Ilekuunsa 3:

OyHKUMM NOTEPb 1 ONTUMMU3ALIUS

Artem Nikonorov Lecture 3 based on http://cs231n.stanford.edu/



Pacno3HaBaHue 06pa3OBZ OCHOBHasd 3aa4a
MalWNHHOIo 3peHn4A

3afaya: onpeaenuTb Kracc n3obpaxeHus:
{dog, cat, truck, plane, ...}

> cat

This image by Nikita is
license d under CC-BY 2.0
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NMpobnembl pacno3HaBaHUA N300paxXeHUuun

Viewpoint lllumination Deformation

=

Th|5|mége by Umbert;
is licensed under CC-BY 2.0

Clutter Intraclass Variation

S

This image by jonsson is licensed
under CC-BY 2.0

This image is CCO0 1.0 publicdomain

A

This image is CCO0 1.0 publicdomain This image is CCO0 1.0 publicdomain
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BO3MOXHbI

bird
cat
deer
dog
frog
horse
ship

truck
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1-NN classifier
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test
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5-NN classifier




Bo3MoXHbIU BapuaHT. JlnHenHaa knaccmdukayms

f(x,W) = Wx + b

Array of 32x32x3 numbers
(3072 numbers total)

f(x,W) —

T class scores

W

parameters
or weights

Algebraic Viewpoint

f(x,W) = Wx

Stretch pixels into column

] 02 ‘ 05|01 20 | 11 968 | Catscore
- 7234, ! ™| | |
;";— 15 | 13 | 21 00 | —— 4 32 |= | 4979 | Dogscore
[ & j 2 —
o |02s| 02 03 | 42 6195 | Ship score

Input image

W b

Visual Viewpoint

One template
per class

plane ar fard at deer
a0y frog torse ship uck
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10 numbers giving

G

eometric Viewpoin

Hyperplanes
cutting up space

t

Class 1:
1<=L2norm <=2

Class 2:
Everything else

Class 1:
Three modes

Class 2:
Everything else




NHTepnpeTauna NMHENHOIo Knaccudukatopa

airplane . )ﬁ= :'i. Input image

ot i 5 0 B e S :

et BN ] T :

cat I 0 T ot 0 R ! | !
deer .Ea...EE 0.2 | -0.5 15 | 1.3 0 | 25
dog iﬂ*.!ﬁ‘ﬂ = 01 | 20 21 | 00 02 | 03
frg EDIENa®”ESE : : V
horse gy e [ 2 PO PN I 5 TR W b [ 22
Bip E.adu.i-ﬁﬁ Score -9:.8 43t.9 61?95
ruck S BNEN s

horse ship

plane car bird cat deer dog frog truck
i sr .
|
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BbipoxaeHHbIW npumep, 4 nukcena, 3 knacca (cat/dog/ship)

. = . T = .
Algebraic Viewpoint Visual Viewpoint
Input image

s 7251,
f(x,W) = Wx = e
24 327
Stretch pixels into column ‘ ‘
Y
56 0.2 | -05 1.5 1.3 0 .25
N =-90. at scor
> ;23\&* 02 |05/ 01|20 » 14 96.8 | Catscore W
.24 l: 2‘/ 1.5 1.3 241 0.0 = + 32 | =— 437.9 Dog score 01 20 21 00 02 _03
l;;’;‘('image 0 |025| 02 |-03 . 1.2 61.95 | Ship score
W b v v v
b 1.1 3.2 1.2
Score | g8 437.9 61.
95
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[[eomeTpuyeckas MHTepnpeTaLus

f(x,W) = Wx + b

car classifier

\

airplane classifier ’ :
& l

Array of 32x32x3 numbers
(3072 numbers total)

deer classifier

Plot created using Wolfram Cloud Catimage by Nikita is licensed under CC-BY 2.0

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



JIluHenHbIN KNaccudukatop
UTO Ham Hy>XHO:

1. ®yHKuMA notepb loss
function — onpegenser
HACKOMNbKO Mbl HE MpaBbl.

airplane -3.45 =0.51 3.42
automobile =887 .
» 5 05 :_g: z:g 2. TMpoueaypa onTMMU3aLmMK
ot 2.9 _4.22 5 doyHKLNM NOTEpPD.
door 4.48 ~4.19 2.64 (optimization)
dog 8.02 3.58 5.55
frog 3.78 4.49 -4.34
horse 1.06 -4.37 -1.5
ship = -2.09 -4.79
truck -0.72 -2.93 6.14
Catimage by Nikita is licensed under CC-BY 2.0; Car image is CCO 1.0 public domain; Erog image is in the public domain

Score matrix = MaTpuua oueHokK

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



[aHo: 3 npumepa, 3 knacca. C napameTpamu
W n oueHkamn  f(x, W) = Wz

cat 3.2 1.3 2.2
car 5.1 4.9 2.5
frog -1.7 2.0 -3.1

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

loss function tells how good
our current classifier is

Given a dataset of examples
N
{(zs,yi) }iza

Where x; is image and
Y; is (integer) label

Loss over the dataset is a
average of loss over examples:

ZL 377,7 ) yz)



[aHo: 3 npumepa, 3 knacca. C napameTrpamu OyHKUMA notepb (loss)
W 1 OLieHKaMm flz,W) =Wz 3anaeTcs Kak:

[na obyyatowien BbIbopKu

{(377,7%) ol =1

[Oe  X; KapTuHKa
Y; HoMep knacca

cat 3.2 1.3
car 5.1 4.9
frog -1.7 2.0

®yHKUMS NoTepb No BbIGOpKe
3aJaeTcd Kak ycpegHeHue
I'IOTeDb Ha Ka)XIOM NoUMEDE:

ZL .’E@, ) yi)

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Multiclass SVM loss (wapHupHas
[aHo: 3 npumepa, 3 knacca. C napameTrpamu yHKLUMA):

W 1 oLeHKamu f(z,W) =Wz |
“Hinge loss”
Loss

i
/'v 'W.J core for
S correct class

1
cat 3 2 1 3 2 2 f)fr?gre;;nsc;ne?t T~ Margin
o 0 if 8y, 2 85 +1
car 51 49 25 L _J% {sj — 8y, +1 otherwise
frog -1.7 2.0 -3.1 = ) max(0, 85 = sy, +1)
J#Yi

L=xY" 3., max(0, f(z; W); — f(zs; W)y, + 1)

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



HaHo: 3 npumepa, 3 knacca. C napameTpamu
f(xa W) =Wz

W 1 oueHKkamu

cat
car

frog

Losses:

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

3.2
5.1

-1.7
2.9

2.2
2.5
-3.1

Multiclass SVM loss:

SVM loss:

Li =), max(0,s; — sy, +1)

= max(0, 5.1-3.2+1)
+max(0, -1.7 - 3.2 + 1)

= max(0, 2.9) + max(0, -3.9)

=29+0

=29




OaHo: 3 npumepa, 3 knacca. C napameTpamu Multiclass SVM loss:
W 1 oLeHKaMu flz, W) =Wz

SVM loss:

cat
3.2 Jg = Z#yi max(0,s; — sy, + 1)
car 5.1 4.9 2.5 = max(0, 1.3 - 4.9 + 1)
+max(0, 2.0-4.9 +1)
frog -1.7 20 '31 = max(0, -2.6) + max(0, -1.9)
Losses: 2.9 0 :8+O

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



OaHo: 3 npumepa, 3 knacca. C napameTpamu Multiclass SVM loss:
W 1 oLeHKaMu flz, W) =Wz

cat
3.2 1.3 Li =), max(0,s; — sy, +1)
car 5.1 4.9 = max(0, 2.2 - (-3.1) + 1)
+max(0, 2.5-(-3.1) + 1)
frog -1.7 20 -31 = max(0, 6.3) + max(0, 6.6)
Losses: 2.9 0 12.9 : ?f; >0

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



HaHo: 3 npumepa, 3 knacca. C napameTpamu
f(xa W) =Wz

W 1 oueHKkamu

cat 3.2
car 51
frog -1.7
Losses:

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

1.3 2.2
4.9 2.5
2.0 -3.1
0 12.9

Multiclass SVM loss:

Li =), max(0,s; — sy, +1)

Loss over full dataset is average:

1 =N
L= N Zz’zl L;
L=(2.9+0+12.9)/3
=527




B utore, MNHUMYM OOCTUTHYT BO BTOPOM Multiclass SVM loss:

cTonbue matpuubl OUeHOK f(xz, W) = Wz Li =Y 2 max(0, s; — Sy, + 1)
i 3Y; : :

Q1: Yto Oynet ¢ dyHKumMen
noTepb, €CNU OoLEeHKa Ans
MaLUMHKKU YMeHbLWNTb Ha 0.5,

aHa1?

cat 1.3 Q2: min/max 3Ha4yeHus ans
SVM loss L?

car 49 |

frog 20 Q3: Mpwu nHnumanusaun W;; = 0

ms; = 0. Hemy paBHo L, ansa N
Losses: 0 npumepos C knaccoB?

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



MaTtpuua OLeHOK:

the SVM loss has the form:

cat

3.2 1.3 L = Z#yi max(0, s; — sy, + 1)
car 5.1 4.9 2.5 Q4: a uto Oypger,
frog -1.7 2.0 -3.1 eCcrn BKIHoYaTh BCE

Losses: 2.9 0 129  Knaccer?

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/




MaTtpuua OLeHOK:

the SVM loss has the form:

cat

3.2 1.3 Li = )4y max(0,s; — sy, +1)
car 5.1 4.9 2.5 Q5: Yto Gyaert ecnm
frog -1.7 2.0 -3.1 6paTb cpedHee

Losses: 2.9 0 12.9 BMECTO CyMMbI?

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/




MaTpuua OLEHOK:

the SVM loss has the form:

Li =), max(0,s; — sy, +1)

cat 3.2 1.3
car 5.1 4.9

frog -1.7 2.0 -3.1
Losses: 2.9 0 12.9

Q6: a kBagpaTt?

Iy = zﬁéyi max(0, s; — sy, + 1)2

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/




Multiclass SVM Loss: Koa

def L_i vectorized(x, y, W):

scores = W.dot(x) # [First calculate scores
margins = np.maximum(0, scores - scores[y] + 1) # Then calculate the margins s;- s;;+ 1
margins[y] = 0 # only sum jis noty,, so when ] =y, set to zero.

loss i = np.sum(margins) # sum across all j

return loss 1

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



flx, W) =Wx

L= % sz\; Z#yi max (0, f(zs; W); — f(zi; W)y, + 1)

Q7. [Nlyctb W Takoe 4to L =0.
W eanHCTBEHHOE?

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



f(z,W) = Wa
L= % fo\; Zj#yi max (0, f(zs; W); — f(zi; W)y, + 1)

Q7. [Nlyctb W Takoe 4to L =0.
W eanHCTBEHHOE?

Het ganga 2W L=0!
Uto Oyoem genatb?

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Perynapusauus(Regularization)

NZL (zi, W), yi) + AR(W)

N v J W_/
Data loss: owwmbka Regularization: orpaHuyeHue Ha
Krnaccmdounkaumm Beca moaenm

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Perynapusauusa: yem npotile tem nydwle!

f, f
y 2

Y6epem nepeobyyeHue! — bputea Okkama

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Pe rynapum3aunsd \ = rMnepnapamMeTp curbl
perynsapusaumu

NZL (@i, W), 4i) + AR(W)

N v J W_/

Data loss: ownbka Regularization: orpaHuyeHune Ha
Krnaccmdounkaumm Beca Moaenu

Mpumepsbil: Bornee cnoxHbie:

L2 reqularization: R(W) =Y., 3, W2, Dropout

L1 regularization: R(W) =Y, >, |Wk,| Batch normalization

Elastic net (L1 +L2): R(W) =Y., X, W2, + [Wi,| Stochastic depth, fractional pooling

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



PerynﬂpmsauMﬂ(ReguIarization)

N Y J W_/
Data loss: owwmbka Regularization: orpaHuyeHue Ha
Krnaccmdounkaumm Beca moaenm

3ayem 310 genaTtb?
- YkasaTb gon. TpeboBaHus K Becam
- YnpocTuTb Moaenb
- Cpenatb 3agady onTuMmmsaunm dornee BbIMyKon

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



[Tpnmep: TpeboBaHMS K BecaMm

L2 perynapunsauns

v jl’ L1, 1] R(W) — Zk Zl sz,l
w1 = _1, O, O, O] Yrto nyywe ana L2
_ perynapusauum wl nnm
wy = [0.25,0.25,0.25,0.25] "%

7 LS. | ¢
'wla:—'wQ:c—l

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



[Tpnmep: TpeboBaHMS K BecaMm

g L2 perynapusaumsa
v jl’ 111 RW) =2 sz,l
w1 = _1, O, O, O] Yto nyywe ans L2

perynapusauum wl mnu

wy = [0.25,0.25,0.25,0.25] “*°
| SR RS TS L2 perynapusauus gact
oonee rmagkoe

pacrnpenerneHve BeCcoB.

7 LS. | ¢
'wla:—'wzac—l

A kaK Ha cyet L17?

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Softmax
KnaccuukaTop

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Softmax (MynbTMHOMMaNbLHaA norMcTuyeckasa perpeccus)

cat
car

frog

Coenaem 13 OLEHOK BEPOATHOCTMU:

s = f(zi; W)

3.2
5.1
-1.7

exp

HeHopMupoBaHHble HeHopMupoBaHHbIE
BEPOATHOCTU

JIOTUTbI

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

BeposaTtHoctn >=0

24.5
164.0
0.18

PY =kl X=ux;) =<

OyHKUMSA
Softmax

— Zj =

normalize
—_—

BepoaTtHocTu
HOPMMPOBAaHLI K 1

0.13
0.87
0.00

L; = —log P(Y = 4| X = z;)

— L,=-log(0.13)
=2.04

N aTo oueHKka makcumanbHOro
npasgonogoo6us!

BEPOATHOCTU



Softmax (MynbTMHOMMaNbLHaA norMcTuyeckasa perpeccus)

_ Cpenaem 13 OLEHOK BEPOATHOCTMU:

s=flzs W) [PY =kX =) =55

BeposatHoctn >=0  BeposATHOCTHU
HOPMMPOBaHbI K 1

cat 3.2 24.5 0.13 [ cpaewm <—1 7 00

LueepaeHyusi

car 5.1 |—-164.0|™ 0.87 | === | 0.00

frog 1.7 0.18 0.00 | "19=10.00
ZP(y)logPy)

HeHopMupoBaHHble HeHopMupoBaHHbIE BEPOSITHOCTN 5 Y) Correct
NOrnTHl BEPOATHOCTU probs

L; = —log P(Y = 4| X = z;)

©

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Softmax (MynbTMHOMMaNbLHaA norMcTuyeckasa perpeccus)

_ Cpenaem 13 OLEHOK BEPOATHOCTMU:
s= f(zs; W) |P(Y =klX=m) =22 Oy

Y €| Softmax

BeposatHoctn >=0  BeposATHOCTHU
HOPMMPOBaHbI K 1

cat 3.2 24.5 0.13 [ cpaewm <—1 1.00

car 5.1 [—|164.0|"™" 0.87 | kweccommons | 0,00
frog | -1.7 | |0.18 0.00 |, /=~ 10.00

HeHopMupoBaHHble HeHopMupoBaHHbIE BEPOSITHOCTM Correct
NOrnTHl BEPOATHOCTU probs

L; = —log P(Y = 4| X = z;)

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Softmax (MynbTMHOMMaNbLHaA norMcTuyeckasa perpeccus)

Coenaem 13 OLEHOK BEPOATHOCTMU:

s= flzsz; W) [P =klX=2)=

Makcnmunsn pyemM BEPOATHOCTb BEPHOIO
Knacca

Iy = —log PY = 5| X = &)

cat 32
car 51
frog -1.7

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

OyHKUMSA
> €7 Softmax
Bce BmecrTe:
Ly = —log(Z =7 )



Softmax (MynbTMHOMMaNbLHaA norMcTuyeckasa perpeccus)

cat
car

frog

. Caenaem 13 oLeHOK BEPOATHOCTMU:

s= flzs; W) |[PY =kX=g)=

Makcnmunsn pyemM BEPOATHOCTb BEPHOIO
Knacca

Li=—logP(Y =y|X =x;) Li

OyHKUMSA
> €7 Softmax
Bce BmecTe:
= —log(= > o —)

Q1: Kakne min/max 3HadeHusa ana softmax L.?

Q2: NHnymanusupyem S; MPUMEPHO PaBHbLIMMK;
Kakoe 3HaveHue npumert L., ona C knaccos?

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Softmax (MynbTMHOMMaNbLHaA norMcTuyeckasa perpeccus)

cat
car

frog

. Caenaem 13 oLeHOK BEPOATHOCTMU:

s= flzs; W) |[PY =kX=g)=

Makcnmunsn pyemM BEPOATHOCTb BEPHOIO
Knacca

Li=—logP(Y =y|X =x;) Li

OyHKUMSA
> €7 Softmax
Bce BmecTe:
= —log(= > o —)

Q1: Kakne min/max 3HadeHusa ana softmax L.?

Q2: NHnymanusupyem S; MPUMEPHO PaBHbLIMMK;
Kakoe 3HaveHue npumert L., ona C knaccos?

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Softmax vs. SVM hinge loss (SVM)
-2.85
matrix multiply + bias offset max(0, -2.85 - 0.28 + 1) +
—» | 0.86 max(0, 0.86 - 0.28 + 1)
001 | -005 | 0.1 | 0.05 -15 0.0 B
o 1.58
07 | 02 | 005 | 0.16 22 + 0.2
00 |-045| -02 | 0.03 44 )3 cross-entropy loss (Softmax)
-2.85 0.058 0.016
|44 56 b
ex normalize
> | 0.86 _p, 236 |— 5 | 0631 | -109(0:353)
w’& (to sum =
to one) 0.452
0.28 1.32 0.353
Yi | 2

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Softmax vs. SVM

L; = —log( ZSZ] ) Li = )., max(0,s; — sy, +1)
OLEeHKU: Q1: Nocuntamte PyHKUUIO ]
:10, 2. 3] notepb Anga SVM un Softmax”.
:10’ 9, 9] Q2: a ecnu OLEHKY aAns

10, -100, '100] HyreBoro knacca yesennymtb ¢ 10

and |y, =0 0o 207

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Recap How do we find the best W?

- We have some dataset of (x,y)

e.g.

- We have a score function: s = f(z; W) = Wz

- We have a loss function:

Softmax

Ly =~1
og(z eJ) SVM
Li = ). ,., max(0,s; — sy, +1)

% Zf\il L;i + R(W) Fullloss

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

regularization loss

score function u —

= f(:B,',W)

data loss

:L‘




OnTnuMmnsaums

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/




Strategy #1: l'noxasa noes: Random search

bestloss = float("inf")
for num in xrange(1000):
W = np.random.randn(10, 3073) * 0.0001
loss = L(X train, Y train, W)
if loss < bestloss: # kegy
bestloss = loss
bestW = W
print 'in attempt %d the loss was %f, best %f' % (num, loss, bestloss)

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



[lpoBepuM Ha TecTe...

scores = Wbest.dot(Xte cols) # I
Yte predict = np.argmax(scores, axis = 0)
np.mean(Yte predict == Yte)

15.5% accuracy! not bad!
(SOTA is ~99.3%)

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Strategy #2: BHU3 N0 CKMNOHY

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



CkansapHbIn cny4yanm - Npon3BoaHas:

dx h —0

flz+h) - fz)
h

B BEKTOPHOM Clly4Hae — rpaguenHT, HaM Hago AT B HalrpaBJ1i€EHUN
dHTUrpaguneHTa

Kak ero bpatb?

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



YucneHHbIN rpaaneHT(NNoxas naesn) _

current W: W + h (first dim): gradient dW.
[0.34, [0.34 + 0.0001, [-2.5,

-1.11, -1.11, ?,

0.78, 0.78, ?, \
0.12, 0.12, (1.25322 - 1.25347)/0.0001
0.55, 0.55, =-2.5

2.81, 2.81, ifz) _ fz+h)- @
-3.1, -3.1, e ho h
-1.5, -1.5, 7,

0.33,...] 0.33,...] ?,...]

loss 1.25347 loss 1.25322

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



current W: W + h (second dim): gradient dW:
[0.34, [0.34, [-2.5,

-1.11, -1.11 + 0.0001, 0.6,

0.78, 0.78, ?, \

0.12, 0.12, ?,

0.55, 0.55, (1.25353 - 1.25347)/0.0001
2.81, 2.81, =0.6

-3.1, -3.1, df(z) _ . flz+h) - f()
-1.5, -1.5, £
0.33,...] 0.33,...] ?,...]

loss 1.25347 | loss 1.25353
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current W: W + h (third dim): gradient dW:
0.34, 0.34, [-2.5,

-1.11, -1.11, 0.6

0.78, 0.78 + 0.0001, 0

0.12, 0.12, 2 \

0.55, 0.55, -

281, 281, (:1625347 - 1.25347)/0.0001
3.4 3.4 if@) _ . fle+h) - @)
-1.5, -1.5, G = ih B
0.33,...] 0.33,...] —

loss 1.25347 | loss 1.25347
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Bce npocTo, BoO3bMeM rpaaneHT no W.
L= ‘]%251113?3 +Zka2

Li =), max(0,s; — sy, +1)

s=f(z; W) =Wg

want VL

Use calculus to compute an
analytic gradient

Thisimage is in the publicdomain Thisimage is in the publicdomain

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



current W:

[0.34,

-1.11,

0.78,

0.12,

0.55,

2.81,

-3.1,

-1.5,

0.33,...]

loss 1.25347

dw = ...
(Hekas
doyHKUMNSA OT

OaHHbIX JAVV)\

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

gradient dW.

[-2.5,
0.6,

0,

0.2,
0.7,
-0.5,
1.1,
1.3,
2.1,..]



B utore:

- YncneHHbIn rpagueHT MeaneHHbIn, NPUoNMXeHHbIN, HO NPOCTON B
peanusaumu

- AHanNUTUYECKUW rpagueHT: TOUHbIN, BbICTPbLIN, MOXKHO OLLNOUTBLCS!

=>

Ha npakTtuke: lcnonb3yem aHannutuideckum rpagueHT
HO CBEPSIEM C YMCNEHHbIM - gradient check.
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Gradient Descent /
[ pagUEeHTHbIN CMYyCK

while
weights grad = evaluate gradient(loss_fun, data, weights)
weights += - step size * weights grad # perf : e
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Beca W

o

dHTUrpaanenHT
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Stochastic Gradient Descent (SGD)

| N MonHaga cymma
LW)= = L.z, vy;, W) + \R(W oYeHb bonblias
W) N ; (i s W - BT npvt GOmMbLLOM
N obbeme aaHHbIX!

N
1
VwL(W) =~ > VwLi(zi,yi, W) + AV R(W)

=1

cnonb3yem
YaCTUYHbIEK CyMMbI -
minibatch no

32 /64 /128 crtpok

while
data batch = sample training data(data, 256) . amp.
weights grad = evaluate gradient(loss fun, data batch, weights)
weights += - step size * weights grad # perfor meter '
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[lanbuie:

BbluncnntenbHble rpadobl
HENUPOHHbIX CETEN

Backpropagation
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