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@ Tasks of speaker recognition
¢ Verification and identification

o Speaker representation and classification techniques
s Time functions (DTW)
@ Vector quantization (VQ)
@ Stochastic models (GMM, HMM)
@ Modern approaches based on i-vectors
o Techniques with artifficial neural networks

o Examples of systems
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Speaker recognition tasks



REMINDER - speaker recognition front-end
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REMINDER - features for speaker recognition

SUMMARY - used features:

@ MFCC - generally used - text independent
(possible smoothing of inter-speaker variability)

@ LPC cepstral features
(better inter-speaker variability, relationship to formants,
less noise robustness)

o coefficients of AR model, i.e. autoregressive coefficients
(less robustness, Itakura distance)

@ special combined feature vectors for more complex decision
(usually text dependent tasks)
e f, - pitch, fundamental frequency
@ formants



Automated speaker recognition
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Basic tasks according to decision type

© Speaker verification
o verification of assumed identity

© Speaker identification
o ldentification in closed set
recognition of a speaker from given (limited) set of speakers
o ldentification in open set
recognition of a speaker from ulimited set of speakers
= identification & verification



Speaker verification
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@ verification of assumed identity of a speaker

@ RESULT = acceptance / rejection of assumed identity



Close-set speaker identification
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@ recognition of unknown speaker (the most similar voice)
@ RESULT = speaker / group ID



Open-set speaker identification
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@ recognition of unknown speaker (the most similar voice)
@ RESULT = speaker / group ID or REJECTION
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Reprezentation of speaker voice
and classification techniques



Reprezentation of speaker voice

Pattern-based speaker reprezentation

@ Reference utterance or other time function
measure = DTW distance between reference and classified utternace

@ Codebook of speech features (VQ - vector quantization)
measure = mean distance between features and saved reprezetatives

Statistical models for speaker reprezentation

@ GMM models : feature distribution is modelled
measure = mean likelihood computed from emitted probabilities

@ i-vectors : modelling of mean values of GMM models
measure = distance of two vectors

@ HMM-based model : more states and transitions, time function
measure = likelihood of passing through HMM model

Classification based on neural networks
@ direct usage - identification of speakers

@ indirect usage - feature computation



Speaker recognition classification - time functions

Time-function based recognition
@ reference utterance
@ trajectory of energy - rhythm characteristics

@ trajectory of f, - utterance intonation

Principal of identification/verification :

@ measure (score) = cummulative distance based on DTW
dists = dk (0, 0%)

O ... classified utterance (more frames, length of M)
O° ... reference utterance (more frames, length of N)

@ Distance between all fgames:
dij =Y (clil—cli])® fori,j=1,.., N
k=1
@ Cummulative distance obtained by dynamic programming:

(over the optimum path, normalized to lengths of both function)
dk,'d' = min (dk,'_LJ‘ + df7j’ dk,'J_l + df7j’ dki—l,j—l + d,'J)/NM
fori,j=1,..., N



Speaker recognition classification - time functions

Reference utterance of the length N cfjl

N s~ alk | ? e o ]
6000} = =2 ==
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M

cli]

z

dk
NM

Identification - looking for minimum of dkyp for more references
Verification - comparison of dkyps with a threshold

SUMMARY:
o ADVANTAGES - simple, small amount of data needed

o DISADVANTAGE - excact time function
— text dependent method
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Speaker recognition classification - VQ

VQ - Vector Quantization

- quantization of general feature vectors
- feature distribution is described by a codebook

Codebook - ¢y, ... typical representatives of used features
(possible computation on the basis of K-means algorithm)

VAD detector should be used to remove non-speech frames



hole cepstrum and codebook of speaker - 1

Cepstrum variation and codebook for speaker 1
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Codebook of speaker - 1 & 2 & 3 & 4

Codebooks for speakers 1 &2 & 3 & 4
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Speaker recognition classification - VQ

Classification on the basis of VQ
- measurement of averaged distance between current feature vector
and typical saved representatives (codebook)

Gepstrum variation of speaker 1 and codebook for speaker 1 Gepstrum variation speaker 1 and codebook for speaker 4

cf3)

” . . . . y . . . .
10 5 0 5 10 15 10 5 0 5 10 15
cf2] cf2]

dists = mean (cd (c;,argmincd (¢, cyg)))
<vQ,s



Statistics of results for 4 speakers and 1 codebook

Distribution of VQ di (BLUE - correct speaker)
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Computed VQ distances

Codebook - resource: 12 utterances (12 x 5s), approx 2000 frames

- codebook size: 200 vectors (real codebooks 1024 vectors)
Testing - 20 utterances (20 x approx 1s), approx 1200 frames
Average values of distance per speakers



Speaker recognition classification - GMM

Basic idea - the distribution of selected features is described by
statistical model based on GMM

p(0|As) = ZCIS 'N(07 l“l‘ls7 Cf)

- N (o, p, C) ... N-dimensional gaussian function given by vector
of mean vaules p and covariance matrix C

- analogy to codebook (mean values completed by variances)
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strum codebook of speaker B
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Cepstrum GMM model of speaker A

pdf(gmm, ,[x.y]) pdf(gmm_ ,[x.y])
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Cepstrum GMM model of speaker B

pdf(gmm, ,[x.y]) pdf(gmm_ ,[x.y])
12 34
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Speaker recognition classification - GMM

Basic idea - the distribution of selected features is described by
statistical model based on GMM

p(o|X*) =) i - N (o, pf, CF)
- N (o, p, C) ... N-dimensional gaussian function given by vector
of mean vaules p and covariance matrix C
- analogy to codebook (mean values completed by variances)

- more mixtures model better feature variability for a speaker

- typical number of mixtures: 8-256 (speaker model), 512-2048
(background model) - the number of mixtures depends on
available training data

- also suitable to use VAD for removing of non-speech frames



GMM-based classification

Classification measure:
— likelihood of a feature for given model - p(0;|\*)

- likelihood is computed from whole utterance
0= (01,02, ...,On)
N
P(OIX%) = [ p(ailX%)
j=1
- logarithmic likelihood - an avarage of emitted probabilities for all
short-time realizations (frames) using probability density function

related to given speaker (GMM model - \*)
(avoiding possible underflow)

log P(O|)*) Zlogp 0j|\°)



Statistics of results for 4 speakers and 1 GMM model

Distribution of emitted log-pr ilities (BLUE - correct speaker)
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GMM model - training data: 12 utterances (12 x 5s),

approx 2000 frames, number of mixtures of GMM used: 6
Testing - 20 utterances (20 x approx 1s), approx 1200 frames
Average values of log-likelihood per speaker



Speaker recognition - UBM-GMM approach

Problems with the training of GMM model per speaker:
- lack of data — less generalization

4
UBM-GMM modelling
@ UBM - Universal Background Model
(generalizing model describing the common space of features
for all speakers)
@ GMM model of particular speaker - adaptation from UBM
- usually MAP adaptation (Maximum Aposteriori Probability)
- on mean values of Gaussian components are adapted
- speaker enrollment (subscription/registration)



Decission for UBM-GMM verification

Measure (score) definition

P(O]XP%)

"= B0 )

= log P(O|\*Pk) — log P(O|AYBM)

Block scheme of UBM-GMM based verification system

GMM spk
speech . A > () = ACCEPTED
o— Features Decision —o
J N A < ( = REJECTED
UBM

UBM-GMM system = the core of nowadays systems
(further extension — systems based on i-vectors)



Speaker recognition based on i-vectors

GMM-UBM : adaptation UBM — GMM (only mean values)
Speakers are described by vectors of GMM mean values
—> supervector m, s (for speaker or record):

@ vector of length C - F from all means values

@ it can be used also for a description of recordings (varying length)

@ other classificators can be used (SVM)

@ decomposition to speaker and environment component can be used
i-vector : simple model based on factor analysis (JFA)

m,s=p+Tx
@ basic idea - reduction of the dimension of supervector m, ,
CF — Diyec
@ - speaker and record independent supervector

@ T - transform matrix of dimension CF X D ec
(estimation - iterative EM algorithm)

@ X, s - i-vector describes variability of speakers and environment
(identity vector, intermediate vector)



Speaker recognition based on i-vectors

i-vector : reprezentation of speakers (training) or records (performance)
SVM classficator with core function based on cosine distance
X1TX2

score = —————
[Ixa] - [xal|

@ verification of hypothesis, that speaker in record 1 is the same as in
the record 2

@ comparison of score with verification threshold

@ variability of acoustic conditions is not modelled
@ must be suppressed in the space of i-vectors

@ LDA (looking for a subspace with optimum discrimination
between classes)

s WCCN (normalization of covariance within classes)

o PLDA-x, s =p+Vy, +Uw, ;s + €5
(modelling of variability of acoustic conditions)



Example of i-vector-based verification

UBM : 50 spks, Enroll : 50 spks
Test : 102 spks (50 enrolled + 52 not used for UBM)
Score : cosine distance

Variants :
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Enroll/Test utts: 1 - 1

0
-100 0 100 200

0.3

prob

0.1

score
Enroll/Test utts: 5-5

300

4
——non-target
—target

AN

0 200
score

400

-1

0.6

0.4

prob

0.2

Enroll/Test utts: 2 - 2

4
——non-target
—target

)

0

o

0 100 200
score

Enroll/Test utts: 10 - 10

300

——non-target
—~target

7

200
score

400



Speaker recognition systems based on ANN/DNN

ANN/DNN - Artificial Neural Networks/Deep Neural Networks
Usage: feature computation or direct classification

ADVANTAGES:

- more complex function can be learnt

- feature vector can be extended
(splicing of features in longer context)

- better results can be obtained using DNN
(multilayer systems with deep learning)

- usage of CNN (convolution NN) allows End-to-End processing
(input: directly signal/spectrogram, output: directly speaker ID)

DISADVANTAGES:

- more complex and longer training (deep learning algorithms)
- higher amount of training data is required
(setup of many weights in neural network)




ANN/DNN - based classificiation

Direct classification using DNN
- DNN used for computation of speaker probability

S VR

INPUT: BF, cepstrum (MFCC),
1) possible context of more frames

>) HIDDEN LAYERS: 4-10
N,
OUTPUT: Softmax (aposteriors)

e
Npi—1 Npg—2

VARIANT - DNN with bottleneck layer (compression)

:

[

pleld)

Indirect DNN application
bottleneck output + MFCC — features for i-vector classificator



CNN (Convolution Networks): End-to-End Recognition

Principial scheme :

pooled Fully-connected 1

feature maps pooled  featuremaps  feature maps
feature maps

plylx)

i
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(X X )
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r'_'T,-—'r

{r

Outputs

Input

Convolutional Pooling 1 Convolutional
layer 1 layer 2

Pooling2

CNN are used often for image processing

Speech applications: input = spectrogram (image) or signal
— End-to-End Recognition (i.e. without feature computation)



CNN Siamese Speaker Verification
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CNN is used for computation of embedding speaker/utterance representation



Current DNN-based standard: x-vector approach

Xx-vector

ollolo] o]l o] & i o]
speech O O O O O O H . O p?fb::;utv
feature E E E E E : : E training
e 10| 0] O] [0 [0 [0] 8118 |0 2=

Ol O] O] 10] O] 1O o

frame-level layers recording-level layers
pooling layer output layer

@ input features cascade through the layers, temporal information is
captured by increasing the time context (no A or AA are used)

@ the pooling layer 6 calculates the mean and standard deviation of
the layer 5 outputs across all frames in the recording

@ recording (bottleneck) layers 7 and 8 represents speaker
representations — x-vector (features for verification)

@ output softmax layer 9 realizes speaker identification
(relevant for training only)



Current DNN-based standard: x-vector approach
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recording-level layers

i
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output layer

Layer Layer context Total context Input x output
framel t-2, t42 5 120 x 512
frame2 -2, t+ 2 9 1536 x 512
frame3 t-3,t+ 3 15 1536 x 512
frame4 t 15 512 x 512
frameb t 15 512 x 1500

stats pooling 0, T T 1500T x 3000
segment6 0 T 3000x512
segment? 0 T 512x512

softmax 0 T 512xN

24 mel-FB outputs, pooling over time T, N speakers

For more details see: Snyder et al: X-Vectors: Robust DNN Embeddings for Speaker Recognition. In ICASSP 2018



Part IV.

Examples of speaker recognition systems



Classification criteria for speaker verification

Distribution of VQ distances (BLUE - correct speaker)

Similarity between  Similarity between %
measures of repeat measures
different persons from same person
(impostw atternpts tgenume attempts)

Counts of appearance
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Examples of systems

J. R. Campbell: Speaker Recognition. Department of Defense Fort
Meade, MD, at http://scgwww.epfl.ch

@ verification (history)

Author Features Method Text Input EER
Atal'74 cepstr. Pattern | depend. LAB 2% (1

Fururi'81 nor. cepstr. | Pattern | depend. TEL 0,2% (3s
Doddington’85 FB DTW depend. LAB 0,8% (6s

5)
)
)
Tishby'91 cepstr. HMM | 10 digits | TEL | 2,8% (1,5s)
0,8% (3,5s)

Reynolds'96 MFCC+A | GMM indep. TEL 11% (3s)
)

)

)

)

)

match. 6% (10s
3% (30s
Reynolds'96 MFCC+A GMM indep. TEL 16% (3s
mism. 8% (10s
5% (30s




Examples of systems

Vlasta Radova: Speaker Recognition. ZCU Pilsen. December 2004.

Complex system using combine features and more level
decision (forensic application)

- text dependent verification
@ EER 0.5 % - microphone input (16 kHz)
@ EER 2 % - telephone input (8 kHz)

- text independent verification
@ EER 2 % - microphone input (16 kHz)
@ EER 10 % - telephone input (8 kHz)



Examples of systems

NIST 2010 - Speaker verification evaluations.
@ results of verification for various evaluation conditions
@ GMM-UBM systems (UBM - Universal Background Model)
@ EER - Equal Error Rate

mic-mic | mic-mic2 | mic-tel | tel-tel
System 1 - males 8.39 17.29 | 16.24 | 15.68
System 1 - females 13.5 23.47 | 18.42 | 17.18
System 1 - AVG 10.94 20.38 | 17.54 | 16.52
System 2 6.00 8.64 5.32 5.11

System 1 - 8kHz, 25/10 ms, preemphasis, 16 MFCC (+A, +AA),
log energy, energy VAD, normalization of feature vectors, GMM
512 mixtures

System 2 - 8kHz, 25/10 ms, 19 MFCC & ¢[0] (+A), VAD based
on automatic transcription (recognition), normalization of feature
vectors, adaptation of acoustic models, GMM 512 mixtures



Examples of systems

Current systems based on GMM and i-vectors

Tian et al, Interspeech 2015 - NIST 2010 task
EER 2.91% - GMM UBM 2048

EER 2.28% - DNN (English)

EER 2.61% - DNN (Multiling)

Garcia-Romero & McCree, Interspeech 2015

EER 1.82% GMM - 8kHz, 25/10 ms, features, 20 MFCC+A,
short-time CVMN, 2048 mixtures, UBM, PLDA speaker subspace
EER 1.23% - DNN - 4-5 hidden layers,features 9x40 dim (20
MFCC+A), LDA+MLLT

Chen, Moreno, etal, Interspeech 2015

EER 3.88-5.53% fully connected DNN - 48 mel filter-banks, 12
frame context, 4 x 256 hidden layers, softmax output function,
3200 output speakers



Examples of systems - Interspeech 2016

The IBM Speaker Recognition System

EER 2.11% - GMM-UBM (i-vector) - MFCC - LDA
EER 1.49% - GMM-UBM (i-vector) - MFCC - NDA
(NDA - Nearest-neighbour discriminant analysis)

SITW - Speakers In The Wild - core-core

Speakers In The Wild Database (for speaker recognition)

- 299 speakers, 8 different sessions per speaker

- mismatch of acoustic conditions

- “core” conditions (data from one person of interest)

- training 6180 seconds

- test 6-180 s of speech per file

Brno University of Technology : EER = 5.85%

Quensland University of Technology, Australia : EER = 8.69%



Examples of systems - Interspeech 2018

Muckenhirn, Magimai-Doss, Marcel: On Learning Vocal Tract
System Related Speaker Discriminative Information from Raw
Signal Using CNNs

Spkdtﬂtt

1
initializati

'

'

Il

Classifier o,
for speaker sy, 1
'

|

____________________________________________

Enroliment of speaker s,

EER 3.05% - GMM-UBM (standard baseline approach)
EER 2.40% - ISV (inter-session variability)

EER 2.82/5.87% - i-vector, cosine distance/PLDA
EER 5.00% - JFA (Joint Factor Analysis)

EER 0.80 / 1.15% - CNN (KW1=300 / kW1=30)
EER 0.75% - Fusion of 2 CNN systems (average score)



Examples of systems - Interspeech 2020

Hossein Zeinali, Kong Aik Lee, Jahangir Alam, Lukas Burget:
SdSV Challenge 2020: Large-Scale Evaluation of Short-duration
Speaker Verification

@ speech utterances of short duration

@ significant dependency on the phonetic content
(both text-dependent and text-independent tasks)

@ usually x-vector systems

@ Text dependent verification
enroll duration - avg 7.6s, test duration - avg 2.6s
Results of the best 5 teams:
T56: EER 1.45 % , T14: EER 1.45 %, T10: EER 1.58 % ,
TO08: EER 1.62 %, T34: EER 2.09 %, T26: EER 2.10 %

@ Text independent verification
enroll duration - rand 4-180s (avg 49), test duration - avg 2.6s
Results of the best 6 teams:
T37: EER 1.45 % , T35: EER 1.51 %, T41: EER 1.77 %,
T64: EER 1.84 % , T05: EER 2.00 %, T10: EER 2.32 %




Tips for optional practical exercise

Tasks within subject BE2M31ZRE Speech Processing:
http://noel.feld.cvut.cz/vyu/be2m3lzre

@ cepstrum computation
.../be2m31zre/task 06_cepstrum distance_vad.html

@ VQ-based speaker verification
.../be2m31zre/task 08a_speakerid VQ.html

@ GMM:-based speaker verification /identification
.../be2m31zre/task 08b_speakerid GMM.html

Available also in Czech within B2M31ZRE Zpracovani tedi:
http://noel.feld.cvut.cz/vyu/b2m31lzre



Thank you for your attention !



