OCHOBbI NPaKTUYeCcKoro
MCMNO/Ib30BAaHNA HEUPOHHbIX CEeTEN.

Nlekumna 4. MeTtoabl noBbilwWeHUA 3GPEKTUBHOCTH
anropmntmoB obyvyeHua ansa rnybokmnx HC.




[Mpumep HC gna pacno3HaBaHUA

n3obpaxKeHunn

(d PacnosHaBaHue nsobpaxkeHuit Kowek u cobak (6asa cats vs dogs)

= RGB, pa3nnyHoe paspeweHue, 25000 n3obparkeHun.

The model inputs = keras.Input (shape=(180, 180, 3))
expects ¥x = layers.Rescaling(l./255) (inputs) <3
RGBiwmges ®x = layers.Conv2D(filters=32, kernel size=3, activation="relu") (x)
of size ® = layers.MaxPooling2D(pool size=2) (x)
180 x 180. ®x = layers.Conv2D(filters=64, kernel size=3, activation="relu") (x)
® = layers.MaxPooling2D(pool size=2) (x)
®x = layers.Conv2D(filters=128, kernel size=3, activation="relu") (x)
® = layers.MaxPooling2D(poocl size=2) (x)
®x = layers.Conv2D(filters=256, kernel size=3, activation="relu") (x)
®x = layers.MaxPooling2D(pool size=2) (x)
¥ = layers.Conv2D(filters=256, kernel size=3, activation="relu") (x)
x = layers.Flatten(} (x)
outputs = layers.Dense(l, activation="sigmoid") (x)
model = keras.Model (inputs=inputs, outputs=outputs)

O 991K napametpos

Rescale
inputs to the
[0, 1] range
by dividing
them by 255.



[MoarotosKa oby4yatoLmx N TeECTOBbIX

L Ncnonb3oBaHue obbeKTa

Dataset.

NAaHHbIX

from tensorflow.keras.utils import image dataset from directory

train dataset = image dataset from directory(
new base dir / "train",
image size=(180, 180),
batch size=32)

validation dataset = image dataset from directory|
new base dir / "wvalidation”,
image size=(180, 180),
batch size=32)

test dataset = image dataset from directory
new base dir / "test",
image size= (180, 180),
batch size=32)

history = model.fit |
train dataset,
epochs=30,
validation data=validation dataset,
callbacks=callbacks) 3




AyrmeHTauma OaHHbIX

0 dopmupoBaHMe CUHTETUYECKUX

[AHHbIX ANA NOBbIWEeHUs

pPa3HO0bpa3unA AaHHbIX NPU 0byyeHun.
* HeobXx0AMMO Y4UTbIBATb, KaKue
peasibHble UCKaXKEeHUA AaHHbIX

BO3MOXHbI/A0NYCTUMbI

data augmentation = keras.Sequential (
[
layers.RandomFlip ("horizontal"),
layers.RandomRotation(0.1),
layers.RandomZoom(0.2),




HC c ayrmeHTaumen AaHHbIX

inputs = keras.Input (shape=(180, 180, 3))

= data augmentation(inputs)

= layers
= layers

= layers

I ]

= lavers.
= layers.
.MaxPooling2D (pool size=2) (x)
= layers.
.MaxPooling2D (pool size=2) (x)
= layers.
.MaxPooling2D (pool size=2) (x)
= layers.
= lavers.
= layers.
= layers.

Rescaling(l./255) ()
Conv2D(filters=32, kernel size=3, activation="relu") (x)

Conv2D(filters=64, kernel size=3, activation="relu") (x)
Conv2D(filters=128, kernel size=3, activation="relu") (x)
Conv2D(filters=256, kernel size=3, activation="relu") (x)
MaxPooling2D (pool size=2) (x)

Conv2D(filters=256, kernel size=3, activation="relu") (x)
Flatten() {x)



BanaHume dyrmeHTaunm Ha TOHHOCTb Hd
TeCTOBbIX AdHHDbIX

1.0 4

0.9 1

0.8 1

0.7 1
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@ Training accuracy .....000000000
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0.6 -

051

Training and validation accuracy

@ Training accuracy
- Validation accuracy
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Perynapusauuna L2

O Perynapusauua - metosn npeaotepalleHuns nepeobyyenma HC.

U BeegeHne wtpada gna 60nblLNX BECOB.

O A - KoadduuneHT perynapusaumn.

aC  8C, A b b— pol0
= + —w ab
3’w 6“.? T a(‘f 7 }k
aC  aCy u,ﬁ.w_na’ﬂ_?_w
= . w T
ab ob ( ﬂ}‘) aC,
— 1— — | w — i
n dw

L MacwrabupoBaHue Beca nepes KoppeKuunen no rpagueHTHOMY CrycKy.



[Mpumep NpMMeHeHna perynapmlaumm
L2

O Knaccnoukauma MNIST
U Cetb 784x30x10, 1000 obyuatowwmx npMmepos

520 Accuracy (%) on the test data 872 ! Accuracy (%) o!n the test data
82.25F 87.0 | | I|'|rf
|.'|||" |II '|| M i
L. : : IERTALTRY
82.20 6.8 _ . \ll I [F /]
‘ ; ‘ 5 ) I ]' {| * |||
6.6 . J *Il |! -
: -.--. \ |
L i W
82.10 : | b 4 I| l.! "r
86.4 e ||I"'|1|"|h|(-l_
8205_ . |I| | '-I\I-|“I|III.|I| II|| H . |
‘I|| Il,l U | .“,

81.95H

819850 250 300 350 200 83800 750 300 350 200
Epoch Epoch



Perynapusauma - CHUxeHue
nepeobyvyeHunn

 Het ogHO3HayHOro peweHuns bes
AOMNO/IHUTE/IbHON MHPOOPMaL MU,

U Bonbline 3HayeHMA napameTpoB —
yBeMYeHMe YyBCTBUTENbHOCTU K LLIYMY.

yzaua’.g—l-al:rg—l—...

y=aq,X+q




Perynapusaumna L1

U BeegeHne wtpada ana 60/blLMX BECOB.

A
C =C — ]
Co + - Ew |w|
O A - KoadduuneHT perynspusaumm.

oC aCy A , nA aCy
— + — sgn(w) w—w =w— —sgn(w) —n
dw Ow n n ow

L YmeHbleHWe Beca Ha GUKCUPOBAHHYIO BENUUYUHY

O Ans perynapusaumnm L2 3HaYeHUE yMeHblLeHMA Beca 3aBUCUT

OT ero Be/1IM4nHbl. ; ( J_;-?).L) adC
w—w=w(l—— | —n—

mn o 10



Perynapusauma B Keras

U keras.layers.Dense( units, ..., kernel_regularizer=None, bias_regularizer=None, ....)

U keras.layers.Conv2D( filters, kernel_size, ..., kernel_regularizer=None, bias_regularizer=None, ...)

O JdocTtynHble perynapusaTopsi:
= keras.regularizers.L1(11=0.01)
= keras.regularizers.L2(12=0.01)
= keras.regularizers.L1L2(11=0.01, 12=0.01)
= keras.regularizers.OrthogonalRegularizer(factor=0.01, mode="rows"

" peanmsaumna cobCcTBEHHbIX PErynspu3aTopos



Dropout

O UHCcTpymeHT perynspusaumm.

O Moandukaumnsa apxmuteKkTypbl CETU B NpoLiecce obyyeHus.

O YnpouweHHas cxema Dropout
1. BpemeHHO yaanutb n3 HC nosI0BUHY C/ly4anHO BbIOPaHHbIX

BHYTPEHHUX HEMPOHOB C COOTBETCTBYIOLMMM CBA3AMM.
2. TlpoBecTn ntepauuto obyyeHmne Ha nakete: obHOBNEHUE
CBA3EN OCTaBLUUXCA HEMPOHOB.
3. BocctaHOBUTbL YAaNneHHblIe HEMPOHDbI U UX CBA3MW.
4. MNostoputb n. 1-—3.
O Nepen npumeHeHUEM ceTU YMEHbLUUTb BHYTPEHHME Beca B 2
pasa.

N. Srivastava et al. Dropout: A simple way to prevent neural networks from
overfitting, 2014.




Dropout. [lpnmep ncnosib3oBaHuA.

L MNIST.

BxoaHow BekTOp 784 anemeHTa.

10 knaccos.

10000 TecToBbIX N30OpaXKEHU.

Test Error

P 800 units 2 layers
1200 units 3 layers

%6 ‘. 1200 units 2 layers
— 2000 units 2 layers

L' — 160
180

»»»»»»»

40

# 35

Error
Now
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e
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g
8

15

 Reuters. Knaccudpukauma JOKYMEHTOB.
BxoaHow BekTop 2000 a3n1emeHTOB.

50 Knaccos.

~200000 TecToBbIX AOKYMEHTOB.

as} |

Training Set Error 20 Test Set Error
m
— 2000-1000-1000-50 | — 2000-1000-1000-50
— 2000-2000-1000-50 | — 2000-2000-1000-50
38
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G.E. Hinton et al, Improving neural networks by preventing co-adaptation of feature detectors, 2012
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BapuaHTtbl Dropout. DropConnect.

L YnaneHune ceasen.

Without Dropout Standard Dropout

DropConnect
S o X g N
ké‘%&’é NN
e Y| /“ 7
< LR LR
}9‘“0‘(;%' £
IX R R >
"'ﬁ‘\% LN @l
/)\\"’I Y
Training Phase : Training Phase :
v = f[Wxlem, m;~ Bernoulli(p) y = fiWeoM)x), M;; ~ Bernoulli(p)
Testing Phase : Testing Phase :
y=(1-p)f(Wx) y = (Wx)om(Z)

¥4
o 1 y _ . g
where m{£) = 7 2 flae), &~ Ny, a7
h?tps://towards.datascience.com/l2—main—dropout—methods—mathematical—and— and = pWx, o2 =p(1 — p)(Wo W)(xox), Z&N*
visual-explanation-58cdc2112293



BapunaHTtbl Dropout. Standout.

1 BepoAaTHOCTb yaaneHums Training Phase :
HeﬁpOHa 3aBUCUT OT BEJTIUYUHDI y = fIWx)om, m;~ Bernoulli{g(Wgx)]
BECOB Testing Phase :
y=1(1—g(Wgx)]o fiWx])
D where W, is the belief network’s weights
ﬂpMMEp. and g is the belief network’s activation function

Standout method

i — [ oo}
-r.lrl:"! ] = ||f7 L) | Standard Dropout Method with sigmoid activation o,
a=o0.1,and f=o0

.'ﬁ"‘l"r!.-\I il '\:l*.l' T 'jJ . é w=2 g

https://towardsdatascience.com/12-main-dropout-methods-mathematical-and-
visual-explanation-58cdc2112293
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BapunaHTbl Dropout. Gaussian Dropout.

Q Hef/'lpOHbl He YyAaNnArTCA, a «3aBeWnMBarOTCA» C NOMOLWbKO HOPMA/IbHOIO
pacnpeaeneHuma.
1 Bbiwe CKOPOCTb CXOAMMOCTMN. Bernoulli Gate Gaussian Gate

Training Phase :
y=f(Wx)om, m;~N(L p(l—p) . . . .
Testing Phase :
y = f(W) O O & O

https://towardsdatascience.com/12-main-dropout-methods-mathematical-and-
visual-explanation-58cdc2112293 16



BapuaHTbl Dropout. Pooling Dropout.

J CraHaaptHeii dropout He  without Max-Pooling Dropout ~ With Max-Pooling Dropout
adpdekTMBEH ANA

n3obpakeHumn
QO Pooling Dropout
MPUMEHSAIOT 419 CBEPTOYHbIX
ceTen
Training "hase :
Y = maz{Pooly..(Y) o Muze)  M;; ~ Bernoulli(p)
Testing Phase :

Y = (1 — p) max{Pool;..(Y)}

https://towardsdatascience.com/12-main-dropout-methods-mathematical-and-
visual-explanation-58cdc2112293 17



BapuaHTtbl Dropout. Spatial Dropout.

U YnaneHue KapT npMsHakos
] Spatial Dropout npumeHAIOT 419 CBEPTOUYHbIX CETel

Standard Dropout Spatial Dropout

https://towardsdatascience.com/12-main-dropout-methods-mathematical-and-
visual-explanation-58cdc2112293
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BapuaHTtbl Dropout. Cutout.

U Yoanenue dparmeHTOB KapT
L Cutout npumeHsAOT ANA CBEPTOUHbIX CeTeM

Standard Dropout Cutout

https://towardsdatascience.com/12-main-dropout-methods-mathematical-and-
visual-explanation-58cdc2112293
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Dropout B Keras

inputs = keras.Input (shape=(180, 180,

= layers.MaxPooling2D(pool size=2) (x)

x = data augmentation (inputs)

® = layers.Rescaling(l./255) (x)

x = layers.Conv2D(filters=32, kernel size=3, activation="relu") (x)
x = layers.MaxPooling2D(pool size=2) (x)

x = layers.Conv2D(filters=64, kernel size=3, activation="relu") (x)
x = layers.MaxPooling2D (pool size=2) (x)

x = layers.Conv2D(filters=128, kernel size=3, activation="relu") (x)
x = layers.MaxPooling2D(pool size=2) (x)

x = layers.Conv2D(filters=256, kernel size=3, activation="relu") (x)
x

x

= layers.Conv2D(filters=256, kernel size=3, activation="relu") (x)
= Javers Flatten () (]

®x = layers.Dropout (0.5) (x)

outputs = layers.ﬁense(l, activation="sigmoid") (x)
model = keras.Model (inputs=inputs, outputs=outputs)

U Dropout

U SpatialDropout1D
U SpatialDropout2D
U SpatialDropout3D
U GaussianDropout

O AlphaDropout 20



Batch normalization

1 Hopmanusauums + gekoppenaums BXOAHbIX AaHHbIX — MOBbILEHKE
3pPeKTMBHOCTM 0byUYeHunA.
U HapyweHune nonyyeHHbIX CBOMCTB BXOAHbIX BEKTOPOB A/1A MPOMENKYTOUHbIX
NAaHHbIX BO BHYTPEeHHUX cnosax (internal covariance shift).
O Upes: npoBoantb NpenobpaboTKy BXOAHbIX AaHHbIX A8 KaXK40ro BHYTPEHHEro
cnos.
O OnTMMmnsauma BbIMUCANTENbHBIX 3aTPaT = HOPMA/IN3aLNA BHYTPEHHUX AAaHHbIX
(6e3 pekoppenauunn).
1 3¢ dekKr ot Batch normalization:
" B/IMAHUE Ha pacnpeaeneHune gaHHbIX (KOHTponb internal covariance shift)
" CTUMYNALUA rPagUueHTa.

Sergey loffe, Christian Szegedy. Batch Normalization: Accelerating Deep Network Training by
Reducing Internal Covariate Shift, 2015



Batch normalization. Anropntm

Input: Network N with trainable parameters ©:
subset of activations {z ¥}/
Output: Batch-normalized network for inference, 1 ‘1';‘_-{;
: Ngny + N // Traming BN network
fork=1...K do
Add transformation y'*) = BN_ () g (! k) to

Lid b

Input: Values of r over a mini-batch: B = {xr; . };
Parameters to be leamed: . 3
Output: {y; = BN, s(x;)}

m

Npy (Alg.[OF
4 Modify each layer in Njj,; with input z'*) to take
y'¥) instead
5. end for
6 Train Npy to optimize the parameters © U
{.ﬂ_, (k) glk) JJ.?-=1
7. Nit « NI, // Inference BN network with frozen
/{ parameters
g fork=1...K do
9: [/ Forclarity, z = 8, v =~ ug = Irtj._i":. etc.
10:  Process multiple training mini-batches &3, each of
size mi, and average over them:
:E.:.i‘] — EBJHS]

UE — ,,L?Z T /f mini-batch mean

i=1
> oz ) . |

O — Z'L'i." — ug)” /f mimi-batch vanance
i=1

. T; — [UB i -

T 7‘;_.0:5 — // normalize

Ui « 7% + B = BN, a(x:) /! scale and shift

Var[z] + - Eglog]

n—1
11: In Nﬁ’;’{ replace the transform y = BN-, s(x) with
y= —1 ‘x4 (B — —E] )
v Var[x] 4 : y/ Var[z] +e

2: end for

—
el

PeannsosaHo YepeE3 SKCNOHEHUMANIbHOE CKOJIb3ALLEE
cpegHee, Bbld4NCAAEMOE Ha 3Tane o6yquvm

22



Batch normalization. Mpumepnsi.

— - -
J Knaccudpukauma MNIST 09l ¢
I
1 CeTtb 784x100x100x100x10, I
50000 obyuatowmx npumepos - _,' = = = Without BN
, With BN

10K 20K 30K 40K 50K
O Knaccnoumkayma ImageNet o8
1 CeTtb 13.6*10° napameTpos,

1000 Knaccos

Model Steps to 72.2%  Max accuracy = = =Inception
Inception 31.0-10° 72.2% e EE:Sgse“ne
BN-Baseline 13.3-10° 72.7% BN-x30
BN-x5 2.1-10° 73.0% 114 ++ BN-x5-Sigmoid
BN-x30 2.7-106 74.8% $ Stops to match Incopfon
BN-x3-Sigmoid 69.8% 20M 25M 3om




Peannsaumna Batch normalization

X = layers.Conv2D(32, 3, activation="relu") (x)
X = layers.BatchNormalization() (x)
?
x = layers.Conv2D(32, 3, use bias=False) (x)
X = layers.BatchNormalization() (x)

x = layers.Activation("relu") (x)



Peannsaumna Batch normalization

x = layers.Conv2D(32, 3, |luse bias=False| (x)

layers.BatchNormalization() (%)

A
i

layers.Activation("relu") (x)

e
[



Bonpochl

U [ns yero Hy»KHa ayrmeHTaums AaHHbIX?
U Kakne tunbl Dropout npuMeHsoT A1a CBEPTOUYHbIX CeTeln?

U Mouemy Batch Normalization nosblwaet appeKTMBHOCTb 06y4eHna?



