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Abstract
We present WikIPA, a new multilingual benchmark designed for automatic speech-to-IPA (STIPA) transcription. By
integrating human-curated IPA transcriptions from WikiPron with spoken recordings and metadata from Lingua
Libre, WikIPA connects textual phonetic representations with real speech across 78 languages. This open resource
supports both broad (phonemic) and narrow (phonetic) transcription tasks, enabling fine-grained evaluation of
multilingual phonetic transcription systems. WikIPA provides over 289,000 paired entries and serves as a large-scale
foundation for STIPA. We benchmark several state-of-the-art STIPA systems, including MultIPA, (Lo)WhIPA, and
ZIPA. Results show that ZIPA achieves the lowest mean error rates across most languages, outperforming Whisper-
and Wav2Vec-based baselines. Error analyses reveal that remaining discrepancies largely stem from minor
phonetic confusions rather than complete transcription failures, emphasizing the challenge of modeling fine-grained
articulatory variation. WikIPA thus establishes the first systematic, multilingual evaluation framework for speech-to-IPA
transcription and highlights the potential of combining open, community-driven resources to advance STIPA evaluation.

Keywords: multilingual speech datasets, IPA, speech-to-IPA

1. Introduction and Motivation

The International Phonetic Alphabet (IPA) is the
internationally recognized standard for represent-
ing the sounds of spoken language (International
Phonetic Association, 1999). By encoding speech
sounds in a transparent manner, the IPA provides
a universal descriptive framework for documenting
pronunciation across languages and speakers.

IPA plays a pivotal role in both linguistic research
and applied speech sciences, ranging from speech
disorder assessment to second-language pronun-
ciation learning. In speech-language pathology,
it facilitates accurate diagnosis and monitoring of
speech sound disorders by capturing fine articula-
tory details (e.g., [0] for [s]) (Ball and Rahilly, 2014).
In language learning, the IPA helps learners distin-
guish subtle phonetic contrasts (e.g., [1] vs. [i:]) and
supports computer-assisted pronunciation training
and automatic pronunciation evaluation (Zhou et al.,
2025).

Recent advances in data-driven methods have
made it increasingly feasible to develop speech-to-
IPA (STIPA) transcription systems that convert raw
speech audio directly into sequences of IPA sym-
bols. Unlike traditional Automatic Speech Recog-
nition (ASR) systems that rely on standardized or-
thography, STIPA models aim to capture the ac-
tual articulatory and acoustic realization of speech
sounds.

Despite this promise, most existing STIPA re-
sources and benchmarks remain dominated by
grapheme-to-phoneme (G2P) approaches. A G2P
system predicts phonemic representations from

orthographic input, learning statistical mappings
between spelling and sounds from a pronuncia-
tion lexicon. In many cases, such systems are ap-
plied to traditional ASR datasets, such as Common
Voice (CV) (Ardila et al., 2020), to automatically
generate IPA transcriptions, producing resources
that reflect orthography-based phonemic regulari-
ties rather than the fine-grained phonetic variation
present in real speech. G2P models are inher-
ently constrained by the structure and availability
of written language, forcing the STIPA task to ap-
proximate phonemic forms, i.e., canonical pronun-
ciations abstracted from orthography, rather than
the phonetic detail realized in speech.

This orthography-based paradigm has several
key drawbacks. First, it presupposes the existence
of a standardized writing system and large pronun-
ciation dictionaries, excluding thousands of low-
resource or unwritten languages. Second, G2P
accuracy depends heavily on grapheme-phoneme
correspondence, which varies widely across lan-
guages: mappings are relatively transparent in
Finnish or Turkish, but highly irregular in English,
French, or Danish. Finally, G2P transcriptions can-
not capture fine-grained articulatory variations (e.g.,
coarticulation, allophony, or diacritics), which often
occur in spontaneous speech.

Since manual phonetic transcription has a high
time cost, many STIPA corpora are in fact built from
G2P-generated or semi-automatic transcriptions,
providing only approximate phoneme-level informa-
tion. This limits the development and evaluation of
true STIPA models that aim to predict detailed IPA
sequences from real speech.
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To address this gap, we introduce WikIPA', a
new multilingual benchmark designed to support
the STIPA task. WikIPA integrates two large-scale,
community-driven resources: WikiPron (Lee et al.,
2020), which provides human-authored IPA tran-
scriptions extracted from Wiktionary, and Lingua
Libre?, a Wikimedia project that collects spoken
word recordings. By integrating these complemen-
tary datasets, WikIPA links verified phonetic tran-
scriptions with corresponding speech audio across
78 languages, encompassing both broad (phone-
mic) and narrow (phonetic) IPA forms when avail-
able. Despite the IPA transcriptions from WikiPron
not being aligned with the specific speech realiza-
tions in Lingua Libre, a limitation shared by prior
approaches, WIkIPA substantially advances the
field by providing extensive, human-curated IPA
annotations for multilingual STIPA research. We
further (1) conduct the first large-scale evaluation
of state-of-the-art STIPA models (MultlPA, ZIPA,
and (Lo)WhIPA) on WIKIPA, finding that ZIPA con-
sistently achieves the lowest error rates, and (2)
perform a manual error analysis revealing that most
model errors arise from minor phonetic confusions.

2. Related work

2.1. STIPA Datasets

While a number of STIPA datasets are currently
freely available, they mainly fall into one of two cate-
gories: i) small datasets with high-quality, manually
audited transcriptions, which are insufficient to up-
hold machine-learning, and ii) large scale datasets
with G2P-based IPA transcriptions to which the
aforementioned drawbacks apply.

The monolingual Tusom2021 (Mortensen et al.,
2021) dataset, whose IPA transcriptions were cre-
ated and audited manually, but amounts to just
under an hour of audio, despite the estimated 200
hours of effort, falls into the first category.

VoxAngeles (Chodroff et al., 2024) presents
great linguistic variety and high-quality, manual
IPA transcriptions. The recordings comprise single
word recordings across 95 languages (21 language
families). The release improves on the original
(Ladefoged et al., 2009) and subsequent (Li et al.,
2021) iterations with audited phonetic transcriptions
and phone-level alignment. However, at ~1.5 hours
total recording time, this dataset is better suited for
STIPA evaluation purposes.

The Arabic Speech Corpus (ASC) (Halabi,
2016) contains about 4 hours of South Levantine
Arabic from a controlled, single speaker setting.
The dataset was enriched with IPA transcriptions in

'The dataset is available on HuggingFace.
®https://lingualibre.org/

Suchardt et al. (2025) through a semi-automatically
generated Buckwalter transliteration.

Similarly, the THCHS-30 database (Wang and
Zhang, 2015) contains controlled recordings of
Mandarin speech (~34 hours). The dataset can
be used for STIPA with the IPA transcriptions by
Taubert (2023), which were created by mapping
Pinyin from a pronunciation dictionary to IPA sym-
bols but contain (generalized) phonetic detail, such
as lexical tones and duration markers.

Taguchi et al. (2023) put forward resources to
create IPA transcriptions for a portion of Common-
Voice (CV) —Japanese, Finnish, Greek, Hungarian,
Maltese, Polish, and Tamil — using a mix of Epitran
(Mortensen et al., 2018) (Polish, Tamil) and cus-
tom G2P rules. While data for the previous two
sources stem from supervised speaker recordings,
CV data are crowd-sourced recordings. Therefore,
dialectal or idiolectal variety, while beneficial for
Speech-to-Text training, could be contained and
lower the usability for STIPA.

Most recently, Zhu et al. (2025) introduced
IPAPACK++, a novel version of IPAPAck Zhu
et al. (2024), which normalized character encod-
ings, removed non-IPA fragments, and integrated
data from numerous multi- and monolingual ASR
sources. At 17,132 hours and 88 languages, Ipa-
Pack++ presents the largest collection of paired
speech and IPA transcriptions. Transcriptions were
created automatically using rule-based (Epitran)
and predictive (CharsiuG2P; Zhu et al., 2022) G2P
systems with a focus on broad transcriptions. In
accordance with the outlined shortcomings of G2P-
based STIPA learning, Zhu et al. (2025) find that
even advanced STIPA models tend to predict tran-
scriptions that conform to the languages’ “standard”
variety and do not account for sociophonetic vari-
ance. They conclude that massive scales of G2P-
based STIPA data are likely insufficient for universal
phone recognition.

2.2. STIPA Models

In recent years, a number of end-to-end STIPA
models have been proposed that were attributed
cross-lingual capabilities. In particular, insights
from Allosaurus (Li et al., 2020), Gao et al. (2021),
and Wav2vec2Phoneme (Xu et al., 2021) were in-
strumental in the development of the more recent
models/model families which we evaluate in this
paper.

MultlPA® (Taguchi et al., 2023) is a fine-tuned
XLSR-53 model (Conneau et al., 2021) built on
Wav2vec?2 (Baevski et al., 2020). It was trained
on the CommonVoice 11.0 subset described in
Taguchi et al. (2023) and outperformed Allosaurus

3https://github.com/ctaguchi/multipa

8466


https://huggingface.co/datasets/pierluigic/WikIPA
https://lingualibre.org/
https://github.com/ctaguchi/multipa

and Wav2vec2Phoneme in the cross-lingual trans-
fer setting on Phonetic Feature Error Rate (PFER).

ZIPA* models, built on the Zipformer architec-
ture, were introduced in Zhu et al. (2025) and
trained on the accompanying IPAPack++ dataset.
Of the presented models, we use the transducer
variants  ZIPA-T-SMALL/LARGE (65M/302M
parameters) and ZIPA-CR-NS-SMALL/LARGE
(64M/300M parameters), named after the
Consistency-Regularized (CR) Connectionist
Temporal Classification (CTC) loss and Noisy
Student (NS) methods used during training. ZIPA
models, especially ZIPA-T and LARGE variants,
exhibit competitive or superior performance to
Allosaurus, Wav2vec2Phoneme, MultIPA, and
Whisper-PPT — a Whisper-small model (Radford
et al., 2023) fine-tuned on IPAPack in (Samir et al.,
2024).

(Lo)WhIPA?® is a collection of Whisper-base and
-large-v2 models (Radford et al., 2023) which were
fine-tuned for STIPA in Suchardt et al. (2025).
Aside from parameter size (74M vs. 1550M), the
models differ in the utilized fine-tuning strategy
(fully vs. Parameter Efficient Fine-Tuning (PEFT)
with Low-Rank Adoption (Hu et al., 2021) (LoRA))
and training data. We use the Base and Large
variants trained with: Taguchi et al. (2023)’s, i.e.
MultlPA’s, data (CV) both fully fine-tuned (WhiPA)
and LoRA-fine-tuned (LoWhIPA) variants; Arabic
Speech Corpus with IPA transcriptions (LoWhIA
ASC), and the combination of the CV, ASC, and
THCHS-30 data with IPA transcriptions (LoWhIPA
Comb.). The model trained on only THCHS-30 had
underperformed in the transfer setting and is thus
excluded here. While computationally more expen-
sive, (Lo)WhIPA models had excelled on seen lan-
guage performance compared to MultIPA. Cross-
lingual PFER performance was often, yet not al-
ways, in favor of MultIPA. A direct comparison of
ZIPA and (Lo)WhIPA models has not been pre-
sented so far.

Notably, the ZIPA models focus on broad pho-
netic transcriptions (Zhu et al., 2025): G2P tools
were employed to create the IPA transcriptions in
their IPAPack++ training data, and all but the 15
most frequent diacritics were removed. Although
permissible for the broad transcription of some
languages, this limits the model’s applicability to
languages where the excluded diacritics are con-
trastive in meaning, e.g., lexical tones in Mandarin.
In contrast, regarding the creation of MultIPA, and
later (Lo)WhIPA, core training data, Taguchi et al.
(2023) characterize the phonemic property of G2P
tools as a drawback and control their selection, as
well as creation, of conversion tools for phonetic
accuracy. Of the LoWhIPA models, which are said

4https ://github.com/lingjzhu/zipa
Shttps://github.com/jshrdt/whipa

to aim for narrow phonetic transcriptions (Suchardt
et al., 2025), some further included training data
from ASC and THCHS-30 with transcriptions that
are more phonetic in nature, without pruning of
diacritics. In all studies, models were shown to
adapt well to the languages seen during fine-tuning,
but challenges in cross-lingual, and cross-domain,
transfer remain.
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Figure 1: Number of hours per language.

3. WikIPA

The WIkIPA dataset represents the integration of
two large-scale, community-driven linguistic re-
sources, namely WikiPron and Lingua Libre, to
create an open, multilingual benchmark for auto-
matic IPA transcription. While WikiPron provides
standardized IPA pronunciation data extracted from
Wiktionary, Lingua Libre contributes spoken record-
ings and detailed speaker metadata. By linking
these complementary sources, WikIPA unifies tex-
tual and acoustic representations of pronunciation
across 78 languages, offering both broad (phone-
mic) and narrow (phonetic) transcriptions where

~
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Lexical ltem | IPA (Broad) IPA (Narrow) IPA (Broad) Di- | IPA (Narrow) Di- | Speaker Language
alect alect
strugarka [strugarka] | — [None] — Poemat pol
[poptuvone] | — [None] — Kiril kovachev bul
'bTyBaHe
domingo [lomiggo,d|[domiggo,d | [ca,la] [ca, Ia] Eavqwiki spa
omiygo] omingol
gceist [elt] — [None] — Eriugena gle
pomme [p o m] [P" 5 m] [None] [None] Santamarcanda | fra
inverno [inverno] — [None] — lopensa ita
1uliterajo [tfiulitera | — [None] — Lepticed7 epo
3 0]
Goétz von |[gotsfunbe | — [None] — Brannock deu
Berlichingen | clr¢iyoen]
evening [t vnipg,itve | — [uk, uk, us, us, | — Nattes a chat eng
niy,ivonry,i us]
vniyg,irvonit
n]

Table 1: Sample entries from the WikIPA dataset. Each row represents a lexical item annotated with
its broad and narrow IPA transcriptions, and dialectal variants from the WikiPron database. Although
not displayed here, every entry in the dataset also includes the corresponding audio recording and the

speaker metadata extracted from Lingua Libre.

Statistic Train Test Total
Number of examples 231,755 57,939 289,694
Audio mean (s) 1.15 1.15 1.15
Audio min—-max (s) 0.29-5.12 0.38-3.7 0.29-5.12
Languages 78 78 78
Speakers 928 682 962
Table 2: WikIPA statistics.
available.
WikiPron is an open-source tool and database

for extracting pronunciation data from Wiktionary®.
It automatically mines word—pronunciation pairs
written in IPA across hundreds of languages. The
dataset contains approximately 1.7 million pronunci-
ations from 165 languages, each represented as a
sequence of graphemes and phones. WikiPron pro-
vides either phonemic or phonetic transcriptions de-
pending on the data available in Wiktionary; while
some languages include both forms, many con-
tain only one type of transcription. In WikiPron,
phonemic transcriptions are also referred to as
broad and phonetic transcriptions as narrow. Here,
a broad (phonemic) transcription represents only
the contrastive sounds, or phonemes, that distin-
guish words in a language, abstracting away from
finer phonetic details. In contrast, the narrow (pho-
netic) transcription captures a more precise articu-
latory or acoustic realization of sounds, including
allophonic variation and small pronunciation differ-
ences. Thus, broad transcriptions are more general
and language-specific, while narrow transcriptions
are more detailed and speaker- or dialect-specific.
In the context of dictionaries in general, and Wik-
tionary in particular, however, narrow transcriptions

6https ://www.wiktionary.org/

should not be interpreted as speaker-specific pho-
netic records. Rather, they reflect the level of detail
provided by Wiktionary contributors for a given lan-
guage variety, typically a standardized or commonly
accepted realization, rather than an instrumentally
measured or fully context-dependent articulation.

Lingua Libre is a collaborative, open-access tool
and media library developed under the Wikimedia
umbrella for recording spoken and signed realiza-
tions of words, phrases, and sentences in multi-
ple languages. Contributors use a mass-recording
workflow: the interface displays a list of lexical
items, which speakers read aloud one by one. The
software automatically detects silence between ut-
terances and advances through the list, producing
clean, well-trimmed, and consistently named audio
clips. These recordings are automatically uploaded
to Wikimedia Commons.

In terms of data, Lingua Libre primarily collects
audio files linked to lexical entries, i.e. individual
words or phrases. Each file is tagged with metadata
such as the language, the speaker, and the lexical
item recorded. Additional metadata include details
about the speaker, such as their place of residence
and the languages they speak, along with their
proficiency levels.

WikIPA To create the WikIPA dataset, we linked
the textual pronunciation data extracted from
WikiPron with the corresponding audio recordings
from Lingua Libre (samples given in Table 1). All
available broad (phonemic) and narrow (phonetic)
transcriptions from WikiPron were matched to Lin-
gua Libre entries with identical lexical forms. For
each lexical item, multiple transcriptions may be
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present, reflecting alternative pronunciations (e.g.,
in Italian, the broad transcription of AIDS can be
either /ajdiesse/ or /ajds/). Each transcription is
also associated with its dialectal specification when
provided in Wiktionary (e.g., Received Pronuncia-
tion or General American for English). When audio
data are available, the dataset additionally includes
speaker metadata as provided by Lingua Libre.
Thus, the WIkIPA integration combines WikiPron’s
standardized IPA transcriptions with Lingua Libre’s
authentic recordings, providing a unified multilin-
gual resource that connects text-based phonetic
representations with empirical speech data. To
ensure sufficient coverage, we retained only lan-
guages with at least 10 examples. For evaluation
purposes, the dataset was further divided into train-
ing and test splits, with the test set comprising 20%
of the total examples, and the sampling for the test
set was stratified by language. Detailed statistics
are reported in Table 2, while the total number of
hours per language across the full dataset is illus-
trated in Figure 1.

4. Evaluation

In this section, we introduce the first evaluation of
WIikIPA using state-of-the-art STIPA models, pro-
viding a detailed description of the data, metrics,
and results.”

4.1. Data

The evaluation is conducted solely on the WikIPA
test set and includes only languages with at least
50 test examples, ensuring that each language has
a sufficiently large sample size for reliable com-
parison. For each lexical item, multiple broad or
narrow transcriptions may be available, reflecting
variation in pronunciation or differences across di-
alects. While it would be feasible to associate
dialect-specific transcriptions with speaker meta-
data in WikIPA (such as place of residence or pro-
ficiency level), this linkage is omitted in the present
evaluation for the sake of simplicity and is left for
future investigation. In this evaluation, if a lexical
item includes both broad and narrow transcriptions,
both are retained. However, only one transcrip-
tion of each type (broad or narrow) is sampled per
lexical item.

4.2. Metrics

In this work, we use the revised implementation of
the PER and PFER metrics proposed by Suchardt
et al. (2025), which addresses key shortcomings
of the version proposed by Taguchi et al. (2023).

"The code used for the evaluation is available on
Github.

Phone Error Rate (PER) is a common metric for
assessing phone recognition performance. It is
based on the Phone Edit Distance (PED), a phone-
level adaptation of the Levenshtein distance. Each
phone, including those with diacritics, is treated as
a single unit, and all errors are weighted equally,
without considering phonetic similarity.

Phonetic Feature Error Rate (PFER) provides a
more fine-grained evaluation by comparing phones
through their phonetic features. Using PanPhon
(Mortensen et al., 2016), phones are represented
as 24-dimensional feature vectors with values in
-1, 0, +1. PFER is computed as a normalized par-
tial Hamming edit distance, where a full feature
mismatch contributes a cost of 1/24, mismatches
involving undefined features contribute 1/48, and
insertions or deletions incur a cost of 1.

4.3. Results

The results are summarized in the heatmaps shown
in Figure 2 and Figure 3, which report respectively
the Phone Error Rate (PER) and the Phonetic
Feature Error Rate (PFER) for broad and narrow
transcriptions across the 30 evaluation languages.

Broad Evaluation As visible in the left pan-
els of both figures, PER-performance on broad
(phonemic) transcriptions is substantially better
than on narrow transcriptions. This reflects the
reduced phonological complexity and absence of
fine-grained diacritics in the broad setting. Among
the evaluated systems, the ZIPA family and partic-
ularly the ZIPA-T-SMALL and ZIPA-CR-NS-SMALL
variants consistently achieves the lowest mean er-
ror rates across languages. This is reflected by
the extended areas of yellow/green tones in the
left heatmap of Figure 2 for these models. The
corresponding PFER patterns in Figure 3 confirm
that this advantage holds even when evaluation is
performed at the level of articulatory features.

By contrast, the LoWhIPA and WhIPA base mod-
els perform considerably worse. Their broad PER
values often exceed 60-70 %, particularly for lan-
guages such as French. Even WhIPA large con-
figurations do not close the gap with ZIPA entirely,
suggesting that architectural efficiency and training
diversity, rather than parameter count, are the pri-
mary drivers of performance in STIPA. LoWhIPA
Large CV performs similar to the MultIPA baseline,
as both were trained on only seven orthographi-
cally transparent languages, achieving intermedi-
ate results. In broad transcription, their mean PER
hovers around 56-57 %, several points higher than
ZIPA but clearly below the WhIPA models. The
difference is especially visible in Italian and French,
where ZIPA maintains lower errors.
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MultIPA
ZIPA-T-SMALL

ZIPA-T-LARGE
ZIPA-CR-NS-SMALL
ZIPA-CR-NS-LARGE
LoWhipa Base CV
LoWhipa Large CV
LoWhipa Base ASC
LoWhipa Large ASC
LoWhipa Base Comb.
LoWhipa Large Comb.
Whipa Base CV

Whipa Large CV

NARROW

Figure 2: PER heatmaps. Each cell represents the average PER for a language—model pair on broad
(left) and narrow (right) IPA transcriptions. Cooler colors indicate higher error.

BROAD

ZIPA-T-LARGE
ZIPA-CR-NS-SMALL
ZIPA-CR-NS-LARGE

LoWhipa Base CV
LoWhipa Large CV
LoWhipa Base ASC

LoWhipa Large ASC
LoWhipa Base Comb.
LoWhipa Large Comb. l

~ NARROW

Figure 3: PFER heatmaps. Each cell represents the average PFER for a language—model pair on broad
(left) and narrow (right) IPA transcriptions. Cooler colors indicate higher error.

However, the lower error rates of ZIPA models
must be considered within the context of their STIPA
training data which comprised 88 languages and
considerably more hours. Among the languages
in Figure 2, ZIPA models were directly trained for
30/42 broad PER languages — such as Italian and
French — and for 24/31 narrow PER languages. In
contrast, MultIPA and (Lo)WhIPA CV models saw
only 3 of the broad (mlt, pol, tam) and 1 of the
narrow (tam) languages.

Narrow Evaluation When evaluation extends to
narrow transcriptions, shown in the right panels
of both figures, the error rates rise substantially,
as expected from the inclusion of diacritics and
secondary articulations. Nonetheless, the relative
ranking of models according to PER remains stable.
ZIPA-T-SMALL continues to yield the lowest PER
overall, closely followed by ZIPA-CR-NS-SMALL
and ZIPA-T-LARGE. The narrow PER heatmap
(Figure 2, right) shows these models maintaining

yellow-green colors across the grid. The WhIPA
and LoWhIPA base models continue to exhibit pre-
dominantly blue colors. Performance of MultlPA
and (Lo)WhIPA Large models is also fairly consis-
tent.

In absolute terms, the ZIPA variants achieve
mean narrow PER values around 55 %, repre-
senting an improvement of roughly 10 percentage
points over WhIPA Base (65-70 %) and 2—4 points
over MultlPA and (Lo)WhIPA Large CV/Comb.
models. In the narrow PFER heatmap (Figure 3,
right), on the other hand, ZIPA-T-SMALL remains
below 15 % on average, but is surpassed by Mul-
tIPA (12.9%) and LoWhIPA Large CV (13.0 %),
while base variants exceed 40 %.

Effect of Transcription Granularity Languages
exhibiting the steepest increase from broad to nar-
row evaluation are those for which narrow transcrip-
tion introduces extensive subphonemic detail. To
quantify this effect, we computed, for each model
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Model Mean APER Mean APFER
ZIPA-CR-NS-LARGE 9.40 2.35
ZIPA-CR-NS-SMALL 9.39 2.22
ZIPA-T-SMALL 9.28 2.07
ZIPA-T-LARGE 9.12 2.24
LoWhIPA Base CV 5.76 1.72
MultIPA 5.54 1.29
WhIPA Large CV 5.53 1.24
LoWhIPA Large Comb. 5.52 1.02
LoWhIPA Large CV 5.21 0.92
LoWhIPA Large ASC 4.75 0.58
LoWhIPA Base ASC 3.70 -0.07
WhIPA Base CV 3.68 1.04
LoWhIPA Base Comb. 2.79 -0.07

Table 3: Mean difference (A = narrow — broad) in
PER and PFER across models. Positive values
indicate higher error rates under narrow transcrip-
tion.

Language Mean APER Mean APFER

fra 37.82 23.14
eng 17.60 7.1
spa 12.45 0.68
bcl 10.05 0.63
eus 6.78 —4.71
deu 6.75 3.87
kat 6.33 0.29
por 5.44 —1.33
hye 5.19 0.65
tur 4.55 1.59
ben 4.14 -0.07
tel 3.58 1.50
mar 3.48 0.49
ind 2.49 —1.24
Itz 2.46 —0.52
hin 1.96 —1.11
ajp 1.56 —0.81
aze 1.15 —4.11
ron 0.92 0.45
epo 0.87 0.29
tam —6.92 —0.03

Table 4: Mean difference (A = narrow — broad) in
PER and PFER across languages. Positive values
indicate higher error rates under narrow transcrip-
tion. Only languages available in both settings are
included.

and language represented in both annotation types,
the difference in error rate between narrow and
broad transcription (A = narrow — broad) for both
PER and PFER. Languages without a narrow tran-
scription set were excluded to ensure comparability.
The computation was carried out over all models.
All models show positive A values (Table 3) for
PER, confirming that narrow transcription system-
atically increases model error. The effect is most
pronounced for the ZIPA variants, whose mean
APER ranges from 9.1 to 9.4 and mean APFER
from 2.0 to 2.3, while MultIPA and WhIPA mod-
els display smaller differences (PER ~ 4-6, PFER

<2). This indicates that despite their overall su-
perior accuracy, ZIPA models are more sensitive
to the additional phonetic detail introduced in the
narrow setting. At the language level, the highest
APER values (Table 4) are observed for French
(+37.8) and English (+17.6), followed by Spanish
(+12.4), German (+6.8), and Basque (+6.7). In con-
trast, languages such as Bengali, Marathi, Hindi,
and Tamil show minimal or slightly negative dif-
ferences, suggesting that their narrow and broad
transcriptions are more closely aligned. Overall,
these results confirm that transcription granularity
has a measurable and language-dependent impact
on STIPA performance, with larger degradations
in languages where narrow transcriptions encode
fine-grained phonetic variation.

Cross-metric Consistency A close inspection
of Figures 2 and 3 reveals a strong correlation be-
tween PER and PFER. Improvements in symbolic
accuracy translate proportionally into reductions
in feature-based error. The PFER heatmaps dis-
play less variance across typologically similar lan-
guages, suggesting that the feature representation
provides a more reliable estimate of cross-linguistic
phonetic similarity than purely symbolic PER.

Interestingly, the ZIPA-CR-NS variants show
nearly identical PFER values to their ZIPA-T coun-
terparts despite slightly higher PERs, implying that
their internal representations capture articulatory
proximity even when the predicted phone sequence
diverges. This points to the potential benefits
of feature-aware objectives or articulatory-space
alignment for future work.

Model Scale and Architecture The comparison
between small and large model variants offers fur-
ther insight into architectural efficiency. In both fig-
ures, the small ZIPA models often outperform their
larger counterparts, indicating that the Zipformer ar-
chitecture benefits from compact parameterization
and mitigates overfitting. This supports the findings
of Zhu et al. (2025), which show that smaller models
tend to generalize better. Conversely, (Lo)WhIPA’s
performance improves with scale, as larger models
achieve lower PER and PFER.

4.4. Error Analysis

To complement the quantitative evaluation, we
conducted a qualitative analysis of model outputs
across three languages: Italian, German, and En-
glish. For each language, we sampled 100 predic-
tion—reference pairs from the broad transcription
subset. Samples were drawn proportionally to each
model’s overall PFER error distribution, ensuring
that the subset reflected the same performance
hierarchy observed in the full evaluation set, while
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Figure 4: Relative frequency of annotation categories across models for German, English, and Italian.
Each stacked bar shows the proportion of samples labeled as Gold (correct), Acceptable (minor variant),

Phonetic Error, or Hallucination.

preventing annotators from identifying which sys-
tem produced each prediction.

Each sampled prediction was manually in-
spected and annotated using a four-category error
typology:

1. Transcription Mismatches/Acceptable Vari-
ation: Instances where multiple plausible IPA
transcriptions exist for the same word or vari-
ant. For example, the ltalian r may appear
as [r] or [erre]; similarly, English vowels often
show dialectal variation (e.g., [a] vs. [p] in cot).
These mismatches reflect ambiguity in the ref-
erence rather than model failure.

2. Phonetic Error: Substitutions or distortions
involving phonetically similar segments (e.g.,
[s]vs. [T, [x] vs. [c]), suggesting confusion in
fine-grained acoustic distinctions rather than
complete model failure.

3. Model Hallucinations: Cases in which the
model produced an output entirely unrelated to
the input speech, often including orthographic
tokens.

4. Errors in Lingua Libre recordings: As Lin-
gua Libre is a crowdsourced corpus, some
recordings were misaligned or mislabeled.
Typical errors involved speakers recording
multiple words consecutively or uttering un-
intended material.

Inter-annotator reliability was evaluated on the
English subset; two annotators independently la-

beled the 100 sampled instances per model. The
highest agreement was obtained for the WhIPA
Base CV (v = 0.66) and LoWhIPA Base ASC
(x = 0.63) models, where the distribution of error
categories was highly consistent between annota-
tors. In both cases, categories 2 (phonetic errors)
and 4 (alternative transcriptions) were labeled al-
most identically, while categories 0 and 1 occurred
infrequently and showed minimal disagreement.
Intermediate values were observed for the ZIPA
models (x = 0.26-0.42), indicating fair-to-moderate
agreement, while the lowest scores were found for
MultlPA (x = 0.16) and WhIPA Large CV (x = 0.18).
Models with low agreement still exhibited similar dis-
tributions of error categories overall, discrepancies
lie in the disagreement over the exact nature of error
vs. plausibly acceptable transcriptions. On aver-
age, the micro-averaged agreement across all mod-
els was x = 0.38, and the macro-average reached
k = 0.51, corresponding to moderate agreement
between the annotators.

Beyond agreement analysis, Figure 4 summa-
rizes the relative frequency of annotation categories
across models for German, English, and ltalian.
Only the samples for which the two annotators
fully agreed are included for English. Category 4
(recording or corpus errors) is not represented. This
error category was established following observa-
tions of the data, but were not present in the an-
notated samples. The remaining categories are
shown in the following order: category 0 (Gold),
category 1 (Acceptable or plausible alternative tran-
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scription), category 2 (Phonetic Error) and cate-
gory 3 (Hallucination). The overall distributions
reveal consistent cross-linguistic patterns: most
model outputs fall within the Phonetic Error cate-
gory, followed by Gold or Acceptable transcriptions
for ZIPA models, while hallucinations are more com-
mon in monolingual and Base (Lo)WhIPA models.
English and German exhibit a higher proportion
of phonetic errors, reflecting greater phonetic and
dialectal variability as well as higher degrees of
vowel reduction and coarticulation. Italian, by con-
trast, shows a larger share of Gold and Acceptable
predictions, likely due to its more stable segmental
articulation and clearer vowel-consonant contrasts,
which facilitate a closer acoustic match with the ref-
erence transcriptions. These distributions comple-
ment the quantitative evaluation: Although model
accuracy varies — as expected since ZIPA models
were trained on all three annotated languages — the
qualitative nature of errors remains systematically
patterned across languages.

5. Conclusion

We introduced WikIPA, an open multilingual bench-
mark that links human-curated IPA transcriptions
from WikiPron with speech and speaker metadata
from Lingua Libre, enabling systematic evalua-
tion of STIPA systems across 78 languages and
289k audio—IPA pairs. By supporting both broad
(phonemic) and narrow (phonetic) transcriptions,
WIkIPA connects symbolic phonetic representa-
tions to empirical speech at scale. Our evaluation
of state-of-the-art models shows ZIPA variants, es-
pecially ZIPA-T-SMALL and ZIPA-CR-NS-SMALL
most frequently achieve the lowest mean error rates
on both broad and narrow settings, outperforming
(Lo)WhIPA and MultIPA in most setting but narrow
PFER evaluation. Narrow transcription predictably
raises error rates for many systems, with the largest
degradations in languages where narrow transcrip-
tions encode fine-grained subphonemic detail (e.g.,
French and English). The results also reflect the
distinct modeling foci of current systems: ZIPA vari-
ants were primarily optimized for broad (phonemic)
transcription, MultIPA exhibits limited adaptation
to narrow forms, and (Lo)WhIPA models explicitly
target narrow phonetic detail. Consequently, dif-
ferences between broad and narrow evaluations
are larger for ZIPA and smaller for (Lo)WhIPA, con-
sistent with their respective training objectives and
data sources. A targeted error analysis across
Italian, German, and English indicates that most
residual model errors are minor phonetic confu-
sions rather than outright failures; hallucinations
are comparatively rarer and concentrated in some
(Lo)WhIPA base configurations. These findings
suggest that the central challenge for STIPA is mod-

eling fine-grained articulatory variation.
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