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ObyyeHne HEMPOHHbIX
ceTeun




 Kak oby4yatoTca HEUPOHHbIE CEeTU

* Pa3buneHune BbIbOPKM Ansa obyyeHUn
* MOHUTOPUHT NnpoLecca obyyeHums

* 3anaHune 4




KaK 0by4atoTcH
HEMPOHHbIE CEeTU




OYHKLUMA NOTEPb

OyHKUMA noTePb — PYHKLMA, KOTOPAA B TEOPUU CTAaTUCTUYECKUX
PeLleHNN XapaKTePU3YET MNOTEPM NPU HEMPABUIbHOM NPUHATUN
peleHnin Ha OCHOBe HabtogaeMbIX JaHHbIX.




Softmax

L, = —log(Z~
1

L=~ N, Li+RW)

s — Score Function (pyHKUNA OUEHKN)
s = f(x,W) — cBepTo4Has HelpOHHaA ceTb ¢ napameTpamu W
R(W) — perynapusatop

Cat 3.2 N — kKonmnyecTBo M3006pakeHUM B BbIOOpKe
Car 5.1 Yem bonblie ceTb owmnbaetcs, Tem bonbliee 3Ha4YeHne nmeet PyHKLMA NOTEPb
Frog -1.7




Softmax

- —log(Z )
Cat 3.2 24.5 0.13» —log(0.13) =0.89
Car 5.1 - 3KkcnoHeHTa— 164.0 — Hopmanmsauma — 0.87
Frog -1.7 0.18 0.00




Softmax

)

Cat 3.2 24.5 0.13
Car 5.1 — 3KcnoHeHTa— 164.0 — Hopmanusauma — 0.87- —1log(0.87) =0.14

Frog -1.7 0.18 0.00




Softmax

- —log(Z )
Cat 3.2 24.5 0.13
Car 5.1 - 3KkcnoHeHTa— 164.0 — Hopmanmsauma — 0.87
Frog  -1.7 0.18 0.00-» —log(0) =




ObyyeHmne cetm — MUHUMM3AUMA GYHKLUN
NnoTePb

S

e Vi
L; = —log(zlesj)
J

1 ¢N
L ==Yz Li + R(W)
s — Score Function (pyHKUMA OLEHKN)
S = f(x, W) — CBEPTOYHAA HEMPOHHAA CETb C MapameTpamm W

Heobxoammo nogobpatb napameTpbl ceTh (GUNbTpbl CBEPTOUHbIX C/10EB) TaK, YTOObI PYHKLUMA NOTEPH
NPUHMMaANA HaMMeHblUee 3Ha4YeHune

argmin L
w




MeToa rpaaneHTHOro CnyCcKa
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Hac nHte pecyeTt —VWL https://www.youtube.com/watch?v=klgx2RcJKZY



https://www.youtube.com/watch?v=kJgx2RcJKZY

MeToa 06paTHOro pacnpoCcTPaHEeHMA OLLNOKM

s = f(x, W) — HelipoHHasA ceTb

Heobxoaumo HaTK rpaAMeHT — YacTHble NPOU3BOAHbIE ANA KaXA0ro anemeHta us W

HeilpoHHaA ceTb — PYHKLUUA, KOTOPYIO MOXKHO NPeACcTaBUTb B BUAeE rpada U NoCYMTATb IOKA/IbHYIO
NPOU3BOAHYIO ANA KAXKA0ro y3na




Backpropagation: a simple example

flz,y,2) = (z +y)z

e.g.x=-2,y=95,z=-4
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Backpropagation: a simple example | x 2

flogz) = (z+gy)= . >®q>3

eg.x=-2,y=5z=-4
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Backpropagation: a simple example

f(z,y,2) = (z +y)z
eg.x=-2,y=95,z=-4
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Backpropagation: a simple example

f(z,y,2) = (z +y)z
e.g.Xx=-2,y=95,z=-4
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Backpropagation: a simple example

f(z,y,2) = (z +y)z
e.g.Xx=-2,y=95,z=-4
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Backpropagation: a simple example

f(z,y,2) = (z + y)z
eg.x=-2,y=95,z=-4
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Backpropagation: a simple example

f(z,y,2) = (z + y)z
eg.x=-2,y=95,z=-4
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ObHOB/1IeHME BEeCOoB

. . 0l
+1 _
wiT = w; + v (— awi)

U — CKOPOCTb 0by4YeHun




PazbreHune BbIbOpKA




«3aNOMUMHAHMe» oTBeTa

Oby4yeHHana HEMPOHHAA CeTb BCeraa AaeT BEPHbIA OTBET AN1A TEX 3/IEMEHTOB BblOOPKM, HA KOTOPbIX
OHa oby4anachb




Obyyatollasn-TecTtoBad

Your Dataset ‘

BbibopKa pasaennercs Ha 0byyatoLLyto U TeCTOBYIO
Ha TecToBOI OLLEHMBAOT TOYHOCTb CETU

train test ‘

Mcnonb3yeTca B KpaHeM C/ydae, TaK Kak He AaeT 06beKTMBHOM MHPOPMALIMM O TOYHOCTU CeTH




ObyyatoLasa-npoBepPOYHAA-TECTOBAA

Your Dataset ‘

BbibopKa pa3aensercsa Ha 0byyatoLLyto, MPOBEPOYHYIO M TECTOBYIO
[MpoBepoYHas NCNO/b3yeTca A/1A OLLEHKN TOYHOCTU Ha 3Tane oby4vyeHusn
TecToBas UCMNoOb3yeTcsa AN OLEHKM TOYHOCTU nocsie obyyeHus

train validation test ‘

Kak npasn10 NCMNOJIb3YETCA B KOMIMbKOTEPHOM 3peHUN, eC/ZTN AadHHbIX AOCTAaTOYHO




Kpocc-npoBepkKa

Your Dataset ‘

BbibopKa pa3aenserca Ha HECKO/IbKO YacTen
OueHKa TOYHOCTU NPOBOAMUTCA B HECKO/IbKO 3TAaN0OB, HA Ka*KAOM 3Tane NpoBepoYHas BbIbOpKa HOBaA
Llenb — nony4ynTtb HanbobLIYIO CPEAHIO TOYHOCTb

fold 1 fold 2 fold3 | fold4 | fold5 test |

fold 1 fold 2 fold 3 \ fold 4 \ fold 5 test \

fold 1 fold 2 fold 3 fold 4

fold 5 test \

B KOMNblOTEPHOM 3pEHUM UCNOb3YETCA PEAKO, TO/IbKO ecain BbibopKa HebonbLuan




MOHUTOPWHI NpoLecca
0byYeHUS

HTTPS://CS231IN.GITHUB.IO/NEURAL-NETWORKS-3/#SANITYCHECK



https://cs231n.github.io/neural-networks-3/#sanitycheck

1peaBapUTENbHO: KOPPEKTHOCTb QYHK
10TEepb

def init two layer model(input size, hidden size, output size):

model
model [ '\
model[ '! = np.zeros(hidden size)
model[ 'l

mod L

= np.zeros(output size)

= 0.0001 * np.random.randn(input size, hidden size)

)
]
model['W2'] = 0.0001 * np.random.randn(hidden size, output size)
4
e

N

model = init two layer model(32*32%3, 50, 10) # input size, hidden size, number of classes

loss, grad = two _layer net(X train, model y train| 0.0

Selis i ¢ | disable regularization
2.30261216167 ~ —
-~ loss ~2.3.
“correct “ for returns the loss and the
10 classes gradient for all parameters




1peaBapUTENbHO: KOPPEKTHOCTb QYHK
10TEepb

def init two layer model(input size, hidden size, output size):

model = {}
model[ 'W1'] -
model['bl’'] = np.zeros(hidden size)
model['W2'] -
model['b2'] -

model

- np.zeros(output size)

= 0.0001 * np.random.randn(input size, hidden size)

= 0.0001 * np.random.randn(hidden size, output size)

N

model = init two layer model(32%32*3, 50, 10) # ingui _size, hidden size, number of classes

loss, grad = two layer net(X train, model, y train,| le3 Crank up regularization

print loss

3.06859716482 -

— |loss went up, good. (sanity check)




lpeaBapuTesibHO: nepeobyyeHne Ha
KpoLueyHou BbIbopKe

model = init_two_layer model(32*32*3, 50, 10) # input size, hidden size, number of classes
trainer = ClassifierTrainer()
X tiny = X train[:20] # take 20 examples
y tiny = y train[:20]
best model, stats = trainer.train(X tiny, y tiny, X tiny, y tiny,
model, two layer net,
num_epochs=200, reg=0.0,
update='sgd', learning rate decay=1,
sample batches = False,
learning rate=le-3, verbose=True)

Finished epoch 1 / 200: cost 2.302603, train: 0.400000, val 0.400000, lr 1.000000e-03

Finished epoch 2 / 200: cost 2.302258, train: 0.450000, val 0.450000, lr 1.000000e-03 [
Finished epoch 3 / 200: cost 2.301849, train: 0.600000, val 0.600000, lr 1.000000e-03

Finished epoch 4 / 200: cost 2.301196, train: 0.650000, val 0.650000, lr 1.000000e-03

Finished epoch 5 / 200: cost 2.300044, train: 0.650000, val 0.650000, lr 1.000000e-03

Finished epoch 6 / 200: cost 2.297864, train: 0.550000, val 0.550000, lr 1.000000e-03

Finished epoch 7 / 200: cost 2.293595, train: 0.600000, val 0.600000, lr 1.000000e-03

Finished epoch 8 / 200: cost 2.285096, train: 0.550000, val 0.550000, lr 1.000000e-03

Finished epoch 9 / 200: cost 2.268094, train: 0.550000, val 0.550000, lr 1.000000e-03

Finished epoch 10 / 200: cost 2.234787, train: 0.500000, val 0.500000, lr 1.000000e-03

Finished epoch 11 / 200: cost 2.173187, train: 0.500000, val ©.500000, lr 1.000000e-03

Finished epoch 12 / 200: cost 2.076862, train: 0.500000, val ©.500000, lr 1.000000e-03

Finished epoch 13 / 200: cost 1.974090, train: 0.400000, val 0.400000, lr 1.000000e-03

Finished epoch 14 / 200: cost 1.895885, train: 0.400000, val 0.400000, lr 1.000000e-03

Finished epoch 15 / 200: cost 1.820876, train: 0.450000, val 0.450000, lr 1.000000e-03

Finished epoch 16 / 200: cost 1.737430, train: 0.450000, val 0.450000, lr 1.000000e-03

Finished epoch 17 / 200: cost 1.642356, train: 0.500000, val 0.500000, lr 1.000000e-03

Finished epoch 18 / 200: cost 1.535239, train: 0.600000, val 0.600000, lr 1.000000e-03

Finished epoch 19 / 200: cost 1.421527, train: 0.600000, val ©.600000, Lr 1.000000e-03 -
Fimsechad anaskh 0 4 "NN. cannd 1 nNnETTEeENn +enin. N CENNNN saml N cocnnnn T e 1T ANAAANA NN

P EESTRas
Finished epoch 195

—-ms mmm e m s mmemt ey ms mem— cmmeemm) tme mimemmmm) = mremmm==- -

.000000, val 1.000000, lr 1.000000e-03

/ 200: cost 0.002694, train: 1
Finished epoch 196 / 200: cost 0.002674, train: 1.000000, val 1.000000, lr 1.000000e-03
Finished epoch 197 / 200: cost 0.002655, train: 1.000000, val 1.000000, lr 1.000000e-03
Finished epoch 198 / 200: cost 0.002635, train: 1.000000, val 1.000000, lr 1.000000e-03
Finished epoch 199 / 200: cost 0.002617, train: 1.000000, val 1.000000, lr 1.000000e-03
Finished epoch 200 / 200: cost 0.002597, train: 1.000000, val 1.000000, lr 1.000000e-03

finished optimization. best validation accuracy: 1.000000




MOHWUTOPUHT: CKOPOCTb OBY4YEeHUS
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MOHUTOPUHT: perynapmnlauns

accuracy training accuracy

validation accuracy:

little overfittin
9 Pa3sHnua mexay TOYHOCTbIO BO BpemA

O6y‘-IeHMFI N TOYHHOCTbIO BO BpeEMA TECTA

validation accuracy: strong overfittin
y 9 9 AONXKHa ObITb MMHUMa/IbHA

—

epoch




MOHUTOPUHT: perynapmnlauns

accuracy training accuracy

validation accuracy:
little overfitting

validation accuracy: strong overfitting
g

epoch

Pa3Hunua mexagy TOHHOCTbIHO BO BPEMA
06y‘-IeHl/IFI U TOYHOCTbIO BO BpeMA TeCTa
AO0/1XKHa 6bITb MMHMMA/IbHA

HaymHanTe c HeboNbLIMX 3HAYEHUN
napameTpa perynapusaumnm




MOHUTOPUHT: BU3yan3aLUmMAa NepBbixX C/10eB

Hu3Kaa ckopocTb 0byyeHus — dunnbTpbl 340P0OBON CETU
3aWyM/IeHHble PUABLTPDI




