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Voice conversion
with MeanVC

Source - CHILDES Zwitserlood

(Dutch child with DLD speech)
Target - CHILDES OCSC 

(typical English child speech)

MOS (perceptual quality)
Subjective listening test

Automatic MOS (perceptual
quality)
MBNet

Word error rate (WER) of ASR
fine-tuned on synthesized data

Whisper large-v3 + LoRA

Model Fine-tuning data Speaker pairing strategy WER%

ZO - - 46.5

ORG source speech - 31.6

ORG+DIS-2 source + synthetic Most similar 49.5

ORG+RND-2 source + synthetic Random 39.1

ORG+SIM-2 source + synthetic Least similar 33.6

4.3 Results - AMOS

Condition Intelligibility Childlikeness Naturalness

Source 3.92 4.17 3.9

Most similar 1.93 2.31 1.85

Random 1.92 2.34 1.93

Least similar 1.96 2.34 1.91

1. Introduction

Automatic speech recognition (ASR) systems struggle with speech of

children with developmental language disorder (DLD) [1].

DLD affects children's language development, making

communication and learning more difficult.

Reasons why ASR systems perform poorly on child-with-DLD-speech:

ASR systems are trained mainly on typical adult speech

There is a scarcity of speech from Dutch children with DLD

Solution approach:  data augmentation through cross-lingual child-

to-child voice conversion (VC). VC is a technique that transformas a

source's speaker's voice into that of a target speaker while

preserving the linguistic content of the original utterance [2].

Synthesized speech with content from source

speaker and speaker characteristics of target speaker

Improving Automatic Speech Recognition for Dutch Children with Developmental
Language Disorder Using Cross-Lingual Child-to-Child Voice Conversion

ECAPA-TDNN
speaker embeddings

Most similar speaker pairing (SIM)
select target speakers with

highest cosine similarity

Random speaker pairing (RND)
select random target speakers 

Least similar speaker pairing (DIS)
select target speakers with lowest

cosine similarity

Automatic MOS
per speaker select top N utterances with highest quality

Primary Research Question (RQ):

To what extent can cross-lingual child-to-child VC using non-Dutch

children's speech improve ASR performance for Dutch children with

DLD?

Sub-questions:
RQ1: To what extent does cross-lingual VC help to improve the

performance of ASR for Dutch children with DLD, compared to a

baseline consisting of data without augmentation?

RQ2: What is the quality of VC-generated speech, as measured by

subjective Mean Opinion Score (MOS)?

RQ3: What is the quality of VC-generated speech, as measured by

automatic MOS prediction (AMOS)?

RQ4: To what extent does source-target speaker similarity (similar,

random, dissimilar) influence the quality of VC-generated speech?

4.1 Results  - ASR performance

5. Conclusion

Cross-lingual child-to-child VC did not improve ASR

performance for Dutch children with DLD.

RQ1: The ASR fine-tuned on the synthesized speech

did not lead to better performance than an ASR fine-

tuned on real speech from Dutch children with DLD.

RQ2: According to MOS, the VC-generated speech was

of lower perceptual quality than the source speech. 

RQ3: AMOS assigned higher quality scores to the

synthetic speech than to the source speech. This

contradicts the MOS findings.

RQ4: Dissimilar speaker pairing yielded the best ASR

performance. The nfluence of speaker pairing on

perceptual quality was relatively limited. Thus the

perceptual quality and WER quality are not aligned.

3. Methodology

4.2 Results - subjective MOS

2. Research Questions

Future work
Test multiple VC models and ASR architectures for

generalizable findings.

Investigate the effect of using other languages for

cross-lingual VC.

Table 1: WERs per ASR fine-tuning configuration. Bold incidates the lowest WER

Table 2:  Mean ratings (1-5) scale for intelligibility, childlikeness, and naturalness across conditions

Figure 1:  AMOS prediction scores across source-target speaker

conditions. The blue filled markers indicate the mean MOS per condition.

Evaluation metrics:
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