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Accurate pronunciation is essential for successful communication in a second
language (L2) as it significantly influences communicative effectiveness and per-
ceived fluency. Mispronunciations frequently arise due to the influence of the
learner’s first language (L1), posing barriers to effective spoken communication.
Therefore, pronunciation error detection (PED) has emerged as a critical research
area within the domains of Computer-Assisted Language Learning (CALL) and
Computer-Assisted Pronunciation Training (CAPT). Although numerous PED sys-
tems have been developed over recent decades, existing survey papers have
mainly emphasized comparisons of modeling methodologies or learning para-
digms, often neglecting the critical role of feature representation. To address
this research gap, this survey introduces a novel, feature-based taxonomy for
categorizing PED methodologies into four primary groups: Acoustic-based,
Acoustic-Phonetic, Linguistic-based, and Hybrid approaches. Each category is
systematically reviewed, summarizing over two decades of research work with
respect to feature extraction techniques, modeling approaches, evaluation met-
rics, and the nature and quality of instructional feedback provided to learners.
A detailed comparative analysis highlights significant trade-offs among these
categories in terms of detection accuracy, interpretability, resource demands,
and applicability in real-time or low-resource contexts. Furthermore, this survey
discusses recent and emerging trends in PED research, including self-supervised
learning frameworks, multimodal feature fusion, and integrating phonological
knowledge with modern deep learning architectures. By synthesizing existing
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knowledge and identifying gaps in current methodologies, this paper aims to
provide clear insights and directions for future advancements in PED systems.

Keywords: Pronunciation error detection techniques, computer-assisted lan-
guage learning, computer-assisted pronunciation training, feature-based
taxonomy

Introduction

The ability to produce intelligible pronunciation is fundamental to successful
second language (L2) acquisition, facilitating both formal and informal commu-
nicative interactions by ensuring that speech is smooth, comprehensible, and
listener-friendly rather than merely rapid. Consequently, pronunciation errors
can substantially hinder comprehensibility, even when a speaker has advanced
grammatical and lexical proficiency, because they typically stem from the pho-
nological structures of a learner’s first language (L1).

Advances in speech technology and the growing accessibility of Computer-
Assisted Language Learning (CALL) and Computer-Assisted Pronunciation
Training (CAPT) platforms have fueled significant research interest in auto-
matic pronunciation error detection (PED) (Stockwell, 2012). These systems aim
to identify and localize deviations between learner speech and native norms,
thereby enabling timely, targeted feedback.

CALL-based studies of pronunciation training indicate that technology-medi-
ated instruction can enhance intelligibility, while also high-lighting challenges
in feedback design and the influence of feature representation on pedagogical
effectiveness (Metruk, 2024; Strik, Cucchiarini, & Truong, 2009). Nevertheless,
PED remains inherently challenging due to the diversity of L2 learner profiles,
the subjectivity of “acceptable” pronunciation, and the scarcity of annotated
data, particularly for under-resourced languages.

Over the past two decades, PED systems have evolved from traditional
forced-alignment and confidence-scoring approaches to sophisticated neural
architectures with end-to-end modeling. While existing surveys have explored
modeling techniques, error-diagnosis strategies, and various feedback mecha-
nisms, there remains a notable lack of systematic categorization based on the
types of features utilized in PED approaches. Such an emphasis is crucial, as
feature selection directly affects model performance, feedback interpretability,
and adaptability to diverse learning contexts.

This paper addresses this gap by introducing a feature-centric taxonomy of
PED methods. We categorize systems into four primary groups: (1) acoustic-
based, (2) acoustic-phonetic, (3) linguistic-based, and (4) hybrid approaches. By
reviewing and comparing methods within these categories, we offer insights
into the respective strengths, limitations, and trade-offs of each feature type.
We also discuss overarching challenges such as real-time deployment, explain-
ability, and data efficiency.

The remainder of this paper is organized as follows: Background provides
foundational concepts in L2 phonology and typical pronunciation errors, and
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Methodology discusses our approach to selecting and categorizing existing
works. We then present four separate sections devoted to Acoustic-Based PED,
Acoustic-Phonetic PED, Linguistic-Based PED, and Hybrid PED. Afterward, a
Comparative Analysis consolidates key findings across these feature catego-
ries, and a Discussion and Future Directions addresses overarching issues and
emerging trends. Finally, we offer a Conclusion that summarizes key points
and suggests directions for future research.

Background

Pronunciation is a vital aspect of L2 proficiency, influencing intelligibility,
speaker confidence, and listener perceptions (Derwing & Munro, 2005). Unlike
errors in grammar or vocabulary, which may still allow for approximate com-
munication, pronunciation errors can significantly impede understanding. For
this reason, “acceptable pronunciation” is generally defined not in terms of
native-like accuracy, but by a learner’s ability to produce speech that remains
intelligible and comprehensible to listeners, even when accented. These errors
commonly fall into two categories: segmental and suprasegmental.

Segmental errors involve inaccuracies in producing individual consonants
and vowels, often due to L1 transfer. For instance, L2 learners from language
backgrounds that lack the English dental fricative /6/ may substitute it with /t/
or /s/, yielding “tink” or “sink” instead of “think,” thus reducing intelligibility
(Ehrlich & Avery, 2013) By contrast, suprasegmental errors concern stress, into-
nation, pitch variation, and rhythmic patterns. Misplaced stress or unnatural
intonation can obscure intended meaning, even if individual sounds are cor-
rectly articulated (Wennerstrom, 2001; Yagiz et al., 2024).

Numerous psycholinguistic factors contribute to the persistence of these
errors. Phonological interference from the L1 is particularly salient, as learners
often perceive and produce unfamiliar 1.2 sounds according to their existing
phonemic categories (Aoyama et al., 2004) The age at which L2 learning begins
also matters younger learners generally show greater neuroplasticity, facilitat-
ing more accurate pronunciation (Flege, 1995; Saito, 2022). Additionally, many
L2 classrooms struggle to offer sufficient practice opportunities or individual-
ized corrective feedback, exacerbating a “perception-production gap” where
learners can recognize a phoneme in listening tasks but still fail to produce
it accurately in speech (Munro & Derwing, 1995; Trofimovich & Baker, 2006).

Against this backdrop, CAPT systems increasingly rely on automatic detec-
tion of pronunciation deviations to provide targeted, real-time feedback. A key
design factor in these systems is the feature representation extracted from
learner speech. The choice of features, ranging from raw acoustic signals to
linguistic or articulatory descriptors, shapes how effectively the system identi-
fies, localizes, and explains errors. In the next section, we categorize and survey
PED approaches according to their primary feature types, highlighting how
these choices influence performance, interpretability, and scalability.

The

JALT CALL
Journal
vol. 21 no.3

uo119319p uonepunuoidsiw 01 saydeoidde paseq-ainieaq :euekeuedlld 13 eAijeanyly ‘equessiN

w



Methodology

This survey adopts a feature-centric framework to categorize and analyze PED
systems. Rather than organizing prior work by modeling paradigm or appli-
cation context, we classify systems based on the types of features they utilize
acoustic, acoustic-phonetic, linguistic, and hybrid. This taxonomy enables a
more principled understanding of how input representations influence system
behavior, performance, and pedagogical relevance.

Literature selection

Relevant literature was gathered through a comprehensive search of academic
databases, including Google Scholar, Scopus, and IEEE Xplore. The search cov-
ered studies published between 1995 and 2024. Search terms included com-
binations of “pronunciation error detection,” “mispronunciation detection,”
and “computer-assisted pronunciation training” (CAPT). Reference chaining
was also employed to ensure the inclusion of foundational and frequently cited
studies.

Inclusion criteria

To be included in the survey, studies had to meet the following criteria:

— Focus explicitly on automatic pronunciation error detection or scoring
in the context of L2 learning.

- Provide sufficient detail on the types of features extracted from learner
speech and how those features are used in modeling or feedback
generation.

— Be peer-reviewed journal or conference publications, preferably within
the fields of speech processing, natural language processing, language
education, or human-computer interaction.

— Address segmental or suprasegmental pronunciation errors.

Review process

Each selected study was reviewed and categorized according to its dominant
feature type. The following aspects were extracted from each paper to enable
consistent comparison:

The type of feature representation used in the system.

The modeling techniques applied.

— The feedback mechanisms implemented by the system.

The evaluation metrics used to assess performance.

The deployment context for which the system was designed.

The review followed general principles of systematic survey methodology, with
studies screened at the title, abstract, and full-text levels. Categorization deci-
sions were discussed among the authors to reduce subjectivity and ensure
alignment. This approach enabled a structured comparison of systems and
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highlighted trade-offs among feature complexity, feedback effectiveness, and
scalability. By foregrounding feature representation, the survey links technical
system design to pedagogical outcomes in L2 learning.

Feature-based taxonomy of
PED systems

Acoustic based Acoustic-Phonetic Linguistic based

MFCC, PLP, Formants, pitch, Phoneme sequences, Fusion of acoustic,
special features duration, energy symbolic rules phonetic, and

linguistic features

Figure 1. Feature-centric taxonomy of PED systems

Acoustic features-based PED

Acoustic-only approaches to PED are characterized by their exclusive reliance
on low-level signal-derived features such as MFCCs, pitch, energy, and for-
mant trajectories. These methods operate without the use of symbolic linguis-
tic representations or phoneme-level alignments, focusing instead on the raw
acoustic properties of learner speech to detect deviations from native-like pro-
nunciation. In contrast to acoustic-phonetic or linguistically informed systems,
acoustic-only models do not utilize phoneme posterior probabilities, forced
alignment, or explicit phonetic labels. As a result, they offer practical advan-
tages in scenarios where linguistic resources or annotation efforts are limited,
including early-stage assessment tools, mobile learning applications, and lan-
guage environments where expert phonetic annotations are unavailable.

One notable example of an acoustic-only PED system is presented by
Chhabra et al. (2023), who employed MFCCs extracted from learner and native
speaker speech to train a support vector machine (SVM) classifier for mispro-
nunciation detection. Rather than aligning speech to phoneme sequences or
generating phoneme-level labels, their system operated directly on frame-level
acoustic features, classifying entire segments based on the similarity of their
acoustic patterns. The SVM learned to distinguish correct from incorrect pro-
nunciations without the need for linguistic supervision, demonstrating the abil-
ity of machine learning algorithms to extract useful patterns solely from acous-
tic data. Similarly, Shahin and Ahmed (2019) proposed an anomaly detection
approach that builds acoustic models using only native speaker data, treating
deviations in learner speech as outliers. Their method trained statistical models
on MFCCs representing correctly pronounced speech and used measures such
as reconstruction error and divergence-based distances to flag mispronuncia-
tions. This eliminates the requirement for labeled non-native data, making the
system particularly suitable for resource-scarce environments and unsuper-
vised learning contexts.

Building on the success of statistical models, Hu et al. (2015) applied deep
learning to the task of pronunciation assessment using only acoustic inputs.
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Their system trained deep neural networks (DNNs) using low-level features
like MFCCs and perceptual linear prediction (PLP) coefficients to classify pro-
nunciation quality. Although the broader framework of their work includes
transfer learning and supervised adaptation, the DNN-based acoustic model
itself operates on raw speech features without explicit phoneme labels. The
model demonstrated superior performance compared to Gaussian mixture
model (GMM) baselines, confirming that deep architectures can learn complex
acoustic patterns directly from raw features. Importantly, this study highlights
the effectiveness of data-driven learning from acoustic representations in sce-
narios where linguistic supervision is limited or unavailable.

In another important contribution, Bartelds et al. (2020) introduced a new
pronunciation distance measure based purely on acoustic similarity. Their
method compared MFCC-derived time-aligned sequences from learner speech
and native references to quantify pronunciation differences without relying
on phoneme-level segmentation or annotation. The distance metric was used
to provide gradient feedback, indicating the degree to which a learner’s pro-
nunciation approximates a native-like form. This type of continuous scoring,
based on acoustic distance rather than categorical correctness, offers nuanced
insights into learner performance. Unlike binary classification systems, this
approach supports formative assessment, helping learners monitor gradual
improvement without requiring phonetic interpretation.

In addition to these approaches, Byun and van der Haar (2019) proposed
a pronunciation detection system for foreign language learners that relies
solely on MFCC-based acoustic features. Their method applied a Support
Vector Machine (SVM) classifier to distinguish between correctly and incor-
rectly pronounced utterances without using phoneme alignment or symbolic
linguistic representations. The system was trained on frame-level MFCC vectors
extracted from learner speech and used supervised learning to classify pronun-
ciation quality. Crucially, their work avoided the use of phoneme boundaries,
forced alignment, or phoneme-level feedback, making it a clear example of an
acoustic-only PED system. The study demonstrated that with careful feature
selection and classifier design, acoustic-only models could effectively detect
mispronunciations in a resource-efficient manner, even in the absence of
detailed linguistic annotations. This reinforces the idea that low-level acoustic
representations, when paired with statistical classifiers, can provide scalable
and lightweight solutions for pronunciation assessment in computer-assisted
language learning environments.

Further demonstrating the pedagogical applicability of acoustic-based
modeling, C.H. Lee and Hsieh (2017) examined an ASR-driven pronunciation
learning system integrated into an L2 classroom setting. Their study found that
learners who practiced with automatic speech recognition feedback achieved
significant gains in segmental accuracy compared with those receiving tradi-
tional instruction. Because the system evaluated pronunciation solely from
acoustic recognition scores, it exemplifies how low-level signal features can
effectively support formative assessment in CALL environments without rely-
ing on detailed phonetic labeling or linguistic modeling. This integration of
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acoustic scoring within a pedagogical framework highlight how ASR-based sys-
tems can bridge the gap between automatic detection and meaningful learner
improvement.

The effectiveness of acoustic-only approaches highlights the central role of
feature representation in pronunciation error detection, demonstrating that
even without linguistic supervision, carefully selected acoustic features such
as MFCCs, pitch, and energy can capture meaningful deviations from native-
like pronunciation. These methods are particularly valued for their scalability,
simplicity, and minimal reliance on annotated data, making them well-suited
for mobile learning, early-stage assessment, and low-resource environments.
However, these benefits often come at the cost of limited interpretability and
diagnostic power. Without phoneme-level alignment or symbolic representa-
tions, acoustic-only systems typically provide binary or coarse feedback, mak-
ing it difficult to localize specific pronunciation errors or offer detailed correc-
tion guidance. Additionally, while some models require substantial training
data or native reference utterances, others may struggle to generalize across
diverse speakers or accents. Thus, while acoustic-only methods offer practical
and resource-efficient solutions, their effectiveness in pedagogical contexts
may be constrained by their inability to deliver fine-grained, interpretable
feedback.

Table 1. Summary of acoustic-based PED approaches

Modeling
Study Features technique Strengths Limitations
Chhabra et Frame-level SVM classifier Simple design, no Minimal interpretability,
al. (2023) MFCCs phoneme alignment binary feedback.
needed.
Shahinand  MFCCs, Unsupervised Works without labeled Hard to localize specific
Ahmed energy anomaly non-native data, good errors, and there is
(2019) detection for low-resource settings. limited feedback.
Barteldset  MFCC- Time-aligned Continuous scoringand  Requires native
al. (2020) derived acoustic useful for incremental reference utterances.
distance similarity improvement.
measures
Byun and Frame- SVM Lightweight, minimal Low interpretability, no
van der level MFCC  classification linguistic resources. specific phoneme-level
Haar (2019) vectors diagnostics.
Hu et al. MFCCs, PLPs DNNs Learns rich features; Requires substantial
(2015) outperforms GMM training data, no explicit
baselines. alignment for error
localization
C.H. Lee and Acoustic ASR Demonstrated Limited interpretability
Hsieh (2017) recognition  integrated significant learner gains  of feedback; system
scores into a in segmental accuracy, performance depends
(ASR-based  pronunciation scalable for CALL on ASR accuracy and
features) learning applications without robustness to accented
system detailed phonetic speech.

annotation.
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Acoustic-phonetic features-based PED

Acoustic-phonetic approaches in PED combine low-level acoustic analysis with
phonetic knowledge to identify and diagnose mispronunciations. These sys-
tems go beyond simple signal processing by aligning acoustic features with
expected phonological targets, most often at the phoneme level, allowing for
detailed comparisons between learner speech and native speaker models. By
interpreting acoustic features such as formants, MFCCs, energy, and pitch
through a phonetic lens, these methods can provide fine-grained articulatory
feedback and more interpretable diagnostic information than purely acoustic
models. Within a feature-based taxonomy, acoustic-phonetic systems represent
a critical middle ground, offering a balance between raw signal processing and
symbolic linguistic representation.

An early CALL-oriented example of this integration is provided by Hincks
(2003), who demonstrated how speech technologies could visualize learners’
pitch, energy, and timing contours to deliver feedback on prosody and into-
nation. Conducted within a pronunciation training environment, this work
illustrates how acoustic-phonetic analysis can translate directly into pedagogi-
cally useful feedback, linking measurable acoustic cues with communicatively
relevant aspects of speech such as stress and rhythm. Hincks’s findings estab-
lished a foundation for subsequent research that sought to combine phonetic
accuracy with real-time, interpretable feedback in CAPT.

One of the earliest acoustic-phonetic approaches in this domain was intro-
duced by Eskenazi (1999), who applied Automatic Speech Recognition (ASR)
techniques to detect pronunciation errors in non-native English learners. Her
system used forced alignment to map learner speech onto native speaker pho-
neme models and extracted acoustic likelihood scores to evaluate deviations.
Although the system operated on signal-derived features, the analysis was con-
ducted at the phoneme level, which reflects a clear integration of acoustic and
phonetic information. This early work laid the groundwork for phoneme-level
scoring by showing that forced-alignment-based likelihoods could reveal subtle
mispronunciations, though its accuracy depended heavily on the quality of the
ASR system and the robustness of phoneme models.

Building on this foundation, Witt and Young (2000) introduced the now
widely adopted Goodness of Pronunciation (GOP) score, a likelihood-based met-
ric for evaluating phoneme-level pronunciation quality. The GOP score is cal-
culated as the log-likelihood of the observed acoustic feature sequence Ogiven
the canonical phonemep,subtracted by the average log-likelihood across a set
Q competing phonemes:

qeQ

Where P(p)is the likelihood of the observed features for the target phoneme,
and P(q) represents the likelihoods for N alternative phonemes in the set Q. A
higher GOP score indicates a closer match between the learner’s pronunciation
and the native model for the expected phoneme. This method operates directly
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on acoustic models, typically Hidden Markov Models (HMMs), but interprets
the resulting scores through a phonemic lens, making it a prototypical example
of acoustic-phonetic feature integration. The GOP framework demonstrated
how carefully engineered features, aligned with phonetic expectations, could
produce interpretable scalar scores that correlate strongly with expert human
assessments, thereby laying the groundwork for many subsequent systems in
pronunciation scoring.

To enhance modeling robustness, Qian et al. (2012) proposed a hybrid
Deep Belief Network-Hidden Markov Model (DBN-HMM) framework for mis-
pronunciation detection. This system incorporated acoustic features such as
MFCCs and Perceptual Linear Predictions (PLPs) but enriched their represen-
tational power through unsupervised pretraining and deep architectures. The
phoneme-level output remained central to the system, allowing it to map raw
features onto articulatory targets while improving resilience to acoustic vari-
ability and speaker diversity. This shift from shallow statistical models to deep
neural representations illustrated how improved feature encoding could lead
to more accurate phonetic interpretation without sacrificing interpretability.

Similarly, Lee and Glass (2015) advanced this paradigm by proposing a sys-
tem that identifies mispronunciations without requiring annotated non-native
speech data. Their GMM-HMM-based approach analyzes pronunciation con-
sistency and error patterns using Extended Recognition Networks (ERNs) and
speaker adaptation. Importantly, while their model processes acoustic features
such as MFCCs, it interprets them through phoneme-level templates, retaining
the acoustic-phonetic nature of the system. The model’s capacity to iteratively
refine phoneme-level error candidates without non-native supervision dem-
onstrated how leveraging acoustic-phonetic features could enhance scalability
and adaptability across learning contexts.

In parallel to these foundational systems, several other studies have explored
the use of discriminative acoustic-phonetic features to detect phoneme-specific
mispronunciations. For example, Truong et al. (2004) focused on detecting com-
mon errors among Dutch L2 learners by designing features informed by pho-
netic theory, such as formant trajectories and rate of rise, targeted toward pho-
nemes with known substitution patterns. Their results underscored how the
selection of features aligned with phonological distinctions could significantly
improve classification accuracy and diagnostic clarity.

An important comparative study by Strik et al. (2009) evaluated the effec-
tiveness of different classification approaches for detecting 1.2 mispronuncia-
tions, particularly the substitution of the Dutch velar fricative /x/ with the velar
plosive /k/. The authors tested four models: two based on acoustic-phonetic fea-
tures with Linear Discriminant Analysis (LDA), one using MFCCs with LDA, and
a confidence-based model employing the GOP score. Their results showed that
the acoustic-phonetic classifier with LDA achieved the highest accuracy of up
to 93%, significantly outperforming the GOP-based model. These findings high-
light the advantage of incorporating phonetic knowledge into feature selection
and classification, enabling more precise identification of specific articulatory
errors that may not be detectable through generic confidence measures alone.
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Recent work has also extended acoustic-phonetic approaches using neural
architectures. Jenne and Vu (2019) introduced a neural-based approach for
pronunciation error detection that incorporates both acoustic and phonetic
information. Their system processes aligned learner speech using MFCC vec-
tors and spectrogram images to predict phoneme-level labels, which are then
compared against expected outputs to generate corrective feedback. The archi-
tecture demonstrates how combining different acoustic representations with
phonetic interpretation can enhance error detection accuracy while support-
ing more targeted feedback. This approach exemplifies the acoustic-phonetic
feature category, where signal-level data is interpreted through phonological
categories for improved diagnostic value.

In the realm of end-to-end modeling, Yan and Chen (2021) explored a fully
end-to-end neural model for mispronunciation detection and diagnosis that pro-
cesses learners’ speech directly from raw waveforms. Their model employed
the SincNet module, which utilizes learnable bandpass filters to convert raw
waveforms into suitable vector representations. This approach retained more
acoustic phenomena compared to conventional handcrafted features, poten-
tially aiding neural networks in discovering more customized representations.
Experiments conducted on the L2-ARCTIC dataset demonstrated that the model
achieved performance comparable to state-of-the-art models using standard
handcrafted acoustic features, with notable improvements in phone error rate
and diagnosis accuracy.

Do et al. (2024) proposed an acoustic feature mix-up strategy designed to
improve pronunciation assessment performance under data scarcity and label
imbalance. Their method introduces both linear and nonlinear mixup tech-
niques applied to acoustic representations, specifically those based on GOP
scores. In addition to these augmentation methods, they incorporate fine-
grained phonetic error-rate features by comparing automatic speech recogni-
tion outputs with reference phoneme sequences, allowing the model to cap-
ture detailed mispronunciation patterns. While the mixup strategy primarily
enhances the robustness of acoustic modeling, the integration of phoneme-
level error analysis introduces a phonetic dimension to the system’s feedback
and scoring mechanisms. This work demonstrates how acoustic and phonetic
information can be jointly leveraged to improve the accuracy and generaliza-
tion of pronunciation error detection systems, particularly in resource-con-
strained learning environments.

Acoustic-phonetic approaches occupy a vital middle ground in pronuncia-
tion error detection by combining low-level acoustic features with phoneme-
level phonetic knowledge, enabling more interpretable, diagnostic feedback
than purely acoustic methods. These systems leverage forced alignment, like-
lihood-based scoring, and phoneme-level classifiers to map learner speech to
native-like articulatory targets, offering fine-grained assessments that corre-
late well with human ratings. Their strengths lie in their ability to provide
localized, phoneme-specific feedback and to incorporate phonetic theory into
feature design, improving detection of substitution errors and articulatory
deviations. However, these benefits often come with increased complexity,
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including dependence on accurate ASR alignment, labeled phoneme data, and
more computationally intensive models. Additionally, while many models
offer strong phoneme-level insights, they may fall short in handling prosodic
or suprasegmental features, and their effectiveness can be sensitive to speaker
variation, accent coverage, and resource availability. Despite these challenges,
the structured interpretability and diagnostic precision of acoustic-phonetic
systems make them indispensable for learner-aware, pedagogically meaning-
ful pronunciation assessment tools.

Table 2. Summary of acoustic-phonetic based PED approaches

Modeling
Study Features technique Strengths Limitations
Hincks  Pitch, energy, and Speech Provided Limited to prosodic

interpretable
feedback on stress

aspects; lacks
segmental error

(2003) timing contours  technology-

based prosody

visualization and  and intonation. detection.
feedback
Eskenazi MFCCs + forced ASR-based Early phoneme-level Dependent on ASR

(1999) alignment

Witt and Acoustic features
Young - phoneme (GOP)

(2000)

Qian MFCCs, PLPs

etal. + phoneme
(2012) alignment

Leeand MFCCs with

Glass phoneme-level

(2015) templates

Do etal. GOP scores +
(2024) phonetic error-

forced alignment,
likelihood scoring

HMM-based
alignment +
Goodness of
Pronunciation

Deep Belief
Network-HMM
hybrid

GMM-HMM, ERNs

Acoustic mixup
+ fine-grained

scoring, interpretable
feedback.

Well-established
baseline, correlates
with human ratings.

More accurate than
GMM-HMM and
robust to variability.

Iterative refinement
without labeled non-
native data.

Works with limited
data, detailed

performance, limited
accent coverage.

Relies on robust
HMMs may miss
prosodic errors.

Complex training
and requires labeled
phoneme data.

Must rely on reliable
alignment, limited
prosodic handling.

Complex
augmentation

rate features phoneme-level phonetic feedback. strategy, sensitive to
analysis alignment errors.
Truong  Symbolic Phonetic theory Targets known Depends on expert
etal. phoneme-level Informed problematic phones  rules, may not handle

(2004) representations

classification

and improves

detection of L2 errors.

new/unknown errors.

Strik Phoneme LDA with Combines acoustic & Requires forced

etal. sequences + confidence symbolic info, high alignment, lacks

(2009)  GOP-based measures accuracy for known  prosodic/intonation
confidence errors. coverage.

Jenne MFCCs + CNN-based Fuses multiple Requires aligned

andVu  spectrograms spectrogram + acoustic views and data and complex

(2019) - phoneme labels MFCC integration  enables phoneme- architecture.

level diagnosis.

Custom feature
learning and
improved error
diagnosis accuracy.

Yanand Raw waveforms + End-to-end
Chen learned SincNet  SincNet + CNN
(2021) filters

Requires substantial
data and black-box
interpretability.
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Linguistic features-based PED

Linguistic-based approaches to PED operate primarily on symbolic representa-
tions of speech, such as phoneme sequences, syllable structures, and rule-based
transcription systems. These methods emphasize the role of language-specific
knowledge and phonological structure in identifying and explaining learner
errors. Rather than focusing on low-level acoustic signals, linguistic-based sys-
tems derive features from phoneme-level outputs, often generated by an ASR
system, and compare them to canonical transcriptions to detect deviations. By
incorporating linguistic theories of segmental and suprasegmental contrast,
phonological transfer, and common L1-L.2 mismatches, these systems offer a
more interpretable and pedagogically aligned framework for diagnosing pro-
nunciation errors. Importantly, the strength of this category lies in its ability to
abstract away from acoustic variability and instead highlight recurrent, rule-
governed patterns of mispronunciation that are often overlooked by acoustic
or statistical models.

One early contribution to this domain was made by Menzel et al. (2000), who
developed a constraint-based diagnosis system that performs automatic detec-
tion and correction of non-native English pronunciations. The system relies on
symbolic representations derived from phoneme recognition and applies a set
of predefined linguistic rules to detect deviations from canonical transcriptions.
Rather than using acoustic scores or probabilistic models, the approach inter-
prets learner input through a symbolic lens, identifying insertions, deletions,
and substitutions in the phoneme string. By focusing on linguistic structure
and error patterns, the system provides learners with intelligible, rule-based
feedback that is pedagogically aligned and free from the opacity of black-box
acoustic models.

Building on the role of cross-linguistic influence in pronunciation learning,
Helen Meng et al. (2007) proposed a framework to derive salient pronunciation
errors in Cantonese-speaking learners of English through symbolic phoneme-
level analysis. Their approach compares phoneme sequences generated by an
ASR system with canonical English transcriptions, highlighting frequent seg-
mental substitutions based on predicted L1-L2 phonological contrasts. These
contrasts are embedded in an extended pronunciation lexicon, which encodes
likely mispronunciations informed by phonological distance and transfer pat-
terns. The analysis is conducted at the symbolic level by evaluating frequency-
driven error patterns across multiple instances, allowing researchers to isolate
and interpret systematic learner errors without resorting to acoustic feature
modeling.

Further examining the role of linguistic structure in pronunciation learn-
ing, Neri et al. (2006) evaluated an ASR-based CAPT system designed to provide
feedback on problematic Dutch phonemes for non-native speakers. While the
system uses ASR to transcribe learner input, the feedback mechanism operates
by comparing the output against target phoneme sequences and predefined
linguistic criteria. The study demonstrates that segmental pronunciation errors
can be effectively addressed using structured linguistic feedback, confirming
that symbolic comparison at the phoneme level, rather than acoustic modeling
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alone, can yield pedagogically meaningful interventions. Their findings sug-
gest that phonological knowledge, when explicitly encoded into feedback sys-
tems, contributes significantly to pronunciation improvement among language
learners.

Recent CALL-focused research reinforces the pedagogical importance of
linguistic and symbolic feedback in pronunciation training. Yonesaka (2017)
examined learner perceptions of peer pronunciation feedback using the
online P-Check platform, showing that structured phoneme-level compari-
sons increased learners’ awareness of pronunciation strengths and weak-
nesses. Their findings indicate that explicitly presenting linguistic representa-
tions, such as phoneme transcriptions or categorized error types enhances both
learner engagement and understanding in computer-assisted pronunciation
contexts. These results highlight that learners benefit not only from acoustic
feedback but also from interpretable, rule-based cues that help them connect
performance outcomes to specific linguistic targets.

In addition, Amrate & Tsai (2024) conducted a systematic review of com-
puter-assisted pronunciation training studies and reported that systems
incorporating rule-based or linguistically grounded feedback promote deeper
learner reflection and more sustained improvement than those relying solely
on acoustic scoring. Their analysis underscores a growing trend in CALL
research toward integrating explicit linguistic information, such as phonologi-
calrules or cross-linguistic contrast patterns into pronunciation error detection
and feedback mechanisms. Collectively, these studies demonstrate that linguis-
tic-based PED systems align closely with CALL’s instructional goals by providing
feedback that is both pedagogically meaningful and cognitively interpretable
for learners.

Overall, linguistic-based PED systems demonstrate that symbolic feature
representations grounded in phonological theory can serve as a powerful tool
for interpreting learner speech. These approaches excel at capturing system-
atic pronunciation patterns influenced by a learner’s L1 and are well-suited
for generating structured, intelligible feedback that aligns with instructional
goals. While they may not match the granularity of acoustic-based methods
in scoring subtle articulatory deviations, their strength lies in error interpret-
ability, pedagogical clarity, and cross-linguistic insight. However, these systems
often depend heavily on the accuracy of ASR-generated transcriptions, which
can introduce noise and misinterpretation into symbolic analyses. Additionally,
their limited capacity to capture prosodic or fine-grained articulatory features
may reduce their sensitivity to more nuanced errors in learner speech. Within
a feature-based taxonomy, linguistic approaches remind us that the quality of a
system’s output is often shaped not only by data or modeling technique but by
how well the input features reflect the linguistic realities of second language
acquisition.
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Table 3. Summary of linguistic-based PED approaches

Modeling
Study Features technique Strengths Limitations
Menzel et Phoneme Constraint- Rule-based, Dependent on
al. (2000)  sequences, based diagnosis interpretable, and ASR accuracy, may
symbolic rules identifies insertions/ overlook subtle
deletion. acoustic cues.
Helen ASR-derived Comparison Models L1-L2 contrasts, Relies on robust
Meng et phoneme with canonical  systematic detection of ASR and limited
al. (2007) sequences, forms substitutions. suprasegmental
extended analysis.
pronunciation
lexicon
Nerietal. ASR-generated Edit-distance Structured feedback at  Vulnerable to
(2006) phoneme scoring, phoneme level, useful  misrecognition,
sequences symbolic error  in classrooms. minimal prosodic
rules handling.
Yonesaka Phoneme- Online peer Increased learner Dependent on peer
(2017) level symbolic pronunciation  awareness of input quality, limited
feedback via feedback pronunciation strengths automation.
P-Check system and weaknesses.

Hybrid feature-based PED

Hybrid approaches in PED have emerged as a dominant trend in recent
research, where systems integrate acoustic, phonetic, and linguistic features
to capitalize on the strengths of each modality. These approaches have demon-
strated considerable improvements in both detection accuracy and diagnostic
interpretability, particularly in handling diverse learner pronunciations and
varied speech conditions. Most contemporary studies now adopt some form of
multi-feature integration, whether through architectural fusion, joint optimiza-
tion, or layered supervision, reflecting a broader shift away from isolated fea-
ture pipelines. Deep learning frameworks, especially end-to-end models, have
further accelerated this trend by enabling the seamless incorporation of het-
erogeneous features while minimizing dependence on manually engineered
preprocessing.

Early efforts toward this integration can be seen in Zhang et al. (2020), who
proposed an integrated framework that brings together traditional acoustic
modeling and classification components for pronunciation error detection. The
system is composed of both offline and online processing stages. During the
online phase, learner speech is passed through a feature extraction module
followed by forced alignment and a series of confidence scoring techniques
such as GOP, Log-Likelihood Ratio (LLR), and Log-Posterior Probability (LPP).
These scores are then classified to determine whether a segment is correct or
contains a mispronunciation. This architecture reflects a hybrid design as it
incorporates both signal-level acoustic features and phoneme-level confidence
measures while leveraging expert scoring databases and classification mod-
els trained offline. It highlights the evolution from simple forced-alignment
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systems to more comprehensive pipelines that combine data-driven acoustic
processing with linguistically informed evaluation metrics.

Building on this, Lo et al. (2020) introduced an end-to-end mispronunciation
detection system that eliminates the need for phoneme-level forced alignment.
Their architecture combines convolutional and recurrent layers with an atten-
tion mechanism to learn error patterns directly from raw waveforms. Although
primarily signal-driven, the model implicitly captures phonetic information
through the temporal patterns it encodes, making it a functional hybrid despite
not relying on hand-engineered phonetic features.

To mitigate the challenges posed by limited labeled data from L2 learners,
Lo et al. (2021) proposed two augmentation strategies that enhance the dis-
crimination capability of end-to-end mispronunciation detection models. Their
input augmentation strategy distills phonetic discrimination knowledge from a
Deep Neural Network Hidden Markov (DNN-HMM) acoustic model, effectively
enriching the system with phonetic insights derived from supervised acoustic
modeling. Simultaneously, the label augmentation strategy captures linguistic
and phonological patterns from training transcripts, embedding structured
symbolic information into the model’s learning process. While the architec-
ture remains end-to-end, these augmentations implicitly incorporate acoustic,
phonetic, and linguistic representations, yielding improved robustness against
overfitting in low-resource settings.

In a similar way, Chilaka (2022) developed an end-to-end mispronunciation
detection system tailored for L2 English learners, which utilizes acoustic fea-
tures extracted via convolutional and recurrent layers alongside linguistic-level
supervision through attention-based decoders. The model integrates a CTC loss
to align speech segments with expected output sequences and employs an atten-
tion mechanism over either character or phoneme-level units, enabling the sys-
tem to capture structured linguistic patterns from learner speech. By incorpo-
rating both signal-level representations and symbolic transcriptions, the model
demonstrates improved performance in detecting segmental pronunciation
errors such as substitutions, insertions, and deletions, offering a more inter-
pretable framework than systems relying solely on acoustic modeling.

Recently, Anwar et al. (2022) proposed a non-autoregressive end-to-end
model for pronunciation error detection that focuses on improving inference
efficiency while maintaining accuracy. The architecture consists of two comple-
mentary components: a dictation model, which generates token sequences from
speech using acoustic features, and a pronunciation model, which evaluates
the correspondence between these outputs and annotated phoneme sequences.
By separating generation and verification, the model reduces sequential depen-
dencies during decoding, allowing for parallelized inference. Importantly, the
approach combines low-level acoustic signal processing with symbolic linguis-
tic supervision, enabling the detection of pronunciation errors through both
waveform-derived representations and structured phonetic comparisons. This
design supports fast, interpretable error detection, suitable for real-time appli-
cations in second-language learning contexts.

Shahin et al. (2023) approached hybrid modeling from a phonological
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standpoint by leveraging the wav2vec2 encoder to extract robust acoustic
features and map them onto multi-label phonological categories. Their sys-
tem uses a multi-label CTC loss to classify segments in terms of voicing, place,
and manner of articulation, offering fine-grained diagnostic capabilities. The
integration of self-supervised pretraining and structured phonological out-
put bridges the gap between deep acoustic modeling and rule-based linguistic
interpretation.

Another notable development is the APL (Acoustic, Phonetic, Linguistic)
embedding framework proposed by Ye et al. (2022). This model explicitly
incorporates three distinct feature types: MFCC-based acoustic vectors, articu-
latory-phonetic descriptors, and linguistic embeddings derived from phoneme
sequences. By aligning and combining these modalities, the system achieves
state-of-the-art performance in both detection and diagnosis, with output rep-
resentations that reflect both physical articulation and phonemic identity. The
APL approach exemplifies hybrid philosophy by formalizing the interaction
between diverse feature domains.

Extending this line of work into pedagogical applications, Elsayed and
Hahn-Powell (2025) developed a CAPT system that integrates acoustic, phonetic,
and linguistic representations to provide explicit corrective feedback on learn-
ers’ grammatical and phonological performance. Built on a fine-tuned ASR
backbone, their framework fuses waveform-derived embeddings with sym-
bolic linguistic cues to identify both segmental and suprasegmental deviations.
Evaluations in classroom contexts demonstrated significant gains in pronun-
ciation accuracy and learner engagement, underscoring the pedagogical value
of hybrid architectures that connect low-level acoustic modeling with linguisti-
cally interpretable feedback.

Finally, Zhu et al. (2023) advanced this direction by proposing a feature
fusion architecture that uses attention mechanisms to learn the interdepen-
dencies among acoustic, phonetic, and linguistic cues. Trained on corpora such
as TIMIT and L2-ARCTIC, their model dynamically weights different modali-
ties based on context, allowing it to adaptively prioritize relevant features for
each utterance. This flexibility not only improves accuracy but also enhances
generalization to diverse speaker profiles and error types.

The growing prevalence of hybrid approaches in pronunciation error detec-
tion reflects a strategic convergence of strengths drawn from acoustic, phonetic,
and linguistic representations. These systems demonstrate that combining sig-
nal-level precision with symbolic interpretability can significantly enhance
both detection accuracy and pedagogical relevance. By fusing multiple feature
types, whether through end-to-end architectures, attention-based fusion, or
augmentation strategies, hybrid models can capture nuanced pronunciation
deviations while preserving the structured feedback necessary for learner
improvement. However, this complexity often introduces challenges in train-
ing and deployment, such as the need for large, annotated datasets, increased
computational demands, and difficulties in interpreting the internal mechanics
of deep models. Some architectures may obscure the traceability of feedback
or rely heavily on phoneme alignment and transcript quality, making them
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sensitive to upstream recognition errors. Despite these constraints, hybrid
models stand out for their adaptability and comprehensive scope, offering a
compelling framework for future PED systems that aim to balance technical

performance with educational effectiveness.

Table 4. Summary of hybrid PED approaches

Modeling
Study Features technique Strengths Limitations
Zhang et al. Acoustic features  Hybrid CTC/ Multiple scoring Multi-stage
(2020) +forced alignment attention with methods, pipeline, higher
+ confidence offline classifier phoneme-level computational
scores feedback. load.
Lo et al. (2020) Raw waveforms End-to-end Avoids explicit Feedback can
+ latent phonetic ~ CNN-RNN with alignment, learns  be opaque,
info attention error patterns data-hungry

directly.

Lo et al. (2021) Acoustic features End-to-end model Combines Complex training, %
+ knowledge with label/input phonetic info with  tough to interpret ]
distillation from augmentation E2E approach, intermediate ;
DNN-HMM robust in low- states. &

resource setups. >

Chilaka (2022) CTC + acoustic CTC-attention Captures Requires g
features + hybrid with structured errors, alignment E‘_:
phoneme/ linguistic Interpretable. or transcript <
character supervision supervision, @
attention moderate :

complexity. "2‘

Ye et al. (2022) MFCC, APL fusion Multi-level cues, Requires multiple g
articulatory- detailed detection feature streams .,9<’
phonetic, linguistic & diagnosis. and higher system g
embeddings complexity 93

Shahinetal.  Self-supervised Multi-label CTC Fine-grained Extended training py

(2023) wav2vec2 + classification phonological time and CTC Q
phonological feedback is robust constraints limit <
categories under noisy flexible feedback. g_

conditions. Q

Anwar et al. Acoustic features  Non- Fast inference, Needs quality 3

(2022) + phoneme autoregressive symbolic phoneme >
supervision dual model and acoustic annotations; °

comparison, assumes fixed 9
scalable. tokenization. S

Elsayed & Acoustic, phonetic, ASR-based CAPT  Provided explicit ~ Requires extensive E

Hahn-Powell  and linguistic system with corrective model training. o

(2025) representations multimodal feedback. 3

feature fusion 5
<)

Zhu et al. Acoustic, phonetic, Attention-based Context-aware Training intensive, S

(2023) and linguistic cues fusion network fusion, high black box feature g
+ attention fusion generalization, interaction o

adaptable. =
S
Q.
o
2
g.
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Comparative analysis of feature-based PED aapproaches

Table 5. Comparative summary of feature-based PED approaches

Features Modeling

Aspect used techniques Evaluation Practical use

Acoustic- Frame-level SVMs, DNNSs, Evaluated via Easy to scale and runin

based MFCCs, PLPs,  anomaly acoustic similarity real-time, suitable for
pitch, energy, detection, measures. mobile or low-resource
spectrograms, CNN- RNN settings. Good for initial
or raw architectures screening and beginner
waveforms. using raw/frame- practice, but it provides

level features. limited detailed feedback.

Acoustic Acoustic GMM-HMM, GOP score, PER,  Requires annotated

Phonetic features LDA, DBN-HMM, and phoneme- corpora; sensitive to noise
aligned with posterior-based  level accuracy for but provides phoneme-
phoneme-level scoring systems. evaluation. level error info. Helpful in
units. mid-level CAPT, offering

targeted articulatory
support; needs careful
setup for forced
alignment.

Linguistic- ~ Phoneme/ ASR comparison, Typically uses Highly interpretable

based word edit distance, edit distance, errors but depends on
sequences, rule-based match rate, and  robust speech recognition.
stress patterns, approaches, symbolic scoring. Generally used in offline/
symbolic rules, template classroom contexts for
extended matching. structured curricula
pronunciation and phonological error
lexicons. analysis.

Hybrid Combines CTC-attention mispronunciation High resource demands
acoustic, hybrids, F1, PER, but yields in-depth, multi-
phonetic, and  transformer alignment level feedback. Ideal
linguistic cues. encoders, multi-  accuracy. for adaptive tutoring,

task learning, personalized feedback,

wavavecz2, and real-time Al-driven
feature fusion platforms.
networks.

Discussion and future directions

This survey demonstrates that how a system represents, and processes learner
speech fundamentally shapes its overall performance and educational impact
in PED. Many methods emphasize raw signal-level data, leveraging standard
classifiers or DNNs to analyze features such as frequency distributions, energy,
or spectral patterns. These models often show promising speed and scalability,
making them a popular choice for real-time or mobile applications with lim-
ited resources. Studies using purely signal-driven architectures have indeed
achieved efficient mispronunciation screening (Byun & van der Haar, 2019;
Chhabra et al,, 2023), but the feedback they provide is typically numeric or
binary. As a result, learners may not understand which phoneme or prosodic
cue caused an error, limiting the system’s instructional value.

In contrast, some approaches link the acoustic stream to more explicit

The

JALT CALL
Journal
vol. 21 no.3

uo119319p uonepunuoidsiw 01 saydeoidde paseq-ainieaq :euekeuedlld 13 eAijeanyly ‘equessiN

Y
>



phoneme-level cues or articulatory labels, allowing finer-grained error local-
ization. By incorporating alignment scores, posterior probabilities, or articula-
tory indicators like formant paths, these systems can yield feedback that cor-
relates closely with expert judgments (Witt & Young, 2000; Jenne & Vu, 2019;
Qian et al.,, 2012). Recent methods employ spectrogram-based CNNs, augmen-
tation techniques such as mixup, or direct waveform modeling to improve
resilience to noise and speaker variability (Yan & Chen, 2021; Do et al., 2024).
However, these alignment-heavy solutions can be sensitive to transcription
errors and often require well-annotated corpora for training. While they offer
substantial pedagogical benefits, specifically by pointing out which phoneme
is mispronounced, they may be less adaptable to under-resourced languages
or spontaneous, accented speech.

Still linguistic methods rely on rule-based symbolic representations, focus-
ing on the linguistic structure of L2 speech. By analyzing phoneme sequences,
syllable boundaries, or stress patterns, such systems employ edit-distance or
confusion-based scoring to detect systematic deviations rooted in learners’ first
languages. This symbolic feedback can be highly interpretable: learners see
clear rules for substitutions or deletions (Menzel et al., 2000; Helen Meng et al.,
2007). Yet, accurate alignment and recognition remain prerequisites, and subtle
articulatory deviations or prosodic cues may be overlooked if they do not mani-
fest as discrete phoneme mismatches. Moreover, any noise or accent shifts in
the learner’s production can reduce the reliability of symbolic detection.

Increasingly, researchers combine multiple streams — acoustic, phonetic,
and linguistic- within unified frameworks. These “hybrid” models harness
the efficiency of raw acoustic analyses while also offering phoneme-level or
symbolic detail. Advanced architectures, such as CTC-attention hybrids, trans-
former encoders, and self-supervised representations such as wav2vec2, can
simultaneously interpret raw waveforms, phoneme posteriors, and symbolic
sequences (Chilaka, 2022; Ye et al., 2022; Shahin et al., 2023). This comprehen-
sive approach supports multi-level feedback that pinpoints errors in terms of
specific articulatory movements or phoneme substitutions. However, these
models can require large amounts of training data and significant computa-
tional power, making them less feasible for purely offline or lower-resource
environments.

Despite notable progress across these different design choices, unresolved
questions persist. Many systems still rely on phone error rate or likelihood-
based scores that may not capture overall communicative success or educa-
tional improvement. Researchers are beginning to propose new metrics that
incorporate pedagogical needs while also addressing cross-linguistic variability
and learner diversity. In parallel, self-supervised learning has gained traction,
as pretraining on massive unlabeled corpora can reduce dependence on scarce
annotated data (Shahin et al., 2023). Multimodal approaches that include visual
or textual cues can further illuminate articulatory targets, enhancing learner
comprehension and motivation.

From a CALL perspective, the effectiveness of PED systems depends not only
on detection accuracy but also on how feedback supports learning. Studies
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show that explicit, interpretable feedback enhances learner engagement and
improvement, suggesting that feature-based PED models should integrate ped-
agogical design with technological precision (Amrate & Tsai, 2024; Elsayed &
Hahn-Powell, 2025).

Ultimately, no single approach excels at all dimensions of speed, inter-
pretability, language adaptability, and real-time feedback without trade-offs.
Systems relying primarily on raw signal-level data excel at efficiency but offer
limited instructional guidance, whereas symbolic or hybrid models provide
deeper insights but require extensive annotation, computational resources,
or robust alignment. Future work will likely focus on bridging these gaps by
developing data-efficient architectures, adaptive feedback loops, and evalua-
tion frameworks that reflect authentic improvements in learner pronunciation.
By addressing these challenges collaboratively and drawing on insights from
speech technology, applied linguistics, and pedagogy, next-generation PED
systems could become more accessible, intelligible, and effective for learners
worldwide.

Conclusion

This survey presented a feature-centric taxonomy of PED systems, empha-
sizing how input representations acoustic, acoustic-phonetic, linguistic, and
hybrid profoundly influence diagnostic precision, interpretability, and real-
world applicability. Each category offers distinct benefits, from the scalability
of purely acoustic approaches to the granular feedback of acoustic-phonetic
methods, the symbolic clarity of linguistic-based models, and the comprehen-
sive insights afforded by hybrid systems. Yet, each also poses trade-offs in
terms of resource requirements, generalizability, and the depth of corrective
feedback.

A key lesson is that effective PED extends beyond mere detection accuracy.
Systems must provide actionable, learner-centered feedback and adapt to vary-
ing linguistic backgrounds and proficiency levels. Promising advances in self-
supervised learning and multi-modal integration show potential for improving
robustness and personalization. With sustained collaboration between educa-
tors and technologists, future PED solutions can better balance efficiency, inter-
pretability, and pedagogical impact, ultimately enhancing second language pro-
nunciation acquisition.
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