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Abstract001

Phone recognition (PR) serves as the atomic002
interface for language-agnostic modeling for003
cross-lingual speech processing and phonetic004
analysis. Despite prolonged efforts in develop-005
ing PR systems, current evaluations only mea-006
sure surface-level transcription accuracy. We007
introduce PRiSM, the first open-source bench-008
mark designed to expose blind spots in pho-009
netic perception through intrinsic and extrin-010
sic evaluation of PR systems. PRiSM stan-011
dardizes transcription-based evaluation and as-012
sesses downstream utility in clinical, educa-013
tional, and multilingual settings with transcrip-014
tion and representation probes. We find that015
diverse language exposure during training is016
key to PR performance, encoder-CTC mod-017
els are the most stable, and specialized PR018
systems still outperform LALMs. PRiSM re-019
leases code, recipes, and datasets to move the020
field toward multilingual speech models with021
robust phonetic ability.022

1 Introduction023

Phone recognition (PR) entails transcribing speech024

into phonetic units that capture the physical re-025

alization of sounds, independent of language-026

specific phonological constraints. By preserving027

acoustic nuances often abstracted away by word-028

or phoneme-level models1, PR provides a robust029

foundation for cross-lingual speech processing (Li030

et al., 2022; Yusuyin et al., 2025) and downstream031

applications in clinical (Shriberg et al., 2025; Choi032

et al., 2025) and educational settings (Tu et al.,033

2018; Inceoglu et al., 2023).034

PR models have scaled substantially to cover035

diverse linguistic settings (see § 2.1), yet exist-036

ing evaluations remain difficult to compare across037

studies. For example, models often differ in lan-038

guage coverage and phone inventories (Zhu et al.,039

1For example, tell may be transcribed as [thEë] in Main-
stream American English and [thEl] in Scottish English, while
the phonemic form of tell is consistently /tEl/.
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Figure 1: PRiSM is the first open-source benchmark
for phone recognition systems, covering intrinsic and
extrinsic evaluations, i.e., transcription task and down-
stream task performance.

2025), and evaluation metrics are not standardized 040

(Li et al., 2025). A common response has been to 041

fix a metric (Taguchi et al., 2023; Li et al., 2025) 042

and expand the number of test datasets to mitigate 043

bias (Zhu et al., 2025). Yet this approach scales 044

poorly due to the scarcity of phonetically tran- 045

scribed data. Moreover, transcription error rates 046

do not necessarily reflect a model’s phonetic ca- 047

pabilities or practical utility. Error rates in PR are 048

inherently noisier than in ASR, as phones, unlike 049

lexical units, correspond to a lower-level, articula- 050

torily defined abstraction of the acoustic signal. 051

Furthermore, the link between transcription ac- 052

curacy and downstream performance is often as- 053

sumed rather than empirically proven. In prac- 054

tice, models leverage phonetic information via two 055

channels: explicit transcriptions and latent internal 056

representations. The latter are especially potent, as 057

they encode rich phonetic cues (see § 2.2). Conse- 058

quently, metrics based solely on transcription error 059

fail to capture the full utility and nuanced quality 060

of these representations. 061

Therefore, we propose PRiSM to fairly bench- 062

mark Phone Realization in Speech Models. 063

PRiSM assesses PR systems2 intrinsically through 064

2Any pipeline that converts speech into phonetic units.
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transcription error, and extrinsically through util-065

ity in clinical, educational, and multilingual066

speech tasks using generated transcriptions and067

hidden representations. PRiSM applies to PR sys-068

tems ranging from specialized PR models to gen-069

eral speech-to-text (S2T) systems, including Large070

Audio Language Models (LALMs), which are in-071

creasingly used for general speech tasks despite072

limited evaluation of their phonetic abilities (Peng073

et al., 2024; Arora et al., 2025).074

PRiSM is the first open-source benchmark for075

PR systems, for which code, evaluation recipes,076

and datasets are released, where licensing per-077

mits. With its reproducible and expandable frame-078

work, PRiSM supports researchers in understand-079

ing model behavior and training strategies, and080

helps practitioners make informed model choices.081

We evaluate a broad range of PR systems and find082

that: (i) language exposure matters: Seen lan-083

guages benefit from familiar patterns, unseen from084

multilingual training; (ii) data and architecture085

shape performance: Broad, diverse coverage im-086

proves results, while encoder-CTC architectures087

are more stable; (iii) LALMs lag behind special-088

ized PR models.089

Ultimately, our goal is to establish a common090

evaluation basis to drive progress toward PR sys-091

tems that capture robust and generalizable pho-092

netic information across resource conditions.093

2 Background094

2.1 Phone Recognition Systems095

PR can be viewed as a variant of the S2T task that096

maps speech to phonetic symbols such as IPA (In-097

ternational Phonetic Association, 1999). In this098

work, we use “PR system” to refer broadly to any099

system capable of converting speech into IPA in a100

language-agnostic fashion.101

Modern PR systems are typically fine-tuned102

from ASR systems (Baevski et al., 2020; Rad-103

ford et al., 2023) or trained from scratch on ASR104

datasets (Zhu et al., 2024) with transcriptions au-105

tomatically converted to IPA using grapheme-to-106

phoneme (G2P) tools (Mortensen et al., 2018; Zhu107

et al., 2022). Language-specific approaches (Li108

et al., 2020; Gao et al., 2021) rely on phoneme109

inventories, while language-agnostic approaches,110

which we focus on, seek to learn phonetic repre-111

sentations generalized across languages. LALMs112

have recently become prominent in speech tasks113

and have shown competitive performance with114

cascaded systems that combine LLMs with speech 115

processing modules (Yang et al., 2025), motivat- 116

ing interest in their application to PR (Huang et al., 117

2025; Wang et al., 2025). We describe the systems 118

investigated in this work in § 4. 119

2.2 Phonetic information in PR systems 120

Explicitly generated phonetic transcriptions are 121

easy for humans to inspect and utilize. For exam- 122

ple, faithful phonetic transcriptions of the speech 123

of a child with a speech sound disorder can help 124

a clinician understand the nature of the disorder 125

and design interventions (Dodd, 2013). Neverthe- 126

less, representing continuous speech with discrete 127

symbols inherently incurs information loss, filter- 128

ing out non-linguistic variation. 129

Internal model representations serve as a com- 130

plement that retains richer information. Speech 131

models trained on S2T tasks produce temporally 132

aligned representations that capture empirically 133

useful acoustic-phonetic (Choi et al., 2024), artic- 134

ulatory (Cho et al., 2024), and even semantic (Ma 135

et al., 2025) features. The most widely used S2T 136

model representations are from end-to-end ASR 137

models such as Whisper (Radford et al., 2023) and 138

WavLM (Chen et al., 2022). In contrast, LALMs’ 139

representations are often inaccessible or difficult 140

to analyze, as they focus mainly on textual out- 141

put and lack strict temporal alignment with input 142

speech. 143

2.3 Assessing phonetic/phonological ability 144

In the text modality, language models are eval- 145

uated with text input and output. Phonology- 146

Bench (Suvarna et al., 2024) evaluates G2P, sylla- 147

ble counting, and rhyme judgment, while Bunzeck 148

et al. (2025) and Goriely and Buttery (2025) probe 149

phonological knowledge using minimal pairs and 150

word segmentation. In the speech modality, 151

models are evaluated with speech (and option- 152

ally text) input or representation output. SU- 153

PERB (Yang et al., 2021) and Dynamic-SUPERB 154

(Huang et al., 2025) include phoneme recognition, 155

phonological feature analysis, and pronunciation 156

evaluation. BabySLM (Lavechin et al., 2023) 157

and the ZeroSpeech challenges (Nguyen et al., 158

2020) propose metrics that evaluate phonologi- 159

cal and acoustic-phonetic contrasts based on min- 160

imal pairs. In contrast to previous work, PRiSM 161

evaluates phonetic ability in both text and speech 162

through intrinsic and extrinsic tasks. 163
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Abbr. Task Dataset Lang.

Intrinsic: Core Capability (Metrics ↓ Lower is better)

Phone Recognition (PFER)
PR-tmt Variation of Seen Language TIMIT (Garofolo et al., 1993) English
PR-arc Variation of Seen Language L2-ARCTIC Perceived (Zhao et al., 2018b) English
PR-saa Variation of Seen Language Speech Accent Archive (Weinberger, 2015) English
PR-drc Unseen Languages DoReCo (Paschen et al., 2020) 45 langs
PR-vox Unseen Languages VoxAngeles (Chodroff et al., 2024) 95 langs
PR-tsm Unseen Languages Tusom2021 (Mortensen et al., 2021) Tusom

Extrinsic: Downstream Utility (Metrics ↑ Higher is better)

Pathological Speech: Dysarthria Intelligibility Prediction (τ ) & Child Speech Disorder Detection (F1)
DYS-ez Dysarthria Intelligibility Prediction EasyCall (Turrisi et al., 2021) Italian
DYS-ua Dysarthria Intelligibility Prediction UASpeech (Kim et al., 2008) English
CSD-us Child Speech Disorder Detection UltraSuite (Eshky et al., 2018) English

L2 Speech: L1 Classification (F1) & L2 Assessment (τ )
L1-eda L1 Classification EdAcc (Sanabria et al., 2023) English
L1-arc L1 Classification Kominek and Black (2004) & Zhao et al. (2018b) English
L2-so L2 Assessment Speechocean762 (Zhang et al., 2021a) English

Multilingual: Lang. ID (F1), Geolocation (Recall@1) & Phone Inventory Induction (F1-PI)
LID-fl Lang. ID (LID) FLEURS-24 (Conneau et al., 2023) 24 langs
GEO-v Speech Geolocation Vaani (Ghosh et al., 2025) Hindi Dialects
PI-drc Phone Inventory Induction DoReCo (Paschen et al., 2020) 45 langs

Table 1: List of evaluation tasks. Blue denotes core capabilities, where lower scores are better. Yellow denotes
downstream utility, where higher scores are better. F1-PI is described in § B.1. See Appendix A for license details.

3 Evaluation Framework of PRiSM164

PRiSM covers intrinsic (§ 3.1) and extrinsic165

(§ 3.2) evaluations shown in Figure 1. Intrin-166

sic evaluation compares predicted transcriptions167

to gold labels, while extrinsic evaluation mea-168

sures transcriptions and internal representations on169

downstream tasks. In extrinsic evaluation, tran-170

scriptions provide a direct and interpretable signal171

of explicit phonetic content, whereas representa-172

tions are commonly used in downstream tasks but173

may encode non-phonetic information. Table 1174

summarizes included datasets and metrics.175

3.1 Intrinsic: Core Capability176

We use Phonetic Feature Error Rate (PFER) to177

measure the distance between reference and pre-178

dicted transcriptions. Unlike Phone Error Rate179

(PER), which treats each phone as a token, PFER180

computes the edit distance D(·, ·) over articula-181

tory features feat(·) such as roundness or voicing.182

As shown in Equation 1, where u denotes an ut-183

terance (sequence of phones where i indexes this184

sequence) and u∗ its ground truth, PFER is cal-185

culated as the total feature edit distance across all186

utterances divided by the total number of phones,187

representing the percentage of incorrect features188

(Mortensen et al., 2016). 189

PFER =
1∑
i |u∗

i |
∑
i

D(feat(u∗
i ), feat(ui)) (1) 190

The tasks comprise two categories: Variation 191

of seen languages includes regional and non- 192

native speech, testing whether PR systems rely 193

excessively on seen patterns rather than the ac- 194

tual input. Unseen languages assess the system’s 195

language-agnostic phonetic knowledge. Details of 196

each task and dataset are in § A.1. 197

3.2 Extrinsic: Downstream Utility 198

We evaluate PR systems using two downstream 199

probes, namely the transcript probe and the repre- 200

sentation probe. For transcript probe (TP), input 201

consists of predicted phonetic transcriptions, and 202

the probe is a text-based bi-GRU. For represen- 203

tation probe (RP), following the setup in Turian 204

et al. (2022), we use the last layer’s hidden repre- 205

sentations as input and temporal pooling with at- 206

tention followed by a Multi-Layer Perceptron as 207

the probe. Metrics for each task are listed in Ta- 208

ble 1 and the detailed experimental setup is in Ap- 209

pendix C. 210

We consider three categories of downstream 211

tasks where phonetic information is essential. In 212
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Model Architecture Loss SSL Pre-training Phone Recognition Langs(Enc / Dec) Data Data

W2V2P-LV60 (Xu et al., 2022) Enc: Wav2Vec2 CTC LibriLight MLS, CV, Babel 40+
W2V2P-XLSR53 (Xu et al., 2022) Enc: XLSR53 CTC MLS, CV, Babel MLS, CV, Babel 40+
MultiIPA (Taguchi et al., 2023) Enc: XLSR53 CTC MLS, CV, Babel CV 11.0 7

ZIPA-CTC (Zhu et al., 2025) Enc: Zipformer CR-CTC None IPAPack++ 88
ZIPA-CTC-NS (Zhu et al., 2025) Enc: Zipformer CR-CTC None IPAPack++ & PL 4k

POWSM (Li et al., 2025) Enc: E-Branchformer CTC-Att None IPAPack++ 88Dec: Transformer
POWSM-CTC (ours) Enc: E-Branchformer Int-CTC None IPAPack++ 88

Gemini 2.5 Flash (Comanici et al., 2025) Closed N/A Closed Closed >200

Qwen3-Omni-Instruct (Xu et al., 2025) Enc: AuT AR Closed Closed 19Dec: MoE Transformer

Table 2: Included PR systems. Architecture abbrv.: Encoder (Enc), Decoder (Dec), Audio Transformer (AuT),
Mixture-of-Experts (MoE); Loss abbrv.: Consistency Regularized CTC (CR-CTC) (Yao et al., 2025), Hybrid
CTC/Attention (CTC-Att) (Watanabe et al., 2017), Intermediate CTC (Int-CTC) (Lee and Watanabe, 2021), Au-
toregressive (AR); Data abbrv.: Multilingual LibriSpeech (MLS), Common Voice (CV), Pseudo-labeled (PL).

pathological speech assessment, phonetic tran-213

scriptions are used to document patients’ speech214

and support diagnosis and treatment planning215

(Ball et al., 2009; Nelson et al., 2020). In L2216

speech assessment, phonetic cues enable pronun-217

ciation feedback (Franco et al., 2010) and accent218

classification (Angkititrakul and Hansen, 2006).219

In multilingual speech identification, analyzing220

phonetic and phonological differences across lan-221

guages and dialects, such as phone inventories,222

phonotactics, and phoneme realization, is crucial223

(Schultz and Kirchhoff, 2006). We describe each224

task and dataset in detail in § A.2.225

4 Benchmarked Models226

Table 2 summarizes the studied model families:227

• Wav2Vec2Phs: MultiIPA, W2V2P-LV60,228

and W2V2P-XLSR53 are fine-tuned variants229

of Wav2Vec2 (Baevski et al., 2020), con-230

trastively pre-trained speech SSL models,231

and differ in pre-training coverage and phone232

recognition fine-tuning datasets.233

• ZIPAs: ZIPA-CTC and ZIPA-CTC-NS are234

encoder-CTC models trained from scratch on235

multilingual data, with ZIPA-CTC-NS fur-236

ther trained on large-scale pseudo-labeled237

data from ZIPA-CTC.238

• POWSMs: POWSM is an attention-based239

encoder-decoder (AED) model trained on the240

same dataset as the ZIPAs and augmented for241

other S2T tasks. Following their framework,242

we also train POWSM-CTC, an encoder-243

CTC variant for comparison.244

• LALMs: We include Gemini 2.5 Flash245

(closed-source) and Qwen3-Omni-Instruct246

(open-weight), both state-of-the-art systems 247

widely used in recent studies (Lee et al., 248

2025). Since their representations are not 249

easy to access or pool, we probe them 250

with zero-shot prompting, which is a form 251

of context-based fine-tuning (Petrov et al., 252

2023). The prompts are in Appendix D. 253

• Other baselines: We include a naive base- 254

line that randomly predicting the class or the 255

most frequent location (GEO-v). We also in- 256

clude WavLM3(Chen et al., 2022) and Whis- 257

per4(Radford et al., 2023) as competitive 258

baselines for representation probing. 259

5 Results and Discussion 260

Table 3 presents the evaluation of PR. Table 4 261

presents a comprehensive breakdown of down- 262

stream evaluations. In general, ZIPA-CTC-NS 263

performs well in all settings, while Whisper excels 264

in RP. LALMs generally remain less competitive. 265

5.1 Intrinsic Evaluation 266

We observe a consistent trend for language vari- 267

ation: CTC-based models generally outperform 268

LALMs, followed by AED models. For MultiIPA, 269

English appears during pretraining but not fine- 270

tuning, highlighting the importance of language 271

coverage in PR data. POWSM performs poorly 272

on PR-saa, likely due to decoder search issues on 273

long speech sequences; meanwhile, a text-based 274

G2P model (Zhu et al., 2022) achieves a PFER of 275

10.2, beating Gemini 2.5 Flash despite modeling 276

only canonical pronunciations. 277

3https://huggingface.co/microsoft/wavlm-base
4https://huggingface.co/openai/whisper-small
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Variation of Seen Language Unseen Languages

Model PR-tmt PR-arc PR-saa Avg. PR-drc PR-vox PR-tsm Avg.

MultiIPA∗ 16.3 15.5 13.8 15.2 18.3 15.2 30.5 21.3
W2V2P-LV60 13.2 10.9 09.4 11.2 17.8 15.7 24.9 19.5
W2V2P-XLSR53 13.5 09.9 09.0 10.8 17.3 13.9 31.9 21.0
ZIPA-CTC 13.1 09.7 09.0 10.6 18.0 17.0 23.7 19.6
ZIPA-CTC-NS 13.1 09.7 08.9 10.6 16.8 17.1 23.1 19.0
POWSM 13.7 11.3 27.6 17.5 17.1 17.1 22.0 18.7
POWSM-CTC 13.1 10.3 10.0 11.1 18.1 15.3 32.2 21.9

Gemini 2.5 Flash∗∗ 15.2 12.7 13.2 13.7 105.30 19.7 36.3 53.8
Qwen3-Omni-Instruct∗∗ 15.1 11.9 09.1 12.0 150.20 49.0 117.10 105.40

Table 3: PFER of the intrinsic evaluation (↓). ∗English is included during pretraining but not fine-tuning. ∗∗Some
of the “unseen languages” may have appeared in the training data. See § 5.1 for details.

Pathological Speech L2 Speech Multilingual Speech
Score

Model DYS-ez DYS-ua CSD-us L1-eda L1-arc L2-so LID-fl GEO-v PI-drc

Naive Baseline 00.7 ±1.6 -0.8 ±0.9 41.8 ±1.0 06.3 ±0.4 14.3 ±0.3 01.5 ±1.0 04.3 ±0.3 03.3 ±0.0 — 8.9
Transcript Probe (TP)
MultiIPA 48.2 ±0.2 45.6 ±1.4 93.6 ±1.6 10.0 ±1.0 50.5 ±0.9 33.3 ±1.7 89.3 ±0.5 44.5 ±0.4 40.9 44.3
W2V2P-LV60 42.4 ±1.3 50.3 ±0.9 95.6 ±1.4 07.6 ±0.5 38.0 ±0.3 36.1 ±1.7 91.4 ±0.2 45.7 ±0.9 51.3 42.0
W2V2P-XLSR53 49.2 ±0.8 47.6 ±0.8 92.3 ±2.6 09.1 ±0.6 43.1 ±0.6 37.5 ±0.8 94.1 ±0.2 44.5 ±1.2 56.9 43.8
ZIPA-CTC 55.0 ±0.6 57.0 ±0.5 91.7 ±2.3 06.6 ±0.4 30.5 ±0.5 36.6 ±2.8 95.6 ±0.2 44.1 ±1.0 55.2 43.5
ZIPA-CTC-NS 56.6 ±0.8 51.1 ±1.3 99.4 ±0.5 06.7 ±0.3 30.0 ±0.3 40.8 ±0.8 95.9 ±0.1 44.7 ±1.8 56.6 44.2
POWSM 52.7 ±1.7 46.1 ±0.8 94.3 ±1.3 06.5 ±0.8 28.0 ±0.3 28.4 ±2.2 95.1 ±0.5 43.7 ±1.4 48.7 39.6
POWSM-CTC 53.3 ±0.4 46.5 ±0.6 96.9 ±0.7 06.4 ±0.5 29.8 ±0.1 26.8 ±0.7 90.4 ±0.4 42.9 ±0.8 57.7 40.2

Gemini 2.5 Flash 27.9 ±0.6 38.5 ±0.4 95.0 ±1.6 06.4 ±0.4 22.3 ±0.4 20.1 ±1.1 91.8 ±0.3 33.2 ±1.0 39.1 31.6
Qwen3-Omni-Instruct 52.5 ±1.8 49.4 ±1.0 98.9 ±0.8 06.9 ±0.6 30.5 ±0.3 15.6 ±1.4 89.3 ±0.2 34.7 ±1.2 44.5 39.2

Representation Probe (RP)
MultiIPA 65.5 ±4.0 77.0 ±1.4 98.5 ±0.8 11.7 ±1.1 53.0 ±3.3 46.3 ±1.9 78.2 ±1.0 24.5 ±3.7 — 56.5
W2V2P-LV60 67.2 ±1.8 79.9 ±0.9 98.6 ±0.6 12.0 ±0.3 60.7 ±2.9 49.9 ±1.0 76.6 ±1.3 24.6 ±2.1 — 59.4
W2V2P-XLSR53 70.8 ±2.2 82.0 ±2.2 99.2 ±0.7 13.0 ±1.1 47.0 ±6.0 50.7 ±3.1 81.0 ±2.3 21.5 ±3.1 — 58.2
ZIPA-CTC 73.2 ±2.2 74.7 ±1.2 99.5 ±0.3 13.9 ±0.9 73.4 ±2.5 54.0 ±0.8 96.1 ±0.7 23.0 ±1.2 — 62.9
ZIPA-CTC-NS 71.2 ±2.2 75.1 ±0.8 98.6 ±0.9 13.7 ±0.6 74.1 ±2.8 54.3 ±0.5 96.8 ±0.3 24.0 ±1.5 — 62.7
POWSM 73.0 ±3.0 70.8 ±1.1 99.5 ±0.3 10.3 ±1.2 68.0 ±1.9 53.1 ±0.3 96.5 ±0.1 21.5 ±2.2 — 60.4
POWSM-CTC 73.6 ±1.5 66.7 ±1.6 97.9 ±0.9 08.0 ±0.7 53.0 ±0.5 45.7 ±3.0 75.4 ±1.5 14.1 ±2.6 — 55.2

WavLM 69.2 ±2.0 77.5 ±1.4 99.0 ±0.5 14.4 ±1.0 58.3 ±2.0 50.2 ±1.4 76.2 ±3.2 23.5 ±4.6 — 59.4
Whisper 74.8 ±1.1 79.5 ±0.3 99.5 ±0.3 24.3 ±1.6 84.3 ±3.0 57.2 ±0.8 96.3 ±0.5 35.0 ±2.7 — 68.5

Zero-shot
Gemini 2.5 Flash 21.4 50.4 75.3 32.7 43.9 35.8 91.5 06.5 — 41.5
Qwen3-Omni-Instruct 27.0 61.7 70.9 18.2 31.8 49.8 59.1 05.3 — 41.5

Table 4: PR system performance on extrinsic tasks (↑). Results are reported as mean ± standard deviation across
5 random seeds where applicable. Best numbers are bolded and second-best underlined. See § 5.2 for details. The
formula for aggregrated score is in § B.2.

For unseen languages, AED and CTC models278

show comparable performance, whereas LALMs279

perform poorly, sometimes producing repeated280

or degenerate outputs indicative of limited train-281

ing exposure (Holtzman et al., 2020). Perfor-282

mance also varies across datasets, and language-283

wise breakdowns reveal heterogeneous behavior.284

POWSM outperforms POWSM-CTC and exhibits285

performance comparable to ZIPAs, suggesting286

that incorporating a degree of language modeling287

may improve generalization by capturing shared288

phonological patterns, as further analyzed in § 6.1.289

These trends show that variation in seen290

languages benefits from outputs grounded in 291

known patterns, whereas unseen languages ben- 292

efit from multilingual training and learned 293

phonological patterns. 294

5.2 Extrinsic Evaluations 295

For transcript probe, ZIPAs and W2V2P-XLSR53 296

are generally competitive. ZIPAs perform well 297

on pathological speech, likely due to their nor- 298

malized, smaller vocabularies, which approxi- 299

mate broad transcription known to be reliable for 300

speech disorders (Shriberg and Lof, 1991), while 301

W2V2P-XLSR53 benefits from diverse pretrain- 302
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ing data. Multilingual training further improves303

performance, especially on multilingual tasks. We304

discuss PI-drc in § 6.2 as an example. For repre-305

sentation probe, Whisper is strong, suggesting that306

large-scale ASR pretraining produces representa-307

tions that retain phonetic information.308

A trade-off of TP and RP emerges among spe-309

cialized PR models: for example, Wav2Vec2Phs310

achieve strong TP results on L2 speech but show311

limited gains on RP, whereas ZIPAs underperform312

on TP yet excel on RP. Task category also in-313

fluences their relative performance: Pathological314

speech benefits more from RP, L2 speech falls in315

the middle, and multilingual tasks tend to favor TP.316

We hypothesize that transcripts act as a structured317

bottleneck: pathological speech relies on features318

such as timbre and prosody, whereas multilingual319

settings benefit less from acoustic detail. We in-320

vestigate the behavior of TP on GEO-v in § 6.3.321

LALMs show task-dependent performance.322

Notably, Qwen3-Omni-Instruct achieves competi-323

tive TP on pathological speech, but they generally324

perform poorly in zero-shot settings and underper-325

form on languages other than English (DYS-ez).326

An exception is L2 speech, where the gap is327

smaller, explored in § 6.4.328

Overall, our results highlight the importance329

of evaluating PR systems with a combina-330

tion of intrinsic and extrinsic tasks. Intrin-331

sic evaluation alone may not fully capture pho-332

netic capabilities, while extrinsic evaluation re-333

veals that relative performance on TP and RP is334

task-dependent. Multilingual pretraining and335

fine-tuning improve performance across model336

families, and encoder-CTC based architectures337

provide more stable PR performance in new do-338

mains. In contrast, LALMs remain limited in339

phone recognition and related tasks.340

6 Analysis341

We conduct several analyses to anchor our ob-342

servations. In § 6.1, We examine how architec-343

tural choices affect the balance between phono-344

tactics and acoustics, echoing with evaluation re-345

sults. In § 6.2, we study multilingual general-346

ization and confirm that encoder-only architec-347

tures trained with diverse language coverage at all348

stages perform well for PR. In § 6.3, we analyze349

TP in detail and show that it effectively captures350

phone distribution differences across regions. Fi-351

nally, in § 6.4, we assess zero-shot performance of352
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Figure 2: PFER vs Phone masking rate. A PR model
that relies only on acoustics should produce a horizon-
tal line. Encoder-only models trained with CTC loss re-
tain acoustic fidelity at high masking levels. See § 6.1.

LALMs on challenging tasks, concluding that they 353

remain insensitive to sociophonetic variation. 354

6.1 Phonotactics or the Acoustic Signal 355

Ideally, PR systems would faithfully transcribe 356

the actual pronunciation in the speech signal via 357

acoustic modeling. Instead, model transcriptions 358

often normalize toward standard pronunciations or 359

other probabilistically likely phone patterns (Zhu 360

et al., 2025; Li et al., 2025), essentially rely- 361

ing on (phone-level) language modeling (Pimentel 362

et al., 2020).5 Additionally, models can also over- 363

fit phonotactics from the high-resource languages. 364

In this experiment, we investigate the extent to 365

which PR systems rely on such phonotactic pat- 366

terns present in the training data, as opposed to 367

information derived directly from acoustic signal. 368

Using TIMIT (Garofolo et al., 1993)’s time- 369

aligned phone transcripts, we replace p% of 370

phones with silence, transcribe the modified 371

speech using PR, and compute PFER against a 372

reference containing only the remaining phones. 373

In Figure 2, we plot the phone masking rate 374

against the PFER for different model families. For 375

a model that only relies on the acoustic wave- 376

form for prediction, the curve would be a hor- 377

izontal line. However, for models that rely on 378

phonotactics, the PFER will increase with greater 379

noise. While all models start at a similar PFER, 380

Wav2Vec2Phs and POWSM-CTC perform better 381

than ZIPAs and POWSM at higher masking levels. 382

Thus Wav2Vec2Phs relies more on the acoustic 383

5A common example of such phonotactic knowledge is
the intuition that brick [bôIk] is a valid phone sequence in
English while bnick [bnIk] is not (Chomsky and Halle, 1968).
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signal than on phonotactics. While POWSM is384

an AED model trained with next-token prediction,385

Wav2Vec2Phs and POWSM-CTC are encoder-386

only models trained with the CTC objective.387

However, ZIPAs are also encoder-only (Zip-388

former (Yao et al., 2024)) models, but they are389

trained with a consistency regularized CTC (CR-390

CTC) loss (Yao et al., 2025). The high PFER of391

ZIPA means that CR-CTC loss biases the model392

to learn from both phonotactics and acous-393

tics. We hypothesize that ZIPAs’ Zipformer-based394

downsampling bottleneck can be another possible395

reason for ZIPA’s high PFER. We also observe that396

the insertion rates for different models follow the397

same trend as the curves in Figure 2, showing that398

POWSM and ZIPA produce phonetic transcrip-399

tions even when there is no input speech. Interest-400

ingly, ZIPA-CTC-NS and POWSM perform best401

on unseen languages, but POWSM struggles with402

seen-language variation, and ZIPA-CTC-NS un-403

derperforms on pathological speech. This aligns404

with the idea that some tasks benefit from learned405

phonological patterns, while others depend more406

on capturing acoustic information.407

6.2 Zero-Shot Phonetic Inventory Induction408

Identifying the inventory of phones in a new lan-409

guage is an important linguistic application and of-410

ten an early step toward developing a standardized411

transcription system for it. Such a task requires412

PR models to recognize phones correctly in un-413

seen phonetic environments. Therefore, it relies414

on the phonetic diversity the models have seen in415

the input speech signal during training. We ex-416

plore these behaviors in this set of experiments.417

Our dataset, derived from DoReCo, consists of418

low-resource languages absent from the training419

corpora of all models. The transcripts from all420

models are used to compute the phone inventory421

after applying PanPhon-based phone tokenization422

(Mortensen et al., 2016) followed by a set union423

over detected phones. The ground truth inventory424

is constructed similarly using the phonetic tran-425

scriptions provided by DoReCo and set similar-426

ity metrics (§ B.1) are computed. We show the427

macro-averaged values in Figure 3.428

POWSM-CTC emerges as the strongest model.429

The large gap between POWSM-CTC and430

POWSM (which differ only in architecture) sug-431

gests that the encoder-only architecture plays a432

crucial role in high precision transcripts even433

in an unseen phonetic environment. As for ZI-434
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Figure 3: Precision and Recall scores of PR systems
on phone inventory induction for unseen languages
(§ 6.2). CTC models trained with highly multilingual
data are more stable.

PAs, which differ in training data, ZIPA-CTC- 435

NS is more precise than ZIPA-CTC. The ex- 436

tended multilingual training of ZIPA-CTC-NS on 437

pseudo-labeled data leads to more precise phone 438

predictions for unseen languages. This suggests 439

that noisy pseudo-labels allow for improved pre- 440

cision for new languages. Similar trends is seen 441

in comparing W2V2P-XLSR53 vs W2V2P-LV60 442

and MultiIPA, where multilingual SSL alone is in- 443

sufficient for MultiIPA. Essentially, broader lan- 444

guage coverage in both pre-training and super- 445

vised training result in a more precise model. 446

Although the size of IPAPack++ (17k hr) is much 447

smaller than that used for Wav2Vec2Phs (~160k 448

hr), the larger number of languages in the super- 449

vised training stage (88 vs ~40) leads to better re- 450

call for ZIPAs, compared to Wav2Vec2Phs. This 451

suggests that diversity of languages is as impor- 452

tant as the volume of data. Most models have a 453

high recall (> 70) and low precision (< 50), sug- 454

gesting that most predicted phones are incorrect 455

and predictions have a high entropy. 456

6.3 Geolocation for Dialectal Speech 457

In Table 4, we observe that our TPs significantly 458

outperform the RPs on Hindi dialectal geoloca- 459

tion (Foley et al., 2024), where the former ob- 460

serves an average error of 146 km, while the latter 461

observes an average error of 253 km. As a ref- 462

erence, our data is spread over 1478 km (East- 463

West) and 1703 km (North-South), covering the 464

entire Hindi speaking region of India. This per- 465
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Figure 4: Attribution map from Vaani (Ghosh et al.,
2025). Red supports and blue opposes correct geoloca-
tion. W2V2P-LV60 detects doubled phones (§ 6.3).

formance is surprising, as the cascade-based ap-466

proach loses suprasegmental information such as467

intonation that provide strong phonetic cues for468

the differentiation of dialects (Vicenik and Sun-469

dara, 2013; Grabe and Post, 2002). However,470

our results provide empirical evidence that mor-471

phological and phonetic differences suffice for472

fine-grained differentiation between Hindi dialects473

(Gumperz, 1958).474

We hypothesize that part of the reason why hid-475

den representations underperform cascade is also476

due to the downstream probe, where the RP em-477

ploys attention pooling with an MLP, while the TP478

employs an RNN. As the RNN preserves phone479

order information, even in the case where two480

dialects share similar phoneme inventories, dis-481

tributional differences of phone sequences be-482

tween the dialects can be leveraged for fine-483

grained differentiation (Gumperz, 1958; Shim484

et al., 2024). We further analyze this behav-485

ior by employing integrated gradient based attri-486

bution maps (Sundararajan et al., 2017) on TP.487

There is a tendency of pronouncing two conso-488

nant sounds instead of one in the Bangru dialect of489

Haryanvi (Devi and Mishra, 2021). For example,490

the English loan word “Cooler” [ku:lar] becomes491

[kullar], while the Hindi word “Rakhā” [R@.kha:]492

(kept) becomes [R@k.kha:]. Figure 4 shows attri-493

bution map for an utterance from GEO-v. Speaker494

utters these words in their native accent, W2V2P-495

LV60 outputs [ll] and [kk], and TP aligns with one496

of the doubled phones. We leave a more detailed497

interpretability analysis to future work.498

6.4 LALMs lack phonetic perception499

We examine the zero-shot predictions of LALMs500

on two tasks: GEO-v and L1-eda. On GEO-v,501

LALMs perform near chance level, whereas on502

L1-eda, Gemini 2.5 Flash achieves the strongest503

performance.504

On GEO-v, both models exhibit geographic505

mode collapse. Qwen3-Omni-Instruct predicts506

New Delhi for nearly all inputs, while Gemini507

2.5 Flash attains only 6.5% hit@1 accuracy, with508

roughly 65% of its predictions concentrated in509

3–4 coordinate clusters near New Delhi (28.6°N, 510

77.2°E). This pattern suggests that LALMs have 511

limited sensitivity to dialectal variations and are 512

strongly biased toward higher-resourced dialects. 513

Similarly, on L1-eda, LALMs show a pro- 514

nounced bias toward the Romance accent cluster, 515

with 25.8% of Slavic/Balkan and 28.5% of South 516

Asian accents misclassified as Romance. Enabling 517

thinking mode exacerbates rather than mitigates 518

such biases by creating more attractor classes. As 519

a result, the F1-score on L1-eda drops from 32.7% 520

to 24.9%. Analysis of the reasoning traces re- 521

veals that the model over-relies on surface-level 522

phonetic cues, mentioning “Spanish/Italian/Por- 523

tuguese” in 87% of erroneous Romance predic- 524

tions and citing “syllable-timed rhythm” in 65% of 525

cases, leading to conflation of phonetically diverse 526

accents. The confusion matrices for both models 527

are shown in Appendix G. These findings suggest 528

that LALMs lack the fine-grained acoustic percep- 529

tion, limiting their reliability for tasks requiring 530

unbiased phonetic discrimination. 531

7 Conclusion 532

We introduce PRiSM, the first standardized bench- 533

mark to measure capabilities of PR systems on 534

transcription task and downstream task perfor- 535

mance. We also open-source our datasets in an 536

easy-to-use format with our toolkit. Our eval- 537

uations reveal that models behave differently on 538

PR and on downstream applications. Therefore, 539

we recommend that models be benchmarked in 540

both categories to make comparisons. Our re- 541

sults and analysis show that PR for seen language 542

benefits from outputs grounded in familiar pat- 543

terns, whereas unseen languages’ rely on mul- 544

tilingual training and learned phonological pat- 545

terns. Broad and diverse language coverage, along 546

with encoder-CTC architectures, improves stabil- 547

ity across tasks, while LALMs currently lag be- 548

hind specialized PR models. Together, these find- 549

ings highlight the value of PRiSM as a frame- 550

work for evaluating PR systems across diverse lan- 551

guages, tasks, and architectures. 552

Limitations 553

While PRiSM evaluates PR systems across a range 554

of intrinsic and extrinsic settings, it is constrained 555

by the availability of curated datasets. As a re- 556

sult, coverage of languages, dialects, accents, and 557

speaking styles remains incomplete and may re- 558
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flect biases present in the underlying corpora.559

In addition, phonetic transcription does not con-560

stitute a single objective ground truth: it de-561

pends on annotation guidelines, annotator judg-562

ments, and the chosen phone inventory. The IPA-563

based interface may also miss or normalize away564

language-specific or gradient phonetic phenom-565

ena.566

Both intrinsic and extrinsic evaluations are nec-567

essary to assess PR systems, but each has limita-568

tions. Transcript probes align with linguistic fea-569

tures, yet they may also overfit to spurious cues570

(e.g., sequence length) when datasets are biased571

or transcripts are noisy due to low PR quality. For572

representation probes, phonetic information may573

be distributed across different layers, and perfor-574

mance can depend on the chosen fusion or pooling575

strategy. Models may benefit from task-specific576

decoding hyperparameters and prompts, whereas577

we use default settings and prompts that only con-578

tain key instructions. Our goal is to assess funda-579

mental phonetic capabilities and provide compar-580

ative insights; we do not claim that the reported re-581

sults reflect the best possible performance achiev-582

able for each model.583

Ethics Statement584

All data used in this work are ethically sourced,585

either through permissive licensing or with proper586

consent. Speech datasets, particularly those in-587

volving pathological speech, may contain sensi-588

tive personal information, and we strictly adhere to589

the licenses and usage conditions associated with590

each dataset. PR systems may be misapplied in591

ways that unfairly label speakers without appropri-592

ate expert supervision, especially in educational,593

clinical, demographic, or geographic contexts. We594

introduce PRiSM with the goal of supporting re-595

sponsible and rigorous research, and we encourage596

its use to advance speech technologies that con-597

sider linguistic and cultural diversity regardless of598

resource availability.599

The Use of LLMs600

We acknowledge the use of large language mod-601

els (LLMs) to assist with refinement of the writ-602

ing, including grammar correction and clarity im-603

provements. We also used LLMs as coding assis-604

tants. All the code was then verified by authors.605

All conceptual, methodological, and experimental606

work was done independently by the authors.607
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Piotr Żelasko, Siyuan Feng, Laureano Moro Ve-1014
lazquez, Ali Abavisani, Saurabhchand Bhati, Odette1015
Scharenborg, Mark Hasegawa-Johnson, and Najim1016
Dehak. 2022. Discovering phonetic inventories with1017
crosslingual automatic speech recognition. Com-1018
puter speech & language, 74:101358.1019

Junbo Zhang, Zhiwen Zhang, Yongqing Wang, Zhiy-1020
ong Yan, Qiong Song, Yukai Huang, Ke Li, Daniel1021
Povey, and Yujun Wang. 2021a. speechocean762:1022
An open-source non-native english speech corpus1023
for pronunciation assessment. In Proc. Interspeech1024
2021, pages 3710–3714.1025

Junbo Zhang, Zhiwen Zhang, Yongqing Wang, Zhiy-1026
ong Yan, Qiong Song, Yukai Huang, Ke Li, Daniel1027
Povey, and Yujun Wang. 2021b. speechocean762:1028
An open-source non-native english speech cor-1029
pus for pronunciation assessment. Preprint,1030
arXiv:2104.01378.1031

Guanlong Zhao, Sinem Sonsaat, Alif Silpachai, Ivana1032
Lucic, E. Chukharev-Hudilainen, John M. Levis,1033
and R. Gutierrez-Osuna. 2018a. L2-arctic: A non-1034
native english speech corpus. In Interspeech.1035

Guanlong Zhao, Sinem Sonsaat, Alif Silpachai, Ivana1036
Lucic, Evgeny Chukharev-Hudilainen, John Levis,1037
and Ricardo Gutierrez-Osuna. 2018b. L2-arctic: A1038
non-native english speech corpus. In Proc. Inter-1039
speech 2018, pages 2783–2787.1040

Jian Zhu, Farhan Samir, Eleanor Chodroff, and1041
David R. Mortensen. 2025. ZIPA: A family of effi-1042
cient models for multilingual phone recognition. In1043
Proceedings of the 63rd Annual Meeting of the As-1044
sociation for Computational Linguistics (Volume 1:1045
Long Papers), pages 19568–19585, Vienna, Austria.1046
Association for Computational Linguistics.1047

Jian Zhu, Changbing Yang, Farhan Samir, and Jahu-1048
rul Islam. 2024. The taste of IPA: Towards open-1049
vocabulary keyword spotting and forced alignment1050
in any language. In Proc. NAACL, pages 750–1051
772, Mexico City, Mexico. Association for Compu-1052
tational Linguistics.1053

Jian Zhu, Cong Zhang, and David Jurgens. 2022. 1054
ByT5 model for massively multilingual grapheme- 1055
to-phoneme conversion. In Interspeech 2022, pages 1056
446–450. 1057

A Dataset details and Licenses 1058

This section introduces the datasets and the moti- 1059

vation of downstream tasks. Table 5 lists the li- 1060

censing information and dataset size. 1061

Dataset Licence Train Val0 Test0

Phone Recognition
TIMIT LDC - - 6,300
L2-ARCTIC CC BY-NC 4.0 - - 3,599
Speech Accent Archive CC BY-NC-SA 2.0 - - 3,019
DoReCo CC0 1.0∗ - - 18,734
VoxAngeles CC BY-NC 4.0 - - 5,445
Tusom2021 MIT - - 2,255

Pathological Speech
EasyCall CC BY-NC 2.0 11,859 4,252 4,967
UASpeech LICENSE 9,166 5,331 6,885
UltraSuite CC BY-NC 4.0 1,819 311 287

L2 Speech
EdAcc CC BY 4.0 6,917 2,525 5,497
CMU Arctic Free software 2,264 1,132 1,132
L2-ARCTIC CC BY-NC 4.0 13,450 6,787 6,630
SpeechOcean CC BY 4.0 2,260 240 2,500

Multilingual Speech
FLEURS-24 CC BY 4.0 4,800 2,400 4,800
Vaani CC-BY-4.0 19,780 2,668 3,985
DoReCo CC0 1.0∗ - - 18,734

Table 5: Licence and split size (#utterance). ∗DoReCo
includes datasets of different CC licences; we use the
45-language subset created by Zhu et al. (2024). This
table will be updated with huggingface repositories of
the prepared datasets upon acceptance.

A.1 Datasets in Intrinsic Evaluation 1062

Variation in Seen Language TIMIT (Garo- 1063

folo et al., 1993) contains speech from six re- 1064

gional varieties of American English and is of- 1065

ten used for PR evaluation. The Speech Ac- 1066

cent Archive (Weinberger, 2015) provides read 1067

speech (the “Please call Stella” passage) and nar- 1068

row phonetic transcriptions from non-native En- 1069

glish speakers across 391 L1 languages. L2- 1070

ARCTIC (Zhao et al., 2018b) includes read speech 1071

from non-native speakers; we use the L2-Arctic 1072

Perceived set6 which consists of manually anno- 1073

tated phoneme transcriptions rather than standard 1074

G2P output. 1075

Unseen Languages DoReCo (Paschen et al., 1076

2020) is a dataset of 50+ small or endangered 1077

languages with broad phonetic transcriptions; we 1078

use the same DoReCo subset as Zhu et al. (2025, 1079

6https://huggingface.co/anyspeech
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2024). VoxAngeles (Chodroff et al., 2024) is a1080

cleaned, 95-language version of the UCLA Pho-1081

netics Lab Archive (Ladefoged et al., 2009). Tu-1082

som2021 (Mortensen et al., 2021) is a dataset of1083

speech and narrow phonetic transcriptions of indi-1084

vidual words in the low-data Tangkhulic language1085

Tusom. We removed tones as none of the models1086

supports them.1087

A.2 Datasets in Extrinsic Evaluation1088

Pathological Speech Assessment Dysarthria1089

intelligibility prediction predicts dysarthria sever-1090

ity levels based on phonetic representations. In-1091

creasing dysarthria severity is associated with re-1092

duced intelligibility, for which impaired phoneme1093

production is a major clinical predictor (Xue1094

et al., 2023). Two dysarthric speech datasets1095

are evauated: UASpeech (Kim et al., 2008), an1096

English corpus with speaker-level intelligibility1097

scores, and EasyCall (Turrisi et al., 2021), an1098

Italian corpus annotated with dysarthria severity1099

ratings. Child speech disorder detection classi-1100

fies whether a given utterance is produced by a1101

child with speech disorder, supporting applica-1102

tions in speech therapy and the selection of spe-1103

cialized speech models (Rosero et al., 2025b,a).1104

We use acoustic recordings from the Ultrasuite1105

corpus (Eshky et al., 2018), with manually cor-1106

rected transcription-audio mismatches. The cu-1107

rated dataset is released with this paper.1108

L2 Speech Evaluation Proficiency assessment1109

for L2 Learners uses phonetic information to au-1110

tomatically assess L2 English proficiency. We1111

use utterances and sentence-level scores on a 0-101112

scale from Speechocean762 (Zhang et al., 2021b),1113

an L1 Chinese, L2 English corpus. L1 influence1114

classification classifies a speaker’s L1 (native lan-1115

guage) background, which introduces distinctive1116

articulatory patterns into speech in an L2 language1117

(Yang et al., 2023; Shi et al., 2021). We use EdAcc1118

(Sanabria et al., 2023) for one setup, and the other1119

combines L2-ARCTIC (Zhao et al., 2018a) for1120

non-native speech with CMU ARCTIC (Kominek1121

and Black, 2004) for native speech.1122

Multilingual Speech Identification Language1123

identification (LID) predicts the language spo-1124

ken in an utterance from audio input. We use1125

it as a coarse-grained evaluation of whether pho-1126

netic representations can distinguish both seen1127

and unseen languages with the 102 languages in1128

FLEURS (Conneau et al., 2023). Speech geoloca-1129

tion identification predicts the origin of a speaker 1130

from an utterance in their native language, draw- 1131

ing on systematic phonetic shifts associated with 1132

geography, sociolinguistic variation, and language 1133

contact (Foley et al., 2024). We use data from 1134

the Hindi-belt of India from Vaani (Ghosh et al., 1135

2025). The detailed algorithm for this subset cre- 1136

ation is explained in Appendix F. Phone inventory 1137

induction is the task of inferring the set of phones 1138

used by language from speech recordings, which 1139

is useful for language documentation and helps 1140

identify systematic errors during evaluation. We 1141

use DoReCo (§ B.1) by deriving phone invento- 1142

ries from gold phone transcriptions and comparing 1143

them against the predicted transcriptions for each 1144

language. 1145

B Metrics 1146

B.1 Task Metric: F1 of Phone Inventory 1147

(F1-PI) 1148

A phone inventory is the set of all phones used in 1149

a language. F1-PI assesses the degree of overlap 1150

between the phones transcribed by a system for a 1151

given language and the ground truth phone inven- 1152

tory for that language (Żelasko et al., 2022). For 1153

two sets A and B, the F1-score is defined as the 1154

harmonic mean of |A−B|/|A| and |B −A|/|B|. 1155

Set membership can be based on exact matches or 1156

fuzzy matches (e.g., over phonetic features). This 1157

metric requires only a reference inventory for the 1158

target language, not a full transcription (although 1159

inventories can be derived from transcriptions), 1160

making it especially useful for under-resourced 1161

languages. 1162

B.2 Summary Metric: PRiSM Extrinsic 1163

Score 1164

To aggregate performance across extrinsic eval- 1165

uation tasks with significantly varying test set 1166

sizes (Ni) (Table 5), we compute a Score us- 1167

ing a logarithmically weighted average. This ap- 1168

proach ensures that larger datasets contribute more 1169

to the final score due to their statistical signif- 1170

icance, while preventing them from completely 1171

dominating smaller, high-variance datasets (such 1172

as CSD-us). 1173

Let si be the model performance on task i and 1174

Ni be the number of samples in that task. The 1175

aggregate score S is defined as: 1176

S =

∑K
i=1 ln(Ni) · si∑K

i=1 ln(Ni)
(2) 1177
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where K = 6 corresponds to the tasks (DYS-ez,1178

DYS-ua, CSD-us, L1-eda, L1-arc, and L2-so)1179

that show differentiation in model behavior. The1180

weights wi = ln(Ni) dampen the linear dispar-1181

ity between the largest (N = 7762) and smallest1182

(N = 287) test sets.1183

C Experimental Setup1184

Probe Details All cascade probes use a 2 layer1185

bi-directional GRU with mean pooling to get tran-1186

script level representation. The GRU operates on a1187

character vocabulary built from all predicted tran-1188

scripts. GRU has a hidden dimension of 256 and1189

input dimension of 128 with a dropout of 0.1.1190

For hidden representation probes we use the last1191

layer’s hidden representation and attention pool1192

over time to obtain utterance level representation.1193

This is followed by an MLP composed of 2 linear1194

layers. First layer’s input dimension is the same1195

as the dimension of the model being evaluated. It1196

outputs an embedding half of this size and the final1197

layer outputs a single scalar for assessment taks,1198

logits over classes for classification tasks, or a unit1199

[x y z] vector for geolocation task. MSE loss is1200

employed for regression, cross-entropy for classi-1201

fication and angular error loss (Foley et al., 2024)1202

for geolocation.1203

Hyper-parameters All the experiments can be1204

reproduced via our open-sourced toollkit. We use1205

a learning rate of 2e-4 for all hidden representation1206

probes and a learning rate of 1e-3 for the cascade1207

probes. We use the validation F1 (for classifica-1208

tion), Kentall Tau (for assessment) and error (in1209

km for geolocation) as early stopping metrics with1210

a patience of 5 epochs and minimum epochs set1211

to 10. The checkpoint achieving best validation1212

values on these metrics is selected for reporting1213

numbers.1214

Compute spent Each TP probe runs in at most1215

15 minutes on a single 40GB GPU. Each RP probe1216

runs in at most 3 hours on a single 40GB GPU.1217

For TP and RP based extinsic evaluations a to-1218

tal of around 1k GPU hours were spent to get fi-1219

nal numbers. We used almost 1k GPU hours dur-1220

ing development phase of the evaluation toolkit1221

as well. Besides, PRiSM supports distributed in-1222

ference that scales to multiple GPUs and sup-1223

ports VLLM 7. For inference, we utilized around1224

7https://github.com/vllm-project/vllm

500 GPU hours including debugging and develop- 1225

ment costs. Each POWSM-CTC model trains on 4 1226

nodes with 4-80GB GPU each and takes 1.5 days 1227

to train, amounting to 600 GPU hours for one run. 1228

We can assume another 2k GPU hours for devel- 1229

opment and experimentation. 1230

D Prompts for LALMs 1231

PR: Phonetic Transcription (IPA)

System prompt
### Role
You are an expert phonetician and linguist specializing
in acoustic phonetics. Your auditory perception is cal-
ibrated to detect subtle nuances in articulation, stress,
and intonation.
### Task
Listen to the provided audio clip and transcribe the
speech into standard International Phonetic Alphabet
(IPA) symbols.
### Guidelines for Accuracy
• Analyze Context: Implicitly identify the speaker’s ac-

cent/dialect to ensure vowel qualities are accurate.
• Resolve Ambiguity: If a sound is unclear, use your

linguistic expertise to determine the single most prob-
able phoneme. Do not provide alternatives.

• Strict IPA: Use standard IPA notation only.

### Output Format & Schema Adherence
• Strict Adherence: You must generate the output fol-

lowing the defined schema structure exactly.
• Pure Data: Return raw data only. Do NOT use Mark-

down code blocks (e.g., “‘json), and do not include
any conversational filler.

• Field “transcription“:
– Must contain EXACTLY ONE string sequence of

IPA symbols.
– No slashes / or brackets [].
– Example: "h@"l@U" (Correct) / "/h@"l@U/" (Incorrect)

Analyze the audio and produce the structured output
now.
User prompt
Please transcribe the attached audio. I need a clear map-
ping of the speech to International Phonetic Alphabet
(IPA) symbols.

1232

DYS-ez: Dysarthria Intelligibility (EasyCall)

System prompt
### Role
You are an experienced neurologist who assesses
dysarthria severity using the Therapy Outcome Measure
(TOM).
### Task
Listen to the provided audio clip of Italian speech and
assess the dysarthria severity level on a scale of 0 to 3.
### Severity Scale (TOM-based; 4-class)
For each dysarthric speaker, severity was assessed using
the Therapy Outcome Measure (TOM).
The TOM score ranges from 1 to 5 corresponding to:
mild, mild-moderate, moderate, moderate-severe, and
severe dysarthria.

1233
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PhoneBench uses the following 4-class target mapping
(score 0–3):

0: Control (healthy)
1: Mild
2: Mild-moderate or Moderate
3: Moderate-severe or Severe

### Output Format
• Return JSON with a single field “score“ containing

an INTEGER from 0 to 3.
• Do NOT include any explanation, markdown, or extra

text.
• If uncertain, give your best estimate within the valid

range.

User prompt
Assess dysarthria severity using the TOM-based 4-
class mapping: 0=Control (healthy), 1=Mild, 2=Mild-
moderate or Moderate, 3=Moderate-severe or Severe.
Output only the integer score (0-3).

1234

DYS-ua: Dysarthria Intelligibility (UASpeech)

System prompt
### Role
You assess speech intelligibility (severity of speech dis-
order) using a listener transcription accuracy based pro-
tocol.
### Task
Listen to the provided audio clip of English speech and
predict the speaker’s intelligibility category on a scale
of 0 to 4.
### Severity / Intelligibility Scale (5-class target)
Speech intelligibility is used as an overall index of
severity of dysarthria for each speaker and is based on
word transcription tasks by human listeners.
Based on averaged percent accuracy, each speaker is cat-
egorized into one of four intelligibility categories:

- very low (0–25%)
- low (26–50%)
- mid (51–75%)
- high (76–100%)

Use the following 0–4 target encoding:
0: Control (healthy)
1: High (76–100%)
2: Mid (51–75%)
3: Low (26–50%)
4: Very low (0–25%)

### Output Format
• Return JSON with a single field “score“ containing

an INTEGER from 0 to 4.
• Do NOT include any explanation, markdown, or extra

text.
• If uncertain, give your best estimate within the valid

range.

User prompt
Predict the intelligibility category using the 0–4 map-
ping: 0=Control (healthy), 1=High (76–100%), 2=Mid
(51–75%), 3=Low (26–50%), 4=Very low (0–25%).
Output only the integer score (0-4).

1235

CSD-us: Child Speech Disorder (UltraSuite)

System prompt
### Role
You classify child speech from speech therapy ses-
sion recordings as either typically developing speech or
speech sound disorder speech.
### Task
Listen to the provided audio clip and classify the
child speaker as either typically developing or having
a speech sound disorder.
Notes:

- The child may hesitate, repeat, or make mistakes,
and the spoken content may deviate from the prompt.
### Class Mapping

0: Typical (typically developing child)
1: Atypical (child with speech sound disorder)

### Output Format
• Return JSON with a single field “class_id“ contain-

ing either 0 (typical) or 1 (atypical).
• Do NOT include any explanation, markdown, or extra

text.

User prompt
Classify the child speaker: 0=Typically developing,
1=Speech sound disorder. Output only the class_id (0
or 1).

1236

L1-arc: L1 Classification (CMU-ARCTIC + L2-
ARCTIC)

System prompt
### Role
You are an expert phonetician specializing in inferring
a speaker’s linguistic background from English speech.
You use segmental and prosodic cues (systematic sound
substitutions, vowel/consonant quality, rhythm, stress,
intonation) to choose the most likely class.
### Task
Listen to the provided audio clip of non-native English
speech and predict the speaker’s native language (L1).
### Class Mapping (class_id → native language)

0: Arabic (ar)
1: English (en)
2: Spanish (es)
3: Hindi (hi)
4: Korean (ko)
5: Vietnamese (vi)
6: Chinese/Mandarin (zh)

### Guidelines
• Focus on segmental cues (vowels/consonants) and

systematic substitutions.
• Focus on prosodic cues (rhythm, stress, intonation).
• Use ONLY the class mapping above; output EX-

ACTLY ONE class_id.
• If uncertain, output your single best class_id (no

hedging).
### Output Format
• Return JSON with a single field “class_id“ contain-

ing an integer from 0 to 6.
• Do NOT include any explanation, markdown, or extra

text.

User prompt
Listen to this English speech and predict the speaker’s

1237
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native language. Output only the class_id.
1238

L1-eda: L1 Classification (EdAcc)

System prompt
### Role
You are an expert phonetician specializing in inferring
a speaker’s linguistic background from English speech.
You use segmental and prosodic cues (systematic sound
substitutions, vowel/consonant quality, rhythm, stress,
intonation) to choose the most likely class.
### Task
Listen to the provided audio clip of English speech and
classify the speaker’s accent into one of 13 accent clus-
ters.
### Class Mapping (class_id → accent cluster)
Output EXACTLY ONE class_id from the fixed map-
ping below.

0: AFRICAN_ENGLISH
1: AFROASIATIC_SEMITIC
2: CARIBBEAN
3: CELTIC_ENGLISH
4: EAST_ASIAN
5: GALLO_ROMANCE
6: GERMANIC
7: INNER_CIRCLE_ENGLISH
8: INSULAR_SEA
9: MAINLAND_SEA
10: ROMANCE
11: SLAVIC_BALKAN
12: SOUTH_ASIAN

### Guidelines
• Focus on segmental cues (vowels/consonants) and

systematic substitutions.
• Focus on prosodic cues (rhythm, stress, intonation).
• Use ONLY the class mapping above; output EX-

ACTLY ONE class_id.
• If uncertain, output your single best class_id (no

hedging).
### Output Format
• Return JSON with a single field “class_id“ contain-

ing an integer from 0 to 12.
• Do NOT include any explanation, markdown, or extra

text.

User prompt
Listen to this English speech and classify the speaker’s
accent cluster. Output only the class_id (0-12).

1239

L2-so: L2 Proficiency (Speechocean762)

System prompt
### Role
You are an expert rater of non-native English speech.
You assign a sentence-level accuracy score based on the
overall pronunciation quality of the sentence.
### Task
Listen to the provided audio clip and rate the sentence-
level accuracy on an integer scale from 0 to 10.
### Sentence-level Accuracy Scoring (0–10)

9-10: The overall pronunciation of the sentence is ex-
cellent without obvious mispronunciation

1240

7-8: The overall pronunciation of the sentence is
good, with a few mispronunciations

5-6: The pronunciation of the sentence has many mis-
pronunciations but it is still understandable

3-4: Awkward pronunciation with many serious mis-
pronunciations

0-2: The pronunciation of the whole sentence is un-
able to understand or there is no voice
### Output Format
• Return JSON with a single field “score“ containing

an INTEGER from 0 to 10.
• Do NOT include any explanation, markdown, or extra

text.
• If uncertain, give your best estimate within the valid

range.

User prompt
Rate the sentence-level pronunciation accuracy on an in-
teger scale of 0-10. Output only the integer score.

1241

LID-fl: LID (FLEURS)

System prompt
### Role
You are an expert phonetician specializing in inferring
linguistic background from speech. You use segmen-
tal cues (vowel/consonant inventories and realizations)
and suprasegmental cues (rhythm, stress, intonation) to
choose the most likely class.
### Task
Listen to the provided audio clip and identify which of
the 24 languages is being spoken.
### Class Mapping (class_id → language)
Output EXACTLY ONE class_id from the fixed map-
ping below.

0: Assamese
1: Asturian
2: Persian
3: Filipino
4: Gujarati
5: Hebrew
6: Armenian
7: Igbo
8: Kamba
9: Kabuverdianu
10: Khmer
11: Kannada
12: Sorani-Kurdish
13: Luxembourgish
14: Ganda
15: Lingala
16: Luo
17: Latvian
18: Nepali
19: Northern-Sotho
20: Occitan
21: Pashto
22: Umbundu
23: Wolof

### Guidelines
• Focus on segmental cues (vowels/consonants) and

systematic realizations.
• Focus on suprasegmental cues (rhythm, stress, into-

nation) and phonotactics.
• Use ONLY the class mapping above; output EX-

1242
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ACTLY ONE class_id.
• If uncertain, output your single best class_id (no

hedging).
### Output Format
• Return JSON with a single field “class_id“ contain-

ing an integer from 0 to 23.
• Do NOT include any explanation, markdown, or extra

text.

User prompt
Identify the language. Use ONLY the class mapping
above and output exactly one class_id (0-23).

1243

GEO-v: Speech Geolocation (Vaani)

System prompt
### Role
You are an expert dialectologist. You infer a speaker’s
geographic origin from dialectal cues in speech.
### Task
Listen to the provided audio clip and predict the
speaker’s geographic location from dialectal features.
### Output
Return JSON only with latitude/longitude in decimal
degrees:

- { "lat": NUMBER, "lon": NUMBER }
- lat in [-90, 90], lon in [-180, 180]
- Do NOT include any explanation or extra text.

User prompt
Predict the geographic location. Output JSON only: {
"lat": <deg>, "lon": <deg> }.

1244

E L1 to accent cluster mapping for1245

EdAcc1246

The EdAcc corpus contains 41 distinct L1 la-1247

bels, which we consolidate into 13 accent clusters1248

based on phonological and typological similarity.1249

Grouping criteria include language family (e.g.,1250

Sino-Tibetan, Austronesian), vowel inventory size1251

(e.g., 5-vowel Romance languages), prosodic pat-1252

terns (e.g., syllable-timed vs. stress-timed), and1253

shared phonetic transfer patterns to English (e.g.,1254

rhoticity, vowel reduction). Table 6 lists the com-1255

plete mapping.1256

F Algorithm for Vaani-Hi1257

For the GEO-v task, we construct Vaani-Hi, a1258

Hindi-belt subset of the Vaani corpus (Ghosh1259

et al., 2025), and release it on Hugging Face.1260

Sampling We focus on 12 Hindi-belt states:1261

Chandigarh, Himachal Pradesh, Delhi, Madhya1262

Pradesh, Jharkhand, Uttarakhand, Bihar, Chhat-1263

tisgarh, Haryana, Rajasthan, Punjab, and Uttar1264

Pradesh. From each state, we randomly sample up1265

to 4 districts; for each district, we use up to 4 au-1266

EdAcc L1 label Accent cluster

Hindi SOUTH_ASIAN
Indian English SOUTH_ASIAN
Urdu SOUTH_ASIAN
Sinhalese SOUTH_ASIAN

English INNER_CIRCLE_ENGLISH
Southern British English INNER_CIRCLE_ENGLISH
Mainstream US English INNER_CIRCLE_ENGLISH
South African English INNER_CIRCLE_ENGLISH

Scottish English CELTIC_ENGLISH
Irish English CELTIC_ENGLISH

Spanish ROMANCE
Spanish (Mexican) ROMANCE
Catalan ROMANCE
Italian ROMANCE
Portoguese ROMANCE
Maltese ROMANCE

French GALLO_ROMANCE

Indonesian INSULAR_SEA
Bahasa INSULAR_SEA
Filipino INSULAR_SEA
Tagalog INSULAR_SEA

Vietnamese MAINLAND_SEA

Mandarin EAST_ASIAN
Japanese EAST_ASIAN
Korean EAST_ASIAN

Nigerian English AFRICAN_ENGLISH
Kenyan English AFRICAN_ENGLISH
Ghanain English AFRICAN_ENGLISH

Russian SLAVIC_BALKAN
Polish SLAVIC_BALKAN
Bulgarian SLAVIC_BALKAN
Macedonian SLAVIC_BALKAN
Montenegrin SLAVIC_BALKAN
Lithuanian SLAVIC_BALKAN
Romanian SLAVIC_BALKAN

German GERMANIC
Dutch GERMANIC
Icelandic GERMANIC

Arabic AFROASIATIC_SEMITIC
Hebrew AFROASIATIC_SEMITIC

Jamaican English CARIBBEAN

Table 6: Mapping from EdAcc L1 labels (41) to 13
accent clusters used in L1-eda.

dio shards and take up to 600 utterances per shard 1267

(seed 42). 1268

Filtering and Labeling We retain only pincodes 1269

with more than 450 utterances to ensure sufficient 1270

density per location. Each pincode is mapped to 1271

latitude/longitude using a pincode metadata table; 1272

we assign mean coordinates per pincode as the ge- 1273

olocation target. 1274

Splitting and Preprocessing Splits are cre- 1275

ated within each pincode (75%/10%/15% train/- 1276

val/test) to avoid location leakage. Audio is re- 1277

sampled to 16 kHz and clipped to a maximum of 1278

20 seconds. 1279
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G Effect of Thinking Mode on L1-eda1280

Classification1281

Figure 5 provides the full confusion matrices for1282

the LALM bias analysis discussed in §6.4.1283

(a) Baseline (F1-score=32.7%)

(b) Thinking Mode (F1-score=24.9%)

Figure 5: Normalized confusion matrices for Gemini
2.5 Flash on L1-eda (13 accent clusters). Rows denote
true labels; columns denote predictions.

19


	Introduction
	Background
	Phone Recognition Systems
	Phonetic information in PR systems
	Assessing phonetic/phonological ability

	Evaluation Framework of PRiSM
	Intrinsic: Core Capability
	Extrinsic: Downstream Utility

	Benchmarked Models
	Results and Discussion
	Intrinsic Evaluation
	Extrinsic Evaluations

	Analysis
	Phonotactics or the Acoustic Signal
	Zero-Shot Phonetic Inventory Induction
	Geolocation for Dialectal Speech
	LALMs lack phonetic perception

	Conclusion
	Dataset details and Licenses
	Datasets in Intrinsic Evaluation
	Datasets in Extrinsic Evaluation

	Metrics
	Task Metric: F1 of Phone Inventory (F1-PI)
	Summary Metric: PRiSM Extrinsic Score

	Experimental Setup
	Prompts for LALMs
	L1 to accent cluster mapping for EdAcc
	Algorithm for Vaani-Hi
	Effect of Thinking Mode on L1-eda Classification

