 5.00 4.35 3.95 5.15 1.95 - -

7.3.3 Performance of the Proposed AASV System

The proposed AASV systems provide a better balance between child-domain and adult-

domain performance. AASV-Large retains nearly the same performance as C-SV-Large on

the CSLU child test sets while reducing the adult-domain degradation. On VoxCeleb1-O,

AASV-Large obtains an EER of 1.89%, compared with 7.01% for C-SV-Large. This is a large

reduction in source-domain degradation, while child-domain performance remains close to

the child-adapted system.

The same trend is observed for the smaller model. AASV-Small maintains performance

close to C-SV-Small across the CSLU age groups. For K00–K09, the absolute increase in

EER relative to C-SV-Small is within 0.1%, and for K10 it is 0.8%. At the same time,

AASV-Small obtains 2.25% EER on VoxCeleb1-O, much lower than the 10.21% EER of

C-SV-Small. This shows that the proposed embedding integration strategy substantially

reduces catastrophic forgetting compared with direct child-domain adaptation.
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Figure 7.3: Performance of the A-SV-Small, C-SV-Small, and proposed AASV-Small systems

across year-wise CSLU test sets and the VoxCeleb1 test set.

Figure 7.3 summarizes the behavior of A-SV-Small, C-SV-Small, and AASV-Small across

the child and adult test sets. The adult-trained model performs poorly on younger child age

groups but strongly on VoxCeleb. The child-adapted model performs strongly on CSLU but

degrades on VoxCeleb. The AASV system follows the child-adapted model closely on CSLU

while remaining much closer to the adult-trained model on VoxCeleb. This pattern captures

the intended goal of AASV.

Compared with prior methods, the proposed AASV system provides a stronger balance

across age groups. ChildAugment [19] preserves adult-domain performance but provides

limited improvement on the CSLU child test sets. Stable Learning [84] improves C-SV

performance but degrades A-SV performance substantially. WSE [29] provides competitive

adult-domain performance, but AASV-Small outperforms WSE on 10 out of 11 CSLU age-

group test sets. These comparisons show that age-agnostic integration is a useful alternative

to methods that either preserve the source domain at the cost of child-domain performance

or improve the child domain at the cost of source-domain retention.
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7.3.4 Ablation Study on Embedding Integration

The ablation results in Table 7.2 show that the domain classifier is important for effective

age-agnostic integration. When adult- and child-domain embeddings are combined without

the domain classifier, performance on the CSLU child test sets drops substantially. For

example, the w/o DC system has an EER of 16.65% on K00, compared with 9.50% for

AASV-Small. Similar degradations appear across most CSLU age groups. This indicates

that simple concatenation or unweighted integration is not sufficient. The system needs

domain information to decide how much each embedding space should contribute.

The w/o DC + PreEmbed and AASV-Small + PreEmbed results further show that di-

rectly incorporating pretrained adult embeddings during child-domain fine-tuning does not

provide the desired balance. Although pretrained embeddings can be useful in some transfer

learning settings [85], the results here show that this strategy is less effective than the pro-

posed domain-classifier-guided integration. The AASV system performs best when adult-

and child-domain embeddings are kept separate and combined dynamically using domain

probabilities.

7.3.5 Discussion

The results in this chapter show that child-domain adaptation creates a clear trade-off:

it improves C-SV performance but can substantially degrade A-SV performance. This is

the central catastrophic forgetting issue that motivates the final part of the dissertation.

However, the results also show that the trade-off can be reduced when adult- and child-

domain representations are combined rather than forcing a single adapted model to handle

both domains.

The proposed AASV framework works because it preserves two complementary embed-

ding spaces. The adult-domain embedding captures information useful for adult speech,

while the child-domain embedding captures information useful for child speech. The domain

classifier then provides a soft weighting mechanism that allows the system to emphasize

70



the appropriate representation for each input. This avoids a hard decision between adult

and child systems, and it also avoids fully overwriting the adult-domain model during child

adaptation.

This chapter assumes that source-domain information is available when constructing the

age-agnostic system. This assumption makes it possible to use adult-domain data along

with child-domain data to train the domain classifier. In practice, however, source-domain

data may not always be available during adaptation because of privacy, licensing, storage,

or access constraints. Also, the AASV framework, maintains two separate model branches

for adult and child domain respectively. Hence effectively increasing the number of model

parameters. Therefore, in the next chapter we study a more restrictive source-free setting,

where the goal is to adapt to a target domain while reducing catastrophic forgetting without

access to the original source-domain data and also enuring minimum increase in the model

parameters.

7.4 Summary

This chapter presented an Age-Agnostic Speaker Verification (AASV) system designed to

perform robustly across both adult and child speech. The proposed framework combines

embeddings from adult-domain and child-domain speaker verification systems using age-

domain information estimated by a domain classifier. The resulting representation expands

the embedding space and dynamically weights the contribution of adult- and child-domain

embeddings.

Experiments on CSLU and VoxCeleb showed that adult-trained systems perform well on

adult speech but poorly on child speech, while child-adapted systems improve child speaker

verification but substantially degrade adult speaker verification. The proposed AASV sys-

tems reduce this trade-off. AASV-Large maintains child-domain performance close to C-

SV-Large while reducing VoxCeleb1-O EER from 7.01% to 1.89%. AASV-Small similarly

maintains performance close to C-SV-Small on CSLU while reducing VoxCeleb1-O EER from
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10.21% to 2.25%.

The main conclusion of this chapter is that AASV can reduce catastrophic forgetting

by preserving and integrating both adult- and child-domain representations. This provides

a unified model for adult and child speaker verification under the assumption that source-

domain information is available. The next chapter removes this assumption and studies

source-free adaptation methods for reducing catastrophic forgetting when the original adult

source data cannot be accessed.
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CHAPTER 8

Cross-Attentive Adapter with Regularized Domain

Adaptation for Speaker Verification

8.1 Introduction

The previous chapter addressed age-agnostic speaker verification by combining adult- and

child-domain speaker representations. That setting assumes that source-domain information

is available when constructing the system. In many practical adaptation scenarios, however,

the original source-domain data may not be accessible. Large-scale adult speaker verifica-

tion datasets may be unavailable during adaptation because of storage constraints, licensing

restrictions, privacy concerns, or deployment-time limitations. In such cases, we may only

have access to a pretrained adult speaker verification model and target-domain data, but

not to the adult speech data originally used to train the model.

Catastrophic forgetting refers to the degradation of previously learned knowledge when

a model is adapted to a new task or domain [32, 33]. In the speaker verification setting

considered here, adaptation to a target domain can improve target-domain equal error rate

(EER), but may substantially degrade EER on the original adult source domain. This creates

the stability–plasticity tension: the adapted model should be plastic enough to learn target-

domain speaker-discriminative information, but stable enough to retain the source-domain

information learned by the pretrained model.

The main problem addressed in this chapter is therefore: how can a speaker verification

model be adapted to a target domain without access to source-domain training data, while

reducing catastrophic forgetting on the source domain? This problem is especially important
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for adult-to-child speaker verification adaptation because of the significant mismatch between

adult and child speech. A source-free method must improve performance on child speech

while not letting adult speech performance degrade, without relying on adult source examples

during adaptation.

To address this problem, this chapter proposes a source-free adaptation framework that

uses pretrained-model embeddings (PMEs) extracted from target-domain inputs. The cen-

tral hypothesis is that when target-domain utterances are passed through the frozen source-

domain model, the resulting embeddings preserve useful information about the source model’s

representation space. These embeddings are not substitutes for the original source data, but

they provide a proxy for the pretrained model’s source-domain knowledge.

This chapter proposes three strategies: (i) Cross-Attentive (CA) Adapter, a hybrid

of knowledge distillation and adapter methods; (ii) K-means-based modified Elastic

Weight Consolidation (K-EWC), for parameter regularization, and (iii) a Moment-

Matching Regularization Loss, which constrains fine-tuning by aligning learnable target-

domain embeddings distribution with PME distributions.

8.2 Methods

8.2.1 Source-Free Adaptation Setting

Let the pretrained source-domain speaker verification model be denoted by fθ∗ , where θ∗

represents the parameters learned from adult source-domain training. In the source-free

adaptation setting, the original source-domain training data are unavailable. The adaptation

procedure has access only to the pretrained model fθ∗ and target-domain data DTar. The

goal is to obtain an adapted model fθ that performs well on the target-domain speaker

verification task while retaining performance on the source-domain speaker verification task.

The target-domain data are used to optimize the model for speaker identification during

adaptation. As described in Chapter 3, speaker embeddings are then evaluated using speaker

verification trials and cosine similarity scoring. Target-domain EER measures adaptation
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performance, while source-domain EER measures how much source-domain knowledge is

retained. A successful source-free adaptation method should therefore reduce target-domain

EER without causing a large increase in source-domain EER.

The proposed methods rely on pretrained-model embeddings (PMEs). For each target-

domain utterance x ∈ DTar, the frozen pretrained source model produces an embedding

eT = fθ∗(x). (8.1)

Because PMEs are produced by the unadapted source-domain model, PMEs reflect the

source representation space, i.e., how the source model represents target-domain inputs be-

fore adaptation. The methods in this chapter use these PMEs to anchor adaptation by

preserving the knowledge of that source representation space.

8.2.2 Overview of the Proposed Framework

Figure 8.1 shows the proposed source-free adaptation framework. The framework contains

two connected ideas. First, the Cross-Attentive (CA) adapter uses both a frozen teacher

branch and a learnable student branch. The teacher branch provides fixed source-model

representations, while the student branch adapts to the target domain. The CA adapter

dynamically combines information from both branches during pooling. Second, K-means-

based Elastic Weight Consolidation (K-EWC) and moment-matching (MM) regularization

use PMEs to constrain adaptation and reduce forgetting.

The key design choice is that the original source-domain data are never required during

adaptation. The source-domain information used by the method is obtained only through the

pretrained model’s response to target-domain inputs. This makes the framework suitable for

scenarios where source data cannot be stored, redistributed, or accessed during adaptation.

8.2.3 Cross-Attentive (CA) Adapter

The CA adapter, as seen in Figure 8.1 (a), modifies the attentive statistics pooling stage of the

ECAPA-TDNN [2] speaker embedding network. The model is organized as a Siamese-style
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Figure 8.1: Overview of the proposed approaches. The CA adapter framework is shown in

(a). Hidden representations ht and hs have dimension C ×T . In the CA Block, “Concat-C”

and “Concat-T” refer to concatenation operation on the hidden representations along the C

(channel) and T (time) axes, respectively. Estimation of Fisher Information Matrix (FIM)

for K-EWC using pseudo-labels / Estimation of pseudo µT and ΣT for MM regularization is

shown in (b). DTar refers to the target domain data.

framework with a frozen teacher branch and a learnable student branch. Both branches are

initialized from the pretrained source-domain model. During adaptation, the teacher branch

remains fixed, while the student branch is updated using target-domain data.

Let ht and hs denote the hidden representations from the teacher and student branches,

respectively. In this dissertation, these representations are taken from the portion of the

ECAPA-TDNN network up to the multi-layer feature aggregation module. Each represen-

tation has dimension 1536 × T , where T is the number of frames. The purpose of the CA

adapter is to compute attentive statistics over the combined teacher (ht) and student (hs)

representations so that the adapted embedding can use both fixed source-model information

and learnable target-domain information.

The hidden representations from the teacher and student branches - ht, hs, each ∈
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R1536×T , are stacked channel-wise (“Concat-C” within CA Block in Figure. 8.1 (a) ),

followed by a linear transformation with parameters W ∈ Rl×3072 and b ∈ Rl×1 to down-

project into a smaller latent space with dimension l, using a non-linearity f(.). After the

non-linearity f(.), the self-attention scores M across both hidden representations are calcu-

lated through a second linear transformation with parameters V ∈ R3072×l and k ∈ R3072.

M = V

f
W

ht

hs

+ b

+ k, M ∈ R3072×T . (8.2)

The self-attention scores M is reshaped into M̃ to ensure that channel information across

the corresponding teacher and student representations are aligned along the channel dimen-

sion.

M̃ =
[
M1:1536,1:T M1537:3072,1:T

]
, M̃ ∈ R1536×2T . (8.3)

A channel-wise softmax is then applied over time to obtain normalized attention weights:

C = softmax(M̃), C ∈ R1536×2T . (8.4)

The original teacher and student hidden representations are also concatenated along the

time dimension (“Concat-T” within CA Block in Figure. 8.1 (a)):

h̃ =
[
ht hs

]
, h̃ ∈ R1536×2T . (8.5)

The normalized attention scores C, which represent the importance of each frame given the

channel, are used to compute mean (µ̃) and standard deviation (σ̃).

µ̃ =
2T∑
t=1

C ⊙ h̃, µ̃ ∈ R1536, (8.6)

σ̃ =

√√√√ 2T∑
t=1

C ⊙ h̃2 − µ̃2, σ̃ ∈ R1536. (8.7)

The resulting mean and standard deviation vectors are concatenated and passed through a

linear layer to produce a 192-dimensional speaker embedding.

Unlike the age-domain classifier based approach proposed in Chapter 7 (Figure 7.1),

which requires source data to train the domain classifier, the CA adapter can be viewed as
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a source-free mechanism for balancing retention and adaptation. The frozen teacher branch

preserves the pretrained model’s representation, while the learnable student branch adapts

to the target domain. The cross-attentive pooling mechanism allows the final embedding to

use information from both branches instead of discarding the source representation during

adaptation. In the implementation used here, the CA block increases the ECAPA-TDNN

model size from approximately 20.8M parameters to 22.3M parameters, unlike 2x increase

in the case of age-domain classifier based approach proposed in Chapter 7 .

8.2.4 K-Means-Based Elastic Weight Consolidation

Elastic Weight Consolidation (EWC) is a regularization method designed to reduce catas-

trophic forgetting by penalizing changes to parameters that are important for the source

task [40]. EWC was selected as the starting point regularization in this dissertation because

it directly addresses the problem of catastrophic forgetting during model adaptation. EWC

does not require source-domain examples to be replayed during adaptation. Instead, it con-

strains changes to model parameters according to their estimated importance, conventionally

represented by the diagonal of the Fisher information matrix (FIM) [86].

Let θi denote the ith parameter of the adapted model and let θ∗i denote the corresponding

pretrained source-model parameter. EWC adds the following regularization term during

adaptation:

LEWC =
∑
i

Fi(θi − θ∗i )
2, (8.8)

where Fi is the diagonal element of the FIM corresponding to parameter θi. The FIM

elements Fi are a measure of how much the log-likelihood of the data changes when a

given ith parameter is perturbed. More specifically, larger values of Fi indicate that the

corresponding parameter is more important for the source task, so changing that parameter

is penalized more strongly.

However, standard EWC requires source-domain data to estimate the FIM. This is not

possible in the source-free setting considered in this chapter. This limitation motivated the

investigation of whether an EWC-inspired parameter-importance estimate could instead be
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constructed from the target data. K-means clustering was therefore used to obtain pseudo-

labels from the PMEs, i.e., target-domain inputs representations from the pretrained model,

enabling the estimation of parameter importance, i.e., FIM, without access to source data

examples. Once the approximate FIM is obtained, the regularization term in Eq. 8.8 is used

during target-domain adaptation. K-EWC therefore preserves the central idea of EWC,

namely constraining parameters that are important for the source model, while removing

the requirement that source-domain samples be available during adaptation.

8.2.5 Moment-Matching Regularization

The second regularization strategy is moment matching (MM). The goal of MM regular-

ization is to prevent the learned target-domain embeddings from drifting too far from the

pretrained model’s embedding distribution. If the adapted embeddings move to a very dif-

ferent region of the representation space, the model may improve on the target domain but

forget the source-domain structure learned by the pretrained model.

As with K-EWC, MM regularization uses PMEs as a proxy for source-domain knowledge.

The PMEs are used to fit a Gaussian Mixture Model (GMM), with the number of mixture

components selected using the Akaike Information Criterion (AIC). After fitting the GMM,

its overall mean vector and covariance matrix by combining the component-specific statistics

according to their mixture weights. These estimates of the mean vector µT and covariance

matrix ΣT are used as the approximation for the pseudo-source distribution. During adap-

tation, the learned student embeddings within a batch have mean µS and covariance ΣS.

The MM regularization loss is defined as

LMM = ||µT − µS||22 + ||ΣT − ΣS||2F (8.9)

where ||·||2 denotes the L2 norm and ||·||F denotes the Frobenius norm. This loss encour-

ages the adapted embeddings to remain close to the pseudo-source distribution while still

allowing the model to learn target-domain speaker-discriminative information.
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8.2.6 Overall Training Objective

As shown in Figure 8.1 (b), the overall adaptation objective combines the speaker identifi-

cation loss with the two source-free regularization losses:

L = LSID + λEWCLEWC + λMMLMM. (8.10)

Here, LSID is the speaker identification loss on the target-domain data, while λEWC and

λMM control the strength of the K-EWC and MM regularization terms. The methods are

evaluated both individually and in combination with the CA adapter.

As described in Chapters 2 and 3 - the experiments use 80-dimensional filterbank features

extracted using a 25 ms frame length and 10 ms hop size. The underlying speaker embedding

model is ECAPA-TDNN [2], implemented using SpeechBrain [78]. The pretrained source

model is trained on VoxCeleb 1 and 2 [51, 52], and target-domain adaptation is performed

on MyST [50] and CNCeleb [53]. MyST represents a cross-age adaptation scenario, while

CNCeleb represents a cross-lingual adaptation scenario. The source-domain performance af-

ter adaptation is evaluated using VoxCeleb-O evaluation set in order to quantify catastrophic

forgetting.

8.3 Results and Discussion

8.3.1 Evaluation Overview

The experiments evaluate each adaptation method using target-domain EER and source-

domain EER. Table 8.1 summarizes the main results. Here, results are reported as Tar-

get/Source EER. For example, in Table 8.1, in the MyST/VoxCeleb-O setting, the first

number reports EER on the MyST evaluation set and the second number reports EER

on VoxCeleb-O. Lower target-domain EER indicates better adaptation, while lower source-

domain EER indicates less catastrophic forgetting. As discussed in Chapter 2 - Sections

2.3.3 and 2.3.5, models are adapted using four subsets each of MyST (MyST-1 to -4) and

CNCeleb (CNCeleb-1 to -4). The amount of adaptation data increases from subsets -1 to -4.
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The no-adaptation VoxCeleb-pretrained model provides a useful reference point: it ob-

tains 0.89% EER on VoxCeleb-O, 17.48% EER on MyST, and 15.26% EER on CNCeleb.

These values show that the pretrained adult English model performs very well on the source-

domain evaluation set but is less effective on the target-domain tasks. Therefore, the purpose

of adaptation is to reduce target-domain EER while keeping source-domain EER as close as

possible to the no-adaptation source performance.

In Table 8.1, the Baseline system is trained only on target-domain data, while Finetune

initializes from the VoxCeleb-pretrained model and adapts using target-domain speaker iden-

tification loss. The rows labeled +MM and +K-EWC add the corresponding source-free

regularization term to Finetune. CA denotes the proposed Cross-Attentive adapter, and

the remaining rows combine CA with MM and/or K-EWC.

Table 8.1: Model performance in terms of Equal Error Rate (%EER). Results are reported

as Target/Source %EER. For MyST/VoxCeleb-O, the first number is MyST EER and the

second number is VoxCeleb-O EER. For CNCeleb/VoxCeleb-O, the first number is CNCeleb

EER and the second number is VoxCeleb-O EER. The target training set duration increases

from Split-1 to Split-4.

MyST/VoxCeleb-O CNCeleb/VoxCeleb-O

Method MyST-1 MyST-2 MyST-3 MyST-4 CNCeleb-1 CNCeleb-2 CNCeleb-3 CNCeleb-4

1 Baseline 21.84/28.97 12.72/18.08 10.07/21.10 8.64/21.18 32.06/25.16 19.51/15.77 17.13/13.23 16.17/11.76

2 G-IFT 14.22/8.00 7.03/8.94 5.49/12.51 5.42/11.23 - - - -

3 Sparse FilterBank - - - - - - - 12.25/10.81

4 Finetune 20.30/7.73 7.22/7.60 5.67/8.39 5.57/14.91 17.96/6.05 10.00/3.52 10.57/4.63 10.98/6.52

5 +MM 22.58/6.92 7.64/7.06 5.54*/11.14 5.59/15.57 18.60/5.33 10.19/3.56 10.89/5.23 10.94/6.16

6 +K-EWC 21.00/5.49 8.86/6.00 7.41/7.18 7.26/7.76 14.61*/2.04* 10.40/1.90 10.20/2.63 10.26/2.85

7 CA 16.53*/4.16 6.93*/5.24 5.56/6.55 5.78/11.15 16.99/4.01 10.14/3.22 10.36/3.96 10.56/3.97

8 +MM 16.79/4.42 7.04/5.51 5.75/6.56 5.70/10.05 16.96/4.17 10.16/3.24 10.50/4.14 10.44/3.94

9 +K-EWC 17.29/3.89 7.64/3.11 6.54/3.83 6.28/4.39* 15.47/3.02 9.96/1.80* 10.14*/2.45* 10.27/2.73

10 +K-EWC+MM 17.29/3.88* 7.58/3.01* 6.57/3.74* 6.37/4.40 15.46/3.03 9.95*/1.81 10.19/2.52 10.17*/2.72*
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8.3.2 Baseline and Fine-Tuning Behavior

The Baseline system, trained only on target-domain data, performs poorly on the source-

domain VoxCeleb-O evaluation set. This is expected because the model is not trained to

preserve adult English source-domain knowledge. The effect is especially clear for MyST,

where source-domain EER is 28.97% for MyST-1 and remains above 18% for larger splits.

Similarly in the case of CNCeleb, the Baseline model performance on VoxCeleb-O evaluation

set remains above 11.76%.

Fine-tuning improves target-domain performance compared with the no-adaptation pre-

trained model, across all adaptation splits, except for “MyST-1” (no-adaptation value of

17.48% to 20.30%) and “CNCeleb-1” (no adaptation value of 15.26% to 17.96%). In the

rest of the MyST settings, fine-tuning reduces target-domain EER from the no-adaptation

value of 17.48% to 7.22% on MyST-2, 5.67% on MyST-3, and 5.57% on MyST-4. However,

this improvement comes with a source-domain cost. In MyST-4, the VoxCeleb-O EER in-

creases to 14.91% (from the no adaptation EER of 0.89%), showing substantial catastrophic

forgetting. Similar pattern is observed in the case of CNCeleb, with CNCeleb-4 resulting

in an EER of 10.98% on CNCeleb evaluation set, while the VoxCeleb-O EER degrading to

6.52%. This confirms that target-domain improvement alone is not sufficient for evaluating

adaptation.

The relationship between target-domain training data size and source-domain degrada-

tion is different for MyST and CNCeleb. In the MyST experiments, larger target-domain

adaptation sets generally create stronger drift away from the source-domain representation,

especially in the high-resource MyST-4 condition. This reflects the large mismatch be-

tween child speech and adult English speech. In the CNCeleb experiments, source-domain

degradation is less severe because both CNCeleb and VoxCeleb contain adult speech. The

cross-lingual mismatch is still important, but the acoustic mismatch is smaller than in the

adult-to-child setting.
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8.3.3 Effect of Source-Free Regularization

The MM and K-EWC results show two different ways of using PMEs to reduce forgetting.

MM regularization constrains the learned target-domain embedding distribution to remain

close to the PME distribution. This helps source-domain retention in some low-resource

cases, but its behavior is not uniform across all splits. In MyST-1 and MyST-2, MM reduces

source-domain EER compared with Finetune. However, for larger MyST splits, MM does

not consistently prevent source-domain degradation. This suggests that moment matching

is sensitive to the quality of the pseudo-source distribution estimate and to the dynamics of

the adaptation schedule.

K-EWC provides more consistent source-domain retention. Across both MyST and

CNCeleb, adding K-EWC to Finetune reduces VoxCeleb-O EER relative to standard fine-

tuning. For example, in the MyST-4 condition, K-EWC reduces source-domain EER from

14.91% to 7.76%. In the CNCeleb conditions, K-EWC also substantially reduces source-

domain EER, reaching 2.04% on CNCeleb-1 and 1.90% on CNCeleb-2. These results suggest

that estimating parameter importance using K-means pseudo labels derived from PMEs is

an effective source-free approximation to the role played by source data in standard EWC.

The trade-off is that K-EWC can reduce target-domain performance. This is expected

because stronger source-domain retention restricts how much the model can move toward

the target domain. The results therefore illustrate the core stability–plasticity trade-off:

methods that strongly preserve the source model may limit target-domain adaptation, while

methods that adapt aggressively may forget the source domain.

8.3.4 Effect of the Cross-Attentive Adapter

The CA adapter provides a different mechanism for reducing forgetting. Rather than only

penalizing parameter changes or embedding distribution drift, it explicitly combines informa-

tion from a frozen teacher branch and a learnable student branch. This allows the adapted

representation to retain information from the pretrained model while still learning target-
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domain structure.

For MyST, the CA adapter improves target-domain EER compared with Finetune in

MyST-1, MyST-2, and MyST-3. It also reduces source-domain degradation compared with

standard fine-tuning in those cases. The improvement is particularly important in the low-

resource MyST-1 setting, where CA reduces target-domain EER from 20.30% to 16.53% and

source-domain EER from 7.73% to 4.16%. This shows that cross-attentive use of teacher

and student representations is especially useful when target-domain data are limited.

In the high-resource MyST-4 condition, CA obtains strong target-domain performance

but still shows source-domain degradation. This indicates that the CA adapter alone is not

always sufficient to preserve the source domain when the target-domain adaptation pressure

is strong (i.e., more target domain data). In the MyST-4 setting, adding K-EWC to CA

reduces source-domain EER substantially, from 11.15% with CA alone to 4.39%, although

this comes with some target-domain degradation. The combination of CA with K-EWC

and MM gives the strongest source-domain retention for MyST-1 through MyST-3, with

VoxCeleb-O EERs of 3.88%, 3.01%, and 3.74%, respectively.

For CNCeleb, the CA adapter generally reduces source-domain degradation while main-

taining competitive target-domain performance. Because CNCeleb and VoxCeleb are both

adult speech datasets, the source-target mismatch is smaller than in the MyST case. This

makes it easier to find methods that improve target-domain performance without severely de-

grading source-domain performance. In this setting, CA combined with K-EWC or with both

K-EWC and MM achieves strong source-domain retention and competitive target-domain

EER.

8.3.5 Cross-Age Versus Cross-Lingual Adaptation

A comparison of MyST and CNCeleb highlights an important distinction between cross-age

and cross-lingual adaptation. In the CNCeleb experiments, several methods improve target-

domain performance while maintaining relatively low VoxCeleb-O EER. This suggests that

adapting between adult English and adult Chinese speech produces a manageable domain
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shift for the source-free methods studied here.

In contrast, the MyST experiments show a stronger trade-off between target-domain

improvement and source-domain retention. Methods that achieve the best MyST EER do

not always achieve the best VoxCeleb-O EER. This is consistent with the broader argument of

the dissertation: adult-to-child adaptation is not simply another domain adaptation problem.

The developmental differences between adult and child speech create a stronger mismatch

than many adult-to-adult domain shifts. Therefore, preserving adult-domain performance

while adapting to child speech requires explicit mechanisms to control forgetting.

These results also clarify the relationship between this chapter and the previous chap-

ter. Chapter 7 addressed adult–child robustness by combining source- and target-domain

systems under access to source-domain information. This chapter removes that assumption

and shows that source-free adaptation is possible by using PMEs as a proxy for source-

domain knowledge. Although the source-free setting is more restrictive, the proposed CA,

K-EWC, and MM approaches substantially reduce source-domain degradation compared

with conventional target-domain fine-tuning.

8.4 Summary

This chapter addressed catastrophic forgetting in speaker verification under source-free do-

main adaptation. The setting assumes that a pretrained adult source-domain model is

available, but the original source-domain training data are not available during adaptation.

This constraint is important for practical speaker verification systems, where source data

may be restricted by privacy, licensing, storage, or deployment considerations.

The chapter proposed three source-free strategies. First, the Cross-Attentive adapter

combines a frozen teacher branch with a learnable student branch, allowing the adapted

model to balance source-model representations and target-domain learning. Second, K-

means-based EWC estimates source-parameter importance using pseudo labels obtained by

clustering pretrained-model embeddings. Third, moment-matching regularization constrains
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the adapted embedding distribution to remain close to a pseudo-source distribution estimated

from pretrained-model embeddings.

The experiments showed that conventional fine-tuning improves target-domain perfor-

mance but can substantially degrade source-domain performance, especially in adult-to-child

adaptation. K-EWC consistently reduced source-domain forgetting across both cross-age

and cross-lingual target domains. The CA adapter improved target-domain performance

and mitigated forgetting in several settings, particularly under low-resource target-domain

adaptation. Combining CA with K-EWC and MM further improved source-domain retention

in many cases.

Overall, this chapter shows that source-free adaptation can reduce catastrophic forget-

ting in speaker verification without requiring access to source-domain data. Together with

the preceding chapters, these results complete the dissertation’s progression from character-

izing developmental variability in child speech to building robust, efficient, age-agnostic, and

source-free speaker verification systems.
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CHAPTER 9

Summary and Future Work

This dissertation addressed the problem of robust speaker verification for children. The

central motivation was that children are not simply smaller versions of adult speakers. Their

speech differs from adult speech because of ongoing anatomical, acoustic, and articulatory

development, and their voices continue to change over time. At the same time, child speech

data is limited compared with large-scale adult speech data. These factors pose challenges

towards building efficient speech technology systems for children.

Among speech various technology applications, with speaker verification as the focus, in

this dissertation we followed a progression from analysis to adaptation. First, we quantified

developmental variability in children’s speech using longitudinal acoustic and articulatory

measurements. Second, we studied age-related robustness in children speaker verification,

especially when enrollment and test utterances are separated by one or more years. Third,

we investigated efficient adult-to-child adaptation, where adult-trained speaker verification

models are adapted to the low-resource child speech domain. Fourth, we addressed the need

for unified systems that perform well on both adult and child speech. Finally, we studied

source-free adaptation methods that reduce catastrophic forgetting when the original adult

source-domain data are unavailable during adaptation.

Together, these studies provide a unified view of child speaker verification as a devel-

opmental, low-resource, and domain-adaptation problem. The results show that improving

child speaker verification requires more than collecting child speech data or fine-tuning adult-

trained models. It requires modeling the specific forms of variability present in children’s

speech, designing adaptation strategies that use limited target-domain data efficiently, and
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controlling the loss of source-domain knowledge during adaptation.

9.1 Major Findings and Contributions

9.1.1 Quantifying Developmental Variability in Child Speech

The first contribution of this dissertation was a longitudinal analysis of acoustic and artic-

ulatory development in children, presented in Chapter 4. This analysis examined children

recorded yearly from Grade 1 to Grade 4 and focused on four corner vowels. The analysis

showed that children’s speech development contains both systematic trends and substantial

individual variability. This contribution is important because it establishes the developmen-

tal basis for the rest of the dissertation. A robust children speaker verification system (and

any speech technology application in general) must therefore account for the fact that a

child’s voice can change meaningfully across school years.

9.1.2 Improving Age-Related Robustness in Children Speaker Verification

The second contribution of this dissertation was the development and evaluation of methods

for age-related robustness in children speaker verification, presented in Chapter 5. A longitu-

dinal evaluation setup was introduced to measure both intra-year and inter-year verification

performance. This evaluation framework made it possible to directly test whether a system

can verify the identity of a particular child when enrollment and test speech are collected

from different grades. The results showed that inter-year verification is substantially more

difficult than intra-year verification. Conventional fine-tuning improved performance in some

same-year conditions but did not consistently improve robustness across years. This finding

is important because it shows that child-domain adaptation and age-robust adaptation are

not identical objectives. A model can become better matched to child speech in general

while still remaining sensitive to developmental changes within the same child.
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9.1.3 Efficient Adult-to-Child Adaptation Under Limited Child Speech Data

The third contribution was an efficient adaptation framework for transferring adult speaker

verification knowledge to child speech, presented in Chapter 6. The motivation was that

adult speech datasets are much larger than child speech datasets, so adult-trained models

provide a strong starting point. However, because child speech data is limited, conventional

fine-tuning may not use the available target-domain data efficiently and may overfit to the

available child speakers. To address this problem, Chapter 6 proposed an architecture-

agnostic (ECAPA-TDNN, ResNet, and X-vector) framework using the Gated Linear Unit

adapter with Iterative Fine-Tuning (G-IFT). The GLU adapter provides a gated mechanism

that controls how information from the pretrained adult speaker embedding model is passed

forward during child-domain adaptation. The iterative fine-tuning strategy separates up-

dates to the classifier, adapter, and pretrained embedding model, allowing the system to

adapt in a more structured way.

9.1.4 Building Unified Age-Agnostic Speaker Verification Systems

The fourth contribution was the development of an Age-Agnostic Speaker Verification (AASV)

framework, presented in Chapter 7. Simple adaptation of adult speech trained systems to

child speech improves child speaker verification performance. However, such adaptation de-

grades performance on the original adult domain. Hence, the child-adapted system may no

longer function well as a general speaker verification system for both adults and children.

Chapter 7 addressed this problem by training an age domain classifier, using adult speech

and child speech data. The domain classifier was used to estimate age-domain information

which was then used to dynamically weight and concatenate adult- and child-domain speaker

representations. The resulting speaker representation preserved information from both do-

mains. Hence, the proposed AASV system maintained a strong child-domain performance

while recovering much of the adult-domain performance lost through adaptation.
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9.1.5 Addressing Catastrophic Forgetting in Source-Free Adaptation

The final contribution of this dissertation was a source-free domain adaptation framework

for reducing catastrophic forgetting in speaker verification, presented in Chapter 8. While

Chapter 7 assumed access to source-domain information when constructing a unified age

agnostic system, this assumption may not hold in practical deployment. Large-scale adult

source data may be unavailable during adaptation because of privacy restrictions, licensing

constraints, storage limitations, or deployment-time access constraints. Chapter 8 there-

fore considered the more restrictive setting where the pretrained adult speaker verification

model is available, but the original adult source-domain data are not. The central idea

was to use pretrained-model embeddings (PMEs) extracted from frozen source model using

target-domain inputs as a proxy for source-domain knowledge. Three source-free strategies

were studied: a Cross-Attentive (CA) adapter, K-means-based Elastic Weight Consolida-

tion (K-EWC), and moment-matching (MM) regularization. Across two adaptation tasks

(Adult English → Child English, and Adult English → Adult Chinese), these methods

reduced source-domain degradation compared with conventional fine-tuning, showing that

catastrophic forgetting can be mitigated even without access to source-domain data.

9.2 Remaining Challenges

Although the dissertation makes progress toward robust child and age-agnostic speaker ver-

ification, several challenges remain.

First, the longitudinal acoustic and articulatory analysis was conducted on a small num-

ber of children and a limited set of words. This allowed detailed within-child analysis, but

larger longitudinal corpora are needed to determine how broadly the observed developmental

patterns generalize. The analysis also focused on selected acoustic and tongue-shape mea-

sures. Analysis on a wide range of acoustic contexts (different vowels, consonants, etc) and

articulatory measures would be beneficial.

Second, the longitudinal child speaker verification evaluation set introduced in this disser-
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tation is valuable for studying age-related robustness, but it remains limited in scale. Inter-

year child speaker verification would benefit from larger datasets containing more speakers,

more recording sessions, longer time spans, and a wider range of speaking styles. Such data

would make it possible to study whether the same conclusions hold under more realistic

deployment conditions.

Third, the proposed age-robustness and adaptation methods were evaluated on specific

datasets and model families. Although G-IFT was tested across ECAPA-TDNN, ResNet, and

X-vector systems, other modern speaker verification architectures and self-supervised speech

representations should also be studied. Similarly, the source-free adaptation methods in

Chapter 8 were developed around ECAPA-TDNN, and their generality across other speaker

embedding frameworks remains an open question.

9.3 Future Work

The results of this dissertation suggest several future research directions.

9.3.1 Larger Longitudinal Acoustic and Articulatory Studies

A natural extension of the developmental analysis is to study larger longitudinal child speech

corpora. Future work should include more children, more words, more phonetic contexts,

and a broader range of speaking styles. Systematic variation of phonetic context would make

it possible to separate developmental effects from context-dependent coarticulatory effects.

In addition, combining ultrasound data with other imaging modalities, such as MRI, could

provide estimates of vocal tract area functions and a more complete view of the relationship

between vocal tract growth, articulation, and acoustics.

Future work should also explore richer articulatory representations. TCD and TCP pro-

vide compact and interpretable summaries of tongue shape, but they do not capture all

aspects of articulation. Incorporating additional articulatory measures, including tongue

contour dynamics, jaw movement, lip posture, and vocal tract geometry, could improve
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understanding of how children achieve stable acoustic targets during development. Such

analysis would also provide stronger motivation for speech models that are robust to devel-

opmental changes.

9.3.2 More Realistic Longitudinal Speaker Verification Evaluation

The inter-year evaluation framework introduced in this dissertation provides a useful first

step for age-robust child speaker verification, but future work should expand it. Larger

longitudinal speaker verification datasets are needed to study verification across multiple

years, recording conditions, devices, tasks, and speaking styles. Such datasets would allow

researchers to evaluate whether age-robust systems generalize beyond controlled speech tasks

and small speaker sets.

9.3.3 Improved Age-Robust and Age-Conditioned Representations

The results in Chapter 5 show that age-related robustness requires explicit attention to de-

velopmental variability. Future work should explore representations that more directly disen-

tangle speaker identity from age-related acoustic change. This could include age-conditioned

embedding models, adversarial approaches that suppress age information while preserving

speaker identity, or contrastive objectives that use longitudinal recordings of the same child

as positive pairs across time.

Synthetic augmentation is another promising direction. The SAA (from Chapter 5)

results suggest that synthetic speech can improve inter-year robustness, but it can also in-

troduce a trade-off with intra-year performance. Future work should study synthesis meth-

ods that more carefully control the relationship between speaker identity and age-related

variation. Ideally, augmentation methods should vary age-sensitive characteristics while

preserving speaker identity in a controlled and interpretable way.
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9.3.4 Refining Efficient Adaptation Methods

The G-IFT framework showed that staged adaptation can improve low-resource adult-to-

child transfer. Future work should further investigate the relative strengths of G-IFT-1 and

G-IFT-2. The results suggest that more separated update schedules may be useful in very

low-resource settings, while more joint updates may be sufficient when more target-domain

data are available. A future system could choose the adaptation schedule automatically

based on the amount and diversity of available child speech.

The framework should also be extended to other low-resource speaker verification settings.

Examples include speech from individuals with speech disorders, accented speech, elderly

speech, and other populations for which large-scale speaker verification training data are

limited. Such studies would test whether the principles developed for child speech adaptation

generalize to other underrepresented speech domains.

9.3.5 Toward Stronger Unified Age-Agnostic Systems

The age-agnostic systems in this dissertation show that adult- and child-domain representa-

tions can be combined to reduce the trade-off between A-SV and C-SV. Future work should

focus on more effective extraction of age-domain information from speech, for example, move

from binary adult-child domain information toward continuous or multi-stage age represen-

tations. Children’s speech changes gradually, and older children’s speech may be closer to

adult speech than younger children’s speech. Hence, a more fine-grained age representation

could allow the model to adjust its embedding integration more smoothly across develop-

mental stages. Another direction is to build a single unified model that learns shared and

age-specific speaker factors jointly, rather than combining separately trained adult and child

systems after the fact.
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9.3.6 Generalizing Source-Free Catastrophic Forgetting Methods

The source-free methods in Chapter 8 reduce catastrophic forgetting without access to

source-domain data. Future work should extend these methods beyond ECAPA-TDNN

to evaluate their generality across a wider range of speaker verification frameworks, includ-

ing ResNet-based systems, X-vector systems, and self-supervised speech models. This is

important because practical speaker verification systems may use different embedding archi-

tectures depending on deployment constraints. Future work should also examine other ways

of approximating source-domain knowledge. PMEs provide one useful proxy, but a stronger

understanding of when PMEs preserve useful source information, and when they fail, would

help make source-free adaptation more reliable.

Memory Aware Synapses (MAS) [44] is a closely related parameter regularization ap-

proach that estimates the importance of each model parameter according to the sensitivity

of the learned output function to changes in that parameter. In contrast to loss-based im-

portance estimation methods, MAS does not use ground-truth class labels or the task loss,

and its parameter-importance values can be accumulated online as samples are observed.

When a new task is learned, changes to parameters considered important for previously

encountered tasks are penalized. The importance values estimated across successive tasks

can then be accumulated to preserve previously acquired knowledge. Although MAS does

not require class labels or access to the original source-training examples, its parameter

importance values must either be computed using a set of input samples or have been com-

puted and retained previously. Because target-domain speech is available during adaptation,

MAS could potentially be applied in the source-free setting by estimating the importance

of the source model’s parameters with respect to its behavior on the target-domain sam-

ples. This dissertation did not investigate this direction. Future work could evaluate such

a target-conditioned MAS approach and investigate whether PMEs could be incorporated

into its importance estimation procedure to preserve source-domain speaker-discriminative

information more effectively.

Finally, source-free adaptation should be studied in continual and lifelong learning set-
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tings. In real deployments, a speaker verification system may need to adapt repeatedly to

new users, new age groups, new languages, and new recording conditions. Each adaptation

step introduces the possibility of forgetting previous domains. Extending the methods in this

dissertation to multi-stage continual adaptation would move age-agnostic speaker verification

closer to practical deployment.

9.4 Conclusion

This dissertation began with the observation that children’s speech changes substantially dur-

ing development and that these changes create challenges for speaker verification. Through

longitudinal acoustic and articulatory analysis, the dissertation quantified developmental

variability in child speech. Through age-robust evaluation and adaptation methods, it

showed that child speaker verification systems must explicitly address inter-year variabil-

ity. Through adapter-based fine-tuning, it demonstrated that adult-trained models can be

efficiently adapted to child speech under limited data. Through age-agnostic modeling and

source-free adaptation, it addressed the broader challenge of improving child speaker verifi-

cation while preserving adult-domain knowledge.

The main conclusion is that robust child speaker verification requires a developmental

perspective. Systems must be designed not only to recognize who is speaking, but also to

handle how a speaker’s voice changes with age. By connecting developmental speech analysis

with domain adaptation, catastrophic forgetting, and source-free learning, this dissertation

provides a foundation for speaker verification systems that are more inclusive, practical, and

robust across age groups.
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