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Introduction

How should we feed audio to neural network?

. T -

» Raw audio c [_1’ 1] Tra_vellmg wayes
Basilar membrane displacernent

as a function of fraguency

» Mel-spectrogram, MFCC

Stéphan Blatric
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Introduction — STFT & Mel-spectrogram

» Hamming window: w[n] = 0.54 — 0.46 cos (2mn/L)

» window 25ms, stride(hop) 10 ms
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Image by Robert X. Gao, at https://bit.ly/2Ikbiga
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Introduction — STFT & Mel-spectrogram

Unmodified spectrogram Mel scale spectrogram
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Images generated with github.com/bkvogel/griffin_lim

8k5-2] (Deepest, MINDsLab) Speaker Embedding Net. & Applications 6/26


github.com/bkvogel/griffin_lim

Introduction — STFT & Mel-spectrogram

(linear-scale) spectrogram
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Speaker Verification: d-vector

Overview

STFT LSTM-+proj. .
> Utterance =——» mel-spec. — 2", embedding € R256

> Text independent, Zero-shot

from ‘Generalized End-to-End Loss for Speaker Verification’ by L. Wan et al.

8k5-2] (Deepest, MINDsLab) Speaker Embedding Net. & Applications 8/26



Speaker Verification: d-vector

Loss function

N

L(eji) = ~Sjij +log ) _ exp(Sji ).
k=1

where
o Z e
' jm
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w - cos(ej;,cj(-_i)) +b if k=,
Sjik =

w - cos(eji, ck) + b otherwise.
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Speaker Verification: d-vector

» Create random-sized batch: 70 — 90 frames

» Inference: window 80 / hop 40, average pooling

» 80 frame: 25ms + 79 * 10 ms = 815ms

1 def forward(self, x): # (B, T, num_mels)

2 x, _ = self.lstm(x) # (B, T, lstm_hidden)

3 x =x[:, -1, :] # (B, lstm_hidden)

4 x = self.proj(x) # (B, emb_dim)

5 x = x / torch.norm(x, p=2, dim=1, keepdim=True)
6 return x
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Speaker Verification: Data

Training data should be:
> large enough,
P contain speakers with various tones,
P utterances recorded from ‘the wild’

to prevent overfitting & discard any other info. than speaker’s

identity from the embedding.
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Speaker Verification

» Training data: VoxCeleb 2 (Multilingual, 5,994 spkr, 109 utt.)
> Demo: (O|FE} / 201 / 8t3F| / £M3]) x 2

» None of them were seen during training.
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Speaker Diarization (unsupervised)
1710.10468

» d-vectors obtained with window 24 / hop 12 frames

Gaussian blur Threshold Symmetrize Diffusion Normalize
- . YT E . | l l
L}
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Speaker Diarization (supervised)
1810.04719
Jointly learns to:

> assign speaker number / detect speaker change

current stage yr=1 yr=2 y;=3 y7=4

BHE B BE 'i‘li""i'li |

-
v

from ‘Fully Supervised Speaker Diarization’ by A. Zhang et al.
8k5-2] (Deepest, MINDsLab) Speaker Embedding Net. & Applications 14 /26



Speech Separation: VoiceFilter
1810.04826

d-vector

Reference 3 Fully 3 Soft mask
Audio 1| CNN |——| LST™M H connected H prediction
i .
i

Noisy Input Masked

Audio STFT Spectrogram Spectrogram Inverse STFT
Clean : Clean ) ; Enhanced
Audio SUFr Spectrogram e e 1 Audio

from ‘VoiceFilter: Targeted Voice Separation by Speaker-Conditioned

Spectrogram Masking' by Q. Wang et al.
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Speech Separation: VoiceFilter

1810.04826

Table 1: Parameters of the VoiceFilter network.

Layer |— Width .Dllatmn Filters / Nodes
time | freq | time | freq
CNN 1 1 7 1 1 64
CNN 2 7 1 1 1 64
CNN 3 5 5 1 1 64
CNN 4 5 5 2 1 64
CNN 5 5 5 4 1 64
CNN 6 5 5 8 1 64
CNN 7 5 5 16 1 64
CNN 8 1 1 1 1 8
LSTM - - - - 400
FC1 - - 600
FC2 - - - - 600

from 'VoiceFilter: Targeted Voice Separation by Speaker-Conditioned

Spectrogram Masking' by Q. Wang et al.
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Speech Separation: VoiceFilter

» Griffin-Lim Algorithm(1984): phase reconstruction from mag.

» Computationally expensive, quality degradation

> Here, we use a phase from the mixed input.

1 dvec, mixed_mag, mixed_phase = batch[0]

> mask = model (mixed_mag, dvec)

3 est_mag = mask * mixed_mag

4 est_wav = spec2wav(est_mag, mixed_phase)
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Implementation of VoiceFilter

Random thoughts on paper implementation
> github.com/mindslab-ai/voicefilter s 300+
» Reddit > Facebook > Twitter
> Power of template
» Things that were missing from the paper:

» BatchNorm is crucial, but was not mentioned in paper
» What optimizer? What loss function?

» (arXiv paper reverse-engineering)
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github.com/mindslab-ai/voicefilter

and...
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https://github.com/mindslab-ai/voicefilter

from 'VoiceFilter: Targeted Voice Separation by Speaker-Conditioned

Spectrogram Masking' by Q. Wang et al.
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Thank You

8k5-2] (Deepest, MINDsLab) Speaker Embedding Net. & Applications 21/26



Appendix: Griffin-Lim vocoder

linear-scale spec.

STFT , mel filterbank
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Appendix: Mel-scale filter

0 030Iibrosa.filters.mel(sr=16000, n_fft=2048, n_mels=80)

nmnnmu‘n‘x.x’
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Appendix: SincNet

1808.00158
0 n 250 0 N 250 0 n 250 0 n 250 0 n 250 0 n 250
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from ‘Speaker Recognition from Raw Waveform with SincNet’

by M. Ravanelli, Y. Bengio
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Appendix: SincNet

1811.09725
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‘Interpretable Convolutional Filters with SincNet’, M. Ravanelli, Y. Bengio
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Appendix: SincNet

1811.09725
1 1
——CNN (Full-Train) ——SincNet (Full-Train)
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