S

N e\
ST LF BN




Input Convl Conv2 Conv3 Convd Conv5s FC6 FC7 FC8

35

3 13 13 \
1 5 I -

X s[\-| — ]~ o -+ _— g ;
1 | = =i 3 F.= 13 G: ~TL |13 3 == 13 dense| [densel
224 s\ |~ 27 N T 3 N -
e 384 384 256 1000
Max
256 ! | L]

Max Wi pooling 4098 4096

- Stride)\| o | POOling pooling

of 4




RECALL: BACK-PROPAGATION ALGORITHM W/ STOCHASTIC GRADIENT DESCENT
While until converges:
Sample mini-batch

For each data sample in mini-batch,
1. Prediction

vector

f,=c(w,-o(w,-x))

2. Measure error
~i i \2
L(w,,w,)=> (5" -y
3. Back-propagation
oL oL of, oa, oL oL of, da, of, da

f=— +=
ow, of,0a,ow, ow, of,0a, of da, ow,
Update gradient
W — .y Ok W oL
1 1 7/8W1 2 2 78W2



PREDICTION

Wl
— > >
Xl




PREDICTION

ﬂ' 1

I

3 > —> —>

Xy

f(l,w,)

X, = f(X;w,)



PREDICTION

X, = f(l;w,)
X, = f(X;w,)
X=f(X, ;W)



PREDICTION

function y = foo(x)

X, = F(hw,)
X2 = f(xliwz)
X=f(X, ;W)



RECALL: BACK-PROPAGATION ALGORITHM W/ STOCHASTIC GRADIENT DESCENT
While until converges:
Sample mini-batch

For each data sample in mini-batch,
1. Prediction

vector

f,=c(w,-o(w,-x))

2. Measure error
Liw,w,)=3(§ - ')’

3. Back-propagation
oL oL of, oa, oL oL of, da, of, da

f=— +=
ow, of,0a,ow, ow, of,0a, of da, ow,
Update gradient
W — .y Ok W oL
1 1 7/8W1 2 2 78W2



Wl W2 Wn
—> > —> - —> —> > > y
Xl XZ anl Xn y

Soft-max  Ground truth

function y = soft-max(x)

function |, dl_dy = loss_cross_entropy_softmax (x, y_gt)

Cross-entropy 10ss

L= _Zyilogyi



RECALL: BACK-PROPAGATION ALGORITHM W/ STOCHASTIC GRADIENT DESCENT
While until converges:
Sample mini-batch

For each data sample in mini-batch,
1. Prediction

vector

f,=c(w,-o(w,-x))

2. Measure error
Liw,w,)=3(§ - ')’

3. Back-propagation
oL oL of, oa, oL oL of, da, of, da

+==— +=
ow, of,0a,ow, ow, of,0a, of da, ow,
Update gradient
W oL w0k
1 1 7/8W1 2 2 78W2



BACK-PROPAGATION

ﬂ' 1

> L
L 0SS

oL oL ox,

oW, X oW,



BACK-PROPAGATION

n

Xn

»—)L

| 0SS

oL oL ox,

oW, OX oW,

n

oL oL ox, ox,,

oW, OX OX_ W

oL ox,
OX__, OW

n-1 n-1

W =W_ — oL
n n ya‘”ﬂ
W . =W _ — oL
n-1 n-1 7/5



BACK-PROPAGATION

W1 \Nn—l Wn
—_—> > —> -3 —> —> —> I_
%, X . x Loss
(_
oL

oL | oL ox,
ow, X, ow,
oL oL ox, ox,,
oW, OX OX_, OW,
oL ox,,
COoX L oW,




BACK-PROPAGATION

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, oL oL ox,
oW OX, oW,
Wl Wn—Z Wﬁ—l Wn
— > - > > > — L oL oL ox, X,
X, x . x . x  Loss oW,  OX, X, OW, |
< - _ oL ox,,
oL oL Koy Wiy
OX, ; OX, oL oL oOx, ox,, OX,,
ow, , OX, X, OX, , OW,
oL ox,,

OX_. ., OW

n-2 n-2




BACK-PROPAGATION

Ww—l Wn
—_ > —> L

X Loss

n-1 n

«— — «— <« €« <«

oX,

oL oL
OX, 4 OX,

oL oL ox,

ow,  Ox, ow,

oL oL ox, ox,,
oW, , OX, O0X, , OW,
oL ox,,
aXn—l 8\Nn—l

n—

oL oL oOx, ox,, OX,,

ow, , OX, X, , X, , OW,
oL ox,,
aXn—2 8\Nn—z

oL oL ox, OX, 0X,
ow, X oX_, Ox, ow,
_ oL ox,
- ox, ow,

W =W_-— i
n n 78Wn
oL
Wn1:Wn1_7/aW
n-1
oL
W, =W, 2_78W
n-2
W =W 7/8L
1 1 an




BACK-PROPAGATION

Nl anz Wn—l Wn
-—> > —> - —> —> —> L
N XX . X L 0SS
«— — — — — «
oL oL oL
X, OX,, 4 OX,

function y = foo(x)

function [dLdx dLdw dLdb] = foo_back(dLdy, x, y)
Weight update

Loss propagation

oL oL ox,

ow, X, ow,

oL oL ox, ox,
oW, OX OX_, OW,
oL ox,,
S OX, OW,

oL oL oOx, ox,, OX,,

a\Nn—z - aXn aXn—l aXn—2 a\Nn—z
oL ox,,

OX, , OW, ,

n-2 n

oL oL ox, OX, 0X,
ow, OX_ OX ., OX,ow,
_ oL ox,
- ox aw,




ENTROPY L0OSS DERIVATIVE

ﬂ

<

X
B  Dcep learning -
blackbox




ENTROPY L0OSS DERIVATIVE

ﬂ

X
B  Dcep learning -
blackbox

Input:

Trainable var.:

Output:

— L
y y
H
ax S . .
Soft ]
Pred. GT




ENTROPY L0OSS DERIVATIVE

— L
X y y
: B
Deep learning - o 8
blackbox St .- om
Pred.  GT

Input: x

Trainable var.: None

Output: L=Zyilog)7i where g =




ENTROPY L0OSS DERIVATIVE

— L
X y y
Deep learning . = function [L, dLdx] = Loss(x, y)
blackbox Shit - -
Pred.  GT
oL
OX
Cx oL
Input o YT 1Xn
Trainable var.: None None

Output: L=Zyilog)7i where . = ¢

S




RECALL: FC+RELU

y o(y)

Input  Convl Conv2

Conv3 Conv4

Convs FC6 EC7  FCs

27 \
13 i -
e LI} il hY
. - a3 P> .
e . 3 " - L : =4 13 dense’| [den:
. 224 2 1= \ >
U n ltS r 34 384 256 1000
Max
poa o pooling 2098 4096
Stride poaling roling
24\ || or g 6

FC+RelLu




FuLLy CONNECTED LAYER

ﬂ

—

Deep learning
blackbox

||

|

ax
pft




FuLLy CONNECTED LAYER

X y
W
Deep learning o
blackbox Soft
oL
oy
Input:  xeR" i -
¥ M
. 0 0
Trainable var.: weR™" oy ).(1 : X
—_—= : . : =W —> —=—
OX oy oy
Output: 'y =wx T =
m OX, oX,
yelR - -

oL aL
OX ay



FuLLy CONNECTED LAYER

oL aL
OX @

X y
W
Deep learning o ] - o
blackbox Soft
oL
oy
Input:  xeR" i -
y, Y,
. 0 d
Trainable var.: weR™" oy ).(1 : X
—_—= : . : =W —> —=—
OX oy oy
Output: 'y =wx x o,

yeR" L .

1xn



FuLLy CONNECTED LAYER

Deep learning

blackbox

Input: xeR”
Trainable var.: weR™"

Output: y =wx
yeR"

X y
N W
ax
Soft
oL _ aL
oxX oy
AL _soL
ox; 4oy, ox, Txn




FuLLy CONNECTED LAYER

X y
W
Deep learning ax
blackbox Soft
o, o
ox oy
oL oL oy oL
. xeR" FoD Il D D
Input: 2y ox oy et

Trainable var.: weR™"

Output: y =wx
yeR"




FuLLy CONNECTED LAYER

Deep learning

blackbox

Input: xeR”
Trainable var.: weR™"

Output: y =wx
yeR"

|

ax

pft

X y
N W

a_ o

OX oy
_'-zzi%:ziwﬂ
OX; i 8yj OX, i 8yj
oL
OW.

1xn

Yi = WXy -+ Wi X



FuLLy CONNECTED LAYER

Deep learning

blackbox

Input: xeR”
Trainable var.: weR™"

Output: y =wx
yeR"

|

X y
. W
ax |
pft
) OX oy
i_zi%_z_'—
ox, Goy,ox, Foy; Txn
oL —ix 1x(nxm)
ow, oy, !




FuLLy CONNECTED LAYER

Deep learning

blackbox

Input: X eR"
Trainable var.: weR™"

Output: y =wx
yeR"

X y —L
N wW
ax L
Soft ]
oL aL
OX oy

_L_Zi%_ziw
ox, Toy;ox Toy, Txn

=—X; 1x(nxm)

function [y] = FC(x, w)
function [dLdx, dLdw, dLdb] = FC_back(dLdy, x, w, )



RELU

Deep learning

blackbox

Input:
Trainable var.:

Output:

|

oL
-

ax
pft




RELU

Deep learning

blackbox

Input: xeR”
Trainable var.: None

Output: 'y, =max(0,x;)
yeR"

|

oL
-

ax
pft




RELU {4

Deep learning

blackbox

Input: xeR" — =
Trainable var.: None

Output: 'y, =max(0,x;)
yeR"

oL
-

ax
pft




RELU

Deep learning

blackbox

Input: xeR”
Trainable var.: None

Output: y, =max(0,x;)
yeR"

o _
OX,

ax
pft

oL

iimax(O X;)

7 0y OX,



RELU

Deep learning

blackbox

Input: xeR”
Trainable var.: None

Output: y, =max(0,x;)
yeR"

— L
B
ax o M.
Soft ]
= —imax(o,xi)
i axi



RELU {4

X Y —L
. B O
Deep learning - | om.
blackbox Shi -
A
<ot
oL aiy 0 oL o o if y,>0
Input: xeR" —=> ——max(0x,)=————max(0,x,) = | o, =
oX; G oy; oX oy, OX;

o 0 otherwise
Trainable var.: None

Output: y, =max(0,x;)
yeR"



RELU {4

X Yy — L
. B O
Deep learning o |l om
blackbox Soft B
A
<ot
oL aiy 0 oL o L y; =20
Input: X eR" — =D ———max(0,x;)=———max(0,x;) =1 9y, '
X, 5oy ox . OX. :
! 0 otherwise
Trainable var.: None
Output: 'y, =max(0,x;) function [y] = Relu(x)

yeR" function [dLdx] = Relu_back(dLdy, x, w, )



REcALL: ALEX NET

Input

224

224

&onvz

Conv+RelLu+Pool

Convl
55
7

'\ "-I-.

3 8=l = =E=

|~
55 \\\
Max

btride)| ¢, | POOling
pf 4

Conv3 Conv4 Convs FCe FC7
13 \ 13 13
] 3 T r *
+= 13 : 13 36: — 13 dense dense
- 3 -
384 384 256
Max | ==
RS pooling 4096 4096
pooling

FC8

1000



REcALL: Conv+RELU+PooL

Conv+RelLu layer

/ — —
Operations: Conv Relu Max-pool
# of units: H xW xC, H xW xC, H xW xC, H, xW, xC,
# of weights: FxFxC,xC, 0 0
# of biases: 1xC, 0 0



RECALL: SPATIAL POOLING

31231
0534 5 4
1122 2 77
7.3 17
4x4 2x2

Max-pooling (window size 2x2, stride 2)



MAX-PooL

N 2O W

W N1 DO

— N w | W

~N o A=

Input:
Trainable var.:

Output:



MAX-PooL

N 2O W

W N1 DO

— N w | W

~N o A=

ax
pft

Input: xeR"

Trainable var.: None

Output: yeR

xW xC

E><Vl><C
2 2



MAX-PooL

N = O W

W N1 N
— DWW

LU G E ~ N

oL
<4

OX

y
5 4 - . N
7 7 Soft
|nput XERHXWXC
Ly Ly |
L 1 |_2 Trainable var.: None
21| 22
E><Vl><C
Output: yeR?2 2
oL
<=



MAX-PooL

X
y
3213 1
053 4 54
120212 — 77
7130117
0l0/0/0
oltajolL) |G
0000 L21L22
L21OOL22
oL oL
X oy

ax
pft

Input; x eR"
Trainable var.: None

Output: yeR

xW xC

E><Vl><C
2 2



MAX-PooL

N — o w

— N w | W

w N oo
~N o s
N

function [y] = Maxpool(x, size, stride)
function [dLdx] = Maxpool_back(dLdy, x, size, stride, y)

—> ax
Soft
|npUt XERHXWXC
Trainable var.: None
E><Vl><C
2 2

Output: yeR



CONVOLUTIONAL OPERATION

HxW xC;

Input: xeR
Trainable var.: w e R™F ¢

Output: Yy =X=*w
y ERHX\NXCZ

X y
| | . 4

ax
pft




CONVOLUTIONAL OPERATION

H xW

H xW

—_—

F F
Yu = Zzwi—k,j—l Xij
ik jI

J

oL
<

oy



CONVOLUTIONAL OPERATION

11

12

13

=
=

21

22

23

Xll X12 X13
X21 @ X23
X31 X32 X33

=
=

31

32

33

oL

«-—

oy
L, L, Lg
L21 L22 L23
L, L, L
oL sy oL Y
Xij Zk:ZI: Yy aXij




----- GONVOLUTIONAL OPERATION o

i | oL
I ! oy
i X1 X1 E X3 wl w.lw Yi |—11 |-12 |-13
| . il ] VA
l Xy @: X3 Wy Wy, Wog L21 L22 L23
______ Wiy W3y Wi
Xa | Xa | Xa Ly, L, L,
— oL oL
Y1 = WpXgo +o-+WiXo, = = ZZ_%
Xij 1 0y kI aXij



----- GONVOLUTIONAL OPERATION o

i Xll X12 E X13 Wl w > yll I_.ll L12 I_l3
| ] 11 Wi Wi3

| = @i Xz W Woo Wos b b
—————— Wiy Wy W,

Xa | X | Xy Ly | L | L

B Ay oL oL
Y1 = WippXgp 70+ WXy x, —=>> Vy
Xy T Y 0%



----- GONVOLUTIONAL OPERATION o

i X1 X1 E X3 W W lw Yi |-11 |—12 |—13
| " il g e
l X @ L X3 Wag Woo| Wos L21 L22 L23
""" Wiy W3y Wi
X3 X3 X33 I—31 L32 Lss
Vi oL %y oL oL oy
yll = Wllxoo +-.--+ W33X22 — =Wy — = =Ly,Wy = — = Z7k
aXZZ ayll aX22 XIJ ;IZ aykl aXIJ



CONVOLYTIONAL OPERATION N

I ! &
| | oy
X1 X1 X3 | en e Yi Yi2 |—11 |—12 |—13
11 VW12 | Wy3
Xy @ X3 Wy Wy, Wog L21 L22 L23
Wiy W3y Wi
X3 X3 X33 I-31 L32 Lss
_ W _ oL 9yy _ oL oL
Y = WiyXogo 00+ WgaXyp, X, Ve Y1y OXyy iss EvEE Zzay_%
=W, X, +--+W_X oy oL oy i kT Y B
Yi, =W Xo, 33723 2 =w 2 =1,W,,

- 32
aXZZ aylZ aX22



CONVOLUTIONAL OPERATION

X | Xp X3

X5 @ X33

X1 | Xz | Xy
Y11 = WyXgp 00+ WXy,
Y1, =Wy Xy +- a T WgsXos
Yoo =Wy Xyy +o0r+ WigXgy

11

12

=
=

21

22

=

31

oL
<— —_—
oy
yll y12 yl3 L_ll L12 L13
y21 y22 L21 L22 L23
L, | Ly | L
oL %y, _ oL oL oy
oy o, s - ZZay—aT“
oL oy, i ko AT
= L12W32
aylZ aXZZ
L Ny | W

- =227 22
ayZZ aX22




CONVOLUTIONAL OPERATION

X1 X X13
Xy @ X2
Xa | Xz | Xgg
Y = W;glffo_o_f_ A
Yip = Wy Xgy 000+ WgXog
Yoo =W X+ WX,
Ya3 = WipXop 00+ WXy,

11

12

=
=

21

22

=
=

31

32

oL
<— —_—
oy
yll y12 yl3 L_ll L12 L13
y21 y22 y23 L21 L22 L23
y31 y32 y33 L31 L32 L33
oL %y, _ oL oL oy
oy o, s - ZZay—aT“
oL oy, i ko AT
= L12W32
aylZ aXZZ
L Ny | W

- =227 22
ayZZ aX22

L s

= L33W11
0Y 33 OXy




CONVOLUTIONAL OPERATION

Xy | Xy | X Yo | Yo | Y
11 12 13 W, W, W, 11 12 13
Xy @ X3 Wy Wy, Wog Yo Y2 Y3
Wiy W3y Wi
X3 X3 X33 Y Y Y3
oL oy, _Lw
17733

ay11 aXZZ
e oL
= ZZ I‘mnWm—i,n—j
oL oy Py S
2= Lo Wy,
ay33 aX22



CONVOLUTIONAL OPERATION

Xy X1 Xi3
) S
X5 X2 X3
/
Xa1 X3 X33
oL oy, _Lw
17733

ay11 axzz
e oL
a = ZZ I‘mnWmfi,nfj
Xij m n
i% = |_3 W
— =337
ay33 aX22




CONVOLUTIONAL OPERATION

Xll

X12

X

' /

21 @ 23

) S

\

X31

X
/(
X3 \%\

oL
Foand 3 30 3| B A
jk m o n I

Y




| Xy | Xy | X Yo | Yo | Y L, L, L
. 11 12 1 M3 11 12 13 1 2 3
: : Wy Wi, Wi,
! Xor | X | Xyg P V‘VE}’WB Yoo | Yoo | Y L, L,, L,
Riaiaiel ' W31 W32 W33
X3 X3 X33 Yai | Y= Y3 I = 5
~ s _ oL oy, _ oL oL &
y Wllxoo + + W33X22 8W22 =i ayu I—u 11 ™ _ Zzay ykl
ki




CONVOLUTIONAL OPERATION

X | X | X3

Xoo | Xy | Xy

X1 | Xz | Xy
Yo = Wy Xgg + o+ WyX,,
Yip = Wy Xop 04 WggXog

Yu Y Yis |—11 |—12 |—13
Wi Wy, Wi,
W, V‘VEJ'WB Yo Y2 Y3 L21 L22 L23
Wy Wgy Wy
Ya Y Y3 I—31 L32 L33
% =Xp aay_L% =Ly, oL = ZZ oL aykl
ay_lzzz =X a_Lll 8y12 |_1 8W” aykl i.
aW22 12 aylz v




CONVOLUTIONAL OPERATION N

oy
X1 X1z X13 | en e Yu Yi Yis L, Ly, Ly
_____ al | R
X | Xy | Xy ! e V‘VEJ)WB Yoo | Yoo | Y L, L,, L,
| W31 W32 W33
Xa1 X3 X33 | Ya Ya Y L31 Lsz L33
o i oy _ oL oy _ aL oL o
TVt W T e Ly on
_ u ki i'
Yio =Wy Xgy +000F WieXog aw—zlez e awl:z = L%y,
Yoo = WyXyy oo+ WoXog

— =X O Vs L,
Yaz = WpyXpp -+ WysXyy ow,, Yy OW,, O




CONVOLUTIONAL OPERATION




CONVOLUTIONAL OPERATION




CONVOLUTIONAL OPERATION

\

oL
EYY = ZK:ZI: LkIka+i,I+j,c

ijcd




CONVOLUTIONAL OPERATION

\

oL
= L X0
aWijcd ;ZI: kld M k+il+j.c




CONVOLUTIONAL OPERATION

.-

oL
= L X0
aWijcd ;ZI: kld M k+il+j.c




CONVOLUTIONAL OPERATION

oL
= L X0
awide ;ZI: kld M k+il+j.c




CONVOLUTIONAL OPERATION

oL
= L X0
awide ;ZI: kld M k+il+j.c




CONVOLUTIONAL OPERATION

X

|npUt XERHXWXCl
Trainable var.: w e R™F ¢

Output: Yy =X=*w

y c RHXWXCZ

function [y] = Conv(x, w, b)

function [dLdx dLdw dLdb] = Conv_back(dLdy, x, w, b, y)

ax
pft




im2col

3231
0534
1222
713117

IM2CoL




IM2CoL

Im2col(A, [2,2], ‘distinct’)

»

~N | 2low
W MO N
— N W W
~ oA

o O w



IM2CoL

Im2col(A, [2,2], ‘distinct’)

»

~Nl= olw
WIN| O 1IN
— N W W
~N o s

o O w
N o = O



IM2CoL

— QAN M
O~ 10O A

o0 O AN W

Im2col(A, [2,2], ‘distinct’)

0,563 4
12122
/13117

3231




IM2CoL

AN OO Mm
— QAN M
O — 10O A
o O AN WO

N

(@]

A

=

e

©

N

N,

<

e

(D]

QN

£
— | <t AN N~
M MHIAN| —
AN OIN M
N Ol | P~




CONVOLUTION VIA IM2cOL (DERIVATIVE W.R.T. W)

X

W 3231
112122
71317

W X
(3012
0175 v
2923
L5233




CONVOLUTION VIA IM2cOL (DERIVATIVE W.R.T. W)

X

w 3123 1
. 0534 _y aL_zzijaym
122 2 o O
7317
W X
(3012
0175 | _y
2523
15233




CONVOLUTION VIA IM2cOL (DERIVATIVE W.R.T. W)

X

w 3[2[3 1
. 0/5[3/4 _y L _yy kN
11222 MWy T Wy
713]117
W X
3012
0175 y
2593
5233




CONVOLUTION VIA IM2cOL (DERIVATIVE W.R.T. W)

X

W

oL oy ol
aWij _Zkzzl:aym 8Wij

*
~N =4 O W

— N w w

W N0 N
~ o=




CONVOLUTION VIA IM2cOL (DERIVATIVE W.R.T. W)

W

X

~N =4 O W

W N0 N
— NDw W

~ o=

B 6L _ oL oy,

- y ZZaykl i'

RV o _ X7 oL _
oW

2|2



CONVOLUTION VIA IM2cOL (DERIVATIVE W.R.T. X)

L
W
oL oL
k/ Reverse order
W im2col(L)
_aL
OX

AN

Row version of dLdx



SUMMARY Forward prediction

pred1 = conv(x, w1)
pred?2 = relu(pred1)
pred3 = pool(pred?)

w. . W

n-2 n-1 n
Xl X2 Xn—2 Xn—l Xn LOSS

pred10 = flatten(pred9)
pred11 = fc(pred10, wi10)

«— — «— «— <«— <«
oL oL oL
oX, OX, , OX

pred16 = loss_ce_sm(pred1b, label)

function [dLdx dLdy] = foo_back(dL, x, y)



SUMMARY

w, W, ., W, W

n— n-1 n

X, X Xy, Xy X

n-1 n

— — — <« <« <«

oL oL oL
oX, OX,, OX

function [dLdx dLdy] = foo_back(dL, x, y)

| 0SS

Forward prediction

pred1 = conv(x, w1)
pred?2 = relu(pred1)
pred3 = pool(pred?)

pred10 = flatten(pred9)
pred11 = fc(pred10, wi10)

pred16 = loss_ce_sm(pred1b, label)

Back-propagation

dLdx = loss_ce_back(pred15, label)

dLdx, dLdw10 = fc_back(pred10, w10,
pred11)

dLdx = flatten_back(dLdx, pred9,
pred10)

dLdx = pool_back(dLdx, pred2, pred3)
dLdx = relu_back(dLdx, pred1, pred?)
dLdx, dLdw1 = conv_back(dLdx, x,
w1,pred1)



