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Abstract001

Vietnamese automatic speech recognition002
(ASR) remains challenging due to systematic003
dialectal variation across Northern, Central,004
and Southern regions, where identical lexical005
items often exhibit substantially different pro-006
nunciations. Most existing approaches address007
this variability primarily at the word level, re-008
lying on vocabularies that implicitly assume009
dialect-invariant mappings between orthogra-010
phy and pronunciation, which is linguistically011
inappropriate for Vietnamese. In this work, we012
propose a dialect-aware phonetic framework013
that explicitly models Vietnamese phonologi-014
cal structure and dialectal variation at both the015
vocabulary and decoding levels. We introduce016
a phonetic vocabulary that decomposes each017
syllable into structured phonetic components018
and maps them to dialect-specific IPA repre-019
sentations. Building on this representation, we020
design a phonetic-structure decoder that jointly021
predicts these components, enabling consistent022
and interpretable modeling. Experiments on023
the ViMD dataset demonstrate that the pro-024
posed approach consistently outperforms or025
matches strong pretrained baselines across di-026
alects, achieving a WER of 13.35%, a PER of027
8.45%, and dialect identification accuracy ex-028
ceeding 95%, while using fewer parameters and029
no external pretraining. We will release code030
and phonetic resources for experimental repro-031
ducibility upon the acceptance of this paper.032

1 Introduction033

Automatic Speech Recognition (ASR) for Viet-034

namese multi-dialect speech remains challenging035

due to the language’s extensive dialectal variation.036

Speakers across the Northern, Central, and South-037

ern regions exhibit systematic differences in pro-038

nunciation for the same lexical items, resulting in039

substantial acoustic-lexical mismatches (Phạm and040

McLeod, 2016; Nga et al., 2021; Dinh et al., 2024)041

(Figure 1). These mismatches often lead to de-042

graded performance, as current ASR systems as-043

thông tin
/thoŋ tin/

[thɤŋm tiɲ]

[thɤwŋm tin]

[thoŋ ti:n]

Northern dialect

Central dialect

Southern dialect

Figure 1: Examples of Vietnamese multi-dialect speech
variations.

sume stable mappings between acoustic features 044

and vocabulary units. 045

Prior work has primarily addressed dialectal 046

variation from the acoustic perspective, through 047

multi-task training (Elfeky et al., 2016; Dan et al., 048

2022), dialect-specific transfer learning (Ta et al., 049

2024; Suwanbandit et al., 2023), or multi-stage 050

training combined with augmentation techniques 051

that simulate pronunciation diversity (Park et al., 052

2019; Wang et al., 2023). While effective to some 053

degree, these approaches implicitly treat dialect dif- 054

ferences as variability to be normalized. Crucially, 055

these methods do not address a core limitation at 056

the vocabulary level: word-based and subword- 057

based tokenizers presuppose a dialect-invariant cor- 058

respondence between orthography and pronuncia- 059

tion. This assumption is particularly problematic 060

for Vietnamese, where dialect-specific phenomena 061

such as vowel shifts, coda neutralization, and tone 062

contour variation are systematic and phonetically 063

rule-based. 064

Vietnamese further motivates rethinking vocab- 065

ulary design. As a monosyllabic, tonal language, 066

each word corresponds to a structured combination 067

of an initial consonant, a rhyme, and a tone. These 068

components vary predictably across dialect families 069
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and encode distinctions that are essential for both070

human perception and machine recognition (Phạm071

and McLeod, 2016). Conventional Vietnamese072

ASR systems that operate on orthographic words073

or subwords overlook this structure, limiting their074

ability to generalize across dialects and exacerbat-075

ing data sparsity and alignment inconsistencies,076

particularly for low-resource dialects.077

In this work, we propose a dialect-aware pho-078

netic vocabulary representation for Vietnamese079

ASR, grounded in linguistic structure rather than080

surface orthography, explicitly encoding Viet-081

namese phonology and dialectal variation. Our082

method decomposes each syllable into linguisti-083

cally meaningful components, then maps them084

to dialect-specific International Phonetic Alpha-085

bet (IPA) patterns, yielding a compact and inter-086

pretable token set that represents systematic cross-087

dialectal differences. Beyond vocabulary design,088

we introduce a multi-token decoder that jointly pre-089

dicts the initial, rhyme, and tone of each syllable.090

Unlike conventional single-token auto-regressive091

decoders, our architecture leverages the internal092

structure of Vietnamese phonology to model cross-093

component dependencies, thereby improving pho-094

netic consistency, reducing ambiguity, and stabiliz-095

ing alignment during training. This paper makes096

three main contributions:097

1. We develop the first dialect-aware phonetic098

vocabulary for Vietnamese ASR that inte-099

grates linguistic structure with dialect-specific100

pronunciation patterns.101

2. We propose a structured multi-token decod-102

ing mechanism that describes syllable compo-103

nents jointly to enhance phonetic discrimina-104

tion and decoding stability.105

3. We demonstrate through extensive experi-106

ments that integrating dialectal phonetics at107

both the vocabulary and decoding levels sub-108

stantially improves word recognition accuracy,109

phonetic consistency, and vocabulary cov-110

erage compared with standard methods and111

strong pretrained models.112

2 Related Works113

Research on dialectal ASR has primarily focused114

on mitigating performance degradation caused by115

pronunciation variations. A prominent direction116

centers on multi-task and multi-model architectures117

that explicitly incorporate dialect labels during118

training. Multi-task learning frameworks jointly 119

optimize dialect classification and ASR to better 120

align dialect-sensitive acoustic cues with recogni- 121

tion objectives (Dan et al., 2022). Complemen- 122

tarily, systems equipped with dialect identification 123

modules route utterances to dialect-specific ASR 124

models, reducing cross-dialect interference through 125

specialized decoding paths (Elfeky et al., 2016). 126

While these methods effectively utilize dialect la- 127

bels, they typically require large-scale annotated 128

multi-dialect corpora and remain limited to model- 129

ing differences primarily at the acoustic level. 130

Another line of research addresses data scarcity 131

and adaptation challenges using transfer learning 132

or multi-stage training strategies. Models pre- 133

trained on high-resource standard-accent corpora 134

are fine-tuned on small dialectal datasets to im- 135

prove robustness (Ta et al., 2024; Suwanbandit 136

et al., 2023). More recent architectures, such as 137

Aformer, adopt progressive, multi-stage optimiza- 138

tion schedules to capture diverse acoustic patterns 139

(Wang et al., 2023). Mixture-of-Experts (MoE) 140

frameworks further enhance cross-dialect general- 141

ization by combining dialect-sensitive experts with 142

general experts under dynamic routing strategies 143

(Zhou et al., 2024). Despite their effectiveness, 144

these approaches largely conceptualize dialectal 145

variation as acoustic variability to be normalized or 146

compensated, thereby underexploiting the deeper 147

lexical and phonological structure. 148

For Vietnamese, research has increasingly fo- 149

cused on multi-dialect corpora (Tran et al., 2024; 150

Dinh et al., 2024), allowing systematic analysis 151

of pronunciation variation and syllable structure. 152

Resources such as ViMD (Dinh et al., 2024) pro- 153

vide valuable data for examining these linguistic 154

patterns and evaluating dialect-aware ASR models 155

at the provincial level. Nevertheless, most Viet- 156

namese ASR systems continue to operate on ortho- 157

graphic word or subword units (Nga et al., 2021). 158

Such units assume a dialect-invariant mapping be- 159

tween text and pronunciation, a problematic as- 160

sumption for Vietnamese, where systematic cross- 161

dialect phonological shifts are pervasive. As a re- 162

sult, the lexical and phonological levels remain 163

comparatively underexplored in Vietnamese ASR. 164

Overall, existing work predominantly addresses 165

dialect variation through acoustic modeling and 166

adaptation techniques. In contrast, vocabulary-level 167

modeling that explicitly captures dialect-dependent 168

phonological structure remains limited. This gap 169

directly motivates our approach: we introduce a 170
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Figure 2: Vietnamese syllable structure.

phonologically grounded, dialect-aware vocabulary171

representation and a structured decoding mecha-172

nism that jointly model syllable components, en-173

abling Vietnamese ASR systems to more faithfully174

represent, generalize across, and ultimately benefit175

from systematic dialectal variation.176

3 Preliminaries177

3.1 Vietnamese Syllable Structure178

Vietnamese syllables exhibit a highly regular struc-179

ture consisting of three core components: ini-180

tial, rhyme, and tone (Đoàn Thiện Thuật, 2016;181

Hạo, 1998). Phonetic studies further decompose182

the rhyme into glide, vowel, and final, where the183

vowel is mandatory, and the remaining compo-184

nents are optional (Đoàn Thiện Thuật, 2016; Hạo,185

1998). Consequently, the rhyme serves as the cen-186

tral carrier of phonological information in Viet-187

namese syllables. Linguistic (Giáp, 2008, 2011;188

Hạo, 1998) and natural language processing stud-189

ies (Hieu Nguyen et al., 2025) consistently char-190

acterize Vietnamese as a monosyllabic language,191

in which each word contains at most one sylla-192

ble. Coupled with its phonemic orthography and193

strong grapheme–phoneme correspondence, this194

property enables a straightforward alignment be-195

tween orthographic units and phonetic components.196

These characteristics form the basis of our pro-197

posed dialect-aware phonetic vocabulary, described198

in Section 4.1. In this work, phonemes are denoted199

using slashes, while dialect-specific phones are de-200

noted using square brackets. Figure 1 illustrates a201

valid example of dialectal variation.202

3.2 Phonetic Variation in Multi-Dialect203

Vietnamese at the Phone Level204

Multi-dialect variation in Vietnamese primarily205

manifests at the phonetic level rather than the word206

level. For example, a salient characteristic of the207

Northern dialect is the interaction between front208

vowels /i, e, E/ and velar consonants /k, N/. In209

Figure 3: Highest tongue positions of front vowels.

(a) (b)

Figure 4: Mouth configurations during production of
the voiced velar nasal [N] (a) and the voiceless velar
plosive [k] (b)

rhymes such as /iN, eN, EN, ik, ek, Ek/, front vow- 210

els require a high front tongue position (Figure 3), 211

while velar consonants require contact with the 212

velum (Figure 4), resulting in articulatory incom- 213

patibility. This incompatibility leads to vowel cen- 214

tralization (/i, e, E/ → [1, 9, 3]) and consonant 215

palatalization (/k, N/ → [c, ñ]), often accompa- 216

nied by a transitional glide [j]. These patterns re- 217

flect systematic, phone-level variation rather than 218

changes in lexical identity, providing strong mo- 219

tivation for phone-based modeling in Vietnamese 220

multi-dialect ASR. A detailed dialect-specific anal- 221

ysis is in Appendix C. 222

4 Methodology 223

Our goal is to develop a vocabulary representation 224

and decoding framework that explicitly encodes 225

Vietnamese phonological structure and dialectal 226

regularities. This section presents: (i) the construc- 227

tion of a dialect-aware phonetic vocabulary, (ii) a 228

structured multi-dialect transcript representation, 229

and (iii) a phonetic-structure decoder that jointly 230

predicts internal syllable components. 231

4.1 Dialect-aware Phonetic Vocabulary 232

Vietnamese syllables follow a regular phonolog- 233

ical template consisting of an initial consonant, 234

glide, vowel, coda, and tone. Because dialectal 235

variation systematically affects each of these com- 236

ponents, our vocabulary construction begins with a 237
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Figure 5: Pipeline for constructing a dialect-aware pho-
netic vocabulary for Vietnamese.

deterministic syllable parser that decomposes every238

orthographic word into these five constituent units.239

The parser enforces phonotactic constraints, in-240

cluding initial–vowel compatibility, coda admissi-241

bility, and some orthographic exceptions, ensuring242

that only phonotactically valid Vietnamese sylla-243

bles enter the vocabulary. Each component is then244

mapped to its canonical IPA representation via a245

Base Converter encoding the standard Vietnamese246

phonology. These IPA arrays serve as a dialect-247

invariant reference layer that abstracts away from248

orthographic inconsistencies (Figure 5).249

Dialect-specific regularities are flexibly inte-250

grated through a modular extension of the con-251

verter. A Dialectal Converter applies rule sets252

capturing systematic Northern, Central, and South-253

ern shifts, such as initial mergers (e.g., /v/→ [j]),254

vowel raising/lowering, diphthong simplification,255

and coda neutralization. A further Province Con-256

verter refines these transformations to model a few257

province-level sociophonetic differences. This hi-258

erarchical design allows fine-grained dialect mod-259

eling without entanglement with surface orthogra-260

phy. The final representation for each word yields a261

compact, interpretable, and dialect-aware phonetic262

vocabulary suitable for Vietnamese ASR.263

4.2 Multi-dialect Transcript Representation264

Rhymes, comprising the medial, nucleus, and coda,265

constitute the core and consistently stable obliga-266

tory phonological unit of Vietnamese and encode267

the majority of dialect-induced variation in vowel268

quality and coda realization (Phạm and McLeod,269

2016). To balance linguistic granularity with de-270

coding efficiency, we adopt a structured three-part271

Transformer Decoder Layers

[,] [,] [,] [,]

null
null

<b>

chúc tết ông<b>

˧˥
ʷʊkᵖ

c͡ ɕ

˧˥ett
-ŋᵐɤʷ 
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ʷʊkᵖ
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ɤʷ 
˨˩
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Multi-dialect Tokenizer

Multi-dialect Tokenizer
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Figure 6: Vietnamese phonetic-structure decoder. The
English text shown corresponds to Tet (Vietnamese New
Year) wishes addressed to grandparents.

representation (initial, rhyme, tone) rather than us- 272

ing all five phonological components. The result- 273

ing vocabulary consists of three disjoint subsets: 274

Vinitial (27 categories), Vrhyme (∼200 categories), 275

and Vtone (6 categories). During training, output is 276

a sequence of structured triplets. At inference time, 277

predicted phone sequences are deterministically 278

mapped back to orthographic forms using a reverse 279

lexicon, which relies on the high consistency be- 280

tween phonetics and orthography in Vietnamese. 281

4.3 Vietnamese Phonetic-structure Decoder 282

To leverage the internal structure of Vietnamese 283

syllables, we introduce a multi-token autoregres- 284

sive decoder that predicts the initial, rhyme, and 285

tone in parallel at each timestep, while main- 286

taining autoregression across syllables (Figure 6). 287

Component-Specific Embeddings: At timestep 288

t, the decoder receives three syllabic components 289

(initialt−1, rhymet−1, tonet−1). Each component is 290

embedded in its own learned subspace, preserving 291
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the distinct phonological roles of each one. Uni-292

fication Layer: The component embeddings are293

fused using a linear learned unification function,294

producing a unified representation that captures295

inter-component phonotactic dependencies.296

ht = funify(e
initial
t , e

rhyme
t , etone

t ).297

Attention over Acoustic Context: This step is sim-298

ilar to the standard decoding mechanism (Vaswani299

et al., 2017), where the unified representation at-300

tends to encoder outputs via multi-head atten-301

tion, thereby integrating acoustic context with pho-302

netic structure and enabling the decoder to capture303

dialect-sensitive cues and long-range temporal de-304

pendencies. Parallel Multi-Token Prediction: A305

shared projection layer produces a single probabil-306

ity vector that is partitioned into three distributions.307

p(initialt), p(rhymet), p(tonet).308

Joint prediction enforces internal consistency,309

avoids invalid syllables, and aligns naturally with310

the phonological structure of Vietnamese.311

5 Experiments312

5.1 Baselines, Datasets, and Metrics313

Baselines. We compare the proposed dialect-314

aware phonetic vocabulary and structured decoding315

mechanism against a diverse set of strong baselines316

that reflect common design choices in Vietnamese317

ASR. Zero-shot baselines include publicly avail-318

able large-scale Vietnamese ASR models, namely319

PhoWhisper (Le et al., 2024) and wav2vec 2.0320

variants (Baevski et al., 2020) (wav2vec2-base-321

vietnamese, wav2vec2-base-vietnamese-160h, and322

wav2vec2-base-vietnamese-250h), which serve as323

off-the-shelf references. For fully supervised eval-324

uations, we implement the Speech Transformer325

and Conformer (Dong et al., 2018; Gulati et al.,326

2020) architectures trained with standard word-327

based tokenization, where the output units cor-328

respond to orthographic Vietnamese words. To329

isolate the effect of vocabulary design, we con-330

struct phone-based counterparts that replace word331

tokens with phonetic units (initial, rhyme, tone)332

derived from the proposed dialect-aware vocab-333

ulary, while keeping the encoder–decoder archi-334

tecture, parameter budget, and training configura-335

tion fixed. We additionally include a multi-task336

(MT) baseline that jointly predicts dialect labels337

and transcriptions, representing prior approaches338

that inject dialect information at the acoustic mod- 339

eling level (Dan et al., 2022). Finally, our full 340

phonetic method, Vietnamese phonetic-structure 341

decoder models, combine the phonetic vocabulary 342

with the proposed Vietnamese phonetic-structure 343

multi-token decoder, allowing us to disentangle 344

the contributions of phonetic representation and 345

decoding structure. 346

Datasets. All experiments are conducted on 347

the publicly available Multi-Dialect Vietnamese 348

(ViMD) corpus (Dinh et al., 2024), which com- 349

prises speech from all Vietnamese provinces. We 350

adopt the official train–validation–test splits, en- 351

forcing strict speaker disjointness while preserv- 352

ing the original dialectal distribution. Only mini- 353

mal preprocessing is applied: utterances containing 354

non-Vietnamese tokens are filtered out, and audio 355

is kept in its original mono 16kHz waveform to 356

retain natural pronunciation and recording condi- 357

tions. As a result, ViMD constitutes a challenging 358

and realistic benchmark for evaluating the robust- 359

ness of ASR systems across Vietnamese dialects. 360

Metrics. We evaluate models from complemen- 361

tary lexical and phonetic perspectives. At the ortho- 362

graphic level, Word Error Rate (WER) is reported 363

as the primary metric, together with dialect-wise 364

results. Northern provinces use the Northern di- 365

alect, provinces from Nghe An–Ha Tinh to Thua 366

Thien Hue use the Central dialect, and the remain- 367

ing provinces use the Southern dialect. For phone- 368

based systems, we assess phonetic accuracy using 369

the Phone Error Rate (PER) over the predicted pho- 370

netic sequences. We also report component-wise 371

error rates for syllable initials, rhymes, and tones to 372

analyze the phonological modeling behavior. To- 373

gether, these metrics capture both transcription ac- 374

curacy, linguistic fidelity, and dialectal robustness 375

of the proposed framework. 376

5.2 Configuration 377

For all supervised experiments, models were 378

trained from scratch on the ViMD corpus with- 379

out using any external language models on a sin- 380

gle NVIDIA H100 GPU. All experiments were 381

implemented using a unified pipeline based on 382

the SpeechBrain end-to-end speech processing 383

toolkit (Ravanelli et al., 2021). Speech signals 384

were represented by 80-dimensional log-Mel fil- 385

terbank (Fbank) features, with a window size of 386

25ms and a step size of 10ms. To improve robust- 387

ness, SpecAugment (Park et al., 2019) was applied 388
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Model Setup Params WER↓ PER↓ WERN WERC WERS Time(s)↓

Published Zero-shot Baselines†

PhoWhisper-base – 74M 21.78 – 18.17 27.18 23.80 0.73
PhoWhisper-small – 244M 17.11 – 15.25 18.50 18.38 1.21
wav2vec2-base-vi – 95M 22.48 – 19.87 27.15 23.82 0.03
wav2vec2-base-vi-160h – 95M 31.12 – 27.09 40.49 32.83 0.03
wav2vec2-base-vi-250h – 95M 16.83 – 14.51 19.73 18.23 0.07

Published Fine-tuned Baselines†

PhoWhisper-base FT 74M 16.30 – – – – –
wav2vec2-base-vi FT 95M 15.80 – – – – –
wav2vec2-base-vi-160h FT 95M 17.49 – – – – –
wav2vec2-base-vi-250h FT 95M 13.56 – – – – –

Our Implementations

Transformer – 29M 16.66 – 14.68 18.64 17.95 0.37
Conformer – 31M 17.56 – 16.05 19.92 18.39 0.29
Transformer P 26M 15.13 12.52 13.55 15.99 16.27 1.25
Conformer P 28M 13.96 11.29 12.01 17.20 14.99 0.93
MT-Transformer P+M 26M 15.93 12.99 14.22 17.49 17.05 1.58
MT-Conformer P+M 28M 16.75 13.58 14.71 19.56 17.93 1.21

Our-Transformer P+V 26M 13.35 8.45 11.37 16.06 14.51 0.33
Our-Conformer P+V 28M 13.80 8.91 11.78 17.07 14.89 0.28

Table 1: Performance comparison on Vietnamese multi-dialect ASR. Metrics include word error rate (WER, %) and
phone error rate (PER, %). WERN, WERC, and WERS denote Northern, Central, and Southern dialects. Setup:
phonetic supervision (P), multi-task learning (M), Vietnamese phonetic-structure decoder (V). † Results reported
from (Dinh et al., 2024).

during training, including both time masking and389

frequency masking with fixed mask widths.390

For encoder–decoder architectures, Transformer391

employed 12 encoder and 6 decoder layers. Con-392

former consisted of 8 encoders and 4 decoders,393

each with an attention dimension of 256, 4 self-394

attention heads, and a feed-forward dimension of395

2048. All models were optimized using the Adam396

optimizer (Kingma and Ba, 2015) with the Noam397

learning-rate schedule. Warm-up steps (Gotmare398

et al., 2019) were set to 40k for the Transformer399

and 20k for the Conformer, with initial learning400

rates of 10−3 and 4 × 10−4, respectively. Label401

smoothing (Szegedy et al., 2016) and dropout were402

both set to 0.1 for regularization. Training used a403

joint CTC–Attention objective (Kim et al., 2017),404

with the CTC loss weight set to 0.30 (Transformer)405

and 0.15 (Conformer). This joint objective pro-406

motes monotonic alignment through CTC while407

preserving the modeling flexibility of attention-408

based decoding, resulting in more stable training.409

5.3 Main Results410

Table 1 presents the main ASR results on the ViMD411

benchmark, comparing our proposed dialect-aware412

phonetic framework against strong zero-shot, fine-413

tuned, and supervised baselines. Overall, the re-414

sults demonstrate that explicitly modeling Viet- 415

namese phonological structure and dialectal vari- 416

ation at both the vocabulary and decoding levels 417

yields consistent improvements across model ar- 418

chitectures and dialect regions. 419

Large pretrained models, such as PhoWhisper 420

and wav2vec 2.0, achieve competitive performance 421

in both zero-shot and fine-tuned settings by lever- 422

aging large-scale pretraining. However, even af- 423

ter fine-tuning, these models remain constrained 424

by word- or subword-based vocabularies that im- 425

plicitly assume dialect-invariant pronunciations. 426

In contrast, our models, trained from scratch on 427

ViMD, achieve comparable or lower WERs with 428

substantially fewer parameters, highlighting that 429

linguistic inductive bias, specifically phonetic and 430

dialect-aware representations, can partially com- 431

pensate for the absence of massive pretraining 432

when dialectal variation is systematic and struc- 433

tured. 434

Effect of the phonetic vocabulary design. Re- 435

placing word-level outputs with the proposed pho- 436

netic units yields clear improvements over standard 437

Transformer and Conformer baselines. For exam- 438

ple, Transformer-P reduces the WER from 16.66% 439

to 15.13%, while Conformer-P achieves a larger 440

reduction, from 17.56% to 13.96%. These results 441
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Design Transformer Conformer

PER↓ Initial Rhyme Tone PER↓ Initial Rhyme Tone

Phonetic baseline 12.52 12.29 14.53 10.52 11.29 11.07 13.33 9.26
+ Multitask 12.99 12.66 15.15 10.90 13.58 13.01 15.94 11.47
+ Phonetic-structure decoder (our) 8.45 8.36 10.07 6.88 8.91 8.82 10.63 7.24

Table 2: Phonetic error analysis of phone-based ASR models. Metrics include overall phone error rate (PER, %)
and component-wise PERs for initial, rhyme, and tone units.

27 25 24 21 28 26 23 11 97 12 22 20 19 98 14 99 90 30 34 15 89 18 17 35 88 36 37 38 73 74 75 43 92 76 77 78 79 85 86 82 81 47 48 49 70 93 61 60 72 59 62 63 71 64 84 66 67 68 83 94 69 95 65
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Figure 7: Phone error rate (PER, %) by province for Transformer and Conformer models using the proposed
Vietnamese phonetics method.

suggest that explicit phone-level modeling reduces442

acoustic-lexical mismatch and improves general-443

ization across dialects, with more pronounced gains444

for Conformer architectures.445

Contribution of the Vietnamese phonetic-446

structure decoder. The largest gains are obtained447

with the full phonetic method, which further re-448

duces WER to 13.35% (Transformer) and 13.80%449

(Conformer) without increasing model capacity or450

introducing additional supervision. By jointly pre-451

dicting initial, rhyme, and tone, the decoder en-452

forces internal phonological consistency and re-453

duces invalid syllable hypotheses, leading to a more454

compact token representation and more stable de-455

coding.456

Dialect-specific analysis shows consistent im-457

provements across Northern, Central, and Southern458

regions. Central dialect provinces, which exhibit459

greater internal phonetic variability, also benefit460

from the proposed approach. Figure 7 further cor-461

roborates this trend at the provincial level, where462

phone error rates are generally lower and more sta-463

ble across regions.464

5.4 Results Analysis465

Phonetic Structure and Dialect Modeling Ta-466

ble 2 provides deeper insight into the main results.467

While phonetic baselines already improve over 468

word-based systems, they still exhibit relatively 469

high initial, rhyme, and tone error rates, reflecting 470

ambiguity when these components are predicted 471

independently without structural constraints. The 472

phonetic-structure decoder substantially reduces 473

overall PER, from 12.52% to 8.45% for Trans- 474

former and from 11.29% to 8.91% for Conformer, 475

with consistent improvements across all three pho- 476

netic components. 477

By comparison, multi-task learning with dialect 478

classification improves dialect identification accu- 479

racy (Table 4), but this does not consistently trans- 480

late into better ASR performance. In some cases, 481

PER can even degrade relative to phonetic-only 482

baselines, suggesting that injecting dialect infor- 483

mation solely at the acoustic level is insufficient 484

and may introduce competing optimization objec- 485

tives, particularly when training on a modest-sized 486

dataset such as ViMD. In contrast, our method 487

integrates dialectal knowledge directly into the vo- 488

cabulary and decoding process, resulting in more 489

consistent and stable performance gains. 490

Word Level vs. Phonetic Level Modeling Ta- 491

ble 3 compares lexical diversity and frequency bias 492

between word-level and phonetic-level ASR mod- 493

els. Phonetic-level models correctly recognize a 494
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Modeling Unit Architecture Unique Correct Words↑ Pearson r Spearman ρ

Word-level Transformer 1,696 0.79 0.76
Conformer 1,718 0.77 0.74

Phonetic-level Transformer 1,950 0.57 0.45
Conformer 1,943 0.58 0.47

Table 3: Lexical diversity and frequency bias analysis for word-level and phonetic-level ASR models. Metrics include
the number of unique word types correctly recognized at least once in the test set, as well as Pearson/Spearman
correlations between word frequency in the training data and per-word recall.

Model Accuracy Macro-F1
Published baselines†

PhoWhisper-base - 86.97
Whisper-base - 85.59
wav2vec2-base-vi - 91.02
wav2vec2-large-vi - 91.47
wav2vec2-xlsr-300m - 89.01
wav2vec2-large-xlsr-35 - 87.36
Our implementations
Our-Transformer 95.75 96.11
Our-Consformer 95.47 95.80

Table 4: Classification performance (%) of multi-task
phonetic models. Metrics include macro F1 and accu-
racy. †Results reported from (Dinh et al., 2024).

substantially larger number of unique word types495

in the test set (from 1696 to 1950 for Transformer496

and from 1718 to 1943 for Conformer), indicating497

improved generalization to infrequent lexical items.498

Moreover, both Pearson and Spearman correla-499

tions between training-set word frequency and test-500

time recall are markedly lower for phonetic-level501

models, suggesting reduced reliance on frequency-502

driven memorization. These results suggest that503

phonetic-level modeling promotes structural gener-504

alization by capturing systematic phonological pat-505

terns across dialects, rather than exploiting surface-506

level lexical statistics.507

Dialect Classification Performance Table 4 re-508

ports dialect classification results for the proposed509

multi-task phonetic models. Both Transformer510

and Conformer architectures achieve high over-511

all accuracy (95.8% and 95.5%) and macro-F1512

scores (96.1% and 95.8%), consistently matching513

fine-tuned PhoWhisper-base and wav2vec2-base-514

vi baselines reported in (Dinh et al., 2024). These515

results suggest that the learned phonetic represen-516

tations encode dialect-discriminative information,517

despite dialect identification being treated as an518

auxiliary task. This finding provides empirical evi-519

dence that explicitly modeling Vietnamese phono-520

logical structure facilitates robust dialect character-521

ization within a unified ASR and dialect classifica-522

tion framework through multi-task learning. 523

6 Conclusion 524

In this work, we address a key limitation in Viet- 525

namese multi-dialect ASR: the assumption of a 526

dialect-invariant correspondence between orthog- 527

raphy and pronunciation. Motivated by linguis- 528

tic evidence that Vietnamese dialectal variation 529

is systematic and primarily realized at the phone 530

level, we propose a dialect-aware phonetic frame- 531

work that integrates phonological structure into 532

both vocabulary design and decoding. We in- 533

troduce a phonetic vocabulary grounded in Viet- 534

namese syllable structure, representing each syl- 535

lable as an initial, rhyme, and tone mapped to 536

canonical and dialect-specific IPA forms, together 537

with a phonetic-structure decoder that jointly pre- 538

dicts these components while explicitly modeling 539

their internal dependencies. Experimental results 540

demonstrate that incorporating phonological struc- 541

ture and dialectal regularities provides an effective 542

inductive bias for multi-dialect ASR and comple- 543

ments large-scale pretraining for languages with 544

structured and systematic phonology. 545

Limitations 546

Despite its effectiveness, the proposed approach 547

has several limitations. The structured decoder 548

jointly predicts initials, rhymes, and tones at the 549

syllable level; it does not explicitly model cross- 550

syllabic or cross-word phonological and prosodic 551

phenomena, which remain open research direc- 552

tions. Moreover, while the framework is linguis- 553

tically grounded, extending it to other languages 554

would require language-specific phonological anal- 555

ysis and rule design, and the current implemen- 556

tation is limited to Vietnamese. Future work in- 557

cludes combining rule-based and data-driven pho- 558

netic modeling, integrating large pretrained acous- 559

tic models, and extending the framework to other 560

low-resource, multi-dialect languages. 561
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A Appendix: Experimental Details714

A.1 Dataset Details715

Split Duration (h) #Utterances #Unique Words

Train 69.58 13,061 3,859
Dev 8.65 1,631 2,381
Test 9.45 1,787 2,441

Table 5: Statistics of the ViMD dataset across training,
development, and test splits.

Table 5 presents the detailed statistics of the716

ViMD dataset used in our experiments, including717

the duration, number of utterances, and number of718

unique words for each split (training, development,719

and test).720

A.2 Metrics 721

We evaluate model performance using complemen- 722

tary metrics that capture orthographic transcription 723

accuracy, phonetic fidelity, dialectal robustness, 724

and lexical generalization behavior. 725

Word Error Rate (WER). End-to-end transcrip- 726

tion quality is primarily measured using Word Er- 727

ror Rate (WER), defined as 728

WER =
S +D + I

N
, (1) 729

where S, D, and I denote the numbers of word- 730

level substitutions, deletions, and insertions ob- 731

tained via minimum-edit-distance alignment, and 732

N is the number of words in the reference transcrip- 733

tion. In addition to overall WER, we report dialect- 734

wise WER for Northern, Central, and Southern 735

Vietnamese, following the regional grouping de- 736

fined in the ViMD benchmark. 737

Phone Error Rate (PER). For phonetic-level 738

systems, we report Phone Error Rate (PER), com- 739

puted analogously at the phone level: 740

PER =
Sp +Dp + Ip

Np
, (2) 741

where Sp, Dp, and Ip are phone-level substitutions, 742

deletions, and insertions, and Np is the number of 743

reference phones. PER provides a linguistically 744

grounded assessment of pronunciation modeling, 745

which is particularly relevant for Vietnamese due 746

to systematic dialectal variation at the phone level. 747

Component-wise Phonetic Error Rates. To an- 748

alyze phonological modeling behavior with re- 749

spect to Vietnamese syllable structure, we fur- 750

ther compute component-wise error rates for syl- 751

lable initials, rhymes, and tones. For a component 752

c ∈ {initial, rhyme, tone}, the error rate is defined 753

as 754

ERc =
Sc +Dc + Ic

Nc
, (3) 755

where Sc, Dc, Ic, and Nc are computed over the 756

aligned component sequence. 757

Dialect Classification Metrics. For multi-task 758

models that jointly perform ASR and dialect iden- 759

tification, we report classification accuracy and 760

macro-averaged F1-score. Given a set of dialect 761

classes C, macro-F1 is computed as 762

Macro-F1 =
1

|C|
∑
c∈C

F1c, (4) 763
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ensuring equal weighting across dialects regardless764

of class imbalance.765

Lexical Diversity and Frequency Bias. To as-766

sess lexical generalization beyond aggregate error767

rates, we report the number of unique word types768

correctly recognized at least once in the test set. We769

further analyze frequency bias by measuring the770

relationship between training-set word frequency771

and per-word recall.772

For a word type w, its training-set frequency is773

defined as774

ftrain(w) =
∑

u∈Dtrain

|u|∑
i=1

1 (ui = w) , (5)775

where Dtrain denotes the training corpus and 1(·)776

is the indicator function. To mitigate the heavy-777

tailed frequency distribution, we apply a logarith-778

mic transformation:779

f̃train(w) = log (1 + ftrain(w)) . (6)780

Per-word recall is defined as781

recall(w) =

∑
(x,y)∈Dtest

∑|ŷ|
i=1 1 (ŷi = w)∑

(x,y)∈Dtest

∑|y|
i=1 1 (yi = w)

, (7)782

where (x, y) is a test utterance–reference pair and ŷ783

is the predicted word sequence after optimal align-784

ment.785

The relationship between training frequency and786

recognition performance is quantified using Pear-787

son and Spearman correlation coefficients:788

r = Pearson
(
f̃train(w), recall(w)

)
, (8)789

790

ρ = Spearman
(
f̃train(w), recall(w)

)
, (9)791

computed over all word types appearing at least792

once in the test set. Lower correlation values in-793

dicate reduced dependence on frequency-driven794

memorization and stronger structural generaliza-795

tion.796

A.3 Additional Dialect Classification Results797

Table 6 shows that the Central dialect achieves the798

highest classification accuracy among the three799

dialects for both Transformer and Conformer mod-800

els, as reflected by the strong diagonal entries801

and minimal cross-dialect confusions. In con-802

trast, most classification errors arise from confu-803

sion between the Northern and Southern dialects,804

which are mutually misclassified more frequently 805

than either is with the Central dialect. This pat- 806

tern is consistent across architectures and suggests 807

that Central Vietnamese exhibits more distinctive 808

acoustic-phonetic characteristics, while Northern 809

and Southern dialects share partially overlapping 810

phonological properties that make them harder to 811

separate. Overall, the confusion matrices provide 812

fine-grained evidence that complements the aggre- 813

gate performance metrics in Table 4. 814

B Appendix: Phonetics and Orthography 815

in Vietnamese 816

Traditionally, the Vietnamese had the Nom alpha- 817

bet as the main orthography system. However, the 818

Nom alphabet was developed based on the ancient 819

Han alphabet. This means we have to be fluent 820

in the ancient Han to have the ability to use the 821

Nom alphabet for reading and writing. Later on, 822

(de Rhodes, 1651) used the Latin alphabet to de- 823

scribe the speech sound of this language. This 824

orthography system is simple and effective for de- 825

scribing almost all phonetic phenomena in Viet- 826

namese. With its advantages that counterbalance its 827

disadvantages, this Latin alphabet is gradually im- 828

proved over time and finally becomes the national 829

alphabet system of modern Vietnamese. 830

Although having the Nom alphabet or the Latin 831

alphabet, these orthography systems all reflect two 832

consistent characteristics of Vietnamese: 833

1. Vietnamese is a monosyllabic language. 834

2. The correspondence between graphemes and 835

phonemes in Vietnamese is consistent. 836

That is, in this language, we do not have the linking 837

pronunciation as in English, and every phoneme 838

has persistent writing forms. In Vietnamese, each 839

syllable has three components: initials, rhymes, 840

and tones. Rhyme has smaller components, which 841

are glide, vowel, and final. We provide the list of 842

all phonemes according to the syllabic structure of 843

Vietnamese: 844

• 22 phonemes as the initials: 845

– Plosive consonants: /b, t, th, k/. 846

– Fricative consonants: /f, d, 7, z, j, s, ù, 847
>cC,

>
tù, N, x, v/. 848

– Nasal consonants: /n, m, N, ñ/. 849

– Vibrant consonants: /r, l/. 850

• 01 phonemes as the glide: /u
“
/. 851
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Predicted Dialect Predicted Dialect

True Northern Central Southern True Northern Central Southern

Conformer Transformer

Northern 711 0 13 Northern 714 0 10
Central 2 148 5 Central 0 152 3

Southern 58 3 847 Southern 57 6 845

Table 6: Dialect confusion matrices for multi-task Transformer and Conformer models on the ViMD test set. Rows
denote ground-truth dialects and columns denote predicted dialects.

• 15 phonemes as the vowels:852

– Diphthongs: /ie, uo, W9/.853

– Monophthongs: /a, ă, 9̆, i, E, e, u, W, o,854

O, O:, 9/.855

• 10 phonemes as the finals:856

– Nasal consonants: /n, t/.857

– Labial consonants: /m, p/.858

– Velar consonants: /N, k/.859

– Palatal consonants: /ñ, c/.860

– Semivowels: /u
“
, i
“
/.861

• 6 phonemes denote tones:862

– Flat tone is denoted by nothing.863

– Low falling tone: /Ă£Ă£/.864

– Mid raising tone: /Ă£
Ă
£/.865

– Mid falling tone: /Ă£Ă£/.866

– Mid glottalized-falling tone: /Ă£PĂ£/.867

– Mid glottalized-raising tone: /Ă£P
Ă
£/.868

The writing form of these phonemes is consistent869

regardless of grammar. In particular:870

• 6 tones are denoted by a mark above or below871

the graphemes of vowels:872

– Flat tone is denoted by nothing (a).873

– Low falling tone /Ă£Ă£/ is denoted by a874

grave accent (à).875

– Mid raising tone /Ă£
Ă
£/ is denoted by an876

acute accent (á).877

– Mid falling tone /Ă£Ă£/ is denoted by a hook878

above (ả).879

– Mid glottalized-falling tone /Ă£P
Ă
£/ is de-880

noted by a tilde above (ã).881

– Mid glottalized-raising tone /Ă£PĂ£/ is de-882

noted by a dot below (ạ).883

In the following texts, we provide writing884

forms of vowels regarding the mentioned885

phonemes. These examples might include 886

the tone mark above or below the graphemes. 887

Readers can discard these marks to see the true 888

writing form of the vowels in Vietnamese. For 889

instance, the dot below iê /i9/ in word kiệm 890

/kiemĂ£P
Ă
£/ denotes the mid glottalized-raising 891

tone /Ă£P
Ă
£/. 892

• 22 initials have 26 writing forms: 893

– b /b/. Eg: ba mẹ, bánh kẹo, buôn bán. 894

– t /t/. Eg: tâm tư, tịnh tiến, tính cách. 895

– th /th/. Eg: thách thức, thành thạo. 896

– k, c, or q /k/. Eg: cách mạng, quan hệ, 897

hiện kim. 898

– ph /f/. Eg: phụ huynh, phong cách, phân 899

định. 900

– đ /d/. Eg: đưa đón, đậm đà. 901

– gh or g /7/. Eg: ga tàu, gánh hát, ganh 902

ghét. 903

– gi /z/. Eg: giếng nước, giống loài. 904

– đ /d/. Eg: đứng đắn, đêm tối, đèn đuốc. 905

– d /j/. Eg: da dẻ, tiêu dùng, dụng cụ. 906

– x /s/. Eg: sản xuất, xuất xứ, xe cộ. 907

– s /ù/. Eg: xác suất, so sánh, sao chép. 908

– ch />cC/. Eg: chứa chan, che chở/. 909

– tr /
>
tù/. Eg: tranh chấp, tiệt trùng. 910

– ng or ngh /ng/. Eg: mong ngóng, tình 911

nghĩa. 912

– nh /ñ/. Eg: nhà cửa, nỗi nhớ, nhung lụa. 913

– l /l/. Eg: lấm lem, lung linh, lối về. 914

– r /r/. Eg: rậm rạp, rón rén, rực rỡ. 915

– kh /x/. Eg: khó khăn, khởi sắc, khấm 916

khá. 917

– v /v/. Eg: vui vẻ, vương vấn, vẫy vùng. 918

– m /m/. Eg: mong mỏi, may mắn, mênh 919

mông. 920

– n /n/. Eg: đất nước, núi non, nông cạn. 921

• The glide /u
“
/ has two writing forms: u or o. 922

Eg: quê nhà, hoa cỏ, khuyến khích. 923
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• 03 diphthongs have 8 writing forms:924

– iê, yê, ia, or ya /ie/. Eg: khiếm thị, yên925

ắng, chia sẻ, khuya khoắt.926

– uô or ua /uo/. Eg: khuôn khổ, mua bán.927

– ươ or ưa /W@/. Eg: khướu giác, dây dưa.928

• 12 monophthongs have 13 writing forms:929

– a /a/. Eg: ba mẹ, tranh vẽ, ngã ba, mải930

miết, làng chài.931

– ă or a /ă/. Eg: ánh ắng, nắm tay, năm932

tháng, áy náy, chạy nhảy.933

– â /@̆/. Eg: nâng niu, ấn định, ngân vang.934

– i or y /i/. Eg: thi cử, trĩu nặng, bĩu môi.935

– ê /e/. Eg: kết quả, thể hiện, mân mê.936

– e /E/. Eg: mùa hè, xe cộ, té ngã.937

– u /u/. Eg: thu mua, mủm mỉm, lung lay,938

trung thành.939

– ư /W/. Eg: trưng cầu, xây dựng, ưng ý.940

– o /O/. Eg: chăm sóc, mong ngóng, trong941

veo.942

– oo /O:/. Eg: xoong chảo.943

– ô /o/. Eg: trống đồng, ống hút, cố nhân.944

– ơ /@/. Eg: mơ mộng, cơ nhỡ, chơi bời.945

• 10 final consonants have 12 writing forms:946

– i or y /i
“
/. Eg: làng chài, mỏi mệt, chạy947

đua, bay nhảy.948

– m /m/. Eg: êm ấm, nhiệm màu, mâm cỗ.949

– n /n/. Eg: nan giải, non nớt, tản mạn.950

– ng /N/. Eg: sang trọng, trống trải, sung951

túc.952

– nh /ñ/. Eg: nhanh nhẹn, bênh vực, binh953

quyền.954

– p /p/. Eg: phập phồng, thấp thỏm, tháp955

tùng, gượng ép, ức hiếp, tẩm ướp.956

– t /t/. Eg: lấn át, bát đĩa, kết quả, hớt hả.957

– c /k/. Eg: cúc áo, chực chờ, bốc vác.958

– ch /c/. Eg: cách thức, chích ngừa.959

– u or o /u
“
/. Eg: trau chuốt, chịu đựng,960

xoong chảo, xiêu vẹo.961

It is important to note that the writing form of962

phonemes in Vietnamese is consistent in all us-963

age cases, regardless of grammar (tense, aspect,964

mood). This feature defines Vietnamese as an iso-965

lating language whose morphology is an aspect of966

phonetics rather than grammar, as in inflectional967

languages. To this end, given a Vietnamese word,968

h o à ng/h/

/u̯/

/a/

/˨˩/

/ŋ/

Figure 8: Example for the consistency between
graphemes and phonemes in Vietnamese.

native speakers can find no difficulty in pronounc- 969

ing it. On the other hand, Vietnamese natives can 970

write down any Vietnamese word by listening to 971

its speech sound without knowing how to spell it. 972

For instance, given the word hoàng, its phonetic 973

representation is /hu
“
aNĂ£Ă£/. We can determine the 974

grapheme of the initial /h/ is h, of the glide /u
“
/ is 975

o, of the vowel /a/ is a, of the /N/ is ng, and tone is 976

denoted by the grave accent above à (Figure 8). 977

However, although the conversion from 978

grapheme to phonemes is straightforward (that is, 979

many graphemes correspond to unique phonemes), 980

the inversion is not all ways many-to-one mapping. 981

There are some phonemes having one-to-many 982

mapping with graphemes, such as the initial /7/ 983

can be written as g or gh, or the diphthong /ie/ can 984

be written as iê, yê, ia or ya. Actually, a particular 985

writing form of such phonemes is determined 986

consistently via the neighbor phonemes. We 987

detail here rules for determining writing forms of 988

phonemes having multiple respective graphemes: 989

• The initial /k/ is written as: 990

– k if followed by i /i/, ê /e/, e /E/, iê /ie/. 991

Eg: kịp thời, kiểu cách, kèm cặp. 992

– q if followed by u /u
“
/ as the glide. Eg: 993

quê hương, quà cáp. 994

– c otherwise. Eg: cứng cỏi, cởi mở, hạt 995

cát, rau củ. 996

• The initial /7/ is written as: 997

– gh if followed by i /i/, ê /e/, e /E/, iê /ie/. 998

Eg: bàn ghế, ghi chép, ghe tàu. 999

– g otherwise. Eg: thanh gươm, gồng 1000

gánh, gọi điện. 1001

• The initial /N/ is written as: 1002
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– ngh if followed by textbfi /i/, ê /e/, e /E/,1003

iê /ie/. Eg: nghe ngóng, nghiêm nghị,1004

nghệ sĩ.1005

– ng otherwise. Eg: ngành nghề, ngỗ1006

nghịch, ngọt ngào.1007

• The diphthong /ie/ is written as:1008

– iê if the rhyme has a final consonant and1009

no glide. Eg: kiến thức, tiết kiệm.1010

– yê if the rhyme has a final consonant and1011

the glide written as u. Eg: khuyên bảo,1012

uyển chuyển, câu chuyện.1013

– ya if the rhyme has no final consonant1014

and the glide written as u. Eg: đêm1015

khuya.1016

– ia if the rhyme has no final consonant1017

and no glide. Eg: bìa sách, chia sẻ.1018

• The diphthong /uo/ is written as:1019

– uô if the rhyme has a final consonant.1020

Eg: nỗi buồn, muối biển, muộn màn,1021

chuồn chuồn.1022

– ua if the rhyme has no final consonant.1023

Eg: chùa chiền, nhảy múa.1024

• The diphthong /W@/ is written as:1025

– ươ if the rhyme has a final consonant.1026

Eg: bia rượu, hưởng thụ, chiêm ngưỡng.1027

– ua if the rhyme has no final consonant.1028

Eg: chùa chiền, nhảy múa.1029

• The monophthong /ă/ is written as:1030

– a if is is followed by character y. Eg:1031

máy bay, cay nồng, tay chân.1032

– ă otherwise. Eg: bắt tay, bằng lòng, may1033

mắn.1034

• The monophthong /i/ is written as:1035

– i if the rhyme has a final consonant. Eg:1036

líu rít.1037

– y if the rhyme has no consonant. Eg: kỷ1038

luật, lý do.1039

• The final /i
“
/ is written as:1040

– i if the rhyme has the front vowel /a/, the1041

central vowel /W, W9/ or the back vowels1042

/u, o, O, uo/ as the vowel. Eg: mải mê,1043

mui thuyền, hỏi han, mồi chài, gửi gắm,1044

lười biếng, nuôi nấng.1045

– y if the rhyme has /ă, 9̆/ as the vowel. Eg: 1046

bay lượn, chạy nhảy, cấy cày. 1047

Following these orthographic rules in Viet- 1048

namese, there is no ambiguity in converting 1049

phonemes to graphemes and vice versa. Analysis 1050

in this Section together with the analysis in the fol- 1051

lowing Appendix C serve as the fundamentals for 1052

our Dialect-aware Tokenization algorithm, which 1053

is described comprehensively in Appendix D. 1054

C Appendix: Multi-dialect Speech in 1055

Vietnamese 1056

Most studies in multi-dialect speech in Vietnamese 1057

(Hạo, 1998; Đoàn Thiện Thuật, 2016; Châu, 2002) 1058

agree that Vietnamese has three dialects of speech, 1059

which are the Northern dialect, the Central dialect, 1060

and the Southern dialect. These dialects were stud- 1061

ied and grouped mostly depending on how the resi- 1062

dents deal with the rhymes. However, when diving 1063

into each particular dialect, there are more com- 1064

plicated phonetic phenomena, and more variations 1065

are explored. Section 3.2 above briefly gives an 1066

overview of the main differences among the three 1067

main dialects in Vietnam. In this section, we pro- 1068

vide the reader with a more detailed discussion and 1069

analysis of each dialect. These discussions form 1070

the fundamentals for our multi-dialect tokeniza- 1071

tion method, which is described in the following 1072

sections. 1073

C.1 Northern Dialect 1074

According to (Hạo, 1998), Northern dialect speech 1075

can be found in provinces from Thanh Hóa to 1076

the northern borders of Vietnam. In particular, 1077

the Northern dialect is distributed in Thanh Hóa, 1078

Hà Giang, Cao Bằng, Bắc Kạn, Lạng Sơn, Tuyên 1079

Quang, Thái Nguyên, Phú Thọ, Bắc Giang, Quảng 1080

Ninh, Lào Cai, Lai Châu, Yên Bái, Điện Biên, Sơn 1081

La, Hòa Bình, Hà Nội, Hà Nam, Bắc Ninh, Hải 1082

Dương, Hải Phòng, Hưng Yên, Nam Định, Ninh 1083

Bình, Thái Bình, and Vĩnh Phúc provinces. 1084

In initials, Northern dialect does not give distinct 1085

pronunciation on the following phonemes (Hạo, 1086

1998; Châu, 2002) (the writing forms are provided 1087

in the parentheses): 1088

• /s/ (x) and /ù/ (s) are pronounced as [s]. 1089

• />cC/ (ch) and /
>
tù/ (tr) are pronounced as [>cC]. 1090

• /z/ (gi), /r/ (r), and /j/ (d) are pronounced as 1091

[z]. 1092
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Figure 9: The speech organs.

• In Hà Nội, Vĩnh Phúc, Bắc Ninh, Hà Đông,1093

and Hưng Yên, there is a mispronunciation1094

between /l/ (l) and /n/ (n).1095

In rhymes, this dialect has the general following1096

features (Hạo, 1998; Châu, 2002):1097

• The glide /u
“
/ does not follows /u, o, O/.1098

• The semivowel /j/ does not follow the front1099

vowels /i, e, E/ except for the cases where the1100

final consonants are velar.1101

• The back diphthongs /W, W9/ when being fol-1102

lowed by the glide /u
“
/ they are transmitted1103

to the central diphthongs [1, 19]. That is the1104

reason why the following words con hươu,1105

ly rượu, cấp cứu, âm mưu are pronounced1106

approximately the same as con hiêu, ly riệu,1107

cấp kíu, âm miu, respectively.1108

In addition, this dialect exhibits two phonetic1109

features on rhymes, including front vowels /i, e,1110

E/ or rounded back vowels /u, o, O/ followed by1111

velar consonants /N, k/. The front vowels require1112

the tongue to be raised and forward to the teeth1113

in the mouth, while the velar consonants require1114

the tongue to be raised and backward to the velum.1115

This results in the placement of the tongue in the1116

middle of the mouth, not forward to the teeth or1117

backward to the velum (Figure 9). From that on, the1118

velar consonants are palatalized to become [ñ, c]1119

while the front vowels are transmitted to the central1120

vowels [1, 9, 3]. The gliding between the central1121

vowels and the palatalized consonants introduces a1122

glide phone [j] in the middle. To this end, we have1123

the following variations for the rhymes having front1124

vowels /i, e, E/ followed by velar consonants /N, k/1125

(the writing forms are provided in the parentheses) 1126

(Hạo, 1998; Châu, 2002): 1127

• /iN/→ [1jñ] (inh). 1128

• /eN/→ [9jñ] (ênh). 1129

• /EN/→ [3jñ] (anh). 1130

• /ik/→ [1jc] (ich). 1131

• /ek/→ [9jc] (êch). 1132

• /Ek/→ [3jc] (ach). 1133

In the cases of the rounded back vowels /u, o, 1134

O/, the velar finals are labialized because of the 1135

effectiveness of labial vowels. These vowels are 1136

shortened according to the existence of the velar 1137

consonants, hence they lost the labial factor at the 1138

beginning. To this end, we have the following varia- 1139

tions for the rhymes having rounded back vowels /u, 1140

o, O/ followed by velar consonants /N, k/ (the writ- 1141

ing forms are provided in the parentheses) (Hạo, 1142

1998; Châu, 2002): 1143

• /uN/→ [WUNm] (ung). 1144

• /oN/→ [7wNm] (ông). 1145

• /ON/→ [AwNm] (ong). 1146

• /uk/→ [WUkp] (uc). 1147

• /ok/→ [7wkp] (ôc). 1148

• /Ok/→ [Awkp] (oc). 1149

C.2 Central Dialect 1150

The Central dialect is distributed in more limited 1151

regions than the other two dialects. This dialect can 1152

be found in Nghệ An, Hà Tĩnh, Quảng Bình, Quảng 1153

Trị, and Huế provinces. Moreover, this dialect has 1154

a particular minor dialect for each province, which 1155

makes the Central dialect the most varied one in 1156

Vietnam. All minor variations of the Central dialect 1157

share the same features in initials and tones, while 1158

the rhymes are the only factor that makes them 1159

different from each other. 1160

In general, this dialect has five tones: 1161

• In Quảng Bình, Quảng Trị, and Huế, there is 1162

no distinction between tone /Ă£Ă£/ and /Ă£P
Ă
£/. 1163

• In Nghệ Tĩnh, there is no distinction between 1164

tone /Ă£P
Ă
£/ and /Ă£PĂ£/. 1165

15



However, this dialect shares the same features rele-1166

vant to initials in all provinces:1167

• /j, z/→ [z].1168

• /
>
tù/→ [ú].1169

• />cC/→ [c].1170

The most significant factors that separate the1171

minor dialects of the Central dialect are rhymes1172

having front vowels /i, e, E/ followed by the velar1173

consonants /N, k/. Rhymes having the rounded back1174

vowels /u, o, O/ followed by the velar consonants in1175

the Central dialect share the same color as those in1176

the Northern dialect.1177

C.2.1 Minor Dialect in Nghệ An and Hà Tĩnh1178

Rhymes in Nghệ An and Hà Tĩnh reflect the same1179

rules as the Northern dialect for those having front1180

vowels followed by velar consonants. In these1181

rhymes, the velar consonants /N, k/ are palatalized1182

to become [ñ, c], but the front vowels keep their1183

original form. To this end, we have:1184

• /iN/→ [iñ].1185

• /eN/→ [eñ].1186

• /EN/→ [Eñ].1187

• /ik/→ [ic].1188

• /ek/→ [ec].1189

• /Ek/→ [Ec].1190

C.2.2 Minor Dialect in Quảng Trị1191

However, the rhymes mentioned in the above Sec-1192

tion C.2.1 are pronounced slightly differently from1193

those in Quảng Trị. In this province, both front1194

vowels and velar consonants keep their original1195

form:1196

• /iN/→ [iN].1197

• /eN/→ [eN].1198

• /EN/→ [EN].1199

• /ik/→ [ik].1200

• /ek/→ [ek].1201

• /Ek/→ [Ek].1202

C.2.3 Minor Dialect in Quảng Bình 1203

In Quảng Bình, for rhymes having the nasal conso- 1204

nants /n, t/ following the front vowels /i, e, E/, these 1205

vowels are pronounced longer than usual: 1206

• /in/→ [i:n]. 1207

• /en/→ [e:n]. 1208

• /En/→ [E:n]. 1209

• /it/→ [i:t]. 1210

• /et/→ [e:t]. 1211

• /Et/→ [E:t]. 1212

However, these vowels (i:, e:, E:) become shorter 1213

(i, e, E) when being followed by the velar conso- 1214

nants /N, k/. From that on, the distinction between 1215

these pairs /in/ - /iN/, /en/ - /eN/, /En/ - /EN/, /it/ - /ik/, 1216

/et/ - /ek/, /Et/ - /Ek/ is not necessarily dependent 1217

on the final but on the length of the vowel. To this 1218

end, this dialect replaces the velar consonants /N, 1219

k/ by the nasal consonants /n, t/. These result in the 1220

following variations: 1221

• /iN/→ [in]. 1222

• /eN/→ [en]. 1223

• /EN/→ [En]. 1224

• /ik/→ [it]. 1225

• /ek/→ [et]. 1226

• /Ek/→ [Et]. 1227

C.2.4 Minor Dialect in Huế 1228

In this minor dialect, for rhymes having front vow- 1229

els /i, e, E/ followed by velar consonants /N, k/, these 1230

vowels are transmitted to the central vowels [1, 9, 1231

3]. However, as the distinction between these pairs 1232

/iN/ - /in/, /ik - it/, /eN - en/, /ek - et/, /EN - En/, /Ek 1233

- Et/ largely depends on the difference of the vow- 1234

els, hence having the velar consonants for these 1235

rhymes /iN, ik, eN, ek, EN, Ek/ is not necessary. To 1236

this end, these velar consonants are replaced by the 1237

respective nasal consonants /n, t/. From then on, 1238

we have: 1239

• /iN/→ [1n]. 1240

• /ik/→ [1t]. 1241

• /eN/→ [9n]. 1242
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Figure 10: Vowel diagram.

• /ek/→ [9t].1243

• /EN/→ [3n].1244

• /Ek/→ [3t].1245

The front vowels /i, e, E/ preceding the nasal con-1246

sonants /n, t/become longer. That is:1247

• /in/→ [i:n].1248

• /it/→ [i:t].1249

• /en/→ [e:n].1250

• /et/→ [e:t].1251

• /En/→ [E:n].1252

• /Et/→ [E:t].1253

From these analyses, we can see that the Huế1254

dialect exhibits the same behavior as the dialect1255

in Quảng Bình. However, the way of pronouncing1256

rhymes having the front vowels followed by the1257

velar consonants is different in these two minor1258

dialects. These contribute to the huge diversity of1259

dialects in Vietnamese, which results in a signif-1260

icant challenge in modeling multi-dialect speech1261

ASR in this language.1262

C.3 Southern Dialect1263

(Hạo, 1998; Châu, 2002) determined that the south-1264

ern dialect can be found from the Đà Nẵng province1265

to the southern border of Vietnam. In particular, the1266

Southern dialect is distributed in Đà Nẵng, Quảng1267

Nam, Quảng Ngãi, Kom Tum, Bình Định, Gia Lai,1268

Phú Yên, Đắk Lắk, Khánh Hòa, Lâm Đồng, Ninh1269

Thuận, Bình Thuận, Bình Phước, Đồng Nai, Bình1270

Dương, Bà Rịa - Vũng Tàu, Hồ Chí Minh, Long1271

An, Đồng Tháp, Tiền Giang, Bến Tre, Vĩnh Long,1272

An Giang, Trà Vinh, Cần Thơ, Sóc Trăng, Kiên1273

Giang, Bạc Liêu, and Cà Mau.1274

This dialect has five tones rather than six tones 1275

as the Northern dialect: there is no distinction be- 1276

tween tone /Ă£
Ă
£/ and /Ă£P

Ă
£/. In initials, Southern 1277

dialect does not give any difference between the 1278

following phonemes (Châu, 2002; Hạo, 1998): 1279

• /z/ (gi), /j/ (d), and /v/ are all pronounced as 1280

[j]. 1281

• /kw/ (qu) is pronounced as [w]. 1282

• This dialect also exhibits the same phonetic 1283

rule as the Northern dialect, where the velar 1284

consonants /N, k/ follow the front vowels /i, 1285

e, E/. These velar consonants are palatalized 1286

to become [ñ, c], but the front vowels /i, e, E/ 1287

keep their original. 1288

• In provinces Quảng Nam, Quảng Ngãi, Kon 1289

Tum, Gia Lai, Đắk Lắk, Bình Định, Phú Yên, 1290

Khánh Hòa, Ninh Thuận, Bình Thuận, and 1291

Lâm Đồng: /
>
tù/ (tr) is pronounced as [ú]. 1292

While in other provinces, /
>
tù/ (tr) and />cC/ (ch) 1293

is pronounced as [c], /ù/ (s) and /s/ (x) are all 1294

pronounced as [s]. 1295

In rhymes, when these diphthongs /ie, W9/ fol- 1296

lowed by the semivowel /i
“
/ or labial consonants /m, 1297

p, u
“
/, they are converted to the monophthongs in 1298

the same row of the vowel diagram (Figure 10). In 1299

particular, in this dialect we have: 1300

• /iep/→ [ip]. 1301

• /W9p/→ [Wp]. 1302

• /iem/→ [im]. 1303

• /W9m/→ [Wm]. 1304

• /ieu
“
/→ [iu

“
]. 1305

• /W9u
“
/→ [Wu

“
]. 1306

This is the reason why in Southern dialect, the 1307

following words tiếp tục, quả mướp, đánh chiếm, 1308

ươm mầm, tình yêu, con hươu are approximately 1309

pronounced as típ tục, quả mứp, đánh chím, ưm 1310

mầm, tình iu, con hưu, respectively. 1311

In addition to the general features of Southern 1312

dialect, two minor dialects share the same char- 1313

acteristics of Southern dialect but have their own 1314

particular features. The first one is the dialect 1315

distributed in provinces Quảng Nam and Quảng 1316

Ngãi, and the second one is the dialect found in the 1317

Mekong Delta. 1318
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C.3.1 Minor Dialect of Southern Dialect in1319

Quảng Nam and Quảng Ngãi1320

In provinces Quảng Nam and Quảng Ngãi, the resi-1321

dents additionally pronounce the vowels differently1322

from the Southern dialect. In rhymes without final1323

consonants, the close monophthongs /i, u, W/ are1324

converted into diphthongs whose the first compo-1325

nents are the respective more-open vowels (the row1326

below of the vowel diagram, Figure 10), while the1327

second components are the respective glides. In1328

particular, we have:1329

• /i/→ [Ij].1330

• /u/→ [Uw].1331

• /W/→ [7W].1332

In rhymes having /i
“
/ or /u

“
/ as the final conso-1333

nants, the diphthongs /uo, W9, ie/ are transmitted1334

into the monophthongs on the same row of the1335

vowel diagram, but these monophthongs are longer1336

to match the length of the original diphthongs:1337

• /uo/→ [u:].1338

• /W@/→ [W:].1339

• /ie/→ [i:].1340

Moreover, the following two rhymes are pro-1341

nounced totally differently:1342

• /oi/→ [u9].1343

• /ai/→ [ae].1344

This is the reason why people in these two1345

provinces pronounce the following words nói and1346

hai approximately the same as núa and he, respec-1347

tively.1348

Furthermore, in rhymes having labial finals /m,1349

p/ and the rounded semivowel /u
“
/, the vowels in1350

this dialect are pronounced as follows:1351

• /a/→ [O].1352

• /O/→ [o].1353

• /o/→ [7].1354

• /u/→ [U].1355

• /ă, 9̆/→ [a].1356

• In rhymes having /m/ as the final, /uo/→ [U].1357

In rhymes having the velar consonants as the 1358

final, while the front vowels /i, e, E/ do not vary, 1359

the following vowel changed as follows: 1360

• /a/→ [A:]. 1361

• /O/→ [A:m]. 1362

• /o/→ [2]. 1363

• /@̆/→ [A]. 1364

• /uo/→ [u:]. 1365

• /ie/→ [i:]. 1366

• /W@/→ [W:]. 1367

C.3.2 Minor Dialect of Southern Dialect in 1368

Mekong Delta 1369

Mekong Delta includes Bình Dương, Bình Phước, 1370

Đồng Nai, Bà Rịa - Vũng Tàu, Tây Ninh, Hồ Chí 1371

Minh, Long An, Tiền Giang, Hậu Giang, Long An, 1372

Bến Tre, Đồng Tháp, Vĩnh Long, Trà Vinh, Cần 1373

Thơ, Sóc Trăng, An Giang, Kiên Giang, Bạc Liêu, 1374

and Cà Mau. These provinces have a unique dialect 1375

that shares many features with the Southern dialect, 1376

with their own distinctions. 1377

In particular, the front vowels /i, e/ followed by 1378

velar consonants /N, k/ do not transmitted to the 1379

respective central vowels, but the velar consonants 1380

are replaced by the nasal consonants /N, k/→ /n, 1381

t/, which is similar to the Central dialect without 1382

changing in length of the front vowels. That is: 1383

• /iN/→ [in]. 1384

• /ik/→ [it]. 1385

In addition, the front vowel /e/ followed by the 1386

velar consonants /N, k/ is converted to the respective 1387

central vowel because of the velar consonants, but 1388

as the velar consonants /N, k/ are replaced by the 1389

nasal consonants [n, t], which results in this vowel 1390

is longer. From then on, we have: 1391

• /eN/→ [9:n]. 1392

• /ek/→ [9:t]. 1393

However, the alveolar vowels /n, t/ following 1394

vowel /a/, and the central vowels /9, E/ become 1395

the velar consonants /N, k/. This is the reason why 1396

in this dialect, these words buôn bán, ít ỏi, ân 1397

cần, chen lấn are pronounced approximately the 1398

same as buôn báng, ích ỏi, âng cầng, cheng lấng, 1399

respectively. 1400
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qua nhà ông bà chúc tết xin lộc đầu năm

kwa ɲa˨˩ nămoŋ ba˨˩ c͡ ɕuk˧˥ tet˧˥ sin lok˧ˀ˩ də̆ u̯ ˩

Base Converter

kwa ɲa˨˩ nămɤʷŋᵐ ba˨˩ c͡ ɕʷʊkᵖ˧˥ tet˧˥ sin lɤʷkᵖ˧ˀ˩ də̆ u̯ ˩

Dialectal Converter

Northern

Figure 11: Dialect-aware tokenization algorithm.

On the other hand, the rounded back ones /u,1401

o, O)/ have variations depending on the following1402

consonants. If these vowels are followed by the1403

nasal consonants /n, t/, they keep their rounded1404

features while their length is longer /u, o, O/ →1405

[u:, o:, O:]. In the case these vowels are followed1406

by velar consonants /N, k/, they lose the rounded1407

characteristics as in the Northern dialect with a1408

little bit difference, while these velar consonants1409

are labialized to become [Nm, kp]. Moreover, the1410

nasal consonants [n, t] followed by these vowels1411

are replaced by the velar-labialized consonants [Nm,1412

kp], respectively. In particular, we have:1413

• /un, uN/→ [WUNm].1414

• /ut, uk/→ [WUkp].1415

• /on, oN/→ [7Nm].1416

• /Ot, Ok/→ [2kp].1417

D Appendix: Dialect-Aware Tokenization1418

Algorithm1419

We have analyzed in detail the phonetic and ortho-1420

graphic features of Vietnamese in Section B and1421

comprehensively describe the multi-dialect vari-1422

ations of this language in Section C. From these1423

analysis, we develop an Dialect-aware Tokenization1424

algorithm (DiaToken). DiaToken receives a line of1425

text which is the transcription of the given multi-1426

dialect voice and the province ID, then processes1427

and returns the sequence of IPA (International Pho-1428

netic Alphabet) characters describing the dialect1429

speech sound of the given audio correspond to the1430

dialect. DiaToken has two phases (Figure 11): (1)1431

Retrieving phonemes from graphemes given the1432

text of the transcript (the Base Converter module) 1433

and (2) Converting phonemes to IPA characters 1434

respective to dialectal phones (the Dialectual Con- 1435

verter module). 1436

D.1 Base Converter Module 1437

Algorithm 1: The algorithm for converting
text to phonemes.
Data: Transcript of the audio

w = (w1, w2, ..., wn).
Result: A sequence of syllables

p = (p1, p2, ..., pn) of the given
input transcript
w = (w1, w2, ..., wn). Each
phoneme pi =
(piniti , pglidei , pvowel

i , pfinali , ptonei )
is a triplet of IPA for the initial,
rhyme, and tone.

1 phonemes← an empty list [];
2 for W in w do
3 ptone,W ← get_tone(W );
4 pinitial,W ← get_initial(W );
5 pglide,W ← get_glide(W );
6 pvowel,W ← get_vowel(W );
7 pfinal ← get_final(W );
8 phonemes← Append

(pinit, prhyme, ptone);
9 end

10 return phonemes;

We describe in Alg. 1 a overview of algo- 1438

rithm of the Base Converter module for convert- 1439

ing orthographic form of the transcript to the se- 1440

quence of phonemes. In this algorithm, we repre- 1441
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Algorithm 2: Algorithm for determining
initial of a word.

1 Function get_initial(W ):
Input: A word W in Vietnamese
Output: The initial i of W

2 onsets← [ngh, tr, th, ph, nh, ng, kh, gi,
gh, ch, q, đ, x, v, t, s, r, n, m, l, k, h, g,
d, c, b];

3 i← None;
4 for onset in onsets do
5 if W starts with onset then

/* Words starting with "qu"
are kept the onset for
later process. */

6 if onset ̸= k then
7 Remove onset from W ;
8 end
9 i← IPA character of onset

according to Appendix B;
10 end
11 break;
12 end
13 return i,W ;
14 end

sent each word as a vector of five syllabic compo-1442

nents: initial, glide, vowel, final, and tone. From1443

that on, these five phonemes of each word will1444

be mapped to the dialectal phone according to the1445

given province of the audio.1446

Algorithm 3: Algorithm for determining
final of a word.

1 Function get_final(W ):
Input: A word W in Vietnamese
Output: The final f of W

2 codas← [ng, nh, ch, u, n, o, p, c, m, y,
i, t];

3 if W in codas then
4 return W ;
5 end
6 return None;
7 end

Moreover, as described in Alg. 5, Alg. 2, Alg.1447

6, Alg. 4, and Alg. 3, the computational complex-1448

ity of the Base Convert (Figure 11) is linear O(n)1449

while using a fix sized of vocabulary of phonemes1450

but tokenizing unlimited number of Vietnamese1451

words.1452

Algorithm 4: Algorithm for determining
vowel of a word.

1 Function get_vowel(W ):
Input: A word W in Vietnamese
Output: The vowel v of W

2 nuclei← [oo, ươ, ưa, uô, ua, iê, yê, ia,
ya, e, ê, u, ư, ô, i, y, ơ, â, a, o, ă];

3 for nucleus in nuclei do
4 if W starts with nucleus then
5 v ← IPA character of nucleus

according to Appendix B;
6 Remove nucleus from W ;
7 return v, W ;
8 end
9 end

10 return None, W ;
11 end

Algorithm 5: Algorithm for determining
tone of a word.

1 Function get_tone(W ):
Input: A word W in Vietnamese
Output: The tone t of W

2 end
3 t← tone of word according to Appendix B;
4 Remove tone from W ;
5 return t,W ;
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Algorithm 6: Algorithm for determining
glide of a word.

1 Function get_glide(W ):
Input: A word W in Vietnamese
Output: The glide g of W

2 if W starts with qu then
3 Remove qu from W ;
4 return u

“
, W ;

5 end
6 for case in [oa, oă, oe] do
7 if W starts with case then
8 Remove o from W ;
9 return u

“
, W ;

10 end
11 end
12 for case in [uê, uy, uơ, ua, uâ, uya] do
13 if W starts with case then
14 Remove u from W ;
15 return u

“
, W

16 end
17 end
18 return None, W;
19 end

D.2 Dialectal Converter Module1453

Having the phoneme representation for the given1454

transcript, the DiaToken continues to retrieve the1455

dialectal representation of the given transcript ac-1456

cording to the name of the province. Vietnam has1457

63 provinces and their speech sound are grouped1458

into three large dialects as described in Appendix1459

C. DiaToken receives the name of the province then1460

determines the respective dialect and finally con-1461

vert every phonemes to the corresponding phones.1462

The overall algorithm is described in Alg. 7.1463

From Alg. 8, Alg. 9, and Alg. 10, the compu-1464

tational complexity is linear O(n), which means1465

the complexity of the Dialectal Converter Mod-1466

ule is O(n). Finally, the overall complexity of the1467

DiaToken algorithm is O(n) which is efficient for1468

tokenizing transcript in the context of multi-dialect.1469

Algorithm 7: The algorithm for converting
phonemes to dialectal phones
Data:

• The name of the province ProID.

• A sequence p = (p1, p2, ..., pn) representing
phonemic syllables of the transcript
w = (w1, w2, ..., wn). Each
pi = (piniti , pglidei , pvowel

i , pfinali , ptonei ) is a
vector of five syllabic components of word
wi.

Result: A sequence
ph = (ph1, ph2, ..., phn)
representing dialectal syllables of
the transcript
w = (w1, w2, ..., wn). Each
phi = (phiniti , phrhyme

i , phtonei ) is
a vector of three dialectal phonetic
components of word wi.

1 northern← set of provinces having the
Northern dialect according to Appendix C;

2 middle← set of provinces having the
Central dialect according to Appendix C;

3 southern← set of provinces having the
Southern dialect according to Appendix C;

4 if ProID ∈ northern then
5 pth← get_northern (p);
6 end
7 if ProID ∈ middle then
8 pth← get_middle (p);
9 end

10 if ProID ∈ southern then
11 pth← get_southern (p);
12 end
13 return ph;
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Algorithm 8: Algorithm for determining Northern dialect of a syllable.

1 Function get_nothern(s):
Input: A sequence of phonemic syllables s = (s1, s2, ..., sn)
Output: A sequence of Northern phonetic syllables s = (s1, s2, ..., sn)

2 for si in s do
3 siniti ← si;
4 siniti ← IPA character for Northern dialect of the initial siniti according to Appendix C.1;
5 sglidei ← IPA character for Northern dialect of the glide sglidei according to Appendix C.1;
6 svowel

i ← IPA character for Northern dialect of the vowel svowel
i according to Appendix C.1;

7 sfinali ← IPA character for Northern dialect of the final sfinali according to Appendix C.1;
8 stonei ← IPA character for Northern dialect of the tone stonei according to Appendix C.1;
9 srhyme

i ← sglidei ⊕ svowel
i ⊕ sfinali ; /* ⊕ represents the concatenation operator */

10 si ← (siniti , srhyme
i , stonei );

11 end
12 end

Algorithm 9: Algorithm for determining Central dialect of a syllable.

1 Function get_nothern(s):
Input: A sequence of phonemic syllables s = (s1, s2, ..., sn)
Output: A sequence of Central phonetic syllables s = (s1, s2, ..., sn)

2 for si in s do
3 siniti ← si;
4 siniti ← IPA character for Central dialect of the initial siniti according to Appendix C.2;
5 sglidei ← IPA character for Central dialect of the glide sglidei according to Appendix C.2;
6 svowel

i ← IPA character for Central dialect of the vowel svowel
i according to Appendix C.2;

7 sfinali ← IPA character for Central dialect of the final sfinali according to Appendix C.2;
8 stonei ← IPA character for Central dialect of the tone stonei according to Appendix C.2;
9 srhyme

i ← sglidei ⊕ svowel
i ⊕ sfinali ; /* ⊕ represents the concatenation operator */

10 si ← (siniti , srhyme
i , stonei );

11 end
12 end

Algorithm 10: Algorithm for determining Southern dialect of a syllable.

1 Function get_nothern(s):
Input: A sequence of phonemic syllables s = (s1, s2, ..., sn)
Output: A sequence of Southern phonetic syllables s = (s1, s2, ..., sn)

2 for si in s do
3 siniti ← si;
4 siniti ← IPA character for Southern dialect of the initial siniti according to Appendix C.3;
5 sglidei ← IPA character for Southern dialect of the glide sglidei according to Appendix C.3;
6 svowel

i ← IPA character for Southern dialect of the vowel svowel
i according to Appendix C.3;

7 sfinali ← IPA character for Southern dialect of the final sfinali according to Appendix C.3;
8 stonei ← IPA character for Southern dialect of the tone stonei according to Appendix C.3;
9 srhyme

i ← sglidei ⊕ svowel
i ⊕ sfinali ; /* ⊕ represents the concatenation operator */

10 si ← (siniti , srhyme
i , stonei );

11 end
12 end
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