
❖Motivation

- Existing speech deepfake detection (SDD) datasets consist of 

clean bona fide speech and spoofed samples

- Spoofing-robust automatic speaker verification (SASV) lacks 

data

❖ Goal

- Create a dataset that: (1) Focuses more on the recognition side, 

(2) Involves large number of speakers (3) Consists of real-world 

noisy bona fide data, (4) Includes spoofed samples from diverse 

TTS models
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❖SDD baseline results

- RawNet2 and AASIST used as baselines

- Huge domain gap exists with ASVspoof2019 dataset

- Training and evaluating with SpoofCeleb yields competitive results
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❖Generation-recognition trade-off

- Generation side: text-to-speech (TTS) model training requires 

studio-quality data

- Recognition side: diverse noise, reverberation is crucial

❖ Source dataset: TITW (TTS in the wild) 

- Derived by processing VoxCeleb through an automatic pipeline

- Used as bona fide data  to train TTS models
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❖SASV baseline results – baselines for future research

- Model: SKA-TDNN

- Conventional ASV has high SPF-EER but competitive SV-EER

- Again, huge domain gap exists with ASVspoof2019 dataset
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❖Main goal

- High SPF-EER

- Small discrepancy of

quality metrics 

including WER and 

DNSMOS compared 

to bona fide

❖Observations

- 18 attacks have

 SPF-EER over 20%

- 9 attacks have higher 

DNSMOS than bona

fide

†: currently at Apple

❖Metrics

- For evaluation of the data quality: SPF-EER, MCD, UTMOS, 

DNSMOS, WER

• WER measured with OpenAI Whisper

- For evaluation of baselines: EER, minDCF, min a-DCF, 

SV-EER, SPF-EER

❖ Source dataset: TITW (TTS in the wild) 

- Derived by processing VoxCeleb through an automatic pipeline

- Used as bona fide data  to train TTS models

EER: equal error rate

SPF: spoof

MCD: mean cepstral distortion 

MOS: mean opinion score

WER: word error rate

DCF: detection cost function

SV: speaker verification

❖Generating spoofing attacks

- SpoofCeleb includes spoofed speech samples synthesized via 23 

TTS systems

• Utilizes 4 acoustic models, 6 waveform models, and 5 end-to-end models 

including speechLMs

• Paired acoustic and waveform models to augment the number of attacks

❖ Data partitioning ❖ Spoofing attack algorithms

❖ Number of speech files and protocols
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