Jlekunsa 4:
HeunpoHHble ceTn n obpartHoe
pacnpocTpaHeHne OLINOKN

Artem Nikonorov Lecture 4 Based on http://cs231n.stanford.edu/



HanoMmHum...

S = f(ZE, W) — Waxr OueHKM NMHeNHOoro Knaccudunkaropa

LZ- s Z maX(O, Sj — Sy, e 1) SVM loss (nnu softmax)
J#Yi

N
1
Ly = N E L; + A E WkQ data loss + regularization
i— k

Kak Hantu W? Vurds

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



[Tonck W: rpagneHTHbIN CNyCK

# Vanilla Gradient Descent

while True:
weights grad = evaluate gradient(loss_fun, data, weights)
Landscape image is CCO 1.0 public domain weights += - step size * weights grad # perform parameter update

Walking man image_is CCO 1.0 public domain

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


http://maxpixel.freegreatpicture.com/Mountains-Valleys-Landscape-Hills-Grass-Green-699369
https://creativecommons.org/publicdomain/zero/1.0/
http://www.publicdomainpictures.net/view-image.php?image=139314&picture=walking-man
https://creativecommons.org/publicdomain/zero/1.0/

[ pagQuUeHTHbIN CnyCK

df(@) _ . fl@+h)-f(a

dx h —0 h

- YncneHHbIn rpagueHT MeasieHHbIN, NPUBIMKEHHbIN, HO MPOCTON B
peanusaumu

- AHanMTUYECKUW rpagueHT: TOYHbIW, BbICTPLIN, MOXHO OLLIMBUTLCA!

=>

Ha npakTtuke: lcnonb3yem aHannutuyeckum rpagueHT
HO CBepdeM C YMCNeHHbIM - gradient check.

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



[Tpobnema: JInHenHasa knaccndukaums He
O4YeHb xopoLla...
Visual Viewpoint Geometric Viewpoint

y
t&* " o .

JInHenHbIN KNnaccmndurkaTop
genaet no ogHoMmy LabroHy Ha
Kriacc

JInHenHbIN KNnaccndpmkaTop
TpebyeT NMHENHON
pas3geniMMoCcTy KraccoB

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



ConocTtaBneHue ¢ WwabroHOM — MNJ1I0X0
[Ipn3HakamMu BbICTYMAKT NMUKCENbI. ..

OueHku
» AN
KnaccoB

f(x) = WX

plane car bird cat deer
dog frog horse ship truck
3

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



BbigeneHne npnusHakoB U3
n3obpaxeHust — ny4ue!

f(x) = WX

—_—> HHDHHDHDH Hun il Hﬂnuﬂnﬂﬂuuﬂnuﬂ S Class

O 8]
e scores
[1pocTpaHCTBO NpU3HaKoB

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



[lpn3HakoBoOe npeactaBreHne

o y
® i °
* s . f(x, y) = (r(x, y), 8(x, y))
e L J ®
X o
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JInHenHo
Hepasgenmuble
Knacchbl
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[Tpmep BblOoeneHns Npu3HaKoB:
LBETOBbIE MTMCTOrPamMmbl

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



[Mpumep: Histogram of Oriented Gradients (HoG)

[Mpumep: 320x240 nukcenos
nogenunu Ha 40x30 obnacTewn; B
Ka)kgowm obnactu 9 3aHayeHun

Pa3obbeM Ha obnacTtu 8x8 nukcenos
B kaxgom pernoHe nogcymntaem 9

HanpasneHui rpagueHTa
rpagueHTa pasmep BekTopa

Lowe, “Object recognition from local scale-invariant features”, ICCV 1999 I'IpI/I3HaKOB 30*40*9 = 10 800 BMEeCTO
Dalal and Triggs, "Histograms of oriented gradients for human detection,” CVPR 2005
320*240*3 = 230 400

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



[Mpnmep: Ounetpbl [abopa
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Mpumepbl bunsTpos Mabopa MpumeHeHne cunsTpos Mabopa
pasHbIX Pa3MepOB ¥ OpUeHTaLWiA

Gabor, D. 1946. Theory of communication. J. Inst. Electr. Eng., 93:429-457



[Tpnmep: BU3yanbHoe koanposaHue (bag of words)

upyem crnioBapb

1.
/i v KnacTtepuayem - ...‘

rnaTym 4ToObI

Bbiaensem cnyvanHble r “ad MOCTPOUTS
bparmMeHTbI (NaT4m) , «CrnoBapb»
= 2] :
N
N

Fei-Fei and Perona, “A bayesian hierarchical model for learning natural scene categories”, CVPR 2005




Image Features




Image features vs ConvNets

f

- —
Feature Extraction 10 OLEHOK AN

KiaccoB

e
training

Krizhevsky, Sutskever, and Hinton, “Imagenet
classification with deep convolutional neural
networks”, NIPS 2012.

Figure copyright Krizhevsky, Sutskever, and Hinton,
2012. Reproduced with permission.

>

10 oueHok Ans
Knaccos

training

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



One Solution: Feature Transformation

it f(x, y) = (r(x, y), 8(x, ¥)) ° o
o. L ° > : K
_— -.‘. *e Bbloensiem npuaHaku, notom o %
°. " e°* BbINOMHsiEM KnaccucukaLmio S .
Color Histogram Histogram of Oriented Gradients (HoG)

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



HenpoHHbIe ceTn



HenpoHHbIe ceTu

(BbINO) NUHeHas oueHkKa: f=Waeg

(Ctano) 2-cnosa HC f = Wymax(0, W;z)

& C RD, Wy € RHXD, Wo € RC *H

“HenpoHHble ceTn” obLwmnm TEPMUH; 3TU CETU Ha3bIBAIOT NOMTHOCBSA3HbLIMM
“fully-connected networks” nnn “multi-layer perceptrons” (MLP)

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



HenpoHHbIe ceTu
(BbINO) NMHeNHagqa oueHka:

(Ctano) 2-cnosa HC

3072

h

100

W2

S

10

f= W
f —_— Wz max(O, W1:IJ)

& B2, Wy & RESP I & REEE

plane car bird cat deer dog frog horse ship : h'uck_
| W T

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

100 wabnoHoB BMmecTo 10

OObwwme WwabnoHbl ANsa Knaccos



HenpoHHbIe ceTu
(BbINO) NMHENHas OLEeHKa: F =

(Ctano) 2-cnoa HC f

®dyHKuma max(0,z) Ha3biBaeTcHA PYHKLUSA aKTUBaLUM.

Q: uto byaget ecnu ee ybpartb?

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

Wz

max|(0,

Wiz)



HenpoHHbIe ceTu
(BbINo) NnHenHasa oueHka: f — W

(Ctano) 2-cnoa HC f = W maX(O, WlfB)

®dyHKuma max(0,z) Ha3biBaeTcHA PYHKLUSA aKTUBaLUM.

Q: uto byaget ecnu ee ybpaTtb?

[ =WaelWiz W3 = WoWy ERCXH,f:Wgat

A: onaTb NONy4YmMMm NIMHENHbLIN KnaccudomkaTop!

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



RelLU BbIOOp no
OyHKUUKN akTUBaLUK yMomuaHMIo

Sigmoid 1 Leaky ReL U m
_ 1 max (0.1, x)
O-('/L.) T 14e—=
0 Rre—el

tanh V Maxout

ta,nh(ac') = ﬂ . max(w{ z + by, wd x + by)

RelLU ELU
max(0, z) ; ey T2 m

-10 = 10

10

Rectified Linear Unit

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



PRelLU - Parametric ReLU

www.cv-foundation.org > He . v FoF TepeBecTH 3Ty CTPaHMLY

Delving Deep into Rectifiers: Surpassing Human-Level ...
Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet
Classification. Kaiming He. Xiangyu Zhang. Shaoging Ren. Jian Sun.

agTop: K He 2015 - UMTupyeTca: 9211 - Moxoxue cTaTbh

fy=oo0zy

CpaBHuTe C untTnpyemocTbio pabot Konmoroposa n LInbeHko

link.springer.com » article - MNepeBecTH 3Ty CTPEHULY

Approximation by superpositions of a sigmoidal function ...

Jones, Constructive approximations for neural networks by sigmoidal functions, Technical
Report Series, No. 7, Department of Mathematics, University of Lowell, ...

aeTop: G Cybenko - 1989 - Lutupyetca: 13151 - MoxoxMe CTATbM

www.mathnet.nu » dan22050- MepesecTH 3TV CTPAHWLY
A. N. Kolmogorov, “On the representation of continuous ...

2n+1 n

On the representation of continuous functions of many variables by superposition of W e . — : 4 .

ne rep ; : > y y superp Iz, he O B E g,(E (.),,(.l,))
continuous functions of one variable and addition A. N. Kolmogorov Full text: ... i=1 > ' )

agTop: AN Kolmogorow - 1957 - LIMTUPYeTCA: 1194 - TOX0MHE CTaThH
Kolmogorov's Theorem (1957)

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



HenpoHHLIe CeTU: apXUTeKTypa

output layer

J

Cé‘
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KAK
AN
&

tput layer

A‘
o

input layer input layer
hidden layer hidden layer 1 hidden layer 2
u2_|ayer NeUI’a| Net”, OI' “3'Iayer NGUI’G' Net”, Or
“4-hidden-layer Neural Net” 2-hidden-layer Neural Net
[1ByxcrnonHasa ceTb, “Fully-connected” layers — nosiIHOCBA3HbIE CNOU

CeTb C OQHUM CKPbITbIM
crioemMm

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



[Mpumep: npsamon npoxoa HC (forward pass)

R

S )
e’

tput layer

hidden layer 1 hidden layer 2

Y
@

input layer

F o~ 1 ~r - - - T P ~rrra ] 1ot us ~br
orwarda-pass ot a 3-layer neural network.

1.0/(1.0 + np.exp(=x)) # activation function (use sigmoid)
np.random.randn(3, 1) # random input vector of three numbers (3x1)

1 =f(np.dot(Wl, x) + bl) # calculate first hidden layer activations (4xl)

2 = f(np.dot(W2, hl) + b2) # calculate second hidden layer activations (4x1)

out = np.dot(W3, h2) + b3 # output neuron (1x1)

nn -
25K
O =
82 0
o
o
Q
b

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



Peannsauyusa oby4vyeHusa aByxcrionHon cetn ~20 CTPOYex:

import numpy as np
from numpy.random import randn

N, D_in, H, D_out = 64, 1000, 100, 10
X, y = randn(N, D_in), randn(N, D_out)
wl, w2 = randn(D_in, H), randn(H, D_out)

for t in range(2000):
h=1/ (1+ np.exp(-x.dot(wl)))
y_pred = h.dot(w2)
loss = np.square(y_pred — y).sum()
print(t, loss)

[Mpamon npoxoa

grad_y_pred = 2.0 * (y_pred - y) PacueTt rpagueHTa

grad_w2 = h.T.dot(grad_y_pred) (O6paTHb”;1 npoxoﬂ)
grad_h = grad_y_pred.dot(w2.T)

grad_wl = x.T.dot(grad_h * h x (1 - h))

wl —= le-4 % grad_wl O6HoBNeHNe BeCcoOB
w2 —= le-4 x grad_w2

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



Peannsauyusa oby4vyeHusa asyxcrionHon cetn ~20 CTpoYex:

import numpy as np
from numpy.random import randn

N, D_in, H, D_out = 64, 1000, 100, 10
X, y = randn(N, D_in), randn(N, D_out) OnpenenMM CeTb.
wl, w2 = randn(D_in, H), randn(H, D_out) X y_ BXOA, 1 BbIX0OA
7
wl, w2 — maTpuLbl BECOB

for t in range(2000):
h=1/ (1+ np.exp(-x.dot(wl)))
y_pred = h.dot(w2)
loss = np.square(y_pred — y).sum()
print(t, loss)

grad_y_pred = 2.0 x (y_pred - y)
grad_w2 = h.T.dot(grad_y_pred)

grad_h = grad_y_pred.dot(w2.T)

grad_wl = x.T.dot(grad_h *x h x (1 - h))

wl —= le-4 x grad_wl
w2 —= le-4 x grad_w2

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



Peannsauyusa oby4vyeHusa asyxcrionHon cetn ~20 CTpoYex:

import numpy as np
from numpy.random import randn

N, D_in, H, D_out = 64, 1000, 100, 10
X, y = randn(N, D_in), randn(N, D_out)
wl, w2 = randn(D_in, H), randn(H, D_out)

for t in range(2000):
h=1/ (1+ np.exp(-x.dot(wl)))
y_pred = h.dot(w2)
loss = np.square(y_pred — y).sum()

print(t, loss)

grad_y_pred = 2.0 x (y_pred - y)
grad_w2 = h.T.dot(grad_y_pred)

grad_h = grad_y_pred.dot(w2.T)

grad_wl = x.T.dot(grad_h *x h x (1 - h))

wl —= le-4 x grad_wl
w2 —= le-4 x grad_w2

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

OnpepeneHne cetn

Mpamon npoxopa (forward pass)

CvurmounganbHas akTuBaums
sigmoid activation function

l+e™*



Peannsauyusa oby4vyeHusa asyxcrionHon cetn ~20 CTpoYex:

import numpy as np
from numpy.random import randn

N, D_in, H, D_out = 64, 1000, 100, 10
x, y = randn(N, D_in), randn(N, D_out) OnpepeneHne cetu
wl, w2 = randn(D_in, H), randn(H, D_out)

for t in range(2000):
h=1/ (1+ np.exp(-x.dot(wl)))
y_pred = h.dot(w2) Forward pass
loss = np.square(y_pred — y).sum()
print(t, loss)

grad_y_pred = 2.0 x (y_pred - y)
grad_w2 = h.T.dot(grad_y_pred)

grad_h = grad_y_pred.dot(w2.T)

grad_wl = x.T.dot(grad_h *x h x (1 - h))

e et et do(@)  e* <1+e—w N 1) ( 1 _2) (1 o{e))ola)

w2 —= le-4 x grad_w2 dz (1 + e—l‘)2 1467

AHanMqueCKMMpacqurpanmeHTa

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



Peannsauyusa oby4vyeHusa asyxcrionHon cetn ~20 CTpoYex:

import numpy as np
from numpy.random import randn

N, D_in, H, D_out = 64, 1000, 100, 10
X, y = randn(N, D_in), randn(N, D_out)
wl, w2 = randn(D_in, H), randn(H, D_out)

for t in range(2000):
h=1/ (1+ np.exp(-x.dot(wl)))
y_pred = h.dot(w2)
loss = np.square(y_pred — y).sum()
print(t, loss)

grad_y_pred = 2.0 x (y_pred - y)
grad_w2 = h.T.dot(grad_y_pred)

grad_h = grad_y_pred.dot(w2.T)

grad_wl = x.T.dot(grad_h *x h x (1 - h))

wl —= le-4 x grad_wl
w2 —= le-4 x grad_w2

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

OnpepeneHne cetn

Forward pass

AHanMTU4eCKNN pacyeT rpagmeHTa

[PagueHTHbIN cryck
Gradient descent



Pa3mep 1 4yncno cnoes

3 hidden neurons | 6 hidde neurons | 20 hidd neurons

bonblue HeMPOHOB TOYHEE

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



Perynspusauuns:

A =0.001

N

(Oemo ConvNetJS: _ b

http://cs.stanford.edu/people/karpathy/convnetis/demo L (W) - N Z L; (f (wi’ W)’ y%) i )‘R(W)
i=1

[classify2d.html)

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


http://cs.stanford.edu/people/karpathy/convnetjs/demo/classify2d.html
http://cs.stanford.edu/people/karpathy/convnetjs/demo/classify2d.html

AHanorma ¢ Mo3rom

This image by Fotis Bobolas is
licensed under CC-BY 2.0

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


https://www.flickr.com/photos/fbobolas/3822222947
https://www.flickr.com/photos/fbobolas
https://creativecommons.org/licenses/by/2.0/

Nmnynbcbl B SAPO KNETKM

\ neHopvT
CwuHancHas

CBA3b

Anp
KNeTKn

Nmnynbcbl M3 agpa
KNeTKu

Zo wo
>@ synapse
axon from a neuron i

This image by Felipe Perucho
is licensed under CC-BY 3.0

woT o

1.0
cell body f Zw'w‘“’

0.8 wlwl i g

> w;z; + b >
0.6 Z: i output axon
0.4 CI/IFMOI/ILI,aJ'IbHaFl akKTmnBauud activation
" 1 WoTo function
- l+e™™

-10 -5 0 5 10

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


https://thenounproject.com/term/neuron/214105/
https://creativecommons.org/licenses/by/3.0/us/

NckycctBeHHas HC:

Buonornyeckne HEMPOHBLI:
Cno)XxHas CBA3HOCTb

crnnonctasd opraHn3auud

£
D

Ne

A

.\;“v\
o

output layer

O

oy
A

|
[}
>
£
pr—)
=
L
£

hidden layer 2

hidden layer 1

This image is CCO Public Domain

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


https://www.maxpixel.net/Brain-Structure-Neurons-Brain-Network-Brain-Cells-582052
https://creativecommons.org/publicdomain/zero/1.0/deed.en

buonornyeckne HENPOHDI: NckycctBeHHas HC:
CroxHasi cCBA3HOCTb CnyyainHasi CBA3HOCTb TOXe paboTaert!

This image is CCO Public Domain

Xie et al, “Exploring Randomly Wired Neural Networks for Image Recognition”, arXiv 2019

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


https://www.maxpixel.net/Brain-Structure-Neurons-Brain-Network-Brain-Cells-582052
https://creativecommons.org/publicdomain/zero/1.0/deed.en

Henpobuonornyeckme aHanormm He paboratoT!

Buonornyeckme HeMpPOHbLI:
e PasHble TMNbLI HEMPOHOB, UMMYIbCHas akTusayus!
e Bo3moxHa HennHenHast CBA3HOCTb B AeHApuTax
e CuHancbkl He NPOCTO BEC, a CII0XKHAs HENMUHENHOCTb

[Dendritic Computation. London and Hausser]

Michael Jordan: Well, I want to be a little careful here. I think it’s
important to distinguish two areas where the word neural is currently being
used.

One of them is in deep learning. And there, each “neuron” is really a cartoon.

https://spectrum.ieee.org/artificial-intelligence/machine-learning/machinelearning-maestro-michael-jordan-o
n-the-delusions-of-big-data-and-other-huge-engineering-efforts

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



["naBHbIN BOMPOC: KaK cYMTaTb rpagueHTbl?

s = f(x; Wy, Ws) = Woymax(0, Wix) HenuHeliHas oLeHka
Le = Z max(0,s; — sy, + 1) ®dyHKuMsa notepb: SVM Loss

JFYi
R(W) = Z W7 Perynspusauus
k

N
1
I, — 7 Z L; + AR(W1) + AR(W,) WToro: dyHKumMSA noTepb+perynspusaums
i=1
oL 0L

Ecnn moxem nocyntaTb , TO Moxem Hautn W, uWw,
oW1 OWs

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



(Mnoxoe) pelueHne: BbiIBECTU Ha bDymare V 7 L

s= flz; W) =Wz Mpobnema: MoXHo owmbunTbCA
Li= > max(0,s; = sy, +1) Mpo6nema: a 4To €C/N YTO TO
i nomeHsieTca? Hanpvmep Mbl
= Z max(0, Wy, - & + Wy, -z +1) 3axoTenm codptmakc? Bee
47 nepecunTbiBaTh? A ecnu elle
1 717
L3 OJVH COA”
L= N - i A Z W2 A

NMpobGnema: He peannayemo
Ansa 6onbLlIMX Moaenen ¢
OVHaMn4eckum onpeaeneHmnem!

uMz ||Mz

ZIH

Z max(0, W, -z + Wy, .- x+1) + XY W}
Y

1
VwL =V NZ > max(0, W, -z + Wy, x+1)+A> W
i=1 jAy; k

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



PelweHune: BeluncnurtenoHble rpadbl + Backpropagation

f: We| |Li =), max(0,s; — sy, +1)

@ s (scores)

; @ |

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



Convolutional network
(AlexNet)

Input image

weights

loss

Figure copyright Alex Krizhevsky, llya Sutskever,
and Geoffrey Hinton, 2012. Reproduced with
permission.

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



Neural Turing Machine

Input image

loss

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

\.,

Figure reproduced with permission from a Twitter post by Andrej Karpathy.



https://twitter.com/karpathy/status/597631909930242048?lang=en

PeweHune: Backpropagation
ObpaTHoe pacnpocTpaHeHne OLLNDKK



Backpropagation: npumep

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

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



Backpropagation: npumep

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

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




Backpropagation: npumep

flz,y,2) = (z +y)z
[lyctbx=-2,y=5,z=-4

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

f(z,y,2) = (z +y)z
e.g.Xx=-2,y=5,z=-4

) P

£ )82
y 9
z 4

f

e
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Backpropagation: npumep

f(a:,y,z) o (:E _'_y)z

[lyctbx=-2,y=5,z=-4

dq

f

e

q=z+Yy am—lay 1
of of
f=gz ALY A
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Backpropagation: npumep

f(z,y,2) = (z +y)z
[lyctbx=-2,y=5,z=-4

f

e

_ 9 _ . 0q _
qg=+Y %—1,@—1
of of
f=qz 0= %3 =4
of Of Of
em:

oz ? Gy 0z
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Backpropagation: npumep

f(z,y,2) = (z +y)z
[lyctbx=-2,y=5,z=-4

wem: 5.5 3y Bz
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_ o . 0q
of of
f:qz a—q:z’az
of of Of

) P
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[
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Backpropagation: npumep

f(z,y,2) = (z +y)z
e.g.Xx=-2,y=5,z=-4

_ d _ , 9q¢
qg=+Y %—1,@—1
of of
f=qz 0= %3 =4
of Oof Of

Want: Pz Ty Be

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



Backpropagation: npumep

f(z,y,2) = (z +y)z
[lyctbx=-2,y=5,z=-4

) P

£ )82
y 9
z 4

=12

wem: 5.5 3y Bz
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Backpropagation: npumep

f(z,y,2) = (z +y)z
[lyctbx=-2,y=5,z=-4

) P

£ )82
y 9
z 4

=12

Iem: 5.5 3y 2
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Backpropagation: npumep

f(z,y,2) = (z +y)z
[lyctbx=-2,y=5,z=-4

_ o . 0q
of of
f:qz 8_q:z’5:
of of Of

wem: 5.5 3y Bz
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Backpropagation: npumep

f(z,y,2) = (z +y)z
[lyctbx=-2,y=5,z=-4

_ o . 0q
of of
f:qz 8_q:z’5:
of of Of

wem: 5.5 3y Bz

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



Backpropagation: npumep

f(z,y,2) = (¢ + y)z
[lyctbx=-2,y=5,2z=-4

_ dg _ . O0q __
q—=T+Y g—l,%—l
of of
f=qz 0= %3 =4
. af of of
Mwem: 375 3y a2

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

Chain rule: Oy
of _ 9f oq
0y  0q Oy

el

\
Upstream Local
gradient gradient

[MponsBoaHasa CrioXXHOM PYHKL MU
JlokanbHble 1 BoCxogsaLwme rpagneHThbl



Backpropagation: npumep

f(z,y,2) = (x +y)z
[lyctbx=-2,y=5,z2=-4

_ 9 . 0q
of of
f=qz 0= %3 =4
. af of oF
Mwem: 375 3y a2

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

Chain rule: Oy
of _ 9f oq
0y  0q Oy

el

\
Upstream Local
gradient gradient

[MponsBoaHasa CrioXXHOM PYHKL MU
JlokanbHble 1 BoCxogsaLwme rpagneHThbl



Backpropagation: npumep

f(:l?,y,Z) = (£U+y)z
[lyctbx=-2,y=5,2z=-4

_ dq oqg
q=+Y B = 1, e 1

- of _ , of _ Chain rule: O
f_qz Bq—z’(?z—q O_f_a_f@
Y . Oof of of or  Oq Oz

LL'leM. &U , 8y ; az Upstre/a'm Lo‘?:al

gradient gradient

[MponsBoaHasa CrioXXHOM PYHKL MU
A.B. HukoHopoB, ocHoBaHoO Ha kypce http://cs231n.stanford.edu/ ”OKaanble n BOCXoAALME rpa,l:l,VIeHTbI




Backpropagation: npumep

f(z,y,2) = (¢ + y)z
[lyctbx=-2,y=5,2z=-4

B of of Chain rule: Oz
f=gqz 9~ o 1 of _ of 9
i O O 0 L

LLEM. (')y’ Oz Upstre/a:m Lob?:al

gradient gradient

[MponsBoaHasa CrioXXHOM PYHKL MU
A.B. HukoHopoB, ocHoBaHoO Ha kypce http://cs231n.stanford.edu/ ”OKaanble n BOCXoAALME rpa,l:l,VIeHTbI




“local gradient”

JlokanbHbIV rpagueHT

= ca% z
(13 '2'
Downstream f
gradients” -
Hucxooawmm rpagneHT @

0z

Y

- az . b}
gradient
Bexogawmim rpaguenHT

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




Another example:

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

1

1+e

—(wpzo+wi 1 +ws)

df .
%—6
df_
dr




1

Another example:

w0 2.00

1+e —(wpzo+wi 1 +ws)

100 /43 _-1.00 0.37 137 073
flz)=e —* T f(a:):E %——l/m
d
fo(z) = az — d—iza fi(®) =642 — %_1

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




1

l+e —(wozg+wiz1+ws)

Another example: flw,z) =

w0 2.00

Upstream Local
gradient  gradient
~ 7 1
1.00
( ) 1.372

)= —0.53

1.00 @ -1.00 @ 0.37 @ 1387 /17)(\ 0.73
N N /|08 \J 100

d
L o = fla) =3 ~ 4 -
folz) =z o Z_i:“ flx)=c+z — %:1

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



1
f(w?m) = 1 + e—(u'0x0+w1$1+w2)

Another example:

w0 2.00

1.00 @ -1.00 @ 0.37 @ _70.3573 @ 0.73

fla)=e* - T | -1 R Bt
fo(z) =az — Z—;::a fe) =g+ — %:1
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1
f(w?m) = 1 + e—(u'0x0+w1$1+w2)

Another example:

w0 2.00

Upstream Local

gradient  gradient
~

(—0.53)(1) = —0.53

1.00 @ -1.00 @ _%3573 @ _70.3573 @ 0.73

fla)=e* - T | -1 R Bt
fo(z) =az — Z—;::a fe) =g+ — %:1

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




1

Another example: flw,z) =

w0 2.00

1.00

1+e

—(wpzo+wi 1 +ws)

z af _ .
Flig)= e — ==
f.(x) =ar - Z—i:a

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




1

l+e —(wozg+wiz1+ws)

Another example: flw,z) =

w0 2.00

Upstream Local

gradient  gradient
~ /

(—0.53)(e™) = —0.20

100 A\ ]100 2N 037 |70 137 /17)(\ 0.73
\_“ | 020 @ 053 N_/ 053 \' 1.00

fla)=e* - Toe|| -1 R Bt
fo(z) =az — Z—;::a fe) =g+ — %:1

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



1

Another example: flw,z) =

w0 2.00

1+e

—(wpzo+wi 1 +ws)

z af _ .
Flig)= e — ==
f.(x) =ar - Z—i:a
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1

Another example: flw,z) =

1+e —(wpzo+wi 1 +ws)

w0 2.00

Upstream Local

gradient  gradient
~

(—0.20)(—1) = 0.20

x0 -1.
4.00
w1 -3.00

1.00 @ -1.00 @ 0.37 @ 1.37 @ 0.73

x1 - 020 \_/ 020 [\ 053 \_/ -053 \_ 100
w2 -
flz)=e = o= e flz)=— - —=-1/z
d d
fo(z) = az — d—iza fi(®) =642 s é_l

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



1

1+e —(wpzo+wi 1 +ws)

Another example: flw,z) =

w0 2.00

4.00
1 % -1.00 0.37 1.37 0.73
028 @ 020 @ 053 @ 0,53 @ 1.00
w2 -3.00 //
flz)=e = o= e flz)=— - —=-1/z
d
fo(z) = az — d—iza fi(®) =642 s %:1

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



1

Another example:

f(w,m) =

1+e

—(wpzo+wi 1 +ws)

[upstream gradient] x [local gradient]
[0.2] x[1] = 0.2
[0.2] x [1] = 0.2 (both inputs!)

100| 4 -1.00 0.37 1.37 0.73
0.20 @ 0.20 @ 053 @ 0.53 @ 1.00
w2 -3.00 //
0.20
i df T - 1 df 2
Flig)= e - 7 f(a:):; oy %__1/33
d

fo(z) = az — d—iza fi(®) =642 o %_1

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



Another example: flw,z) = -

1+e —(wpzo+wi 1 +ws)

w0 2.00
2.00
x0 -1.00 e
w1 -3.00
1.00 47\ -1.00 @ 037 T\ 137 A 073
x1 -2.00 B0 A\ AW X0 BE NS aE N 1

w2 -3.00

0.20

f(@) = = L=e f@) =<

fo(z) = az - o fe()

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



Another example:

w0 2.00
-0.20
-2.00
0.20
x0 -1.00
0.40
wl -3.00

x1 -2.00

w2 -3.00
0.20

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

fw,z) =

1

e —(wozg+wiz1+ws)

[upstream gradient] x [local gradient]
wO: [0.2] x [-1] =-0.2
xX0:[0.2] x[2] =0.4

@ 2100 /2 N\ 037 fl\ 137 /7,0\ 073

df .
%—6
df_
dr

020 X5\ 0 @ 1.00



Another example: f(w,z) = 1 Bbl‘—IVICJ'II/ITeJ'IbeIl\/\:I rpacp
- 1 + e~ (wozo+wizy+wy) HE €OWUHCTBEHHbIN, U
MOXeT ObITb ynpoLueH!
. Sigmoid 1
function |7(%) =

—
X0 -1.00 1-|—8
100 | /% 1) -100 @ 037 137 U073
x1 -2.00 020 | \_/ 020 U 053 \_J 05 | 100
w2 -3.00
0.20

Sigmoid local  do(z) e (1+e—w—1> ( 1 )
gradient: dx (1+e—x)2 1-be % 1+e*

(1—o(z))o(z)

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



Another examp|e- f(w :z:) = 1 BbluncnutensHbin rpad
. ’ 1+ e —(wozg+wiz1+ws) HEe edUHCTBEHHbIN, U

MOXeT ObITb ynpoLueH!
= Sigmoid 1
function |2(®) =

-z
x0 -1.00 lte
3, i i
e Sigmoid
100 | /% 1) -100 @ 037 137 U073
x1 -2.00 020 | \_/ 020 Y 053 \_J 053 1.00
w2 -3.00

020 [upstream gradient] x [local gradient]
[1.00] x [(1 - 1/(1+eh) (1/(1+eh))] = 0.2

Sigmoid local do(z) e *  [(l14+e* -1 1 s
gradient: dr (1+e2)? - 1te = ixez)" (1—o(z))o(z)

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



Another examp|e- f(w :z:) = 1 BbluncnutensHbin rpad
. ’ 1+ e —(wozo+wizi+ws) HEe edUHCTBEHHbIN, U

MOXeT ObITb ynpoLueH!
= Sigmoid 1
function () =

x0 -1.00 1 + e—l‘
— Sigmoid
20 D R ae C) aern G ey (B,
" [upstream gradient] x [local gradient]
[1.00] x [(1 - 0.73) (0.73)] = 0.2
Sigmoidlocal do(z) e = [(1+4+e"-1 1 |
gradient: dr (1—1—8_‘1')2 o l+e® 1+e=*) (1 O'(CU))O'(iB)

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



I'Ipanu'la BbIHUCI1EHNA TPaONaAHTOB

add gate: gradient distributor mul gate: “swap multiplier”
2 ™\ 5%3=15
< 5 2 ( } 5
- A
2 2*5=10
copy gate: gradient adder max gate: gradient router

—_—

ey
4+2:6'©\ 9
. et

2 9

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



def f(wd, x0, wl, x1, w2):

Peanunsauusa backprop: PRr—

11 7
B 100 Mpsimoi npoxon; 8l = wlw xl
s2 s + sl

s3
L = sigmoid(s3)

Cyutaem BbIxo
s2 + w2

w0 2.00

grad_L = 1.0
grad_L *x (1 - L) %L
grad_w2 = grad_s3

1.00 @o_n O6paTHbiIiA grad_s2 = grad_s3
L s grad_s@ = grad_s2

grad_s3

npoxoAa: o = 5 e
Cuyutaem Qrefa™ JReres
grad_wl = grad_sl * x1
0.20 rpagneHTbl

grad_x1 = grad_sl * wl
grad_w@ = grad_s@ * x0

grad_x0 = grad_s@ x w0

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



def f(wd, x0, wl, x1, w2):

Peanunsauusa backprop: PRr—

11 7
B 100 Mpsimoi npoxon; 8l = wlw xl

CunTaeMm Bbixoad 5; Rl
S

L = sigmoid(s3)

s2 + w2

w0 2.00

NHuunanusaumsa grad L = 1.0

grad_s3 = grad_L * (1 - L) * L
grad_w2 = grad_s3

100 (" Y013 grad_s2 = grad_s3

020 190 grad_s@ = grad_s2

grad_sl = grad_s2

— grad_wl = grad_sl * x1
grad_x1 = grad_sl * wl
grad_w@ = grad_s@ * x0

grad_x0 = grad_s@ x w0

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



def f(wd, x0, wl, x1, w2):

Peanunsauusa backprop: PRr—

11 7
B 100 Mpsimoi npoxon; 8l = wlw xl

CunTaeMm Bbixoad 5; Rl
S

L = sigmoid(s3)

s2 + w2

w0 2.00

grad L = 1.0
Sigmoid grad_s3 = grad_L * (1 - L) % L
grad_w2 = grad_s3
1.00 0.73 grad_s2 = grad_s3
020 1oo] grad_s@ = grad_s2

grad_sl = grad_s2

— grad_wl = grad_sl * x1
grad_x1 = grad_sl * wl
grad_w@ = grad_s@ * x0

grad_x0 = grad_s@ x w0

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



def f(wd, x0, wl, x1, w2):

Peanunsauusa backprop: PRr—

11 7
B 100 Mpsimoi npoxon; 8l = wlw xl
s2 s + sl

s3
L = sigmoid(s3)

Cyutaem BbIxo

s2 + w2

w0 2.00

grad_L = 1.0
ggg grad s3 = qgrad L x (1 - L) % L
Add gate grad_w2 = grad_s3
N 100(/;T\073 grad_s2 = grad_s3
T 020l \Z/ 100 grad_s@ = grad_s2
grad_sl = grad_s2
Wz;ﬁ? grad_wl = grad_sl * x1

grad_x1 = grad_sl * wl
grad_w@ = grad_s@ * x0
grad_x0 = grad_s@ x w0

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



def f(wd, x0, wl, x1, w2):
SO = wd * x0

Peanunsaumna backprop:

11 7
B Nnob MpsiMoii npoxop: S ERex
Cuuntaem BbIXoA S T g e
S3 = 82 + w2
Wof%%i><::>_ L = sigmoid(s3)
-2.00
x0 -1.00 ’
= grad_L = 1.0
grad_s3 = grad_L * (1 - L) * L
Wl:gii grad_w2 = grad_s3
1;>G} 020 + ) @?gg grad_s2 = grad_s3
x1 -2. : ; rad_s@ = grad_s2
0.60 Add gate sl i
grad_sl = grad_s2
wzagy grad_wl = grad_sl * x1

grad_x1 = grad_sl * wl
grad_w@ = grad_s@ * x0
grad_x0 = grad_s@ x w0

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



def f(wd, x0, wl, x1, w2):

Peanunsauusa backprop: S0 = w0 * x0
1 ” sl = wl % x1
B 1100 [Mpsimon npoxoa;. T T
Cuntaem BbIxoa 3 £ 52 4 W2
w0 2.00 L = sigmoid(s3)
-0.20
-2.00
* 0.20
x0 -1.00 grad_L = 1.0
o 1 ggg grad_s3 = grad_L * (1 - L) x L
wl -3.00 ' grad_w2 = grad_s3
-0.40
' 6.00 grad_s2 = grad_s3
1.00 0.73
x1 -2.00 el & OQOK/ET\IOO grad_s@ = grad_s2
-0.60 grad s1 = grad s2

w2M grad_wl = grad_sl *x x1

0.20 Multiply gate grad_x1 = grad_sl * wl

grad_w@ = grad_s@ * x0
grad_x0 = grad_s@ * wo@

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



def f(wd, x0, wl, x1, w2):

Peanunsauusa backprop: [50 = wo * x0]

11 7
B 100 Mpsimoi npoxon; 8l = wlw xl
s2 = s@ + sl

Cyutaem BbIxo
s3 = S2 + w2

Woiﬁi L = sigmoid(s3)
-2.00
x0
grad_L = 1.0
grad_s3 = grad_L * (1 - L) * L

wl -

grad_w2 = grad_s3

100(/;§\073 grad_s2 = grad_s3
020 1.00 grad_s@ = grad_s2

x1 -2.

grad_sl = grad_s2

w2 -3.00

020 grad_wl = grad_sl * x1

grad_x1 = grad_sl * wl

grad_w@ = grad_s@ * x0

Multiply gate grad_x@ = grad_s@ * w0

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



“INnockun™ Backprop

Mo>XHO NnoAcTaBUTb BalLK nabopaTopku!
Hanpumep ona SVM:

# receive W (weights), X (da

# forward pass (we hav 1in€s)

scores = #...

\\f\: Waz| |Li =>_;,, max(0,s; — sy +1)
E \ @s(scores)
_ Sisehres) . L
margins = #... /////’
data loss = #... W //;\\

reg loss = #... @

loss = data loss + reg loss

R(W)

# backward pass (we have 5 lines)
dmargins = # ... (optionally, we go direct to dscores)
dscores = #...

dw = #. ..

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



“INnockun™ Backprop

[1BycrnionHas ceTb:

# receive W1,W2,bl,b2 (weights/biases), X (data)

# forward pass:

hl = #... function of X,W1,bl

scores = #... function of hl,W2,b2

loss = #... (several lines of code to evaluate Softmax loss)
# backward pass:

dscores = #...

dhl,dwW2,db2 = #...

dwl,dbl = #...

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



MoayneHoe API gns Backprop

Graph (Net) object  (ncesdoko0)

class ComputationalGraph(object):

#...

w0 2.00

def forward(inputs):
# 1. [pass inputs to input gates...]
# 2. forward the computational graph:
for gate in self.graph.nodes topologically sorted():
gate.forward()
return loss # the final gate in the graph outputs the loss
def backward():

0.20 for gate in reversed(self.graph.nodes topologically sorted()):
gate.backward() # little piece of backprop (chain rule applied)

return inputs gradients

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



[lanee: BekTOpHbLIN backprop

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



BCcnoMHMM BEKTOPHbIE NPOU3BOAHbIE

Ckansp Ha ckansip Bektop Ha ckansp

reR,yeR

[TponssogHas:

dy
oz

Kak namenurtcay
npuv Manom
N3MEHEeHUN X?

eR

reRY yeR

[lponsBogHaga ctana
rPagueHToOM:

o RN (@ _ Oy
E = dx /. Oz

Kak nameHnutca y npm
MasioM U3MEHEHUN
Ka)XOgoro anemeHTa x?

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

BekTop Ha BEKTOp
reRY yeRM

[lponsBogHaga ctana

AKOOMaAHOM:
0 0, m
% ¢ pNxM <—y> = =
8 P® Ox n,m Oz n

Kak nameHuTcsa kaxabin
3fIEMEHT y Npu Manom
N3MEHEHUWN KaXKO0ro
anemeHTa x?



BekTopHbi Backprop

D [z “local L 91O cKkangap!
X :
\ gradients”
Dx Qfg{; [DXX Dz] < DZ
“Downstream : O Oz f >
, ., Matrix-vector Oz -
gradients multiply @ [D « D ] 3L
D |Y / chobiarZ\ E DZ
y 07 0

—— A matrices “Upstream gradient”
D Y Kak noBnusitoT NU3MeHeHUs!
y KOMMOHEHTOB Z Ha L?

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



[paaneHTbl NepeMEHHbIX UMEIOT TY XKe pasMepHOCTb YTO 1 CaMu NEPEMEHHbIE

Loss L still a scalar!
DX - \
Dx z DZ

f -

OL
Dy/ 0z I:)z

y
“Upstream gradient”
D Kak noBnmalT nsmeHeHus
y KOMMOHEHTOB z Ha L?

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



BekTopHbI Backprop

4D input x:

1

3

-2 ]

[ -1]

—_—

e

e
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f(x) = max(0,x)
(noanemeHMmMHO)

4D output z:

—_—

—_—

e

e

1

[0 ]
[ 3]
[0 ]



BekTopHbI Backprop

4D input x:

1

3

-2 ]

[ -1]

—_—

e

e
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f(x) = max(0,x)
(noanemeHMmMHO)

4D output z:
—— [ 1]
—— [ 0]
— [ 3]
—— [ O]
4D dL/dz:
[ 4]
[ -1] — Upstream
5 1—— gradient
[ 9 ] —




BekTopHbI Backprop

4D input x: 4D output z:
[ 1] — [ 1]
-2 ] — — [ 0]
3] f(x) = max(0,x) 3]
17 (rmoarnnemMeHmMHOo) 0
!
Jacobian dz/dx 4D dL/dz:
1 Z — [ 4]
(00 ] — [ -11 —— Upstream
10] ~— [ 5 1—— Qgradient
0 — [ 9 ] —
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BekTopHbI Backprop

4D input x: 4D output z:
[ 1] — [ 1
(-2 ] — — [ 0]
3] f(x) = max(0,x) 3]
17 (rmoarnnemMeHmMHOo) 0
!
dz/dx] [dL/dz] 4D dL/dz:
1 4] — 14
(00 171-11 — [ -11 —— Upstream
10151 — 1[5 1—— gradient
ojf9] —1[19]——

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



Backprop with Vectors

4D input x: 4D output z:
[ 1] — [ 1
(-2 ] — — [ 0]
3] f(x) = max(0,x) 3]
1 (rmoarnnemMeHmMHOo) 0
4D dL/dx: dz/dx] [dL/dz] 4D dL/dz:
4] —[1 4] — 14
‘0] —[0O0 17-1]7 ~— [ -1]1 —— Upstream
51 — [ 10151 — 1[5 1—— gradient
(0] — O][9 — [ 9] ——
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BekTopHbIn Backprop

4D input x: 4D output z:
[ 1] — [ 1]
(-2 ] —— —— [ O]
3] f(x) = max(0,x) 3]
1 (rmoarnnemMeHmMHOo) 0
4D dL/dx: dz/dx] [dL/dz] 4D dL/dz:
4] —[1 4] ——1[4]
‘01 —[00 171-11 — [ -11 —— Upstream
51 — [ 10115 ] ~— [ 5 1—— Qgradient
[ O] OJ[9 ] 9]—

AkobunaH Bceraa paspsikKeHHbIW: BHeanaroHasrbHbIe 3NTEMEHTbI
HyneBble! MaTpuuy sikobnaHa Hukorga He opMUPYETCSt ABHO —
BCErga Mcnorb3yeTcsl HeABHOE YMHOXeHUe
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BekTopHbIn Backprop

4D input x: 4D output z:
[ 1] — [ 1]
§ P ) = max(0,x) | | g ;
: "| (elementwise I
R )| o
4D dL/dx: [dz/dx] [dL/dz] 4D dL/dz:
4]~ ~[4]
(0] (G_L) _ (%). iftz; >0 - [ -1]——— Upstream
(5]— \0z/, 0 otherwise = [ 5 | ——— gradient
0]~ —[9]——

AkobuaH Bcerga paspsiKeHHbIN: BHeOMaroHasnbHblE 31EMEHTbI
HyneBble! MaTpuuy sikobnaHa Hukorga He opMUPYETCSt ABHO —
BCerga MCnorb3yeTcsl HeABHOE YMHOXeHue
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MaTpuyHbIv (TEH30pPHLIN) Backprop L ckansp!

dL/dx nmeert Ty Xe
pa3MepHOCTb YTO U X!

[Dxx I\/IX] T

z| [D,*M,]

>

Matrix-vector

multiply
[Dy)< My] y /

Jacobian
maitrices
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MaTpuyHbIv (TEH30pPHLIN) Backprop L ckansp!

dL/dx nmeert Ty Xe

[DXXMX] L pasMepHOCTb YTO U X!
D, xM.] \
X X e 23 7, -~ [sz Mz]
“ Oz Gy
Downlstree}’m Matrix-vector - -
gradients y L
[Dyx My] Y ‘/L Jacobian 9z (DM,

0292 .
= Ty 07 matrices “Upstream gradient”
[D,xM,] For each element of z, how

much does it influence L?

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



MaTpuyHbIv (TEH30pPHLIN) Backprop L ckansp!

dL/dx nmeert Ty Xe

[D,xM,] ‘local pa3MepHOCTb YTO U X!
gradients”
D, xM
[ N [(D, %M )x(D,xM.)] Z] [D,xM ]
D t a$ ax 4 4
ownstream >
gradients” Matbeuector 0z| [(D,xM,)x(D,xM,)] | ~

multiply @ y My @

[DyxM,] y% 0z [D*M,]

0 Jacobian
Q/Z/_ — .
= Z matrices “Upstream gradient”
[D,*M] y _ Kak kaXablii 9NIEMEHT Z
y ¥ Kak kakablii aNieMeHT Y BRUsieT Ha ’

Ka>KObIV ANEMEHT Z7? BNnaeT Ha L?

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



[lanee cBepTO4YHbIE CETKM!

[

18

13

- T o S

13 dense

128 Max

pooling 200 2040
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Backprop with Matrices

y: [NxM]
[13 9 2-10]
x: [NxD] Matrix Multiply [ 52 17 1]
[ 2 -1 3]
[-3 4 2] P = 3 o il dL/dy: [NxM]
w: [DxM] _— . [ 2 3-3 9]
[ 3 2 1-1] [-8 14 6]
[2 13 2]
[ 32 1-2]

[Tofie3Ho NoCMOTpEeTh:
http://cs231n.stanford.edu/handouts/linear-backprop.pdf

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


http://cs231n.stanford.edu/handouts/linear-backprop.pdf

Backprop with Matrices y: [NXM]

[13 9 2-10]
X: [NxD] Matrix Multiply [ 52 17 1]
[ 2 -1 3]
[3 4 2] P = 3 o il dL/dy: [NxM]
w:[DxM] _— . ———[23-39]
[ 3 2 1-1] Jacobians: dy/dx: [-8146]
[ 2 1 3 2] [(NxD)x(NxM)]
[ 32 1-2] dy/dw: [(DxM)x(NxM)]

[1ns1 HEMPOHHOM CETU MOXET BObITb
N=64, D=M=4096
Kaxgbin akobuman TpebyeTt 256 GB!
TOJSIbKO HEABHOE YMHOXEHMe!

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



Backprop with Matrices

X: [NxD] Matrix Multiply

[ 2 [-1] 3]

[-3 4 2] Yn,m = an,dwd,m
w: [DxM] — ¢

[ 3 2 1-1] Q: Ha Kakylo 4YacTb

[ 2 1 3 2] y BIUSET OOUH

[ 3 2 1-2] NIeMEHT X?

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

y: [NxM]
[13 9 2-10]
[ 52 17 1]

dL/dy: [NxM]
[ 2 3-3 9]
[-8 1 4 6]



Backprop with Matrices y: [NxM]
[13 9 2-10]]
x: [NxD] Matrix Multiply [ 52 17 1]
[ 2[-1] 3]
[3 4 2] P = ¥ gy W dL/dy: [NXM]
w: [DxM] _— . —— [|2 3-3 9]
[ 3 2 1-1] Q: Ha KaKyto YacTb [-8 1 4 6]
[ 2 1 3 2] Yy BIUSAET O4UH
[ 3 2 1-2] 9NIEMEHT X?

A:|Ty . d |BANSET Ha
BCIO CTPOKY Yp, .

0L :ZOOL Oynm



Backprop with Matrices y: [NxM]
113 9 [7] -6]]
x: [NxD] Matrix Multiply [ 52 17 1]
[ 2 [T]-3]
[3 4 2] P = ¥ gy W dL/dy: [NXM]
wi [DxM]  — 2 —— [[2 3-3 9]
[ 3 2 1-1] Q: Ha KaKyto 4acCTb Q: Kak [-8 1 4 6]
[ 2 1 3 2] y BIUSET OOUH BANSET|Tn d
[ 3 2 1-2] afieMeHT X? Ha Yn,m

A: Ty 4 [BNNAET Ha
BCIO CTPOKY Yp, .

0L ZZ(,)OL 01};1771

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



Backprop with Matrices y: [NxM]
[13 9 [Z}10]
x: [NxD] Matrix Multiply [ 52 17 1]
2 1-1f 3]
[3 & 2] Ynm = D TndWam dL/dy: [NxM]
w:[DxM] — : — [[2.3-3 9]
[ 3 2 1-1] Q: Ha Kakylo 4YacTb Q: Kak [-8 1 4 6]
[ 2 1|3]2] y BIUSET OOUH BNUSIET [Tn.d
[ 32 1-2] 9NEeMEHT X? Ha Yn,m
_ . Al|Tn.d |BNUAET Ha A Wy m
[NxD] [NxM][M*D]  eyo crpoky ¥y, |

O_L — O_L ’U)T Z dL 01]71 mo_ 0L tli
dx 07/ ()x" d ()7/71 m ()an d (()yn.'m. e

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



Backprop with Matrices y: [NxM]
N [13 9 !_I
x: [NxD] Matrix Multiply [ 52 17 1]
2 1-1 3]
[3 4 2] P = ¥ gy W dL/dy: [NXM]
w:[DxM] _— . —— [|2 3-3 9]
(32 1-1] [-8 14 6]
2 1[3] 2] .
32 1-7] AHarorn4yHo:
INxD] [NxM][MxD] DxM] [DxN] [NxM] TyT BCe NpoCTO —

- - rmaBHoOe 4YTOOb
()_L — (d_L) wl 8_1’ - 8_1’ coBnaganu
Ox dy ow Oy pasmepHocTm!

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



N1oru:

e [MonHocBAa3Hble (fully-connected, dense) 31O NnocrnenoBaTenbHOCTb
NUHENHbIX KNaccudmnKaTopoB C HENMTMHENHbIMW aKTUBALMOHHbLIMU
dyHKUMSAMU; OHK oBecneymBaloT Nydlune pesynsratbl YEM NIMHENHbIE
KnaccmdounkaTopsl

e backpropagation = pekypcMBHOE NMPUMEHEHNE LIENHOMO NpaBunia
K BbliMCIIUTENBHOMY rpadyy npm obpaTtHOM pacnpoCTpaHEHUN
NO3BOMSAET NOSMYYNTb 3HAYEHNE rpagueHTa PyHKUMN notepd no
napamMmeTpam

e [pad MoxeT ObITb peannioBaH yHMBepcanbHbiM API ¢ dyHKLMAMN
forward() / backward()

e forward: Bbluncngem pesynsraT NPAMOro pacnpoCTpaHeHUs C
COXpPaHEHMEM BCEX MPOMEXYTOUYHbIX 3HAa4YEeHNN, HEOOXOANUMBIX OS5
obpaTHOro pacnpocTpaHeHUs

e backward: npumeHsisa uenHoe nNpaBunsio BblYUCTIAEM 3HAYEHUS
rpagueHTa oyHKUUM NoTepb NO NapameTpam

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



A vectorized example: f(z, W) = ||W - $||2 — Z?’:] (W - m)f

c R™ € R™¥"
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A vectorized example: f(z, W) = ||W - $||2 — Z?’:] (W - m)f

\\

*
Y
<"
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A vectorized example: f(z, W) = ||W - $||2 — Z?zl(w : m)f

0.1 0.5
—0.3 0.8
W

Wiiz1+ -+ Winzy

Wn,lml + e+ Wn,nmn
f@=lad?=¢+ - +a
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A vectorized example: f(z, W) = ||W - z||* = >, (W -

0.1 0.5
—0.3 0.8
W

Wiizi+ -+ Winzy,

Wn,lml + e+ Wn,nmn
f@=lad?=¢+ - +a

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/
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A vectorized example: f(z, W) = ||W - z||* = >, (W -

0.1 0.5
—0.3 0.8
W

[ 0.22 |
0.26
I i 0.116
0.2 % =@ >
0.4 0.44 \__/ 1.00
X | 0.52 |
1o,
Wiizi+ -+ Winzn ﬁi — 2(}5
Wn,lml + -+ Wn,nmn vq.f — 2q

fl@=dP?=q¢+ - +4
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A vectorized example: f(z, W) = ||W - z||* = >, (W -

0.1 0.5
—0.3 0.8
W

[ 0.22 |
0.26
I i 0.116
~ - ~ :@ -
0.44 \__/ 1.00
oW, ;

Wiizi+ -+ Winzy,

fl@=dP?=q¢+ - +4

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

Wn,lml + e+ Wn,nmn

z)

2



A vectorized example: f(z, W) = ||W - $||2 — Z?zl(w : m)f

0.1 0.5
—0.3 0.8
[ 0.22 |

0.26
| 0.26 | 0.116

0.2 I =@ -
0.44 \__/ 1.00

0.4
X I 0.52 | 8qk _ ]_k .
oW =i
Wl,lwl + o+ Wl,nmn Z Of 0gk
=W z= : oW k 9gi OW.;
W21 + -+ Wonitn = (2ak) (Lk=iz;)
k
flg=la =g+ -+ = 2g,z;
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A vectorized example: f(z, W) = ||W - $||2 — Z?:l(w : m)f

0.1 0.5
03 08 |
[ 0.088 0.176 " 0.22
0.104 0.208 o] N e
02 >X< ~ > ~ > L2 -
0.4 0.44 \__/ 1.00
3er:,j Y
Wl,lwl + o+ Wl,nmn Z Of 0gk
q_W$_ . aW‘Lj k@qkawij
Wn,lml + - + Wn,nmn — Z(zt}k)(lk:?,a:j)

k
fla=1dPf=ad+ - +4q = 2¢;x;
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A vectorized example: f(z, W) = ||W - z|]* =Y., (W - z)?

—-0.3 0.8
[0.088 0.176

[ 0.1 0.5

0.104 0.208

0.2 ]
0.4 |

T W

Wiizi +---

Wn,1$1 _|_
fl@=gl*=a¢+- -

2

Vwf=2q z'

[ 0.22 |
0.26
| 0.26 0.116
0.44 \__/ 1.00
0532 ] dg
aW,,-,,j k=i
+ Whnn _y~ Of oy
an, . k aq;:: oWw; g
Wz, =) (2q) (Lr=iz;)

+q2
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A vectorized example: f(z, W) = ||W - z||?

— Z?:l (W - m)f

[ 0.1 0.5 ]
—0.3 0.8 | T
[ 0.088 0.176 1V 099 Vwf=2q -z
0.104 0.208 ] 0.26 /\ 0.116 Bcerna nposepsiem
0.2 | _ _ - 1.2 - coBnageHue
0.4 [ 0.44 | U 1.00 pa3MepHocTen
mwj k=t
Wl,lwl + o+ Wl,nmn Z Of 0gk
q_W.T_ aWt_} k@qkawij
Wn,lml + - + Wn,nmn — Z(zt}k)(lk:?,a:j)

fl@=dP?=q¢+ - +4

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/
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A vectorized example: f(z, W) = ||W - z||* = >, (W -

—-0.3 0.8

0.088 0.176
0.104 0.208

0.2 ]
0.4 |

[ 0.1 0.5
W

fl@=dP?=q¢+ - +4
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[ 0.22 |
| 0.26 |

@ 0.116

044

| 0.52

\__/ 1.00

- Oqx

Wiizi+ -+ Winzy,

Wn,lml + e+ Wn,nmn

81?.5 ot

z)

2



A vectorized example: f(z, W) = ||W - z||* = >, (W -

0.1 0.5
—0.3 0.8 |
0.088 0.176 W F 0.99 ]
0.104 0.208 | 0:26 /_\ -
02 ] * : = : . L2 =.
0.4 0.44 \__/ 1.00
X | 0.52
Oqr -
— p
Wiizy + -+ WinZn g?}?z 5f 9
) qk
’ ’ ' Ox; Z Oqr Ox;
Woiz1+ -+ Wony k
— 9 ;
f@=lladP =g+ -+ > 20 Wi,
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A vectorized example: f(z, W) = ||W - $||2 — Z?:l(w : m)f

0.1 0.5
[ —0.3 0.8 | - -
0.088 0.176 1"V 099 V.f=2W" .q
0.104 0.208 | 0 o6 -
0.2 ¢ : _ : =@ J-
0.4 0.44 \_~/ 1.00
01121 * | 0.52
[ 0.636 | dqi W
Wiiz1 + -+ WinZn g?}?z (‘;f 5
: dk
’ ’ ' Ox; Z Oqr Ox;
Whpiz1+ -+ Wy nZn, k
— 9 .
f@=lladP =g+ -+ > 20 Wi,
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