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*model preantrenat de detectie fete Sursa: [1]
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Conexiune reziduala
X Structura ResNet18

¥

Strat convolutional

Layer Name Output Size ResNet-18
RelLU conv1 112 x 112 x 64 7 x 7, 64, stride 2
¥
. 3 x 3 max pool, stride 2
Strat convolutional s
conv2_x 56 x 56 x 64
3 x3,64 5
G 3 x 3,64
v r 1
pannnansnn ] conv3_x 28 x 28 x 128 5%, 12 X2
| 3x3,128 |
F(x)+x z -
convd_x 14 x 14 x 256 3x%2%6 | o
| 33,256 |
convb_x 7 x 7 x 512 X512 %2
| 3x3,512 |
Implementare software
average pool 1x1x512 7 x 7 average pool
168 self.encoder = resnetls()
169 <elf.encoder. convl = nn.Conv2d( fully connected 1000 512 x 1000 fully connections
17@ K, sof tmax 1000

171 B4,
172 kernel size=(7, 7),
173 stride=(2, 2),
174 padding=(3, 3),

175 bias=False,

178 self.enceder = nn.Sequential({*list(self.encoder.children(})[:-1])

*Resnet18 Sursa:[2] ’
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Structura decodorului

Strat liniar MLP

lesire codor

Neuroni ascunsi
Neuroni de intrare euroni de 1esire
e ' ‘ ™~

Strat liniar

JLBatchNorm, ELU, Dropout

Strat liniar

iLBatchNorm, ELU, Dropout

Strat liniar

iLFunctie Sigmoidala
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1@128x225 1@128x225 1@80x225

1@128x75
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Decodor “Flowtron”
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e Normalizare
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Eroarea medie patrata:

1

N
L(y:9) = 5 D_(v— )

sub ects padding first and second derivatives normalization | decoder | frequenc MSE

yes standardization MLP 22 KHz 0.0058

25 yes standardization MLP 22 KHz 0.0059
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Derivate de ordinul 1 si 2

no MLP
yes MLP
no MLP
yes MLP
no MLP
yes MLP

conv

yes conv
no conv
yes conv
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|_num. subjects | padding __| first and second derivatives

0.00575

0.00577
0.0056

0.0053
0.0056

0.0053

m first and second derivatives
no

0.0052
0.0052
0.0053

0.0052
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Formula folosita:
Rezultat = (intrare — medie) / abaterea medie standard

num.

subjects

10

10

Normalizare

first and second sampling
derivatives normalization | decoder

yes [0, 1] MLP 22 KHz
yes standardization MLP 22 KHz

Implementare Software:

for data , _ in train_loader:
batch_samples = data.size(®)
data = data.view(batch_samples, data.size(1), -1)
mean += data.mean(2).sum(@)
std += data.std(2).sum(@)

nb_samples += batch_samples

mean /= nb_samples

std /= nb_samples

0.0060

0.0053

-

1
11000101
0

L)

*ETTI

14



1 Speech & Dialogue
Research Laboratory

first and second
derivatives

yes

yes

yes

first and second
derivatives

yes

yes

yes

Rezultate

normalization

standardization

standardization

standardization

normalization

standardization

standardization

standardization

decoder
MLP
conv

autoregressive

decoder

conv
autoregressive

MLP

sampling
frequenc

22 KHz
19.3 KHz

19.3 Khz

sampling
frequenc

19.3 KHz
19.3 Khz

22 KHz
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Preprocesarea datelor
Stabilirea arhitecturii generale
Stabilirea si implementarea codorului si a decodoarelor

Implementarea metodelor de procesare a datelor pentru
imbunatatirea rezultatelor

Modificarea hiperparametrilor pentru potrivirea complexitatii
arhitecturilor cu setul de date de intrare
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Scop initial atins, reproducerea vocii este inteligibilda pentru:
- Decodor convolutional
- Decodor autoregresiv

Dezvoltari ulterioare
- Integrarea posibilitatii de a lucra in timp real

- Identificarea emotiilor si influentarea vocii pe baza lor
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Audio original

Decodor convolutional: * =
\

Decodor autoregresiv: ‘ =
N\

Cuvinte: “Set white at v1 again”
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