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Intelligibility classifier 
uses
● Atypical speech can manifest from a variety 

of conditions, including neurological 
diseases such as ALS, Parkinson’s Disease, 
and Cerebral Palsy.

● They can also be used to detect such 
speech in YouTube, to allow better 
transcriptions from specialized Automatic 
Speech Recognition (ASR) systems, or used 
by researchers as an objective measure to 
monitor decline in speech, e.g., in ALS.

Links
● Link to paper: https://arxiv.org/abs/2303.07533
● Github: https://github.com/google-research/google-research/tree/master/euphonia_spice

● Automatic assessments of speech 
intelligibility can help predict how well 
voice-based assistive technologies might aid 
a person with speech disorders.

● Such classifiers can also help identify variable 
manifestations of impaired speech, to enable 
automatic collection of such data at scale to 
teach and improve ASR systems.
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The Euphonia-SpICE Dataset
The Euphonia-SpICE dataset is a subset of the Euphonia dataset. It 
contains data from 677 speakers (756,147 utterances) who were 
rated by speech-language pathologists (SLPs) on a five-point Likert 
scale of intelligibility. The scale was mapped to five classes: typical, 
mild, moderate, severe, and profound. All utterances from a speaker 
are labeled with the same rating. 
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Euphonia SpICE performance
Performance on two classification tasks: 

Evaluation metrics: AUC, F1 and Accuracy

The ASR-enc model had the best performance on both 
tasks, followed by the wav2vec 2.0 model. LEAF + CNN 
model performed comparably worse.
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Takeaways
● We developed & compared different approaches to classifying 

intelligibility of speech
● Our models were trained on utterances from over 650 speakers.
● The models generalized well to different datasets - TORGO, 

ALS-TDI and UASpeech.
● Collected SpICE-V dataset of realistic speech from videos.
● Dysarthric speakers with typical speech are harder to classify.
● Models do well on ALS, PD, CP and Ataxia.
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Different representation backbones: 
CNN, CNN+Transformers, RNN-T

LEAF + CNN: This model trains a fully learnable convolutional classifier with a 
LEAF frontend which jointly learns filtering, pooling, compression and 
normalization from data. 
wav2vec 2.0: This model uses self-supervised representations from the final layer 
of the wav2vec 2.0 model, which is publicly available on HuggingFace.
ASR-enc: This model uses an LSTM encoder that models acoustic inputs in an 
ASR system based on an RNN transducer (RNN-T) model.

Datasets for Generalization
● UASpeech: Speech produced by speakers with CP
● TORGO: Speech produced by speakers  with either CP or ALS
● ALS-TDI PMP dataset: Speech produced by speakers with ALS.
● SpICE-V: A dataset of unprompted speech from speakers with 

different disorders, curated from a collection of web videos.

Generalization

ALS 24.7%
Down Syndrome 19.9%

Cerebral Palsy 9.9%
Parkinson's Disease 9.6%

Missing 9.6%
Stutter 4.4%

Hearing Impairment 2.8%
Ataxia 2.8%

Muscular Dystrophy 2.1%
Stroke 2.1%
Other 1.9%
WNL 1.6%

Multiple Sclerosis 1.2%
Traumatic Brain Injury 1.2%
Spasmodic Dysphonia 0.9%

Primary lateral sclerosis 0.7%
Palate 0.7%

Aphasia 0.6%
Multiple System Atrophy 0.6%

Vocal Chord Paralysis 0.4%
Spinal Muscular Atrophy 0.4%

Laryngectomy 0.3%
Childhood Apraxia 0.3%

IFTD 0.3%
Cerebellar Disease 0.1%

AT 0.1%
Neuromuscular Disorder 0.1%

Accent 0.1%
Brain Tumor 0.1%

Lisp 0.1%
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LEAF + CNN

Learnable frontend [4]

wav2vec2

Transformer+CNN [5] and is open-source 
and includes model weights.

ASR encoder representations 

RNN-T model trained on typical speech [3]

Task 1: 2-class
0: {TYPICAL} or 1: {MILD, MODERATE, SEVERE, PROFOUND}
Task 2: 5-class
0: {TYPICAL} or 1: {MILD} or 2: {MODERATE} or …

Etiology breakdown of Euphonia-SpICE

SpICE-V
106 Dysarthric speakers + 76 Controls sourced from AudioSet

TORGO
14 speakers 

7 controls, 7 - CP/ ALS

ALS-TDI
Test set: 90 speakers, 

~1330 recordings
“I owe you a yoyo” x 5
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UASpeech
28 speakers

13 - controls, 15 - CP
765 words per speaker

Sourcing dysarthric speech from the web

Results

Distribution of speakers with dysarthria

Distribution of SpICE-V 
control videos/speakers

Sliced by EtiologyComparing accuracy of identifying atypical speech

A
U
C

https://arxiv.org/abs/2303.07533
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