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ABSTRACT 
Park, Hyoyoung and Hyunkee Ahn. 2026. AI-generated versus human-recorded 

voice input for L2 English vowel perception: A classroom-based perception-

production training with Korean EFL middle school learners. Korean Journal of 

English Language and Linguistics 26, 808-832. 

 

This study examined whether AI-generated speech can effectively support classroom-

based, high-variability phonetic training (HVPT)-informed pronunciation training that 

combines perception and production practice in L2 vowel learning, and whether its 

effects differ from those of human-recorded speech in terms of learning magnitude, 

generalization, and contrast-specific outcomes. Seventy-four Korean middle school 

learners of English completed 8 weeks of pronunciation training in which identification 

and production practice were delivered with either AI-generated or human-recorded 

stimuli targeting six English vowel contrasts. Phoneme identification accuracy was 

assessed using a two-alternative forced-choice (2AFC) task before and after training, 

with generalization examined across voice types (new vs. familiar), word types (trained 

vs. untrained), and vowel contrasts. Data were analyzed using binomial generalized 

linear mixed-effects models. Results showed significant pre-post improvement in both 

groups, with the AI-voice group demonstrating greater overall gains. Learners in both 

groups generalized to new voices and untrained lexical items. However, no significant 

three-way interactions were found for voice or word-type generalization, indicating that 

the pattern of transfer did not differ between training conditions. In addition, although 

improvement varied across vowel contrasts, the relative hierarchy of phonological 

difficulty was preserved across groups. These findings suggest that AI-generated speech 

can enhance the magnitude of phonetic learning without altering the underlying 

mechanisms of generalization or the organization of L2 vowel perception. Moreover, 

AI-generated speech appears to support category-level restructuring in ways 

comparable to human speech input. The greater gains observed in the AI condition may 

be related to differences in the variability and consistency of AI-generated input, a 

possibility that warrants further investigation. Overall, the results highlight the 

pedagogical potential of AI-generated speech as a scalable and theoretically grounded 

tool for L2 pronunciation training. 

 

KEYWORDS 
AI-generated speech, neural text-to-speech (TTS), pronunciation training, high 
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1. Introduction 

 

The acquisition of second language (L2) phonological contrasts remains one of the most persistent challenges 

for L2 learners (Flege 1995, Flege and Bohn 2021). For Korean learners of English in particular, English vowel 

contrasts that do not map transparently onto the L1 vowel system often lead to long-lasting perceptual difficulties 

(Hong 2012). High-variability phonetic training (HVPT) has been shown to facilitate perceptual restructuring by 

exposing learners to multiple talkers and diverse acoustic realizations of target contrasts (Thomson 2012), thereby 

promoting category-level abstraction rather than item-specific memorization. Within the framework of the Speech 

Learning Model (SLM), such variability plays a crucial role in destabilizing L1-based perceptual mappings and 

supporting the formation or refinement of L2 phonetic categories (Flege and Bohn 2021, Thomson 2012). 

Traditionally, HVPT relies on recordings produced by multiple native speakers. However, recent advances in 

speech synthesis technology have made it possible to generate highly naturalistic AI-based speech with 

controllable acoustic properties (Barrington et al. 2025, Bione and Cardoso 2020). This development raises an 

important theoretical and pedagogical question: Can AI-generated speech induce training effects comparable to 

those of human-recorded input in classroom-based pronunciation instruction? While AI-based materials are 

increasingly used in language learning contexts (Mohammadkarimi 2024, Vancova 2023), empirical evidence 

regarding their effectiveness in HVPT context remains limited. By distinguishing between learning strength and 

learning structure, this study aims to clarify not only whether AI-generated speech works, but how it works within 

established models of L2 phonological development and HVPT framework. 

 

 

2. Literature Review 

 

2.1 The Speech Learning Model (SLM and SLM-r) 

 

The Speech Learning Model (SLM) proposes that L2 speech acquisition is strongly influenced by the perceived 

phonetic similarity between L1 and L2 sounds (Flege 1995). When learners perceive an L2 sound as similar to an 

existing L1 category, they tend to assimilate it into that existing category rather than form a new one, leading to 

persistent perceptual difficulty. In contrast, if learners find an L2 sound sufficiently distinctive, they are more 

likely to form a new category for it. The revised version of Speech Learning Model (SLM-r) further emphasizes 

that phonetic learning is a process that happens across the lifespan, as long as learners receive adequate input and 

language experience (Flege and Bohn 2021). From this perspective, successful speech learning involves the 

restructuring and refinement of existing L1-based perceptual mappings as learners gradually develop more 

accurate phonetic representations for L2 sounds (Bohn and Munro 2007). Thus, L2 speech learning can be 

considered in terms of both learning magnitude, reflected in improvements in perceptual accuracy, and learning 

process involving the restructuring of underlying phonetic categories.  

Beyond this dual framework, SLM-r also emphasizes that perception and production are not independent 

processes but develop in tandem throughout L2 acquisition. According to the model, perceptual representations 

both guide and are shaped by production attempts: learners’ improving perception of L2 sounds supports more 

accurate production, while production practice in turn refines perceptual categories (Flege and Bohn 2021, Nagle 

and Baese-Berk 2022). This bidirectional perception-production link suggests that training programs combining 

perceptual and production-based activities may engage these two processes in mutually reinforcing ways, 

potentially accelerating phonetic learning beyond what perception-only exposure would achieve.  
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Importantly, SLM-r highlights the role of input quality and variability in facilitating such perceptual 

restructuring. Exposure to varied and adequate L2 speech input allows learners to detect acoustic differences 

between similar L1 and L2 sounds and supports the formation of new phonetic categories. This issue is particularly 

relevant in English-as-a-foreign-language (EFL) contexts, where natural exposure to diverse L2 input is limited. 

Under these conditions, structured training that provides high-quality and variable input can play a critical role in 

promoting perceptual learning and phonetic category development (Piske 2007, Tyler 2019). 

 

2.2 L2 Speech Perception and English Vowel Identification by Korean Learners  

 

A substantial body of previous research has documented persistent difficulties among Korean L2 learners in 

distinguishing English vowel contrasts, often to a greater extent than consonants (Hong 2012, Park and Lee 2024, 

Yang 2010). One major source of difficulty lies in the structural differences between the Korean and English vowel 

systems and consequent perceptual differences. Korean has a relatively smaller and more “symmetrical” vowel 

inventory, whereas English contains a larger set of vowel categories with finer phonetic distinctions (Kim 2010, 

Lee and Iverson 2012, p. 1452). As a result, multiple English vowels may be perceptually mapped onto a single 

Korean category, making certain English contrasts particularly difficult for Korean learners to discriminate. While 

these mapping patterns are broadly consistent with the predictions of the Perceptual Assimilation Model for L2 

(PAM-L2; Best and Tyler 2007), Korean listeners’ English vowel mappings often involve one-to-multiple 

correspondences with both dominant and secondary mappings (Lee and Cho 2018, Tsukada et al. 2005), resisting 

straightforward categorization within the PAM-L2 typology and reflecting the less categorical nature of L2 vowel 

perception. 

Among the most extensively studied contrasts are the English tense-lax pairs /i-ɪ/, /ɛ-æ /, and /u-ʊ/, which are 

frequently cited as problematic for Korean learners (Hong 2007, 2012, Lee and Baek 2025, Lee and Cho 2015). 

These contrasts tend to be perceptually assimilated to single Korean vowel categories: /i/ and /ɪ/ to Korean /i/, /ɛ/ 

and /æ / to Korean /ɛ/, and /u/ and /ʊ/ to Korean /u/ (Hong 2007, Yang 1996), making it difficult for learners to 

perceive them as distinct phonemes. Beyond these frequently studied pairs, certain non-high vowel contrasts also 

pose considerable difficulty due to phonetic overlap with L1 categories, yet they have received comparatively less 

attention in the literature. In particular, /ɑ-ʌ/ and /ɔ-oʊ/ have been identified as problematic in the few studies that 

have examined them. Lee and Hwang (2016) reported that both /ɑ/ and /ʌ/ were frequently misidentified as /ɑ/, 

/ʊ/, or /ʌ/ even after HVPT training, and that /ɔ/ and /oʊ/ were similarly confused with /ɔ/, /oʊ/, and /ʌ/. Hong 

(2007) likewise noted that the /ɑ-ʌ-ɔ/ triplet is among the most perceptually confusing sets for Korean learners. 

Supporting this observation, Tsukada et al. (2005) found that Korean listeners’ perceptual mapping of these vowels 

to L1 categories was highly variable: while /ɑ/ was predominantly mapped onto Korean /a/, /ʌ/ was dispersed 

across multiple Korean categories /a/, /ʌ/, /o/, and /ɨ/. These findings collectively suggest that /ɑ-ʌ/ and /ɔ-oʊ/ 

warrant greater research attention alongside the more commonly studied tense-lax pairs. In addition, /ɛ-eɪ/ was 

included to maintain continuity with previous HVPT research on Korean learners’ English vowel training and to 

provide a relatively high-accuracy contrast that could function as a methodological baseline within the training set. 

Previous studies have also shown that perceptual difficulty is not uniform across vowel contrasts. For example, 

Hong (2012) found that Korean learners’ identification accuracy differed systematically across pairs, with /i-ɪ/ 

identified more accurately than /u-ʊ/, which in turn was more accurate than /ɛ-æ /, and that high vowels were 

generally better identified than non-high vowels. Lee and Hwang (2016) similarly reported different learnability 

patterns across multiple English vowel pairs. These findings indicate that not all English vowels present equal 

difficulty for Korean learners and that perceptual learning may proceed differently depending on the phonetic 
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relationship between L1 and L2 categories (Lee and Baek 2025). Given this variability, comparing AI-generated 

and human-recorded training input requires the inclusion of a broad range of vowel contrasts, allowing for a more 

complete evaluation of whether the two training conditions produce consistent effects across the full spectrum of 

difficulty levels.  

Taken together, these studies indicate that L2 vowel perception is strongly shaped by learners’ L1 phonological 

system (Ingram and Park 1997), and that language experience and exposure to L2 input can facilitate gradual 

improvement in perceptual accuracy over time (Flege et al. 1997). However, in EFL contexts where natural 

exposure to diverse L2 input is limited, such improvement is unlikely to occur through everyday experience alone. 

Structured perceptual training, such as HVPT, may therefore play an important role in providing the systematic 

and varied input necessary for developing accurate L2 vowel perception.  

 

2.3 High Variability Phonetic Training (HVPT) 

 

High Variability Phonetic Training (HVPT) provides a structured approach to promoting L2 phonetic learning 

by exposing learners to diverse speech input (Logan et al. 1991, Thomson 2012). HVPT typically involves 

presenting multiple speech tokens produced by different talkers so that learners encounter variability in acoustic 

realization. Recent meta-analytic evidence indicates that HVPT produces small-to-medium improvements in L2 

speech perception among EFL learners (Choe et al. 2025), and another meta-analysis of 79 studies also reported 

medium-to-large effects, including evidence of long-term retention and generalization to novel stimuli (Uchihara 

et al. 2025). Generalization is widely considered as a central outcome of phonetic training, as it suggests that 

learners have developed more robust phonetic categories rather than memorizing specific training stimuli (Bradlow 

et al. 1999, Lively et al. 1993). Previous HVPT studies have also reported successful generalization across novel 

talkers and contexts (Carlet and Cebrian 2014, Leong et al. 2018, Zhang et al. 2021).  

Although HVPT was originally designed as a perceptual training paradigm (Logan et al. 1991), its effects have 

been shown to extend to production (Bradlow et al. 1997). A meta-analysis by Sakai and Moorman (2018) reported 

that perceptual training produced medium-sized effects on perception and small-sized effects on production. 

However, the transfer from perception to production is not always robust. Hwang and Lee (2015), for instance, 

found minimal production gains from perceptual training alone and recommended combining perceptual and 

production training to maximize learning outcomes. Findings comparing perception-based and production-based 

training approaches have also been mixed. Li (2024) reported that a production-based training group outperformed 

a perception-based group in both perception and production, whereas Lee et al. (2020) found that perception-based 

instruction yielded larger gains than production-based instruction. Given these mixed findings, combining 

perceptual and production components within a single training program may represent a practical approach to 

addressing both modalities, particularly in classroom settings. 

In line with this direction, recent scholarship has called for modifications to canonical HVPT to better suit 

classroom contexts. Thomson (2018) noted that despite its strong empirical support, HVPT has not been widely 

adopted in L2 classrooms, and encouraged more flexible, less laboratory-like implementations that can sustain 

learner engagement. Wong (2026) similarly advocated for adapting HVPT to meet diverse learner needs. Building 

on these recommendations, the present study adopted a classroom-based approach to HVPT in which the core 

framework of high-variability perceptual training was maintained while incorporating additional elements such as 

production practice through ASR-based speaking tasks, review game activities, and adaptive task adjustments 

based on learner performance. Although these modifications change how HVPT is delivered in the classroom, the 

core principle remains the same: learning is driven by variability in the input. 
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Variability is regarded as a key factor in phonetic training because exposure to multiple speakers and varied 

acoustic realizations helps learners attend to relevant phonetic cues while ignoring irrelevant variability in the 

signal (Brekelmans et al. 2025, Thomson 2012). However, variability is not limited to the number of speakers but 

also includes the acoustic characteristics of the input that shape how phonetic categories are learned. In this sense, 

examining how different types of speech input, such as AI-generated versus human-produced speech, affect 

phoneme identification, generalization across words and voices, and contrast-specific learning patterns is 

theoretically meaningful, as these input types may embody different forms of variability that influence phonetic 

category learning. 

 

2.4 AI-Generated Speech in L2 Pronunciation and Perception Training 

 

Recent studies have begun to explore the pedagogical use of AI-based tools in language learning. Research 

suggests that AI-supported pronunciation tools can improve pronunciation accuracy, increase learner confidence, 

and enhance engagement (Mohammadkarimi 2024), while meta-analytic evidence indicates that AI-based tools 

can support improvements in intelligibility and learner motivation (Vancova 2023). Among the AI-based tools, 

neural text-to-speech (TTS) systems have substantially improved the naturalness and intelligibility of synthetic 

speech (Bione and Cardoso 2020, Shen et al. 2018) and have increasingly been used as an effective pedagogical 

resource for L2 learning (Bione and Cardoso 2020, Liakin et al. 2017). In the present study, AI-generated speech 

refers to speech produced by neural TTS systems, which can generate highly natural and controllable synthetic 

voices. AI-generated speech offers several advantages for language instruction, including flexible voice control 

(e.g., adjustments in pitch, accent, and speaker identity), high accessibility through unlimited input availability 

(Bione and Cardoso 2020), and increasing levels of perceptual realism (Barrington et al. 2025). 

Despite these advances, AI-generated and human speech differ in the source and nature of their acoustic 

variability, with direct implications for HVPT input. Modern neural TTS models the text-to-speech mapping as a 

one-to-many problem in which a single text corresponds to many possible acoustic realizations along pitch, 

duration, energy, and prosodic dimensions, and they handle this multimodality through speaker conditioning and 

variance predictors rather than through physiological articulation (Tan et al. 2021). When such variance 

information is limited, TTS tends to produce smoothed mel-spectrograms that approximate the average distribution 

rather than capturing token-to-token variation, a tendency known as the over-smoothness problem and confirmed 

by markedly lower acoustic variation indices in synthesized than in natural speech (Ren et al. 2022). Human speech, 

by contrast, embodies micro-variability arising from articulatory routines, coarticulatory effects, and speaker-

specific anatomical differences, yielding broader within- and between-speaker acoustic distributions. Direct 

comparisons corroborate this distinction. John and Cardoso (2016) found that contemporary TTS output is 

segmentally indistinguishable from a native speaker for problematic English consonants and for the tense-lax 

vowel contrasts /i-ɪ/, /u-ʊ/, and /ɛ-æ /, yet has difficulty with non-default sentence stress because TTS lacks the 

semantic understanding that drives prosodic flexibility. Perceptual studies show a similar pattern: Smith et al. 

(2016) reported that human speech significantly outperformed TTS on comprehensibility, naturalness, accuracy, 

and intelligibility, while Bione and Cardoso (2020) found that the difference was mainly in naturalness, with 

intelligibility and comprehensibility statistically equivalent across the two voice types. Together, these findings 

indicate that AI-generated speech provides comparable segmental fidelity and functional comprehensibility but a 

more constrained variability profile, particularly at suprasegmental levels, than human speech. This distinction is 

consequential for HVPT, whose effectiveness rests on systematic variability that enables learners to extract robust 

phonetic category representations across speakers and contexts (Lively et al. 1993). Whether the more constrained 
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variability of AI voices nonetheless supplies functionally sufficient input for L2 phonetic learning remains an open 

empirical question that the present study addresses. 

However, relatively few studies have examined the role of AI-generated speech as training input in phonetic 

training. Some HVPT studies have used acoustically manipulated or synthesized stimuli to facilitate phonetic 

learning (e.g., Cheng et al. 2019), but these studies primarily focused on artificially modified speech with cue 

manipulation rather than naturally generated AI speech, focusing on redirecting learners’ cue weighting. By far 

only one recent study by Al-Shami and Cardoso (2025) incorporated naturally generated TTS voices in HVPT-

inspired training, but it focused on learners’ phonological awareness of English past tense allomorph rather than 

phoneme perception or production outcomes. Moreover, their study compared different types of synthetic speech 

rather than examining whether AI-generated speech can effectively replace human-recorded speech in HVPT. 

Consequently, the effectiveness of AI-generated speech as a primary source of training input in HVPT framework 

remains largely unexplored. As outlined above, AI-generated and human speech embody different forms of 

acoustic variability, which may influence not only the magnitude of perceptual learning but also patterns of 

generalization. The present study addresses this gap by directly comparing AI-generated and human-recorded 

speech within an HVPT-inspired pronunciation training for English vowel contrasts. Specifically, the study 

investigates three research questions: 

 

1. Does pronunciation training with AI-generated speech result in significantly greater improvement in 

vowel phoneme identification accuracy than pronunciation training with human-recorded speech? 

2. Do the generalization patterns across voice type (familiar vs. new) and word type (trained vs. untrained) 

differ between the two training modalities? 

3. Does the effect of training on phoneme identification accuracy vary across vowel pairs, and does this 

variation differ by training conditions? 

 

 

3. Method 

 

3.1 Participants 

 

Seventy-four Korean EFL middle school students participated in the study. All participants were 15-year-old 

ninth graders who volunteered to take part in the research. They self-reported normal hearing and no known history 

of speech or language disorders. Participants were randomly assigned by class to one of two training conditions: 

an AI-voice group (n = 34; 17 males, 17 females) and a human-voice group (n = 40; 18 males, 22 females). The 

two groups did not differ significantly in pre-test phoneme identification accuracy, measured using the two-

alternative forced-choice task described in Section 3.4 (β = -0.15, SE = 0.188, z = -0.8, p = 0.425), indicating 

comparable baseline proficiency prior to training. 

 

3.2 Target Vowel Contrasts and Stimuli 

 

Six English vowel contrasts (/i-ɪ/, /ɛ-æ /, /ɛ-eɪ/, /ɑ-ʌ/, /ɔ-oʊ/, /u-ʊ/) were selected as training targets. The five 

vowel contrasts other than /ɛ-eɪ/ are commonly confused by Korean learners of English and served as the primary 

training targets of the present study. Although /ɛ-eɪ/ was expected to be relatively easy for learners, it was retained 

for methodological comparability with previous HVPT work and as a baseline contrast within the stimulus set. 
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Training stimuli were adapted from previous studies (Lee and Hwang 2016, Lee and Lyster 2017) with additional 

lexical items selected based on word frequency in the Corpus of Contemporary American English (Davies 2008-) 

and vocabulary lists from the participants’ English textbooks (Lee et al. 2015) to ensure lexical familiarity. For 

each vowel contrast, eleven minimal pairs of mono- or disyllabic words were selected. As shown in Table 1, the 

minimal pairs numbered 1-10 served as training stimuli, whereas the minimal pair numbered 11 was reserved as 

an untrained test item and was not used during training. The /u-ʊ/ contrast yielded only eight training pairs because 

minimal pairs for this contrast are scarce in English. Two of these, loo–look and boo–book, are not strict minimal 

pairs but were included because they contrast the target vowels clearly and afford useful practice. Each training 

pair was also embedded in carrier sentences that differed only in the target word to provide more natural and 

contextualized pronunciation practice. Testing stimuli consisted only of isolated words without sentence contexts, 

including one trained minimal pair and one untrained minimal pair per contrast to examine generalization to novel 

lexical items. The full list of stimuli is provided in Table 1. 

 

Table 1. List of Training and Testing Stimuli 

 /i-ɪ/ /ɛ-æ/ /ɛ-eɪ/ /ɑ-ʌ/ /ɔ-oʊ/ /u-ʊ/ 

1 

2 

3 

4 

5 

steal-still 

beat-bit 

teen-tin 

cheek-chick 

peel-pill 

said-sad 

set-sat 

bed-bad 

lend-land 

mess-mass 

men-main 

let-late 

tell-tail 

letter-later 

wet-wait 

cot-cut 

hot-hut 

stock-stuck 

lock-luck 

rob-rub 

call-coal 

saw-sew 

paul-pole 

bought-boat 

caught-coat 

shoed-should 

luke-look 

loo-look 

boo-book 

6 

7 

8 

9 

10 

leave-live 

feel-fill 

sheep-ship 

cheeks-chicks 

bean-bin 

kept-capped 

kettle-cattle 

men-man 

pen-pan 

letter-latter 

pepper-paper 

test-taste 

selling-sailing 

debt-date 

bread-braid 

collar-color 

cops-cups 

log-lug 

wander-wonder 

pot-putt 

gall-hole 

ball-bowl 

bald-bold 

cost-coast 

pause-pose 

cooed-could 

fool-full 

boots-puts 

suit-soot 

 

11 wheel-will head-had get-gate not-nut law-low pool-pull 

Note. Minimal pairs numbered 1-10 were used during training. Boldface indicates the trained test item selected from the 

training set, whereas underlining indicates the untrained test item, which was not used during training and appeared only in the 

pre- and post-test. 

 

Based on these stimuli, two sets of audio materials were developed for the Human-voice and AI-voice groups. 

For the Human-voice group, four standard American English speakers (two male, two female) recorded the target 

stimuli in a quiet environment using a MacBook Pro built-in microphone (44.1 kHz). The recordings were noise-

reduced by Audacity (Audacity Team 2025) and intensity-normalized to 70dB in Praat (Boersma and Weenink 

2022). For the AI-voice group, stimuli were generated using an AI text-to-speech platform (LOVO 2023) with 

four synthetic American English voices (two male, two female). The AI voices were selected by the first researcher 

through auditory judgment, based on their perceived naturalness and general comparability to the human speakers 

in gender and overall voice quality. The selection was intended to keep the two training conditions as comparable 

as possible while differing primarily in the source of the auditory input, namely AI-generated versus human-

recorded speech. The AI voices were thus chosen perceptually rather than matched to the human speakers on 

measured acoustic parameters (e.g., F0, speaking rate, or vowel duration). The first author segmented all stimuli 

and integrated them into the training materials. 
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3.3 Test Materials and Generalization Conditions 

 

Test stimuli were made using the same procedures as the training materials for both human and AI voices. Pre- 

and post-tests measured vowel identification accuracy using a two-alternative forced-choice (2AFC) phoneme 

identification task. In each trial, participants heard a stimulus word three times and selected the corresponding 

option (e.g., steal and still). There were 48 items in each test, designed to examine generalization across voice type 

and lexical items (6 vowel contrasts × 2 minimal pair words × 2 voices (familiar / new) × 2 word types (trained / 

untrained)). To assess voice generalization, half of the stimuli were produced by human voices and the other half 

by AI voices. For the AI-voice group, AI voices were the familiar voice type and human voices were new voice 

type; the reverse applied to the Human-voice group. Word-type generalization was examined by trained words 

used during training and untrained words responding novel lexical items with the same vowel contrasts. These 

conditions allowed examination of whether perceptual improvement generalized beyond specific talkers and 

lexical items. Students’ responses were coded as binary outcomes, with correct responses coded as 1 and incorrect 

responses as 0. 

 

3.4 Procedure 

 

The experiment followed a pre-test–training–post-test design. Students who volunteered to participate in the 

HVPT-informed pronunciation training were assigned to either the AI-voice or Human-voice group. Prior to 

training, participants completed a pre-test measuring their English vowel identification accuracy. Training was 

conducted over eight weeks with two sessions per week (16 sessions in total), each lasting approximately 25 

minutes. Each session focused on one vowel contrast. Training was implemented through structured classroom 

activities, as summarized in Table 2. Each session included explicit instruction with articulatory diagrams, listen-

and-repeat with group-specific stimuli, and 2AFC identification tasks delivered via Moodle LMS with immediate 

feedback (Moodle 2025). Learners also practiced producing target words and sentences using ASR-enabled mobile 

applications. Supplementary worksheets and game activities (Kahoot! 2025) were used in review sessions to 

reinforce learning. Instructional procedures and feedback were identical across groups, differing only in the source 

of the audio stimuli. 

 

Table 2. Training Materials 

Activity Materials Stimuli 

Teacher’s explicit explanation Articulatory diagrams words 

Listen and Repeat Stimuli audio files words, sentences 

Identification practice 2AFC identification tasks via Moodle LMS words 

Production practice ASR-enabled apps words, sentences 

Review Online Kahoot games words, sentences 

 

Sessions began with the teacher’s explicit instruction using articulatory diagrams. The teacher used diagrams to 

show how the two vowels in each vowel contrast differed articulatorily and briefly explained the positions of the 

articulators, including mouth shape and tongue position. This was followed by listen-and-repeat practice using 

group-specific stimuli (AI or human voices). The teacher played the AI-generated or human-recorded stimuli for 

the minimal pairs containing the target vowel contrast, and students listened to and repeated the words. Students 

also worked in pairs, taking turns reading words or carrier sentences and identifying which word or sentence their 

partner had produced.  
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Participants then practiced vowel identification individually through 2AFC tasks delivered via Moodle. Each 

session included 40 identification trials (10 training words × 4 talkers), in which they listened to the group-specific 

training stimulus and selected the correct option from two minimal-pair options. Immediate feedback was provided 

after each response, allowing learners to confirm whether their choice was correct. Because the study was 

implemented in a classroom setting, a criterion-based practice procedure was adopted. Students were encouraged 

to reach at least 60% accuracy during each training session; if this threshold was not met, they were encouraged 

to complete additional identification practice. This procedure was applied equally across the AI-voice and Human-

voice groups and was intended to ensure a minimal level of engagement with the target contrast, while the primary 

between-group manipulation remained the source of the auditory input, namely AI-generated versus human-

recorded speech. Specifically, this criterion-supported procedure was designed to prevent the training effects from 

being underestimated due to low task engagement, insufficient participation, or inattentive responding by some 

learners. It also served as a pedagogically necessary support in the classroom context, where encouraging active 

learner participation was an important part of implementing the training. In practice, however, additional practice 

was rarely needed; therefore, this procedure was unlikely to have affected the overall amount of training exposure 

across learners. 

After the individual identification practice with Moodle, learners proceeded to practice producing the target 

vowels using automatic speech recognition (ASR) tools. This production component was included to provide 

articulatory practice with the same target vowel contrasts while making the training more suitable for classroom-

based pronunciation instruction. Using the speech-to-text (STT) function in Google Docs or Google Translate on 

their individual educational tablet devices, students pronounced the given words and sentences and compared their 

intended pronunciation with the machine-generated transcription. 

In addition, engagement-enhancing activities were incorporate to reduce the monotony of repeated HVPT 

identification practice and to make the training more suitable for middle school learners. After every three training 

sessions, a review session was conducted using Kahoot activities to reinforce previously learned contrasts. These 

activities followed the same basic 2AFC identification format as the Moodle tasks, but were implemented as real-

time online games in which students competed together and accumulated points. Students selected the word or 

carrier sentence that matched the audio stimulus played by the teacher and received points for correct responses. 

Across the training period, each vowel contrast was taught twice using different lexical items (see Table 3). In 

the first round (Sessions 1-8), minimal pairs 1-5 in Table 1 were taught, whereas in the second round (Sessions 9-

16), minimal pairs 6-10 in Table 1 were taught, resulting in a total of 10 minimal pairs per contrast. Both groups 

completed the same number of sessions, used identical lexical items, and followed the same instructional 

procedures, differing only in the source of the speech stimuli. Following the completion of training, participants 

completed the post-test, which was structurally identical to the pre-test.  

 

Table 3. Training Plan 

Session 1 2 3 4 5 6 7 8 

Vowel contrast /i-ɪ/ /ɛ-æ/ /ɛ-eɪ/ review /ɑ-ʌ/ /ɔ-oʊ/ /u-ʊ/ review 

Session 9 10 11 12 13 14 15 16 

Vowel contrast /i-ɪ/ /ɛ-æ/ /ɛ-eɪ/ review /ɑ-ʌ/ /ɔ-oʊ/ /u-ʊ/ review 

 

3.5 Data Coding and Statistical Analysis 

 

All responses in pre- and post-test were coded at the item level as binary outcomes (correct = 1, incorrect = 0). 

Data were analyzed using binomial generalized linear mixed-effects models (glmer) (Baayen et al. 2008) 



Hyoyoung Park & Hyunkee Ahn    AI-Generated versus Human-Recorded Voice Input for L2 English 

Vowel Perception: A Classroom-Based Perception-Production Training  

with Korean EFL Middle School Learners 

©  2026 KASELL All rights reserved  817 

implemented in R (R Core Team 2025) using the lme4 package (Bates et al. 2015). Fixed effects included Group 

(AI vs. Human) and Time (pre vs. post), along with Voice Type, Word Type, and Vowel Pair depending on the 

research question, and their interactions. Random intercepts for participants and items were included, and random 

slopes for participants were specified. The significance of fixed effects was evaluated using Type III Wald chi-

square tests implemented in the car package (Fox and Weisberg 2019). Predicted probabilities and pairwise 

contrasts were estimated using the emmeans package (Lenth and Piaskowski 2026) to examine patterns of 

improvement and generalization. 

 

 

4. Results 

 

Descriptive statistics for overall phoneme identification accuracy by group and time are presented in Table 4. 

Accuracy was calculated as the participant-level mean percentage of correct responses. These descriptive statistics 

provide an overview of the pre-post changes before the GLMM results are reported. Additional descriptive 

statistics for the more specific analysis conditions, including Group × Time × Voice Type, Group × Time × Word 

Type, and Group × Time × Vowel Pair, are provided in Appendix A. 

 

Table 4. Descriptive Statistics for Overall Phoneme Identification Accuracy by Group and Time 

Group Time M (% accuracy) SD n 

Human Pre 74.9 10.4 40 

 Post 82.6 8.7 40 

AI Pre 72.5 12.7 34 

 Post 84.4 7.6 34 

Note. M and SD are reported in percentage points based on participant-level mean accuracy scores. 

 

4.1 Overall Training Effects on Phoneme Identification (RQ1) 

 

The binomial generalized linear mixed model was conducted to examine the effects of Group (AI vs. Human), 

Time (pre vs. post), and their interaction on phoneme identification accuracy (Table 5). The main effect of Group 

was not significant (β = -0.150, SE = 0.188, z = -0.80, p = .425), indicating no baseline difference between the two 

groups at pre-test. A significant main effect of Time was observed (β = 0.543, SE = 0.105, z = 5.15, p < .001), 

suggesting overall improvement from pre- to post-test. Importantly, the Group × Time interaction reached 

statistical significance (β = 0.303, SE = 0.153, z = 1.98, p = .048), indicating that the AI-voice group demonstrated 

greater pre-post gains compared to the Human-voice group. To further clarify this interaction, planned contrasts 

based on the estimated marginal means (Table 6) revealed significant pre-post improvement in both groups, with 

a larger gain observed in the AI-voice group. The Human-voice group increased from 83.0% at pre-test to 89.3% 

at post-test (Δ = 6.3 percentage points), whereas the AI-voice group improved from 80.8% to 90.7% (Δ = 9.9 

percentage points), reflecting an additional 3.6 percentage-point gain in the AI-voice condition. The interaction 

pattern is illustrated in Figure 1. 

 

Table 5. Binomial GLMM Results for Group × Time Effects on Phoneme Identification Accuracy 

Fixed effect β SE z p 

(Intercept) 1.584 0.241 6.59 < .001*** 

Group(AI) -0.150 0.188 -0.80 .425 

Time(Post) 0.543 0.105 5.15 < .001*** 

Group(AI):Time(Post) 0.303 0.153 1.98 .048* 

Note. The Human-voice group and pre-test were used as reference levels. Coefficients are reported on the log-odds scale.  

* p < .05, ** p < .01, *** p < .001. 
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Table 6. Predicted Probabilities and Percentage-point Changes from Pre- to Post-test 

Group Pre Post Δ (pp) p 

Human 0.830 0.893 6.3 < .001*** 

AI 0.808 0.907 9.9 < .001*** 

Note. Predicted probabilities were obtained from the fitted GLMM using estimated marginal means. Δ (pp) represents 

percentage-point changes from pre to posttest. p-values are from model-based pre-post contrasts (tests performed on the logit 

scale). * p < .05, ** p < .01, *** p < .001. 

 

 

Figure 1. Predicted Probabilities of Correct Vowel Identification at Pre-test and Post-test for the AI-voice 

and Human-voice Groups  

Note. Error bars indicate 95% confidence intervals. 

 

4.2 Generalization Effects across Voice and Word (RQ2) 

 

4.2.1 Generalization for voice type (new vs. familiar) 

 

A binomial generalized linear mixed-effects model was conducted to examine the effects of Group, Time, and 

Voice Type (familiar vs. new) on phoneme identification accuracy (see Table 7). The main effect of Time was 

significant (β = 0.430, SE = 0.136, z = 3.18, p = .001), indicating overall improvement from pre- to post-test. The 

Group × Time interaction was also significant (β = 0.448, SE = 0.201, z = 2.23, p = .026), suggesting that the AI-

voice group demonstrated overall greater pre-post gains than the Human-voice group. Planned contrasts on the 

estimated marginal means (Table 8) indicated both groups demonstrated significant improvement in the new voice 

condition, indicating successful generalization. AI-voice group showed numerically larger improvement (Δ = 10.3 

percentage points) than the Human-voice group (Δ = 5.0 percentage points). However, the non-significant three-

way interaction among Group, Time, and Voice Type (β = -0.293, SE = 0.261, z = -1.12, p = .262) suggests that 

the magnitude of pre-post improvement did not differ as a function of voice type across the two training groups. 

Figure 2 illustrates pre-post changes in predicted probabilities for new and familiar voice conditions across the 

two training groups.  
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Table 7. Binomial GLMM Results for Group × Time × VoiceType Effects on Phoneme Identification 

Accuracy 

Fixed effect β SE z p 

(Intercept) 1.642 0.321 5.12 < .001*** 

Group(AI) -0.220 0.454 -0.48 .629 

Time(Post) 0.430 0.136 3.18 .001** 

Voice(Familiar) -0.115 0.421 -0.27 .784 

Group(AI)*Time(Post) 0.448 0.201 2.23 .026* 

Group(AI)*Voice(Familiar) 0.139 0.826 0.17 .866 

Time(Post)*Voice(Familiar) 0.230 0.175 1.31 .189 

Group(AI)*Time(Post)*Voice(Familiar) -0.293 0.261 -1.12 .262 

Note. The Human-voice group, pre-test, and new voice were specified as reference levels. Coefficients are reported on the logit 

scale. * p < .05, ** p < .01, *** p < .001. 

 

Table 8. Predicted Probabilities and Percentage-point Changes from Pre- to Post-test by Group and Voice 

Type 

Group Pre Post Δ (pp) p 

New Voice type     

AI 0.806 0.909 10.3 < .001*** 

Human 0.838 0.888 5.0 .002** 

Familiar Voice type     

AI 0.809 0.906 9.6 < .001*** 

Human 0.822 0.899 7.8 < .001*** 

Note. Predicted probabilities were obtained from the fitted GLMM using estimated marginal means. Δ (pp) represents 

percentage-point changes from pre- to post-test. p-values are from model-based pre-post contrasts (tests performed on the logit 

scale). * p < .05, ** p < .01, *** p < .001. 

 
 

 

Figure 2. Predicted Probabilities of Correct Vowel Identification at Pre-test and Post-test by Group (AI-

voice vs. Human-voice) across Voice Conditions (New vs. Familiar)  

Note. Error bars represent 95% confidence intervals. 
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4.2.2 Generalization for word type (trained vs. untrained) 

 

To examine generalization across lexical item types (trained vs. untrained words), a binomial GLMM was 

conducted with Group, Time, and WordType as fixed effects (Table 9). A significant main effect of Time was 

observed (β = 0.365, SE = 0.136, z = 2.68, p = .007), confirming overall improvement from pre- to post-test. 

Moreover, the Time × WordType interaction was significant (β = 0.362, SE = 0.175, z = 2.06, p = .039), suggesting 

that the improvement was greater for trained than untrained items. To further examine the generalization to the 

untrained lexical items, predicted probabilities were extracted from the model for each word-type condition (Table 

10). Both groups demonstrated significant pre-post improvement in the untrained-word condition, indicating 

successful lexical generalization. In addition, the Group × Time interaction was significant (β = 0.417, SE = 0.202, 

z = 2.06, p = .039), indicating greater overall improvement in the AI-voice group relative to the Human-voice 

group. However, because the three-way interaction was not significant (β = -0.238, SE = 0.260, z = -0.91, p = .361), 

this pattern was comparable across the two training groups. Figure 3 illustrates the pre-post changes in predicted 

probabilities for trained and untrained word conditions across the two training groups. 

 

Table 9. Binomial GLMM Results for Group × Time × Word type Effects on Phoneme Identification 

Accuracy 

Fixed effect      β      SE    z   p 

(Intercept) 1.654 0.320 5.17 < .001*** 

Group(AI) -0.102 0.208 -0.49 .624 

Time(Post) 0.365 0.136 2.68 .007** 

WordType(Trained) -0.137 0.421 -0.33 .744 

Group(AI)*Time(Post) 0.417 0.202 2.06 .039* 

Group(AI)*WordType(Trained) -0.092 0.171 -0.54 .589 

Time(Post)*WordType(Trained) 0.362 0.175 2.06 .039* 

Group(AI)*Time(Post)*WordType(Trained) -0.238 0.260 -0.91 .361 

Note. The Human-voice group, pre-test, and untrained word were specified as reference levels. Coefficients are reported on the 

logit scale. * p < .05, ** p < .01, *** p < .001. 

 

Table 10. Predicted Probabilities and Percentage-point Changes from Pre- to Post-test by Group and 

Word Type 

Group Pre Post Δ (pp) p 

Untrained WordType     

AI 0.825 0.912 8.6 < .001*** 

Human 0.839 0.883 4.3 .007** 

Trained WordType     

AI 0.790 0.903 11.3 < .001*** 

Human 0.820 0.904 8.4 < .001*** 

Note. Predicted probabilities were obtained from the fitted GLMM using estimated marginal means. Δ (pp) represents 

percentage-point changes from pre- to post-test. p-values are from model-based pre-post contrasts (tests performed on the logit 

scale). * p < .05, ** p < .01, *** p < .001. 
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Figure 3. Predicted Probabilities of Correct Vowel Identification at Pre-test and Post-test by Group (AI-

voice vs. Human-voice) across Word Types (Untrained vs. Trained) 

Note. Error bars represent 95% confidence intervals. 

 

4.3 Vowel Pair-Specific Training Effects (RQ3) 

 

To address RQ3, a Type III Wald chi-square test was additionally conducted to evaluate the overall contribution 

of each fixed effect, especially with those included Pair with 6 levels. In Table 11, the main effect of Pair was 

significant, χ²(5) = 70.77, p < .001, suggesting baseline differences in identification accuracy across vowel pairs. 

The Time × Pair interaction was also significant, χ²(5) = 75.11, p < .001, indicating that the magnitude of pre-post 

improvement differed across vowel pairs. However, the three-way interaction among Group, Time, and Pair was 

not significant, χ²(5) = 4.63, p = .463, suggesting that the pattern of pair-specific improvement did not significantly 

differ between the AI and Human training conditions. Table 12 presents the fixed-effects estimates including each 

pair-specific fixed-effects. Consistent with the omnibus tests, several Time × Pair coefficients were significant, 

indicating that pre-post changes for specific vowel pairs deviated significantly from the average improvement 

across pairs. Specifically, significant deviations were observed for /ɑ-ʌ/ (β = -1.042, p < .001), /ɛ-æ / (β = 1.016, p 

< .001), /i-ɪ/ (β = -0.433, p = .045), and /ɔ-oʊ/ (β = 0.558, p = .023). These results indicate that the extent of 

improvement varied across vowel contrasts. Crucially, however, none of the Group × Time × Pair coefficients 

were significant (all ps > .18), confirming that pair-specific improvement patterns did not significantly differ 

between the AI and Human conditions. 

 

Table 11. Type III Wald Chi-square Test 

 Chisq df Pr(>Chisq) 

(Intercept) 90.59 1 < .001*** 

Group 0.93 1 .334 

Time 11.34 1 < .001*** 

Pair 70.77 5 < .001*** 

Group:Time 3.44 1 .063 

Group:Pair 5.26 5 .386 

Time:Pair 75.11 5 < .001*** 

Group:Time:Pair 4.63 5 .463 

Note. * p < .05, ** p < .01, *** p < .001. 
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Table 12. Fixed Effect Estimates from the GLMM 

Fixed effect β SE z   p 

(Intercept) 1.681 0.177 9.52 < .001*** 

Group(AI) -0.202 0.210 -0.97 .334 

Time(Post) 0.488 0.145    3.37 < .001*** 

Pair(/ɑ-ʌ/) -0.569 0.256   -2.22 .026* 

Pair(/ɛ-æ/) -1.604 0.252  -6.37 < .001*** 

Pair(/ɛ-eɪ/) 2.959 0.440    6.72 < .001*** 

Pair(/i-ɪ)/ 0.016 0.263    0.06 .951 

Pair(/ɔ-oʊ/) 0.018 0.263    0.07 .946 

Group(AI)*Time(Post) 0.392 0.211    1.86 .064 

Group(AI)*Pair(/ɑ-ʌ/) -0.302 0.198    -1.53 .127 

Group(AI)*Pair(/ɛ-æ/) 0.139 0.189  0.74 .461 

Group(AI)*Pair(/ɛ-eɪ/) -0.292 0.491  -0.60 .552 

Group(AI)*Pair(/i-ɪ)/ 0.098 0.215  0.46 .649 

Group(AI)*Pair(/ɔ-oʊ/) 0.107 0.215  0.50 .620 

Time(Post)*Pair(/ɑ-ʌ/) -1.042 0.198  -5.27 < .001*** 

Time(Post)*Pair(/ɛ-æ/) 1.016 0.206  5.04 < .001*** 

Time(Post)*Pair(/ɛ-eɪ/) -0.507 0.526  -0.97 .335 

Time(Post)*Pair(/i-ɪ)/ -0.433 0.216  -2.00 .045* 

Time(Post)*Pair(/ɔ-oʊ/) 0.558 0.246  2.27 .023* 

Group(AI)*Time(Post)*Pair(/ɑ-ʌ/) 0.169 0.290  0.58 .560 

Group(AI)*Time(Post)*Pair(/ɛ-æ/) 0.256 0.310  0.83 .408 

Group(AI)*Time(Post)*Pair(/ɛ-eɪ/) 0.462 0.778  0.59 .553 

Group(AI)*Time(Post)*Pair(/i-ɪ)/ -0.422 0.317  -1.33 .183 

Group(AI)*Time(Post)*Pair(/ɔ-oʊ/) -0.440 0.357  -1.23 .218 

Note. * p < .05, ** p < .01, *** p < .001. Pair was sum-coded. The remaining pair (/u-ʊ/) is represented by the negative sum 

of these coefficients. Group (Human) and Time (Pre) were treatment-coded as reference levels. Coefficients are reported in 

log-odds. 

 

Given the absence of a significant three-way interaction, we next examined the magnitude of improvement 

within each training condition to address the second part of RQ3, namely, which vowel pairs showed greater gains 

under each condition. Table 13 presents the predicted probabilities at pre- and post-test, the corresponding 

percentage-point changes (Δ), and 95% confidence intervals for each vowel pair, ranked by the size of 

improvement within each group. In the Human group, the largest improvement was observed for /ɛ-æ / (Δ = 31.01 

percentage points, 95% CI [21.7, 40.32]), followed by /u-ʊ/ (Δ = 15.01, 95% CI [7.02, 23]) and /ɔ-oʊ/ (Δ = 9.42, 

95% CI [3.44, 15.4]). Minimal or no improvement was found for /i-ɪ/ and /ɛ-eɪ/, and performance on /ɑ-ʌ/ showed 

a decrease from pre- to post-test (Δ = -11.66, 95% CI [-19.76, -3.56]). A highly similar pattern emerged in the AI 

group. The greatest gain was again observed for /ɛ-æ / (Δ = 39.37, 95% CI [28.23, 50.51]), followed by /u-ʊ/ (Δ = 

18.51, 95% CI [9.5, 27.52]) and /ɔ-oʊ/ (Δ = 9.84, 95% CI [3.25, 16.44]). The other vowel pairs showed minimal 

change, and no substantial improvement was observed for /ɑ-ʌ/. Overall, both training conditions yielded 

comparable improvement patterns across vowel pairs, with /ɛ-æ / consistently showing the largest gains and /ɑ-ʌ/ 

showing little or negative change. These results suggest that while the training effects were vowel-specific, the 

relative hierarchy of improvement was largely similar across AI-voiced and human-voiced training. Figure 4 

visually illustrates this pattern, showing vowel-specific variation in improvement without group-level divergence. 
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Table 13. Ranks of Vowel Pairs by Groups 

Pair Pre Post Δ (pp) CI (95%) Rank 

Human group 

/ɛ-æ/ 0.519 0.829 31.01 [21.7, 40.32] 1 

 /u-ʊ/ 0.703 0.853 15.01 [7.02, 23] 2 

/ɔ-oʊ/ 0.845 0.940 9.42 [3.44, 15.4] 3 

/i-ɪ/ 0.845 0.852 0.70 [-4.89, 6.28] 4 

/ɛ-eɪ/ 0.990 0.990 -0.02 [-1.2, 1.16] 5 

/ɑ-ʌ/ 0.752 0.636 -11.66 [-19.76, -3.56] 6 

AI group 

/ɛ-æ/ 0.503 0.897 39.37 [28.23, 50.51] 1 

/u-ʊ/ 0.712 0.897 18.51 [9.5, 27.52] 2 

/ɔ-oʊ/ 0.832 0.931 9.84 [3.25, 16.44] 3 

/ɛ-eɪ/ 0.984 0.993 0.88 [-0.58, 2.34] 4 

/i-ɪ/ 0.831 0.834 0.33 [-6.07, 6.73] 5 

/ɑ-ʌ/ 0.647 0.649 0.15 [-8.9, 9.2] 6 

Note. Predicted probabilities were obtained from the fitted GLMM using estimated marginal means. Δ (pp) represents 

percentage-point changes from pre- to post-test. p-values are from model-based pre-post contrasts (tests performed on the logit 

scale). 

 

 

 

Figure 4. Pre-post Changes in Predicted Probabilities (% points) across Vowel Pairs by Training Group 

Note. Error bars represent 95% confidence intervals. 
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5. Discussion 

 

5.1 AI- vs. Human-voice: Learning Strength and Learning Structure  

 

The most important finding of the present study is that AI-generated speech enhanced the magnitude of phonetic 

learning without altering the underlying structure of phonological acquisition. While the AI-voice group 

demonstrated significantly greater overall gains in phoneme identification accuracy compared to the Human-voice 

group, this advantage did not translate into qualitative differences in how learning generalized or how phonological 

difficulty was organized. 

Across both voice and word-type generalization conditions, the absence of significant three-way interactions 

indicates that the pattern of generalization was comparable between training conditions. That is, although the AI 

group improved more in absolute terms, the way in which learning extended to new voices and untrained lexical 

items remained structurally similar to that observed in the Human-voice group. Importantly, vowel-pair-specific 

patterns further reinforce this interpretation: while certain contrasts showed larger gains than others, the relative 

hierarchy of difficulty across vowel pairs was preserved across groups. In other words, AI training did not 

reorganize the phonological difficulty landscape shaped by Korean L1 phonology; it amplified learning within that 

structure. 

One factor that may contribute to this magnitude advantage concerns the acoustic properties of the input. The 

acoustic variability of AI-generated speech is shaped by model design rather than physiological articulation (Ren 

et al. 2022, Tan et al. 2021, see Section 2.4), and it is tentatively hypothesized that its potentially more controlled 

within-category distributions may facilitate more efficient extraction of phonetic category prototypes during 

perceptual learning. These acoustic differences between the two voice types, as reported in the previous literature, 

provide a plausible interpretation for the greater gains observed in the AI condition. Notably, the learning patterns 

found in the present study align with the direction predicted by this literature, which lends coherence to a 

variability-based account. It should be emphasized, however, that this account remains speculative: the variability 

profiles of the two stimulus sets were not acoustically verified in the present study, and the AI advantage could 

also reflect other differences between the stimulus sets. Direct acoustic analysis is therefore needed to substantiate 

this interpretation (see Limitations). 

Taken together, these findings suggest a distinction between learning strength and learning structure. AI-

generated input appears capable of strengthening category-level perceptual restructuring, resulting in larger 

performance gains, yet the mechanisms governing generalization and category-level organization remain 

consistent with those elicited by human speech input. From an SLM perspective, this implies that AI speech can 

effectively support perceptual restructuring processes (Bohn and Munro 2007) without modifying the fundamental 

architecture of L2 phonological learning. It suggests that AI-generated stimuli can provide variability sufficient 

for category restructuring, and that the perceptual system responds to such input in ways comparable to natural 

human speech. Thus, the contribution of AI-generated speech lies not in altering how learners generalize or 

reorganize phonetic categories, but in increasing the degree to which those processes succeed. 

 

5.2 Generalization and the Variability of AI Input 

 

The generalization findings provide further support for the interpretation that both AI- and human-based 

pronunciation training promoted category-level phonetic restructuring rather than item-specific learning. 

Improvement extended beyond the specific training stimuli, as learners demonstrated gains in both new voice type 
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conditions and untrained lexical items. Such transfer is widely regarded as a hallmark of category-level rather than 

item-specific phonetic learning within the Speech Learning Model (Bohn and Munro 2007), as it indicates that 

learners are not merely memorizing stimulus-specific acoustic patterns but are reorganizing their underlying 

phonetic representations (Bradlow et al. 1999, Lively et al. 1993). This pattern is consistent with previous meta-

analytic findings indicating that HVPT can promote generalization to novel stimuli, particularly when training 

involves real-word stimuli and multiple talkers (Choe et al. 2025). Crucially, the absence of significant Group × 

Time × Voice Type and Group × Time × Word Type interactions suggests that the patterns of generalization, and 

thus the underlying learning processes, were similar across training modalities. In both groups, learners were able 

to abstract away from talker-specific acoustic variability and lexical familiarity, applying newly strengthened 

phonetic categories to novel input. This pattern aligns with the SLM prediction that sufficient phonetic variability 

facilitates the formation or restructuring of L2 categories by encouraging learners to attend to relevant acoustic 

cues rather than relying on L1-based assimilation strategies (Brekelmans et al. 2025, Thomson 2012).  

These findings also bear on theoretical debates concerning the role of variability in perceptual learning. 

Traditional HVPT emphasized exposure to multiple speakers as a means of destabilizing L1-driven perceptual 

mappings and promoting more robust category formation (Lively et al. 1993). The present results suggest that AI-

generated stimuli can provide variability sufficient to trigger these restructuring processes, even if the acoustic 

micro-variability may differ from that of natural human speech, as suggested in prior work (Kim and Seong 2025). 

That AI-trained learners generalized to new voices and untrained items indicates that the variability of the AI input 

was functionally sufficient to support the perceptual abstraction that HVPT is designed to elicit, although this 

functional sufficiency was inferred from learning outcomes rather than verified acoustically. In this sense, what 

appears to matter is not the human origin of the signal per se, but whether the input contains enough systematic 

contrastive information to drive perceptual recalibration. Taken together, the present findings suggest that the 

perceptual system treats AI-generated speech as functionally comparable to human-generated speech for the 

purposes of category-level perceptual restructuring. 

 

5.3 Preservation of Vowel-Pair Difficulty Patterns Across Training Conditions 

 

Although the relative pattern of vowel improvement did not differ between AI- and Human-voice groups, the 

magnitude of gains varied across vowel pairs. Across both groups, some contrasts showed substantial improvement 

(e.g., /ɛ-æ /, /u-ʊ/, and /ɔ-oʊ/), whereas others showed minimal change (e.g., /ɑ-ʌ/) or near-ceiling performance 

(e.g., /i-ɪ/).  

Several of these contrast-specific patterns are consistent with findings reported in previous studies. As in Lee 

and Hwang (2016), learners showed near-ceiling performance for /ɛ-eɪ/ at pretest (accuracy approaching 99%), an 

anticipated result given that this contrast was included as a methodological baseline. Among the three most 

frequently studied contrasts, pretest accuracy followed the same easiness hierarchy reported by Kim (2010) and 

Hong (2012): /i-ɪ/ > /u-ʊ/ > /ɛ-æ / in both groups. Training gains, however, followed the reverse order, with /ɛ-æ / 

showing the largest improvement (Δ = 31.01 in the Human group; Δ = 39.37 in the AI group), followed by /u-ʊ/ 

(Δ = 15.01; Δ = 18.51). This pattern may reflect the status of /æ/ as a novel vowel for Korean learners, making it 

particularly responsive to perceptual training. As a result, posttest accuracy for these three contrasts converged to 

broadly comparable levels. The contrast /i-ɪ/ showed minimal improvement, which can be attributed to a near-

ceiling effect at pretest.  

Interestingly, /ɔ-oʊ/ showed pretest accuracy similar to that of /i-ɪ/ yet demonstrated considerable training gains. 

This may be because /ɔ-oʊ/ benefits from salient durational cues, as Korean learners often rely on temporal 
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information when distinguishing English vowel contrasts (Lee and Baek 2025). Just as the durational difference 

between /ɛ/ and /eɪ/ makes that pair perceptually transparent, training may have helped learners recognize a similar 

durational distinction in /ɔ-oʊ/. This interpretation is supported by the observation that posttest accuracy for /ɔ-oʊ/ 

reached levels comparable to /ɛ-eɪ/ (94.3% in the Human group; 93.5% in the AI group).  

The contrast /ɑ-ʌ/ proved most resistant to training, consistent with previous literature identifying this pair as 

particularly difficult for Korean learners (Hong 2007, Tsukada et al. 2005). The AI group showed minimal change, 

while the Human group showed a slight decrease in accuracy, a pattern also reported in Lee and Hwang (2016). It 

should be noted, however, that the three-way interaction among Group, Time, and Vowel Contrast was not 

statistically significant, so the apparent difference between the two groups on this contrast should be interpreted 

with caution. With this caveat in mind, one tentative possibility is that the more variable nature of human speech 

may have introduced additional perceptual uncertainty for a contrast lacking stable L1 category mappings, whereas 

the more consistent AI input may have provided a more stable, though still insufficient, learning signal. As this 

interpretation was not verified through direct acoustic analysis, it remains speculative and awaits confirmation in 

future work. 

Importantly, despite these contrast-specific differences, the relative hierarchy of difficulty across vowel pairs 

remained stable across AI- and human-based training. Although the AI-voice group showed numerically larger 

gains across all contrasts, the ranking of vowel-pair difficulty was preserved in both groups. This stability suggests 

that AI-generated speech does not fundamentally change the perceptual learning patterns or learners’ response to 

L1-L2 phonological relationships. Instead, it helps learners improve specific phoneme distinctions within that 

system. In this respect, the results reinforce the interpretation advanced earlier: AI-voice training enhances the 

efficiency of phonetic learning without altering the underlying organization of L2 vowel perception. 

 

5.4 Pedagogical Implications: The Potential and Boundaries of AI-Voice Training 

 

The findings of the present study carry important pedagogical implications for the integration of AI-generated 

speech into L2 phonetic training. Most notably, the results suggest that classroom-based HVPT-informed vowel 

training using AI-generated input can yield learning gains that are comparable to, and in some cases greater than, 

those achieved through human-recorded input. This indicates that AI-generated speech is not merely a 

technological substitute but a pedagogically viable medium for promoting phonetic category development. 

Importantly, the preservation of generalization patterns and vowel improvement hierarchies across training 

modalities suggests that AI input engages the same perceptual learning mechanisms as human speech. This may 

tentatively imply that AI-generated materials can provide sufficient phonetic variability and contrastive 

information to promote the restructuring processes predicted by SLM. At the same time, the results do not suggest 

that AI fundamentally alters the nature of phonological learning. Rather than replacing human input in a qualitative 

sense, AI-generated input appears to preserve the way human speech input shapes phonetic learning while 

enhancing the efficiency of an otherwise shared learning mechanism.  

Collectively, these findings suggest that AI-voice training may serve as a scalable, accessible supplement to 

traditional pronunciation training, particularly in contexts where access to multiple native speakers is limited. 

Neural TTS platforms enable training materials to be generated rapidly, at scale, at low cost, and with full 

customization of target vocabulary. This flexibility may support future research and pedagogical efforts in 

identifying optimal levels and types of input variability for phonetic learning. Notably, the AI voices used here 

were selected through ordinary auditory judgment, without any acoustic screening, yet still yielded learning 

outcomes at least comparable to human-recorded input. Because classroom teachers cannot realistically perform 
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acoustic analyses when selecting synthetic voices, this finding provides preliminary evidence that AI-generated 

voices can function as effective training input even when chosen perceptually. This speaks to the practical usability 

of perceptually selected AI voices, rather than to whether such voices necessarily reproduce the acoustic 

distinctions between AI and human speech reported in prior literature. The present findings contribute to the field 

by providing empirical support for the feasibility of utilizing AI-generated speech stimuli, while also underscoring 

the importance of grounding technological innovation in established theories of speech perception and L2 

acquisition. 

 

 

6. Conclusion 

 

The present study investigated whether AI-generated speech can serve as an effective medium for classroom-

based HVPT-informed vowel training and whether its effects differ from those of human-recorded speech. Both 

Human-based and AI-based training yielded robust improvements in overall vowel phoneme perception and AI-

based training produced greater overall gains than human-based training. Generalization to new voices and 

untrained lexical items occurred in both groups, and the relative hierarchy of vowel-pair improvement remained 

stable across training modalities. 

These findings indicate that AI-generated speech strengthens phonetic learning within an existing perceptual 

architecture rather than reorganizing it. Within the Speech Learning Model framework, AI input engages category-

level restructuring comparable to that of human speech, indicating functional comparability in perceptual learning 

mechanisms. Theoretically, it was found that the observed training effectiveness from AI input does not require a 

change in the underlying acquisition mechanism. Pedagogically, the results support the feasibility of HVPT-

informed vowel training as a scalable and accessible tool for L2 pronunciation training in a classroom context.  

Two caveats should accompany these findings. First, the acoustic characteristics of the AI-generated and human-

recorded stimuli were not independently verified; the present study drew on the platform’s voice descriptions and 

on existing comparative literature (see Section 2.4) to characterize their likely differences. Direct acoustic 

measurement, particularly token-level variability analyses (e.g., F1 and F2 distributions, pitch range, speaking rate, 

and vowel space), would yield a more compelling account of why AI-based training produced greater gains in 

some conditions. The variability-based interpretation of the AI advantage offered in the Discussion should 

therefore be regarded as a hypothesis to be tested directly in future acoustic work. Second, perception was 

measured using a 2AFC identification task, which limits the granularity of inference because improvement on a 

given contrast cannot be decomposed into learning about each individual phoneme; future research could 

complement 2AFC with more fine-grained measures such as open-set identification, phoneme-level transcription, 

or multiple-choice identification with a larger response set. 

Several extensions could further enrich this line of research. Future studies should systematically manipulate 

the number of speakers within both AI-generated and human-recorded conditions by comparing low-variability 

and high-variability versions of each training type. Such a design would make it possible to examine not only the 

role of variability as a core component of HVPT, but also whether AI-generated speech can provide a level of 

phonetic variability comparable to that of human speech. Future research should also examine whether comparable 

effects emerge across different age groups and other L2 phonological targets, and whether AI-based training 

facilitates production gains that are retained over time, as assessed through delayed post-tests. Moreover, future 

classroom-based pronunciation studies should include generalization tasks that examine whether training effects 

extend to sentence- and discourse-level speech. By incorporating assessment tasks that more closely approximate 
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real communicative contexts, future research could provide findings with greater pedagogical validity. Taken 

together, the present study demonstrates that AI-generated speech can function as a viable and accessible 

alternative to human-recorded input within classroom-based HVPT, offering an empirically grounded foundation 

for future research and pedagogy in L2 pronunciation instruction. 
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Appendix A. Descriptive Statistics for Phoneme Identification Accuracy 

 

Table A1. Descriptive Statistics by Group, Time, and Voice Type 

Group Time Voice Type M (% accuracy) SD n 

Human Pre New 75.1 12.3 40 

  Familiar 74.7 12.3 40 

 Post New 81.4 9.3 40 

  Familiar 83.8 10.2 40 

AI Pre New 73.0 13.3 34 

  Familiar 72.1 14.2 34 

 Post New 85.0 10.5 34 

  Familiar 83.7 7.49 34 

Note. M and SD are reported in percentage points based on participant-level mean accuracy scores. 

 

Table A2. Descriptive Statistics by Group, Time, and Word Type 

Group Time Word Type M (% accuracy) SD n 

Human Pre untrained 75.3 11.2 40 

  trained 74.5 12.8 40 

 Post untrained 80.5 9.55 40 

  trained 84.6 9.54 40 

AI Pre untrained 73.8 12.0 34 

  trained 71.3 15.8 34 

 Post untrained 84.3 7.4 34 

  trained 84.4 10.9 34 

Note. M and SD are reported in percentage points based on participant-level mean accuracy scores. 

 

Table A3. Descriptive Statistics by Group, Time, and Vowel Contrast 

Group Time Contrast M (% accuracy) SD n 

Human Pre /i-ɪ/ 80.3 17.7 40 

  /ɛ-æ/ 51.2 23.6 40 

  /ɛ-eɪ/ 98.4 4.19 40 

  /ɑ-ʌ/ 71.2 19.4 40 

  /ɔ-oʊ/ 80.9 19.6 40 

  /u-ʊ/ 67.2 18.5 40 

 Post /i-ɪ/ 81.2 19.6 40 

  /ɛ-æ/ 80.6 19.6 40 

  /ɛ-eɪ/ 98.4 4.19 40 

  /ɑ-ʌ/ 60.9 19.4 40 

  /ɔ-oʊ/ 91.9 11.5 40 

  /u-ʊ/ 82.2 14.7 40 

AI Pre /i-ɪ/ 78.7 17.0 34 

  /ɛ-æ/ 50.0 27.7 34 

  /ɛ-eɪ/ 97.4 7.4 34 

  /ɑ-ʌ/ 61.8 19.4 34 

  /ɔ-oʊ/ 79.4 19.9 34 

  /u-ʊ/ 68.0 20.0 34 

 Post /i-ɪ/ 79.4 19.2 34 

  /ɛ-æ/ 87.9 14.3 34 

  /ɛ-eɪ/ 98.9 3.6 34 

  /ɑ-ʌ/ 62.1 18.6 34 

  /ɔ-oʊ/ 90.8 15.2 34 

  /u-ʊ/ 87.1 13.2 34 

Note. M and SD are reported in percentage points based on participant-level mean accuracy scores. 
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