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Abstract

Text-to-speech systems increasingly process
user-generated text (UGT) such as ppl and
imo, whose pronunciation must be inferred
from the canonical rather than surface form.
We introduce UGTPHON, the first grapheme-
to-phoneme (G2P) benchmark for UGT in
English, Vietnamese, and Korean, together
with an inference-grounded taxonomy for fine-
grained diagnosis. Existing G2P models and
frontier LLMs exhibit a systematic canonical-
to-non-canonical performance gap, reaching
up to 66.8 PER points. As a benchmark base-
line, we propose a simple compositional G2P
approach that incorporates canonical-form evi-
dence through exact-match lookup and staged
decoding. Across matched ByT5 and Qwen2.5-
0.5B backbones, explicit canonical-form mod-
eling consistently reduces non-canonical G2P
errors. The 0.5B variant also performs competi-
tively with much larger few-shot frontier LLMs,
highlighting the benefit of explicitly modeling
canonical-form inference for UGT phonemiza-
tion.

1 Introduction

Grapheme-to-phoneme (G2P) conversion (Bisani
and Ney, 2008; Novak et al., 2012; Rao et al., 2015)
maps a word’s written form to its phonemic tran-
scription. It serves as the essential front-end of text-
to-speech (TTS) systems (Ren et al., 2019; Plou-
jnikov and Ravanelli, 2022), where synthesis qual-
ity depends directly on the pronunciations it pro-
duces (Taylor, 2005; Van Esch and Sproat, 2017).
Existing G2P approaches, including joint-sequence
models (Bisani and Ney, 2008), transformer archi-
tectures (Yolchuyeva et al., 2019), and pretrained
byte-level models (Zhu et al., 2022), achieve ro-
bust performance on canonical lexicons such as
IPA-Dict (Doherty, 2016) and WikiPron (Lee et al.,

*Work performed during an internship at NAVER Cloud.
†Corresponding authors.

Wrong Pronunciation Intended Pronunciation

“Ppl gonna luv this imo”
(non-canonical form)

Input UGT (User-Generated Text)

Non-canonical forms are read literally
Full words are not recovered

Canonical word forms are recovered
Words are read as intended

No lexical normalization
(non-canonical form)

“People gonna love this in my opinion”
(canonical form)

/ˈpi ˈpi ˈɛl/ /ˈɡɑnə/ /ˈlʌv/
/ˈðɪs/ /ˈaɪ ˈɛm ˈoʊ/

/ˈpipəɫ/ /ˈɡɑnə/  /ˈɫəv/
/ˈðɪs/ /ˈɪn ˈmaɪ əˈpɪnjən/

Figure 1: Conventional G2P models (red, left) read non-
canonical words (ppl, luv, imo) letter by letter, produc-
ing letter names. Accurate phonemization (green, right)
therefore requires recovering the canonical form (peo-
ple, love, in my opinion) before generating phonemes.

2020). TTS pipelines, therefore, treat phonem-
ization as a reliable upstream module (Kim et al.,
2021; Shen et al., 2018), assuming input that fol-
lows standard orthography.

However, this assumption breaks down in prac-
tice. As TTS systems increasingly process con-
versational and web-based text (Lee and Ashok,
2022), input is dominated by user-generated text
(UGT) (Plank, 2016; Han and Baldwin, 2011): a
mixture of canonical words (e.g., love, people)
and non-canonical forms like luv and ppl. These
non-canonical forms follow systematic patterns re-
curring across languages such as English (EN),
Vietnamese (VI), and Korean (KO): abbreviations
(EN: lmao, VI: vcl, KO:ㅇㄱㄹㅇ), orthographic
lengthening (cooool, điiiii, ㅋㅋㅋㅋㅋㅋ), pho-
netic substitutions (gr8, wá,머해), and slang (lit,
gato,킹받다). Existing G2P models therefore read
these forms literally and yield letter-name strings
rather than the intended pronunciations (Figure 1
(A)). Prior work has framed UGT as noise (Zhao
et al., 2022), but UGT is fundamentally different:
imo is a deliberate substitution whose pronuncia-
tion must be inferred from its canonical expansion
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(in my opinion), not its surface form. G2P robust-
ness under UGT remains unexplored.

To address this gap, we introduce UGTPHON1,
the first G2P benchmark for UGT, spanning three
typologically diverse languages (English, Viet-
namese, and Korean) with the intended canonical
form and gold phoneme sequence for every non-
canonical word.

To support fine-grained diagnosis, we further
group non-canonical words by the inference a G2P
model must perform: (1) Reconstruct (recover
dropped characters, e.g., idk for I don’t know),
(2) Repetition (collapse prosodic repetitions, e.g.,
soooo for so), and (3) Pass-through (the surface al-
ready encodes the pronunciation, e.g., luv for love).
This inference-grounded design lets a model’s fail-
ure pattern indicate which kind of inference is miss-
ing, not which inputs it fails on.

Non-canonical G2P composes two stages, infer-
ring the canonical form and phonemizing it. Stan-
dard end-to-end training collapses these into one,
while a naive normalize-then-G2P pipeline over-
corrects forms that need no rewriting. We therefore
use a simple compositional G2P baseline with
three components: Contextualized input encoding
marks the target word within its sentence, Retrieval
supplies a canonical-form hint from an external
datastore, and Staged decoding emits the canonical
form as an intermediate target before its phonemes
(<Target> Gc <Phoneme> Pc).

On UGTPHON, all baselines suffer degradation
on non-canonical words, with the canonical–non-
canonical gap reaching up to 66.8 PER points.
Further training on UGTPHON substantially low-
ers non-canonical error rates on English and Viet-
namese but leaves a large gap. Our compositional
baseline consistently reduces non-canonical G2P
error relative to matched ByT5 and Qwen2.5-0.5B
backbones across all three languages, while the
0.5B variant is also competitive with much larger
few-shot frontier LLMs.

We summarize our contributions as follows:
• UGTPHON, the first G2P benchmark for user-

generated text across English, Vietnamese, and
Korean, with an inference-grounded taxonomy
for fine-grained diagnosis.

• A systematic evaluation showing how canon-
ical and non-canonical G2P errors vary across
inference types, model families, and languages.

1The UGTPHON is publicly available at https://github.
com/naver-ai/UGTPHON.

• A simple compositional baseline that injects
canonical-form evidence through exact-match
lookup and staged decoding, consistently im-
proving matched supervised backbones on UGT-
PHON.

2 UGTPHON

We propose UGTPHON, the first G2P benchmark
for UGT, comprising 18,373 sentences across three
typologically diverse languages (Table 2): English
(5,029), Vietnamese (10,847), and Korean (2,497).
We formalize G2P on UGT (Section 2.1), group
non-canonical words by required inference into a
diagnostic taxonomy (Section 2.2), and annotate
(Gnc,Gc,Pc) at the target level within full senten-
tial context (Section 2.3). This supports aggregate
evaluation and category-level diagnosis of G2P fail-
ures.

2.1 Task Formulation

Notation. Let S denote a sentence and wi an an-
notated target token or span in S, which is either
canonical or non-canonical. In Vietnamese, a sin-
gle annotated target may span multiple whitespace-
delimited units. A canonical word has a spelling
listed in the standard dictionary (e.g., love, please,
không). A non-canonical word Gnc is a conven-
tionalized variant of a canonical form arising sys-
tematically in UGT (e.g., luv, pls, k). We denote
the canonical form of Gnc as Gc and the corre-
sponding gold IPA phoneme sequence as Pc. For
each annotated target, we represent the G2P task
as a quadruplet (S,Gnc,Gc,Pc), where the non-
canonical form Gnc appears as a token or span in
sentence S.

Canonical form annotation. We adopt the stan-
dard formulation of lexical normalization (Van
Der Goot et al., 2018, 2021; Nguyen et al., 2024):
the mapping Gnc → Gc admits 1-to-1 (pls →
please), 1-to-N (idk → I don’t know), and N-to-
1 (ch ó → chó) mappings. We obtain Gc from
LexNorm2015 (Baldwin et al., 2015), via Multi-
LexNorm (Van Der Goot et al., 2021), for English
and from ViLexNorm (Nguyen et al., 2024) for
Vietnamese. For Korean, we draw Gnc from Mul-
tiLexNorm++ (Buaphet et al., 2026) and KoMul-
tiText (Choi et al., 2023), and annotate Gc from
scratch with native-speaker experts. (procedure in
Appendix A.2).

https://github.com/naver-ai/UGTPHON
https://github.com/naver-ai/UGTPHON


English Vietnamese Korean

Type ID Category Gnc→Gc tr+dv / te Gnc→Gc tr+dv / te Gnc→Gc tr+dv / te

A
Reconstruct

A1 Shortening-V pls → please 595/166 đc → được 3,112/327 ㅅㄱ→수고 451/67
A2 Shortening-O bc → because 313/82 k → không 4,609/496 – –
A3 Phrasal (Unp) idk → I don’t know 504/117 mn → mọi người 2,020/225 – –

B
Repetition

B1 Lengthening soooo → so 175/75 điii → đi 475/43 구우웃→굿 166/66
B2 Iteration waitwait → wait wait 113/44 xem xem → xem xem 157/38 ㅋㅋㅋㅋ→크크크크,키키키키 322/136

C
Pass-through

C1 Eye Direct luv → love 515/140 zô → vô 2,385/368 어케→어케 509/119
C2 Regular droppin → dropping 1,559/405 iu → yêu 2,164/247 걍→걍 175/44
C3 Slang/Teen tho → though 903/236 hong → không 2,897/369 막짤→막짤 1,205/234
C4 Phrasal (Pro) rofl → rofl 166/62 GATO → GATO 129/39 월클→월클 89/56

Table 1: Diagnostic taxonomy of non-canonical UGT in UGTPHON, regrouping prior orthographic taxonomies by
the inference G2P must perform: three types ordered by inference demand, with nine fine-grained categories. (A)
Reconstruct: recover dropped characters. (B) Repetition: collapse repeats. (C) Pass-through: surface already
encodes pronunciation. Each cell: example Gnc→Gc and counts (train+dev / test); “–”: absent.

English Vietnamese Korean Total

Train 3,329 8,597 1,976 13,902
Dev 600 1,129 246 1,975
Test 1,100 1,121 275 2,496

Total 5,029 10,847 2,497 18,373

Table 2: UGTPHON composition by language and split.

Task definition. Existing G2P benchmarks eval-
uate word-level conversion in isolation (Bisani and
Ney, 2008; Novak et al., 2012; Rao et al., 2015).
This is insufficient for UGT: a non-canonical sur-
face like ig can normalize to I guess or Instagram
depending on the sentence. UGTPHON therefore
situates every non-canonical word within its orig-
inal sentence S. Given Gnc and S, the task is
to predict the gold phoneme sequence Pc derived
from the intended canonical form Gc, which re-
mains latent during evaluation. Evaluation is at
the target level for precise error attribution, while
conditioning on the full sentence.

2.2 Diagnostic Taxonomy of Non-Canonical
Words

Non-canonical surfaces in UGT vary in the infer-
ence required for G2P: some can be read directly,
others require recovering dropped characters, and
others require collapsing repeated units. Existing
UGT taxonomies (Van Der Goot et al., 2018) group
surfaces by orthographic transformation, which is
suited to lexical normalization but not phonemiza-
tion. UGTPHON instead regroups these surfaces
by the inference required for phonemization (Ta-
ble 1), so that failure patterns localize which kind
of inference a model lacks.

Coarse-grained types. We define three coarse
types, ordered from the most to the least demanding

inference.
(A) Reconstruct. Surface content required for

pronunciation has been omitted and must be recov-
ered, possibly as a multi-word expansion (e.g., idk
→ I don’t know).

(B) Repetition. Characters or units have been
repeated for prosodic emphasis (Brody and Di-
akopoulos, 2011) and must be collapsed (e.g.,
soooo → so).

(C) Pass-through. The surface already pre-
serves the intended pronunciation and can be read
directly (e.g., luv → love).

Fine-grained categories. Within each coarse
type, we distinguish 2–4 fine-grained categories
reorganized from prior UGT taxonomies (Van
Der Goot et al., 2018). Reconstruct splits by what
is omitted (vowels A1, other characters A2, full
phrases A3). Repetition splits by what is repeated
(characters B1, units B2). Pass-through splits by
how pronunciation is preserved in the surface (pho-
netic respelling C1, productive variation C2, lex-
icalized slang C3, pronounceable acronyms C4).
Examples and per-language counts are shown in
Table 1. Korean Reconstruct collapses to A1, since
it consists almost entirely of initial-consonant ab-
breviations (e.g.,ㄱㅅ→감사).

2.3 Data Construction

We construct UGTPHON in three stages: source
corpora selection, phoneme annotation, and cate-
gory labeling. We preserve the raw UGT sentence
in the released text field. During phoneme con-
struction, non-lexical elements such as punctuation
and numbers are dropped or verbalized as appro-
priate, while unphonemizable items may remain as
placeholders. Full details, licenses, and annotation
procedures are provided in Appendix A.



(A) Vanilla G2P (B) Lexical Normalization + G2P (C) Ours

Output IPA:
/ˈpi ˈpi ˈɛl/ /ˈɡɑnə/  /ˈlʌv/

/ˈðɪs/  /ˈaɪ ˈɛm ˈoʊ/

Lexical Normalization

People are going to love this 
in my opinion

Retrieval injects normalization evidence.
Decoder emits canonical form before phonemes.

<eng-us>
{Retrieval Result Prefix}
| Ppl | gonna luv this imo

Over-corrects normal tokens.
Errors propagate.

Tokens read literally.
No sentence context.

Input UGT:
“Ppl gonna luv this imo”

Output IPA:
/ˈpipəl/  /ɑɹ ˈɡoʊɪŋ ˈtu/ /ˈlʌv/

/ˈðɪs/  /ˈɪn ˈmaɪ əaˈpɪnjən/

For each word:
[ Ppl, gonna, luv, this, imo ]

Retrieval

Output IPA with ③ Staged Decoding:
<Target> People gonna love this in my opinion

<Phoneme> /ˈpipəɫ/ /ˈɡɑnə/ /ˈɫəv/ /ˈðɪs/  /ˈɪn ˈmaɪ əˈpɪnjən/

Hit
Miss

<Hint> Ppl → people

<Miss>

Retrieval Result
Language Tag

① Contextualized
Input EncodingGrapheme-To-Phoneme

BackboneGrapheme-To-Phoneme

② Retrieval-Augmented
Prompting

Figure 2: Three approaches to non-canonical G2P. (A) Vanilla G2P reads words literally. (B) A lexical normalization
model rewrites the input but overcorrects canonical words, propagating errors downstream. (C) Our retrieval-
augmented compositional G2P baseline injects a Gnc → Gc canonical form hint and emits Gc as an intermediate
before the phonemes.

Source corpora. For English, Gnc–Gc pairs
are derived from LexNorm (Baldwin et al.,
2015), via MultiLexNorm (Van Der Goot et al.,
2021). For Vietnamese, they are derived from
ViLexNorm (Nguyen et al., 2024). For Korean,
Gnc is drawn from MultiLexNorm++ (Buaphet
et al., 2026) and KoMultiText (Choi et al., 2023),
and Gc is annotated from scratch (Appendix A.2).
In addition, the English and Vietnamese subsets
include 175 and 385 human-curated augmented
UGT sentences, respectively, generated from ex-
isting UGT patterns. We preserve the natural re-
source asymmetry across languages rather than
down-sampling, ensuring sufficient samples per
category in every split. Since the source corpora
include UGT from social media, UGTPHON inher-
its some toxic content; we report a sentence-level
moderation analysis in Appendix B.

Phoneme annotation. Target phonemes Pc are
derived from Gc via IPA-Dict (Doherty, 2016),
an expert-curated grapheme-to-IPA lexicon, and
verified by native-speaker experts for language-
specific phenomena (English heteronyms, Viet-
namese tones, Korean phonological rules). For
canonical forms Gc not covered by the lexicon (e.g.,
recent loanwords or proper nouns), experts provide
Pc from scratch and cross-verify. Inter-annotator
agreement reaches Cohen’s κ = 0.86 (English)
and 0.87 (Vietnamese), both in the almost-perfect
range (Landis and Koch, 1977), with Korean at
0.75 (substantial) reflecting variability in IPA tran-
scription rather than disagreement on the under-
lying pronunciation. Per-category agreement and

OOV statistics are reported in Appendix A.4.

Category labeling. Each non-canonical word is
assigned to one of the nine categories (Table 1)
through manual annotation by native speakers, with
second-pass verification and disagreements recon-
ciled through discussion. Operational definitions
and full guidelines are in Appendix A.3 (Table 7).

3 Method

Two conventional approaches to non-canonical
G2P lack joint supervision of the normalization-
phonemization composition (Figure 2). Vanilla
G2P (Figure 2 (A)) phonemizes the surface di-
rectly, leaving Gnc → Gc unsupervised. Lexical
normalization + G2P (Figure 2 (B)) decouples the
stages but over-corrects canonical-recoverable sur-
faces. We use a retrieval-augmented compositional
baseline (Figure 2 (C)) that jointly supervises both
stages within a single architecture.

Our approach comprises three components. First,
Contextualized input encoding (Section 3.1) marks
the target within its sentential context. Then,
Retrieval-augmented canonical-form prompting
(Section 3.2) supplies a Gnc → Gc hint through an
exact-match lookup when the surface form occurs
in a training-derived datastore. Finally, Staged de-
coding (Section 3.3) emits Gc before Pc, binding
the retrieved hint to prediction.

3.1 Contextualized Input Encoding

For each annotated target token or span wi in sen-
tence S, we construct the input string by prepend-
ing a language tag and surrounding wi with pipe



markers:

<lang> w1w2 · · · |wi | · · · wn.

This format treats wi as a single annotated target
span, even when its surface or canonical form spans
multiple whitespace-delimited units (e.g., idk → I
don’t know). Each target is processed as an inde-
pendent forward pass, so multiple non-canonical
words do not accumulate cross-word errors during
decoding (Yoon et al., 2023).

This input format applies uniformly across train-
ing and inference, and across different backbone
families: ByT5-small (Xue et al., 2022) and Qwen
2.5-0.5B (Qwen et al., 2025). Since the | symbol
is a regular character in both vocabularies, no spe-
cial tokens are added. Our approach is therefore
backbone-agnostic and does not require backbone-
specific tokenization. We use ByT5-small as the
default backbone for its byte-level input, which han-
dles UGTPHON’s diverse scripts without language-
specific tokenizers.

3.2 Retrieval-Augmented Canonical-Form
Inference

Training a model to map Gnc directly to Pc pro-
vides no explicit supervision for the Gnc → Gc

normalization stage: the surface form bears little
phonemic correspondence to the target (idk vs. /aI
doUnt noU/). We augment the input with an op-
tional canonical-form hint retrieved through a sim-
ple exact-match key–value lookup over a training-
derived datastore.

Retrieval datastore. We construct the datastore
D as a key–value map from training-set (Gnc,Gc)
pairs, with Gnc as the key and Gc as the value. For
each target wi in S, we retrieve its canonical hint
from D:

prefix(wi) =

{
<Hint> wi → D[wi] if wi ∈ D,

<Miss> otherwise.
(1)

On a miss, the <Miss> marker explicitly marks re-
trieval failure as a learnable condition, prompting
the model to rely on sentence context for normal-
ization.

Optional LLM-based datastore expansion.
New non-canonical forms appear continuously, and
the training split cannot exhaust the space of vari-
ants seen at test time. To extend coverage, we
prompt GPT-5.4-mini (Singh et al., 2025) with

seed pairs from D to generate additional (Gnc,Gc)
candidates following the same UGT category pat-
terns. Seeds and all filtering are restricted to the
training split. We discard candidates whose Gnc

matches a standard word in the train or dev split,
to avoid spuriously rewriting canonical inputs, or
where Gc = Gnc, which carries no normalization
signal. Prompt details and coverage statistics are
provided in Appendix C.

Hit and Miss prefixes. The two special tokens in-
troduced in Equation (1), <Hint> and <Miss>, are
added to the vocabulary. Prepending the retrieval
prefix to the contextualized input from Section 3.1
produces the following inputs:
Hit: <lang> <Hint> wi→Gc,i w1 w2 · · · |wi| · · · wn

Miss: <lang> <Miss> w1 w2 · · · |wi| · · · wn

The <Miss> marker also distinguishes a non-
canonical word absent from D from a canonical
input that requires no retrieval.

3.3 Staged Decoding
To bind the retrieved hint to prediction, we make
the canonical form an explicit intermediate target
during decoding. The model produces the normal-
ization output Gc before the phoneme sequence Pc

in a single autoregressive trajectory, with the target
sequence structured as follows:

Non-canonical: <Target>Gc︸ ︷︷ ︸
normalization

<Phoneme>Pc︸ ︷︷ ︸
phonemization

,

Canonical: <Phoneme>Pc.

For canonical words, the model bypasses the nor-
malization stage and emits Pc directly, aligning
with conventional G2P training. For non-canonical
words, it generates Gc as a learned intermediate
before Pc, providing explicit supervision for both
the normalization stage (via Gc) and the phonem-
ization stage (via Pc). The model is trained end-
to-end with cross-entropy loss over the full target
sequence, without auxiliary objectives or additional
loss terms.

Together, the three components make canonical-
form modeling explicit within a single G2P archi-
tecture, supervising normalization and phonemiza-
tion without sacrificing canonical-token accuracy.

4 Experiments

Using the taxonomy of Section 2.2, we quan-
tify the canonical-to-non-canonical gap on UGT-
PHON, decompose it by category, and compare our



English Vietnamese Korean

Model PERipa ↓ PERc ↓ PERnc ⟨∆⟩ ↓ PERipa ↓ PERc ↓ PERnc ⟨∆⟩ ↓ PERipa ↓ PERc ↓ PERnc ⟨∆⟩ ↓

Rule-based G2P
Epitran (–) 33.4 13.4 45.1 ⟨+31.7⟩ 32.7 34.7 75.1 ⟨+40.4⟩ 47.0 37.5 50.7 ⟨+13.2⟩
viG2P (–) – – – 25.4 27.3 78.4 ⟨+51.1⟩ – – –
Supervised G2P (trained on IPA-Dict canonical lexicon)
Transformer (2019) (2.0M) 17.4 12.9 44.8 ⟨+31.9⟩ 15.3 5.8 68.4 ⟨+62.6⟩ 7.5 9.5 54.8 ⟨+45.3⟩
ByT5-tiny (2022) (7.3M) 17.0 18.8 46.4 ⟨+27.6⟩ 15.2 6.0 71.9 ⟨+65.9⟩ 7.2 6.8 51.1 ⟨+44.3⟩
GBERT (2022) (8.0M) 21.5 17.6 45.0 ⟨+27.4⟩ 24.0 30.8 93.0 ⟨+62.2⟩ 11.7 16.8 45.9 ⟨+29.1⟩
ByT5 (2022) (300M) 13.5 10.5 46.6 ⟨+36.1⟩ 15.2 5.9 72.7 ⟨+66.8⟩ 6.7 4.2 46.2 ⟨+42.0⟩
Supervised G2P (further trained on UGTPHON)
Transformer (2.0M) 18.8 10.3 32.7 ⟨+22.4⟩ 17.8 5.9 33.7 ⟨+27.8⟩ 7.5 5.8 38.7 ⟨+32.9⟩
ByT5-tiny (7.3M) 30.1 9.7 30.8 ⟨+21.1⟩ 17.0 7.7 43.6 ⟨+35.9⟩ 8.1 4.0 39.0 ⟨+35.0⟩
GBERT (8.0M) 25.6 7.8 50.5 ⟨+42.7⟩ 50.3 5.6 60.4 ⟨+54.8⟩ 8.5 5.8 31.6 ⟨+25.8⟩
ByT5 (300M) 15.9 5.2 29.8 ⟨+24.6⟩ 17.3 7.7 43.2 ⟨+35.5⟩ 7.2 4.3 47.5 ⟨+43.2⟩

Ours (ByT5) (300M) 17.8 4.7 22.5 ⟨+17.8⟩ 15.9 5.9 26.7 ⟨+20.8⟩ 9.0 5.1 32.0 ⟨+26.9⟩
Ours (Qwen 2.5-0.5B) (494M) 19.5 10.2 14.3 ⟨+4.1⟩ 15.5 4.0 20.0 ⟨+16.0⟩ 8.2 6.0 32.4 ⟨+26.4⟩

Table 3: Comparison with existing G2P models on UGTPHON. PER (%) on canonical (PERc) and non-canonical
(PERnc) words, with the within-input gap ∆ = PERnc − PERc. Color encodes ∆: ≥ 30pp (large gap), 10–30pp
(medium), < 10pp (small). Bold: best per column.

model against two alternatives: a normalize-then-
phonemize pipeline and frontier LLMs.

4.1 Experimental Setup

Evaluation protocol. Models take the full sen-
tence as input and predict the marked target word.
We report Phoneme Error Rate (PER, %) on UGT-
PHON’s test split as PERc (canonical) and PERnc

(non-canonical), with ∆ = PERnc − PERc. For
lexicon-only supervised baselines, we additionally
report PERipa on the IPA-dict (Doherty, 2016) lexi-
con to track canonical coverage.

Baselines. We compare our model against task-
relevant G2P, normalization, and frontier-LLM
baselines. Rule-based G2P: Epitran (Mortensen
et al., 2018) and viG2P (Tri et al., 2020). Su-
pervised G2P: Transformer (Yolchuyeva et al.,
2019), ByT5/ByT5-tiny (Zhu et al., 2022), and
GBERT (Dong et al., 2022), each evaluated in
two training regimes: lexicon-only (trained on
canonical IPA-Dict) and fine-tuned (further trained
on UGTPHON). Frontier LLMs: GPT-4o, GPT-
5.4-mini (Singh et al., 2025), Gemini-2.5-flash,
Gemini-3-flash, and Claude-Sonnet-4.6, evaluated
under the nominal K = 9 in-context setting de-
scribed in Appendix E, following prior G2P-with-
LLM work (Han et al., 2024). Task-relevant base-
lines: ICKR (Han et al., 2024), R-G2P (Zhao et al.,
2022), and lexical-normalization + G2P pipelines
using MoNoise (Van Der Goot, 2019) or Poly-
Norm (Wong et al., 2025). The full cross-lingual
comparison is reported in Table 10.

Implementation. We use ByT5-small as the de-
fault backbone, with Qwen2.5-0.5B for backbone
ablation. Training uses AdamW (lr = 10−4, batch
size=32, 10 epochs) on 4 NVIDIA V100 GPUs.
The retrieval datastore D uses the exact-match
lookup described in Section 3.2. For the frontier
LLMs, we query official APIs under the nominal
K = 9 in-context setting described in Appendix E.
Model identifiers and access dates are listed in Ap-
pendix D; the prompt template is provided in Ap-
pendix E.

4.2 Main Results

All baselines exhibit large canonical-to-non-
canonical gaps. Table 3 reports PER for rule-
based and supervised baselines on UGTPHON.
The within-input gap ∆ ranges from +27.4 to
+36.1 on English, +40.4 to +66.8 on Vietnamese,
and +13.2 to +45.3 on Korean. The pattern per-
sists across rule-based (Mortensen et al., 2018),
transformer (Yolchuyeva et al., 2019), and byte-
level (Zhu et al., 2022) architectures, and is most
severe on Vietnamese, where supervised baselines
average ∆ ≈ +64 despite PERc below 8%.

Further training on UGTPHON reduces PERnc

but does not close ∆. Training the supervised
baselines on UGTPHON’s training split substan-
tially lowers PERnc on English (46.6 → 29.8) and
Vietnamese (72.7 → 43.2), but the strongest fine-
tuned model (ByT5) still shows ∆ = +24.6 on
English and +35.5 on Vietnamese. Korean even
slightly worsens (46.2 → 47.5), reflecting its Pass-
through–dominated composition in Table 1, where



Input Retrieval
Augmentation

Staged
Decoding

English Vietnamese Korean
PERall ↓ PERc ↓ PERnc ↓ PERall ↓ PERc ↓ PERnc ↓ PERall ↓ PERc ↓ PERnc ↓

Word→Word ✗ ✗ 7.9 5.2 29.8 14.1 7.7 43.2 17.8 4.3 47.5
Sent→Sent ✗ ✗ 19.7 (+11.8) 18.0 (+12.8) 30.5 (+0.7) 29.7 (+15.6) 19.2 (+11.5) 70.7 (+27.5) 33.5 (+15.7) 41.6 (+37.3) 31.3 (−16.2)

Sent→Word ✗ ✗ 7.6 (−0.3) 5.4 (+0.2) 25.5 (−4.3) 15.0 (+0.9) 9.1 (+1.4) 41.9 (−1.3) 12.0 (−5.8) 4.7 (+0.4) 28.1 (−19.4)

Sent→Word ✗ ✓ 8.9 (+1.0) 4.9 (−0.3) 30.1 (+0.3) 10.1 (−4.0) 5.9 (−1.8) 31.8 (−11.4) 13.1 (−4.7) 4.0 (−0.3) 33.1 (−14.4)

Sent→Word ✓ ✗ 7.0 (−0.9) 5.0 (−0.2) 22.5 (−7.3) 9.6 (−4.5) 5.8 (−1.9) 29.1 (−14.1) 12.4 (−5.4) 5.5 (+1.2) 27.7 (−19.8)

Sent→Word ✓ ✓ 6.8 (−1.1) 4.7 (−0.5) 22.5 (−7.3) 9.3 (−4.8) 5.9 (−1.8) 26.7 (−16.5) 13.5 (−4.3) 5.1 (+0.8) 32.0 (−15.5)

Table 4: Component ablation of our retrieval-augmented G2P model on ByT5-small. Green/Red: gain/regression
vs. the Word→Word baseline. Retrieval Aug: Gnc→Gc hints from the datastore. Staged Decoding:
<Target>→ <Phoneme> emission. Bold: column-best per language (PER, %).

the surface already encodes pronunciation and fur-
ther fine-tuning provides little signal. The remain-
ing ∆ shows that further training alone does not
eliminate the non-canonical gap, motivating ex-
plicit surface-to-canonical modeling.

Explicit canonical-form modeling improves
matched backbones. Relative to matched ByT5
fine-tuning, our formulation lowers PERnc from
29.8 to 22.5 on English, 43.2 to 26.7 on Viet-
namese, and 47.5 to 32.0 on Korean. The same
pattern holds for Qwen2.5-0.5B: 14.8 → 14.3,
23.1 → 20.0, and 77.3 → 32.4, respectively.
Three-seed runs show stable English/Vietnamese
results, while Korean has higher variance; paired
bootstrap tests on the reported checkpoints give
confidence intervals excluding zero for all six
matched-backbone PERnc comparisons (Tables 11
and 12). The largest matched-backbone reductions
occur on Vietnamese and Korean, while English
Qwen improves from 14.8 to 14.3 PERnc.

4.3 Analysis

Sentence context helps as evidence, not as a gen-
eration target. Table 4 shows that generating
the full sentence (Sent→Sent) hurts PERc across
all three languages, reflecting exposure bias from
long autoregressive outputs (Yoon et al., 2023)
(Korean PERc rises by 37.3 points). Sent→Word
avoids this trade-off and lowers Korean PERnc

(47.5 → 28.1), since Korean is dominated by
pass-through forms that sentence context alone can
disambiguate. Vietnamese, by contrast, improves
little under Sent→Word, motivating the explicit
canonical-form evidence that the lookup provides.

Exact-match lookup supplies canonical-form ev-
idence; staged decoding encourages the model
to use it. On top of Sent→Word, retrieval alone
reduces PERnc from 41.9 to 29.1 on Vietnamese
and 25.5 to 22.5 on English, supplying the surface-
to-canonical evidence the surface lacks. Staged de-
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Figure 3: PERnc (%) by fine-grained category. Gains
concentrate on Reconstruct (A), with smaller margins
on Repetition (B) and Pass-through (C).

English

Model PERc PERnc

word-ByT5 (no norm.) 5.2 29.8

word-ByT5 + MoNoise (2019) 14.2 18.0
word-ByT5 + GPT-5.4-mini 13.6 18.6

Ours (ByT5) 4.7 22.5
Ours (Qwen 2.5-0.5B) 10.2 14.3

Table 5: Comparison with two-stage LexNorm + G2P
pipelines on English (PER, %).

coding alone improves Vietnamese (41.9 → 31.8)
but worsens English (25.5 → 30.1) and Korean
(28.1 → 33.1): without a retrieval hint, forcing
a canonical intermediate invites hallucinated re-
constructions. The two together attain the lowest
PERnc on English (22.5) and Vietnamese (26.7)
while keeping PERc at or below the no-retrieval
level. Korean shows no further gain, since its bot-
tleneck has shifted from normalization to phonem-
ization.

Improvements track the inference demand of
each category. Figure 3 decomposes PERnc

along the taxonomy of Table 1, which predicts
where canonical-form modeling should help and
where it should add little. The results match.

Reconstruct (A) is where the surface and canon-
ical form share the least phonemic evidence (e.g.,
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Figure 4: Shot scaling for frontier LLMs on UGTPHON.
PERnc (%) under the nominal K ∈ {0, 9, 27} shot set-
tings; Korean uses 0, 7, and 21 actual in-context exam-
ples because A2 and A3 are absent.

idk→ I don’t know), so our model’s gain is largest:
with the Qwen 2.5 (0.5B) backbone, A-average
PERnc drops by 33.4 points on English (54.4 →
21.0) and 15.2 on Vietnamese (38.3 → 23.1). On
English A3 specifically, our model reaches 11.5,
compared with 66.3 for the word-level baseline and
36.8 for GPT-4o, yielding the largest separation on
a category that requires phrasal canonical-form re-
construction.

Repetition (B) is intermediate: the surface en-
codes the pronunciation but with redundant content
that must be collapsed. Our model attains the best
PERnc on English B2 and sharply reduces Viet-
namese B2 against frontier LLMs, though the word-
level ByT5 baseline remains marginally stronger on
Vietnamese B2 (22.5 vs. 26.3), since the redundant
surface still preserves the underlying phonemes.

Pass-through (C) is mixed: the surface already
encodes the pronunciation, so the canonical-form
intermediate is no longer strictly necessary. Where
the baseline is near-zero (Korean C4, 1.9), our
model offers no benefit; where the surface remains
non-trivial to phonemize, the gain returns. Our
model attains the best PERnc on nine of twelve
Pass-through subcategories, so the cost-benefit de-
pends on residual phonemization difficulty rather
than the coarse category label.

Our approach outperforms two-stage pipelines
without trading canonical for non-canonical
accuracy. Table 5 compares our model against
two-stage English pipelines as shown in Figure 2
(B) that pair a lexical normalizer with word-level
ByT5: MoNoise (Van Der Goot, 2019) and GPT-
5.4-mini (Singh et al., 2025). English is the only
language where this comparison is possible, since
dedicated lexical normalization models exist for

English but not for the lower-resource languages
we evaluate. The two pipelines reduce PERnc from
29.8 to roughly 18, but PERc degrades from 5.2
to over 13. Our model avoids this trade-off: with
the ByT5 backbone, PERc stays at 4.7 and PERnc

drops to 22.5; with Qwen 2.5-0.5B, PERnc reaches
the lowest value across all systems (14.3) while
PERc (10.2) remains well below the pipelines.

Our approach remains competitive with fron-
tier LLMs. Figure 4 compares our approach
against five frontier LLMs under the nominal K ∈
{0, 9, 27} shot settings. Across all three languages,
our 0.5B model achieves performance competitive
with or better than the evaluated frontier LLMs.
On English, the strongest frontier model (Gemini-
3-flash) reaches PERnc = 17.4 under K = 27,
while our Qwen2.5-0.5B model achieves 14.3. On
Vietnamese, frontier LLMs exhibit substantially
larger errors on several UGT categories, including
GPT-5.4-mini on Reconstruct A3 (PERnc = 109.6;
Figure 3), whereas our model achieves the low-
est overall PERnc of 20.0. On Korean, our ByT5
and Qwen2.5-0.5B variants achieve PERnc of 32.0
and 32.4, respectively, compared with 42.6 for
the strongest evaluated frontier baseline (Claude-
Sonnet-4.6 under K = 27). These results further
highlight the difficulty of canonical-form inference
for UGT, particularly in Vietnamese and Korean.

The training-set datastore alone closes most of
the gap to oracle retrieval. Table 6 compares
four datastores: no retrieval, training-set entries
only, training-set with LLM-generated augmenta-
tion, and an oracle that uses gold canonical forms at
test time. The training-set datastore alone reaches
PERnc = 22.7 on English, within 2.1 points of the
oracle (20.6), and 26.7 on Vietnamese, within 0.8
points of the oracle (25.9). Adding LLM-generated
(Gnc,Gc) pairs reduces English PERnc by only 0.2
point and leaves Vietnamese unchanged. The de-
ployable datastore approaches oracle performance
without test-time canonical-form access.

Downstream TTS-ASR validation. On down-
stream TTS-ASR evaluations with eSpeak NG
and Whisper large-v3 (Radford et al., 2023) (Ap-
pendix F), our ByT5 variant attains the lowest
WER on English (0.359), while our Qwen2.5-0.5B
variant attains the lowest observed WER among
predicted-input systems on Vietnamese (0.640).
These results are consistent with the token-level
PER trends.



Datastore D PERnc (%)

EN VI KO

No retrieval (∅) 30.1 31.8 33.1
Train-only 22.7 26.7 32.4

+ LLM Aug 22.5 26.7 32.0

Oracle (not deployable) 20.6 25.9 18.6

Table 6: Retrieval datastore D sensitivity (ByT5). Ora-
cle uses gold canonical forms (not deployable).

5 Conclusion

We diagnose user-generated text as a setting where
G2P must compose surface-to-canonical infer-
ence with phonemization, and introduce UGT-
PHON, the first G2P benchmark for UGT with
an inference-grounded taxonomy across English,
Vietnamese, and Korean. Our retrieval-augmented
compositional baseline makes canonical-form in-
ference explicit through exact-match hints and
staged decoding, reducing non-canonical PER rel-
ative to matched ByT5 and Qwen2.5-0.5B back-
bones across all three languages. The gains are
largest on Reconstruct cases, while the 0.5B vari-
ant remains competitive with the evaluated frontier
LLMs. Together, UGTPHON provides a multi-
lingual benchmark and diagnostic framework for
studying canonical-form inference in UGT phone-
mization.

Limitations

We include English and Vietnamese TTS-ASR eval-
uations (Appendix F) showing that lower PER is ac-
companied by lower word error rate for several sys-
tems, but we do not report subjective MOS ratings
or evaluate across multiple TTS systems; character-
izing the full relationship between PER and TTS
quality on UGT is left to future work. UGTPHON

spans three typologically diverse languages (alpha-
betic English, tonal-diacritic Vietnamese, syllabic-
block Korean) but does not cover logographic, ab-
jad, or abugida writing systems, where UGT phe-
nomena and the relevant normalization signals may
differ. Whether the compositional decomposition
transfers to these scripts is an open question. Our
retrieval datastore is built from training-set pairs
and an LLM-based expansion. UGT vocabulary
drifts continuously, so maintaining coverage on
emerging non-canonical forms will require periodic
datastore refresh; we leave the dynamics of such
refresh, and zero-shot extensions of the retrieval
mechanism, to future work. Beyond these scope

limitations, more accurate UGT phonemization is
dual-use: it improves TTS intelligibility on harmful
UGT as well as benign UGT, and UGTPHON in-
herits toxic content from its source corpora, whose
moderation profile we report in Appendix B.
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A Creating UGTPHON

This appendix details the dataset construction pro-
cedure summarized in Section 2.3, including the
procedures for source corpus collection and pre-
processing, as well as the annotation pipelines for
canonical forms, categories, and phonemes.

A.1 Source Corpora and Preprocessing

Source corpora. Non-canonical tokens Gnc in
UGTPHON are drawn from existing user-generated
text resources, with small human-curated aug-
mented subsets for English and Vietnamese. For
English, we use MultiLexNorm (Van Der Goot
et al., 2021), whose English data builds on
LexNorm2015 (Baldwin et al., 2015). For Viet-
namese, we use ViLexNorm (Nguyen et al., 2024),
a lexical normalization corpus of Vietnamese so-
cial media text whose annotations align with our
Gnc → Gc formulation. For Korean, we source
Gnc from MultiLexNorm++ (Buaphet et al., 2026),
supplemented by the Korean UGT corpus of Choi
et al. (2023), and re-annotate Gc from scratch us-
ing the protocol in Appendix A.2. In addition, the
English and Vietnamese subsets include 175 and
385 human-curated augmented UGT samples, re-
spectively, generated from existing UGT patterns.

Licenses. Source corpora are used under their
original licensing terms. MultiLexNorm’s En-
glish data builds on LexNorm2015 (Baldwin et al.,
2015), which has no explicit license; following
the convention adopted by MultiLexNorm (Van
Der Goot et al., 2021), attribution is provided
through citation. The English subset of UGT-
PHON is provided strictly for academic and re-
search purposes, and commercial use is prohib-
ited. ViLexNorm (Nguyen et al., 2024) is released
under CC BY-NC-SA 4.0. The Korean subset is de-
rived from KoMultiText (Choi et al., 2023), partly
via MultiLexNorm++ (Buaphet et al., 2026), and
is released under Apache 2.0. UGTPHON is re-
leased with per-language licenses reflecting these
upstream terms.

Data provenance and consent. UGTPHON is
constructed from previously released UGT datasets
rather than through direct collection from the orig-
inal social-media users. We therefore do not sep-
arately recruit or obtain consent from the original
text authors, and instead follow the data-use condi-
tions and licensing terms of the respective source
datasets.

Preprocessing. We preserve the original sen-
tence boundaries, casing, and surrounding context
of each Gnc token in the UGT sentence. Non-
lexical elements are handled during phoneme con-
struction rather than uniformly removed from the
raw text: punctuation may be dropped, numbers
may be verbalized, and elements that cannot be
phonemized may remain as placeholders.

A.2 Canonical Form Annotation

For English and Vietnamese, canonical forms Gc

are obtained directly from the source lexical nor-
malization corpora (Baldwin et al., 2015; Nguyen
et al., 2024), which provide surface-to-canonical
mappings.

Manual annotation for Korean. Unlike English
and Vietnamese, no comparably large-scale lexi-
cal normalization corpus exists for Korean. We
therefore annotate Gc from scratch with two native-
speaker experts following a category-specific pro-
tocol that reflects the structure of Korean UGT; the
full annotation guide is provided below:

• A1 (Shortening-V,초초초성성성체체체): Consonant abbre-
viations are expanded to their full Hangul form
(e.g.,ㄱㅅ→감사,ㅇㄱㄹㅇ→이거레알).

• B1 (Lengthening): The elongation of vowel or
syllable is collapsed to their base form (e.g.,꺄
아악→꺅).

• B2 (Repetition): For consonant-only repetition
(e.g., ㅋㅋㅋㅋ), Gc is the Hangul realization
preserving the intended count (e.g., 크크크
크, 키키키키, 킥킥킥킥; recorded as comma-
separated alternatives when more than one is ac-
ceptable). For syllable- or word-level repetition
(e.g., 빨리빨리, 감사감사), the surface itself
is the intended pronunciation, so Gc retains the
repetition.

• C1–C4 (Pass-through): The surface form al-
ready encodes the intended pronunciation, so
Gc = Gnc (e.g.,머해,킹받다,갑분싸).

Tokens from the source corpora that turn out to
be standard Korean rather than UGT are removed
from the benchmark.

A.3 Category Annotation

Category definitions. We use the nine fine-
grained categories listed in Table 1, grouped into
the three macro-types, Reconstruct (A1–A3), Rep-
etition (B1–B2), and Pass-through (C1–C4). The



Type ID Category Description Examples

A
Reconstruct

A1 Shortening-V
(Vowel Drop)

Canonical-form consonants are preserved, vowels
are dropped.

pls→ please
đc→ được

A2 Shortening-O
(Other Drop)

One or more characters dropped from a single
canonical word, beyond vowel-only deletion.

bc→ because
k→ không

A3 Phrasal
(Unpronounceable)

A multi-word canonical expansion whose
pronunciation is not directly recoverable from the
surface form.

idk→ I don’t know
mn→mọi người

B
Repetition

B1 Lengthening Repeated characters convey prosodic emphasis;
the canonical form collapses the repetition. soooo→ so

B2 Iteration Repeated tokens or words; the canonical form
retains the repetition for phonemization. wait wait

C
Pass-through

C1 Eye Direct A phonetic respelling whose surface form already
encodes the intended pronunciation.

luv→ love
zô→ vô

C2 Regular Standard productive variation of a canonical word. droppin→ dropping

C3 Slang/Teen Lexicalized non-standard form whose
pronunciation is well established.

tho→ though
hong→ không

C4 Phrasal
(Pronounceable)

Multi-letter abbreviation pronounced as a word in
its own right.

rofl
GATO

Table 7: Operational definitions and representative examples of the fine-grained categories for non-canonical words.

macro-grouping reflects the type of inference re-
quired to phonemize a token, rather than its surface
transformation. Table 7 presents the operational
definitions and representative examples used dur-
ing annotation.

Category annotation pipeline. Category labels
are assigned manually by native-speaker annota-
tors following the operational definitions in Table 7.
For each Gnc → Gc pair, an annotator inspects the
surrounding sentence and selects the single best-
fitting category among A1–C4. Each pair is then
independently verified by a second native-speaker
annotator, with disagreements resolved through dis-
cussion. All annotators have prior training in NLP
or linguistics and are instructed to flag examples
where (i) the canonical form is genuinely ambigu-
ous given the context, or (ii) the category assign-
ment is unclear; cases of type (i) are resolved using
sentence context as described in Section 2.1, and
cases of type (ii) default to the more specific cate-
gory (e.g., A3 rather than A1 when both apply).

A.4 Phoneme Annotation

Target phonemes Pc are derived from the canonical
form Gc using IPA-Dict (Doherty, 2016). For En-
glish heteronyms (e.g., lead as /li:d/ or /lEd/), the
correct pronunciation depends on sentence-level
context and IPA-Dict alone is insufficient. There-
fore, an annotator with linguistic expertise man-
ually selects the appropriate phoneme sequence
based on the surrounding sentence.

Out-of-vocabulary handling. Canonical forms
not covered by IPA-Dict are manually transcribed
following the same IPA conventions. We mea-
sure OOV over unique canonical-form types across
all splits, using the corresponding IPA-Dict lex-
icons (en_US, vi_N, and ko); non-phonemizable
and purely symbolic forms are excluded. Across
all canonical types, the OOV rates are 39.4% (EN),
23.1% (VI), and 77.6% (KO). Restricted to non-
canonical UGT targets, they are 4.3% (48/1,110),
7.4% (175/2,378), and 92.8% (1,991/2,146), re-
spectively. The high Korean rate largely reflects
the mismatch between IPA-Dict entries and the
inflected canonical forms preserved in UGTPHON.

Inter-annotator agreement. To assess phoneme
annotation reliability, two annotators independently
perform the procedure above, and we compute
agreement between the resulting transcriptions. As
shown in Table 8, Cohen’s κ over IPA phoneme se-
quences reaches 0.86 for English and 0.87 for Viet-
namese, with Korean at 0.75. The Korean score,
while lower, remains within the substantial band
(Landis and Koch, 1977). This mainly reflects di-
vergent IPA transcription conventions, particularly
differing choices of consonant allophone symbols.

We report the detailed agreement rates by UGT
type in Table 8. For English, agreement remains
consistently high across most categories, although
relatively lower agreement was observed for A3
and C4. Vietnamese shows a similar overall pat-
tern, with lower agreement for B2 and especially



Language Tokens Cohen’s κ
Raw Agreement by UGT Type (%)

Overall A1 A2 A3 B1 B2 C1 C2 C3 C4

English 1,327 0.860 86.3 98.2 87.8 51.3 100.0 86.4 92.1 88.1 88.6 67.7
Vietnamese 2,152 0.869 87.3 84.1 92.7 83.6 97.7 48.6 89.4 92.3 91.6 0.0
Korean 722 0.754 75.6 87.9 — — 78.8 68.1 86.4 90.9 70.9 62.5

Table 8: Inter-annotator agreement for phoneme annotations across languages and UGT types. While English and
Vietnamese show near-perfect agreement overall, Korean exhibits lower agreement due to greater variation in IPA
transcription conventions.

Language Sentences Flagged (raw) Flagged (norm)

English 5,029 568 (11.29%) 606 (12.05%)
Vietnamese 10,847 401 (3.70%) 473 (4.36%)
Korean 2,497 321 (12.86%) 322 (12.90%)

Total 18,373 1,290 (7.02%) 1,401 (7.63%)

Table 9: Sentence-level moderation flagged
rates on UGTPHON, evaluated with OpenAI
omni-moderation-2024-09-26 on both raw UGT
forms and canonical-form normalizations. A sentence is
flagged if any of the 13 moderation categories triggers.

C4. Notably, the zero agreement for Vietnamese
C4 primarily reflects genuine ambiguity in letter-
by-letter IPA renderings of acronyms rather than an-
notation errors. Overall, these results indicate that
the annotation process produces reliable phoneme
transcriptions across languages while also reveal-
ing categories where pronunciation conventions are
inherently more variable. For the released dataset,
we resolve all inter-annotator conflicts through dis-
cussion between the two annotators to produce a
single adjudicated version.

B Content Moderation Analysis

User-generated text often contains harmful or
offensive content, and UGTPHON inherits this
property from its source corpora. To charac-
terize the toxicity profile of UGTPHON and
to measure how canonical-form normalization
affects moderation signal, we apply OpenAI’s
omni-moderation-2024-09-26 model to every
sentence in the corpus, scoring both the raw UGT
form and its canonical-form normalization across
13 moderation categories.

B.1 Flagged Rates

Table 9 reports sentence-level flagged rates. Korean
shows the highest flagged rate (12.9%), compara-
ble to English (11.3%) and roughly three times
higher than Vietnamese (3.7%). The dominant cat-
egory is harassment in English and Korean, and

violence in Vietnamese, reflecting source-corpus
content rather than language-intrinsic properties.

B.2 Effect of Normalization
In general, canonical-form normalization
marginally increases the overall flagged rate.
The binary flag state changes for 385 of 18,373
sentences (2.10%), while the aggregate flagged rate
increases by only 0.60 percentage points (7.02% →
7.63%). This indicates that most sentences retain
the same moderation outcome under normalization.
The increase is most pronounced in Vietnamese
(3.70% → 4.36%), while English (11.29% →
12.05%) and Korean (12.86% → 12.90%) show
smaller changes.

C LLM-Based Datastore Expansion

This appendix details the LLM-based expansion
of the retrieval datastore D summarized in Sec-
tion 3.2.

C.1 Prompt Template
We prompt GPT-5.4-mini (Singh et al., 2025) with
seed examples from the training set to generate
additional plausible (Gnc, Gc) pairs. The prompt
is structured as follows: (i) a short description of
UGT and the desired output format, (ii) k seed
pairs sampled from the training datastore, and (iii)
an instruction to generate n additional pairs that
are similar in style but not identical to the seeds.
We use k seed pairs sampled from all training en-
tries of the given UGT type (ranging from a few
dozen to over 200 per type depending on training-
set density) and set n ∈ {150, 100, 200} for types
A1, A2, and A3, respectively. The remaining cat-
egories (B1, B2, C1–C4) are populated from the
training-set entries only, without LLM-generated
augmentation.

The full prompt template is given below:
{nc_type}, {type_desc}, {lang_name},
{seed_lines}, and {target} are filled per
type. The system message instructs the model to



act as an expert in the target language’s internet
slang.

Here are real examples of {nc_type} type
UGT tokens from {lang_name} social media
data.

{nc_type} definition: {type_desc}

Existing examples (do NOT repeat these):
{seed_lines}

Generate {target} MORE {nc_type}
tokens commonly used in {lang_name}
Twitter/Instagram/Discord/Reddit/texting.
Requirements:
- Follow the same pattern as {nc_type}
definition above.
- Each expansion must be the standard
{lang_name} form.
- Do NOT include any of the examples
above.
- Do NOT include standard dictionary
words as the raw form.
- Do NOT include readable acronyms that
are pronounced letter by letter.
- Cover a wide variety: different topics,
registers, formality levels.
- Return ONLY a JSON object:
{"raw_token": "expanded form", ...}

C.2 Filtering Criteria
Each generated (Gnc, Gc) candidate is filtered be-
fore insertion into D. We discard candidates that
satisfy any of the following conditions:

• Trivial identity: Gc = Gnc, meaning no normal-
ization is needed and inserting the pair would
provide no useful retrieval signal.

• Standard token conflict: Gnc matches a canon-
ical token already present in the training or de-
velopment set, which would risk over-correcting
canonical inputs at inference.

• Test set leakage: The test set is never in-
spected during generation or filtering. Candi-
dates whose Gnc happens to coincide with a test
non-canonical token are retained only if the same
surface form already appears in the training set
with a consistent Gc.

C.3 Coverage Statistics
The final datastore D used in our main re-
sults combines training-set entries with LLM-
augmented pairs. The training-only datastore
contains 1,413/3,674/1,607 unique non-canonical
surface-form keys for English, Vietnamese, and
Korean, respectively. The LLM-based expansion
adds 491/220/246 entries, respectively.

We define test-set coverage as the proportion
of non-canonical target-token occurrences whose

surface form Gnc has an exact-match key in the
datastore. Under this definition, the training-
only datastore covers 70.9% (941/1,327), 82.9%
(1,785/2,152), and 25.3% (183/722) of the En-
glish, Vietnamese, and Korean test targets, respec-
tively.

D Training and Implementation Details

Backbones. We test our approach with two trans-
former backbones: ByT5-small (Xue et al., 2022)
(300M parameters, byte-level encoder-decoder,
default) and Qwen2.5-0.5B (Qwen et al., 2025)
(500M parameters, decoder-only causal LM).

Optimization. All backbones are trained with
AdamW (learning rate 1×10−4, batch size 32, 10
epochs) on 4 NVIDIA V100 GPUs. We select the
checkpoint with the lowest development set PERnc.

Compute budget. Each of our method’s training
runs takes approximately 6 hours on 4 NVIDIA
V100 GPUs. Including baseline retraining, back-
bone ablation, and frontier-LLM inference, the to-
tal compute used for all results reported in the paper
is approximately 400 V100-GPU hours. Frontier-
LLM API calls are not included in this figure.

Decoding. During inference, the model decodes
greedily. For non-canonical tokens, the model first
emits Gc following the <Target> marker, then the
phoneme sequence Pc following <Phoneme>; for
canonical tokens, Pc is emitted directly without the
<Target> step.

Baselines. The rule-based baselines are Epi-
tran (Mortensen et al., 2018) and viG2P (Tri
et al., 2020), both used out-of-the-box with default
settings. For viG2P, we use the Viphoneme
implementation.2 The supervised neural baselines
comprise Transformer (Yolchuyeva et al., 2019),
ByT5 and ByT5-tiny (Xue et al., 2022), and
GBERT (Dong et al., 2022); each is trained on the
IPA-Dict training split with the same hyperparam-
eters as in its original paper. The frontier-LLM
baselines are GPT-4o, GPT-5.4-mini (Singh et al.,
2025), Gemini-2.5-flash, Gemini-3-flash, and
Claude-Sonnet-4.6, queried via their official
APIs (model identifiers: gpt-4o, gpt-5.4-mini,
gemini-2.5-flash, gemini-3-flash, and
claude-sonnet-4-6; all accessed May 2026).
For the K = 9 setting, we use one in-context
example per available UGT category, yielding

2https://github.com/v-nhandt21/Viphoneme

https://github.com/v-nhandt21/Viphoneme


nine examples for English and Vietnamese and
seven for Korean, where A2 and A3 are absent.
For the K ∈ {0, 9, 27} shot-scaling study, this
corresponds to 37,440 frontier-LLM requests
(2,496 test sentences × 5 models × 3 shot settings).
The task-relevant baselines are reproduced or
adapted following their published descriptions
and evaluated with the same UGTPHON splits
and PER pipeline: ICKR (Han et al., 2024) uses
GPT-4o with in-context knowledge retrieval;
R-G2P (Zhao et al., 2022) uses its controlled-noise
robustness training; MoNoise (Van Der Goot,
2019) (English only) and PolyNorm (Wong et al.,
2025) perform lexical normalization before the
same word-level ByT5 G2P backend.

Multi-seed stability. We rerun both proposed
variants with three random seeds and report mean
± sample standard deviation in Table 11. English
and Vietnamese are stable; Korean varies more,
consistent with its smaller test split and larger
unseen-form rate.

Paired statistical tests. We additionally run two-
sided paired bootstrap tests with 10,000 sentence-
level resamples on the checkpoints reported in
the main tables. Table 12 reports ∆ = Ours −
matched baseline for PERnc. All intervals exclude
zero, although the English Qwen effect is small.

E Frontier LLM Prompt Template

This section describes the in-context learning
setup used to query the frontier-LLM baselines
(Appendix D). We use the same chat-message
structure across GPT-4o, GPT-5.4-mini, Gemini-
2.5-flash, Gemini-3-flash, and Claude-Sonnet-4.6,
with decoding parameters temperature=0 and
max_completion_tokens=512.

Message structure. For each input sentence S,
we issue a single chat request consisting of (i) a
language-specific system message, (ii) a set of few-
shot exchanges, each as a (user, assistant) pair, and
(iii) the query sentence as the final user turn:

[system] language-specific G2P
instructions

[user] 1. tok1 \n 2. tok2 \n . . .
[assistant] 1. ipa1 \n 2. ipa2 \n
. . .
. . . (few-shot pairs)

[user] 1. w1 \n 2. w2 \n . . .

Both input and output use a numbered one-token-
per-line format, and responses are parsed with the

regex ^(\d+)[.):\s]\s*(.*)$. Each token in a
sentence is presented to the model as one numbered
line, and the model returns the IPA transcription on
the same line number.

Shot scaling. The nominal K ∈ {0, 9, 27} set-
tings in Figure 4 correspond to: K=0, with no
few-shot pairs; K=9, with one pair per available
UGT category; and K=27, with three pairs per
available UGT category. Thus, the actual num-
bers of in-context examples are 0/9/27 for English
and Vietnamese and 0/7/21 for Korean, since A2
and A3 do not appear in Korean. Few-shot ex-
ample pairs are sampled from the training split,
drawn once per UGT category, and reused across
all queries.

System messages. The system message specifies
the G2P task and target IPA conventions for each
language. We reproduce the English system mes-
sage below; the Vietnamese and Korean variants
follow the same template, written in the target lan-
guage and referencing language-specific phonolog-
ical conventions (Vietnamese tone marks, Korean
tense consonants and consonant assimilation).

You are a grapheme-to-phoneme (G2P)
expert for English. You will receive
a numbered list of tokens from a
sentence (possibly containing informal,
abbreviated, or slang forms). Output the
IPA transcription for each token in the
same numbered order.
Rules:
- Each line of input is ONE token,
identified by its number (e.g. ‘3.
idk’).
- Output exactly one numbered IPA line
per token: ‘3. "aI doUnt noU’.
- A token may contain spaces (e.g. a
NeMo-expanded handle) — treat it as one
unit.
- For abbreviated/informal tokens
(e.g. pls→please, idk→i don’t know,
sooo→so), first determine the standard
form, then transcribe.
- For repeated chars/words (e.g. frfr,
sooooo), transcribe the normalized form.
- Use standard IPA notation.
- Output ONLY numbered IPA lines, no
explanations or extra text.

Few-shot example pools. For each language and
UGT category, we maintain a fixed pool of three
(token list, IPA list) pairs and draw n pairs per
available category in order, where n = 1 for the
nominal K=9 setting and n = 3 for the nominal
K=27 setting. Because Korean lacks A2 and A3,
these settings contain 7 and 21 actual in-context



English Vietnamese Korean

Model PERc PERnc PERc PERnc PERc PERnc

ByT5 (300M) 5.2 29.8 7.7 43.2 4.3 47.5
Qwen2.5-0.5B (naive FT) 11.2 14.8 4.4 23.1 14.2 77.3
ICKR (GPT-4o, reproduced) 7.7 14.9 7.9 30.8 8.2 47.9
R-G2P (reproduced) 18.2 53.2 6.9 59.3 4.1 42.3
PolyNorm (GPT-4) + ByT5 25.8 44.5 15.6 49.3 15.5 28.5
MoNoise + ByT5 14.2 18.0 – – – –

Ours (Qwen2.5-0.5B) 10.2 14.3 4.0 20.0 6.0 32.4
Ours (ByT5, 300M) 4.7 22.5 5.9 26.7 5.1 32.0

Table 10: Task-relevant and matched-backbone comparisons on UGTPHON (PER, %). Bold marks the best value
among the listed systems for each metric. Normalization-first systems can improve PERnc while substantially
increasing PERc.

Backbone Lang. PERc PERnc

Qwen2.5-0.5B EN 10.07±0.15 14.03±0.31
VI 3.93±0.06 20.03±0.06
KO 4.47±1.39 29.57±2.60

ByT5 EN 4.70±0.10 20.60±2.07
VI 5.83±0.06 27.07±0.32
KO 4.73±0.32 30.17±1.59

Table 11: Three-seed mean ± sample SD PER (%).

Lang. Backbone Ours Base 95% CI of ∆

EN Qwen 14.3 14.8 [−0.8,−0.1]
EN ByT5 22.5 29.8 [−8.9,−3.4]
VI Qwen 20.0 23.1 [−5.4,−1.3]
VI ByT5 26.7 43.2 [−18.3,−13.8]
KO Qwen 32.4 77.3 [−47.9,−43.1]
KO ByT5 32.0 47.5 [−18.4,−10.3]

Table 12: Paired-bootstrap PERnc comparisons (10,000
sentence-level resamples).

examples for Korean, respectively. Each pair is pre-
sented at the full sentence level so the model also
observes that canonical words inside a sentence
should be phonemized normally. We illustrate one
(user, assistant) pair per category for English in
Table 13.

F Downstream TTS-ASR Evaluation

To examine whether token-level PER gains transfer
to synthesized speech, we conduct TTS-ASR eval-
uations in English and Vietnamese using eSpeak
NG and Whisper large-v3.

Vietnamese evaluation. We additionally eval-
uate 297 Vietnamese examples. Table 16 re-
ports sentence-level WER with 95% bootstrap con-
fidence intervals from 10,000 resamples. Our
Qwen2.5-0.5B variant attains the lowest observed
WER among predicted-input systems (0.640), fol-

lowed by our ByT5 variant (0.660).

Setup. We sample 100 sentences from UGT-
PHON’s English test split, stratified by dominant
UGT macro-type (30 Reconstruct, 20 Repetition,
50 Pass-through; mean length 11.7 tokens, 1,169
valid tokens total) under seed 42. For each sys-
tem, the predicted IPA is synthesized with eS-
peak NG 1.50 (en-us voice, direct IPA input) and
transcribed by OpenAI Whisper large-v3 (Rad-
ford et al., 2023) (temperature 0, fp16). We com-
pute WER between the transcript and the NeMo-
normalised gold sentence. Five systems are com-
pared: Canonical (gold IPA from Gc), Word ByT5
(strongest non-retrieval baseline), GPT-4o (9-shot),
and our approach with the Qwen2.5-0.5B and
ByT5-small backbones.

Caveats. For the English evaluation, N = 100
makes absolute WER differences below roughly
±0.02 unreliable without a bootstrap interval,
which we do not compute. Canonical is not a
strict upper bound: gold IPA contains length and
secondary-stress marks (:, ") that eSpeak NG does
not always realize, so the gap to Canonical over-
estimates the achievable improvement.

Overall WER. Table 14 reports overall sentence-
level WER. Ours (ByT5) achieves the lowest WER
(0.359), below Word ByT5 (0.368, −0.009) and
GPT-4o (0.382, −0.023). The downstream ranking
matches the token-level PER ranking across all four
trained systems, indicating that PER on UGTPHON

is a faithful proxy for downstream intelligibility
on this evaluation. Ours (Qwen) underperforms
(0.436), consistent with its higher token-level PER
(0.140).

Per-UGT-type WER. Table 15 breaks WER
down by UGT category. Ours (ByT5) wins on 5/9



Cat. User (token list) Assistant (IPA list)

A1 Some / guys / hv / a / bad / game "s@m / "gaIz / "hæv / @ / "bæd / "geIm
A2 bruh / y / u / not / playin bô2 / "waI / "ju / "nAt / "pleIIN
A3 naah / im / just / idk / sorry "nA / "aIm / "dZ@st / "aI doUnt noU / "sAôi
B1 yeah / like / a / loooot "jæ/ "laIk / "eI / "lOt
B2 frfr / goodmorning fôÇ fôÇ / "gUd­mOônIN
C1 wat / u / kno / bout / hockey "w@t / "ju / "noU / @"baUt / "hAki
C2 Wats / goin / on "hw@ts / "goUIN/ "An
C3 goin / wit / da / crew "goUIN/ "wIT / D@ / "kôu
C4 i / thought / of / u / omg "aI / "TOt / @v / "ju / "oU "maI "gAd

Table 13: English few-shot example pool: one representative (user, assistant) pair per UGT category, drawn first
when K = 9. “/” separates the per-token entries that the prompt presents on numbered lines.

System PERoverall ↓ WER ↓

Canonical (gold IPA) — 0.410
GPT-4o (9-shot) 0.111 0.382
Word ByT5 0.078 0.368
Ours (Qwen 2.5-0.5B) 0.140 0.436
Ours (ByT5) 0.066 0.359

Table 14: Token-level overall PER and sentence-level
WER on the 100-sentence English TTS-ASR evaluation.
Lower is better. Bold: best per column.

Type Can. Word GPT-4o Ours Ours
ByT5 (9-shot) Qwen ByT5

A1 0.541 0.438 0.481 0.492 0.423
A2 0.396 0.466 0.425 0.547 0.379
A3 0.431 0.485 0.462 0.559 0.459
B1 0.363 0.271 0.327 0.341 0.303
B2 0.369 0.301 0.266 0.372 0.369
C1 0.392 0.409 0.467 0.469 0.378
C2 0.352 0.324 0.356 0.385 0.318
C3 0.387 0.309 0.331 0.374 0.313
C4 0.456 0.371 0.361 0.448 0.429

Table 15: Sentence-level WER by UGT category on the
100-sentence English TTS-ASR evaluation. Bold: best
per row. Ours (ByT5) wins on 5/9 categories, with the
largest gains on Reconstruct (A1–A2) and Pass-through
phonetic respelling (C1–C3), where retrieved canonical-
form evidence directly resolves the surface.

categories (A1, A2, C1, C2, C3), with the largest
gains on recoverable shortenings: A2 (−0.087 vs.
Word ByT5) and A1 (−0.015). Where our ap-
proach does not win, the failure mode is inter-
pretable: A3 (phrasal abbreviation, e.g., idk, nvm)
requires multi-word expansion that the single-token
retrieval store does not cover; B-type repetition is
already handled by the byte-level encoder of Word
ByT5; and C4 (phrasal acronyms) benefits from
GPT-4o’s broader world knowledge. Categories
that benefit most from retrieval at the token level
(A1–A2, C1–C3) are also where our model wins

System WER ↓ 95% CI UGT PER ↓

Gold canonical input 0.634 [0.607, 0.661] 0.000
Word ByT5 0.667 [0.640, 0.694] 0.432
GPT-4o (few-shot) 0.712 [0.687, 0.737] 0.456
Ours (Qwen 2.5-0.5B) 0.640 [0.613, 0.666] 0.200
Ours (ByT5) 0.660 [0.633, 0.686] 0.272

Table 16: Vietnamese downstream TTS-ASR evaluation
on 297 examples. WER confidence intervals use 10,000
bootstrap resamples. Lower is better; bold marks the
best predicted-input system.

downstream, corroborating that the taxonomy lo-
calizes the same difficulty axis at both levels.
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