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Motivation

1. Analysis of baseline systems and push baseline performance for privacy and utility metrics.

2. Baseline models are lacking of Emotion recognition performance.

3. Interest in disentanglement-based models such as NaturalSpeech3 FACodec.
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NaturalSpeech3 FACodec [1]
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NaturalSpeech3 FACodec [1]
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NaturalSpeech3 FACodec [1]
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NaturalSpeech3 FACodec [1]
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# Module Description Output features | Data
1 Encoder [2] 4 Downsampling Convolution-based Layers Output Librilight train[3]
with Snake activation function vector®®®
Input: speech waveform
2, Piosody Factorized Vector Quantization with 1 quantizer, codebook size: | Prosody Librilight train
extractor 256
1024 vector
Content g - : : % :
3 Factorized Vector Quantization with 2 quantizers, codebook | Content Librilight train
extractor - 256
size: 1024 vector
Speaker
4 embedding Several Conformer blocks Speaker Librilight train
extractor embedding?®®
Speaker
5 | anonymization | Averaged 100 embeddings randomly selected from a pool of | Anonymized LibriTTS: [4]
module 200 farthest embeddings from source by cosine scoring speaker train-clean-100
AWGN with scale= 0.075 embedding®°°
Cross-gender
6 Decoder [2] Upsampling Convolution-based Layers speech Librilight train
with Snake activation function waveform




Experiments. NS3 + AWGN to Speaker Embedding +
Cross Gender

Speaker AWGN  Cross EER UAR WER
Anon Gender | dev test dev test | dev test

- - 740 6.25 |63.36 62.46|2.69 2.51

+ - - 929 878 |51.64 5289|297 2717
+ + - 12.25 9.14 | 48.00 48.09 | 4.66 4.63
+ + + 12.09 10.46 | 49.20 49.12 |4.97 4.60
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Baseline B3 [5]
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Baseline B3

g Output
’#‘ Module |Description S Data ‘
i : 6-l¢ NN + M wi
Prosody Phone_ ahgx_:er 6_ldyer C LSTM with CTC loss FO!, energy! LibriTTS:
FO estimation using Praat g »
extractor : 3 3 phone durations' |train-clean-100
F0, energy, durations normalized by each vector’s mean
End-to-end with hybrid CTC-attention 1
. 80 7 07
Input: 1(.)g mel Fbank p%lOll.et'l.( LibriTTS: Prosody Energy 4 i
9 ASR Encoder: Branchformer nfaubcupt brsin-cleandin extractor Random FO and Modified energy
Decoder: Transformer with pauses train-other-500 Fo FO
Output: phone sequences and punctuation | 0O energy modification | Modified FO
P extractor
CTC and attention criteria
Spealker GST trained Jomtlygo\wth SS model o Phone Phor.1e
p . Input: mel spectrogram GST speaker LibriTTS: ™ li duration l
3| embedding 4 < . 108 < aligner 6
ot 6 hidden layers + 4-head attention embedding train-clean-100 IFi-GAN
A6 utput: GST speaker embedding!2 | SS model Mel"| Vocoder —bl---!”” “‘”Ih{l]hlll-l
Prosody y s e : 5 .
| smoaifiostion V;ll;le-\\ 1.sle !!Ill:]lpllf_z:ltlon of FO and energy FO!, energy! I Phonetic spectrogram
e with random values in [0.6,1.4) Input speech ASR model transcription Anonymized
;Vasser;ciul(}AN o — — Anonymizaton: ’ speech
nput: Random noise™® from normal distribution . ibri 2 5 generation of artificial Anonymize
&l ms?)e?:etrim Generator: ResNet with three residual blocks, 150k params SSE:::- GST train-clean-100 emlt)ed(:mg speaker embeddings speaker
O [AHOWIMEALON (yitic. ResNet with three residual blocks, 150k params AR RAVDESS CARCOT using GAN beddi
module embeddings embedding
Output: ESD
MSE and Quadratic Transport Cost criteria ) . z
IMS Toucan implementation of FastSpeech? Speaker fmbEddmg Anonymlzedfpeaker embedding
6 SS Input: FO! 4 energy! + phone duration’ Lsseat . g0|LibriTTS: Lo s A S s
model + phonetic transeript + GST embeddings'?® 1L SpECLIOgTAmT in-clean-100 Cosine distance

Training criterion defined in FastSpeech?
HiFi-GAN vocoder

7 Vocoder  |Input: mel spectrogram®° speech waveform
Training criterion defined in Hifi-GAN

LibriTTS:
train-clean-100
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Modified B3
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Modified B3
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Module Description Output features | Data
g(rt(:z(;?gr Phone aligner: 6-layer CNN + LSTM with CTC loss FO', energy* LibriTTS:
FO estimation using Praat phone train-clean-100
FO, energy, durations normalized by each vector’s mean durations®
ASR End-to-end with hybrid CTC-attention phonetic tran- | LibriTTS:
Input: log mel Fbank®° script with | train-clean-100
Encoder: Branchformer pauses and | train-other-500
Decoder: Transformer punctuation
CTC and attention criteria
Speaker
embedding GST, trained jointly with SS model GST  speaker | LibriTTS:
extractor Input: mel spectrogram®’ embedding'?® train-clean-100

6 hidden layers + 4-head attention

Prosody
modification

module

SS model

1b, 2b: —

2a: Value-wise multiplication of FO and energy with random

values in[[0:7, 1:3)]

IMS Toucan implementation of FastSpeech2

Input: FO' + energy® + phone durations® + phonetic transcript
+ GST embedings.” [y Bak+ cmotion ebeddings 21

Training criterion defined in FastSpeech2

FO', energy’

mel
80
spectrogram

LibriTTS:
train-clean-100

LibriTTS:
train-clean-100

Vocoder

HiFi-GAN vocoder
Input: mel spectrogram®°
Training criterion defined in HiFi-GAN

speech  wave-
form

LibriTTS:
train-clean-100




Experiments. B3 + Emotion embedding

Speaker Speaker Prosody Emotion EER UAR WER
Anonymization Embedder = Anonymization = Embedding dev test dev test dev test
- - - - 372 4.59 69.08 71.06 | 1.80 1.85
+ GST + - 25776 2842 | 3797 3739 | 433 433
+ GST + + 2259 24.09 | 4252 4174 | 439 440
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Experiments. B3 + Prosody Modification

Multiplier EER UAR WER
Range dev test dev test dev  test
0.6,1.4] | 25.76 2842 | 37.97 37.39 | 433 4.33
0.7,1.3] | 2393 25.62 | 3749 3759 | 4.07 4.05
[0.8,1.2] | 22.70 2592 | 38.01 37.96 | 3.89 391
[0.9,1.1] | 19.88 2262.| 39.03 37.17 | 3.80 3.77
- 1947 21.82 | 3891 38:11 | 3,70 3.75
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Baseline B5 [5]
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Baseline B5

# Module Description Output features | Data
1 FO extractor FO extracted with s pytorch implementation of YAAPT FO N/A
2 ASK élg with Acoustic Model trained to identify left bi-phones Linguistic VoxPopuli
and a VQ bottleneck layer representation Librispeech:
train-clean-100
Speaker ; s s
3 ; One-hot vector represented speaker in training set Speaker LibriTTS:
embedding : ;
embedding train-clean-100
4 sz’lfﬁg‘i : HiFi-GAN vocoder Speech LibriTTS:
y Input: FO + lingusitic representation + speaker embedding waveform train-clean-100
D FO FO
extractor
2 O |
ASR AM VQ-BN 3 SS model 5 im,t““ )}”g lmhl“'*
with VQ features | |
3
Target one-hot .
Input speech Anonymized
speech

Pool of speakers
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Mod|f|cat|ons of B5
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Pool of

speakers

Module Description Output features | Data
FO extractor FO extracted with s pytorch implementation of YAAPT FO N/A
3: Using Mean Reversion FO (o = 0.75) in inference
4: Using Mean Reversion FO (o = 0.75) and 10-db AWGN
ASR AM with . . N . L .
vQ Acoustic Model trained to identify left bi-phones Linguistic VoxPopuli
and a VQ bottleneck layer representation Librispeech:
train-clean-100
Speak;r One-hot vector represented speaker in training set Speaker LibriTTS:
embedding : ;
embedding train-clean-100
sz’lfﬁg’i . | HiFi-GAN vocoder Speech LibriTTS:
y Input: FO + lingusitic representation + speaker embedding waveform train-clean-100
D FO FO FO
extractor modification 1
B VOEN e HM i+
with VQ features
3
Target one-hot .
Input speech Anonymized
speech




Mean Reversion of Fo

F, — original prosody

F, — n-frame moving Fo=(1—a)Fy+ aFy
average (n=32)
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Experiments. B5 + Mean Reversion FO
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Experiments. B5 + Mean Reversion FO
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leY EER UAR WER
dev test dev test dev test
0.00 | 31.64 31.36 | 39.18 3824 | 479 4.44
0.25 | 32.13 32.03 | 39.61 3838 | 474 4.54
050 | 3348 3408 | 38.60 3734 | 4.62 4.54
0.75 | 3856 3748 | 38.06 37.60 | 4.70 4.47
1.00 | 3791 3793 | 3850 38.78 | 479 443




Experiments. B5 + Mean Reversion FO +
AWGN

..... FO
140 1 e Moving Average FO (win_length=32)
. —— Mean Reversion FO (alpha=0.75) + 10db AWGN
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Experiments. B5 + Mean Reversion FO +

AWGN
dB EER UAR WER
dev test dev test dev test
0 38.56 3748 | 38.06 37.60 | 470 4.47
5 3958 4000 | 3891 37.12 | 4.67 4.49
10 | 4246 43.15 | 3941 3847 | 463 440
13 42.97 4036 | 38.50 3749 | 4.66 4.50
30 | 4143 3962 | 3841 3788 | 477 4.64
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Conclusion
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Conclusion

Condition Model EER EER UAR UAR WER WER
(avg-dev) (avg-test) (dev) (test) (dev) (test)

- Orig. 5.72 4.59 69.08 71.06 1.80 1.85
>20% EER B3 28.43 22.04 37.57 38.09 4.29 4.35
>30% EER B4 32.71 30.26 41.97 42.78 6.15 5.90
>30% EER B5 34.37 34.34 38.08 38.17 4.73 4.37
>30% EER B6 23.05 21.14 36.39 36.13 9.69 9.09
>10% EER 1a (NS3) 12.09 10.46 49.20 49.12 4.97 4.60
>10% EER 1b (B3) 16.88 17.45 42.76 43.21 3.81 3.83
>20% EER 2a (B3) 21.47 24.13 44.67 42.78 4.21 4.29
>20% EER 2b (B3) 20.07 22.85 39.18 37.67 3.61 3.68
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Conclusion

Condition Model EER EER UAR UAR WER WER
(avg-dev) (avg-test) (dev) (test) (dev) (test)

- Orig. 5.72 4.59 69.08 71.06 1.80 1.85
>20% EER B3 28.43 22.04 37.57 38.09 4.29 4.35
>30% EER B4 32.71 30.26 41.97 42.78 6.15 5.90
>30% EER B5 34.37 34.34 38.08 38.17 4.73 4.37
>30% EER B6 23.05 21.14 36.39 36.13 9.69 9.09
>30% EER 3 (B5) 38.56 37.48 38.06 37.60 4.70 4.47
>40% EER 4 (B5) 42.46 43.15 39.41 38.47 4.63 4.40
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Key Takeaways

1.  NaturalSpeech3 FACodec:
e Promising results for ER and ASR
e But there may be leakage of speaker identity in other branches (content/acoustic)

2. Emotion Embeddings:
e Helps to improve ER performance

e But leads to speaker identity leakage

3. Cross-Gender anonymization:

e Improves privacy protection and ER metrics
e Butreduces ASR performance

4. Mean-reversion of F, and AWGN:
e Improves privacy protection while keeping ASR and ER
[ J
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Thank you
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