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while
weights grad = evaluate gradient(loss fun, data, weiqhts)
weights += - step size * weights grad !



Stochastic Gradient Descent (SGD)

N
L(W) = Nz_: (@i, yi, W) + AR(W)

N
> VwLi(zi,yi, W) + AVw R(W)

’L:

Vw L(W) =

2|'-‘

while 1
data batch = sample training data(data, 256) # sample 256 exampl
weights grad = evaluate gradient(loss fun, data batch, weights)
weights += - step size * weights grad #



Training Loss
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DALL-E 2

"Teddy bears working on new Al research on “Rabbits attending a college seminar on "A wise cat meditating in the Himalayas

the moon in the 1980s.” human anatomy.” searching for enlightenment.”

Image source: Sam Altman, https://openai.com/dall-e-2/, https://twitter.com/sama/status/ 15117242646 29678084
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GPT-4

User What is unusual about this image? User  Can you explain this meme?
Sometimes | just look at pictures of
the earth from space and | marvel at
how beautiful it all is.

GPT-4  This meme is a joke that combines two unrelated things: pictures of the earth from
space and chicken nuggets.
The text of the meme suggests that the image below Is a beautiful picture of the earth
from space. However, the image is actually of chicken nuggets arranged to vaguely
resemble a map of the world.
The humor in this meme comes from the unexpected juxtaposition of the text and the
image. The text sets up an expectation of a majestic image of the earth, but the image is
actually something mundane and silly.

Seusce Bamorama

GPT-4  The unusual thing about this image is that a man is ironing clothes on an ironing board
attached to the roof of a moving taxi.
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Sora

e

change the video setting to be different than
a mountain? perhaps joshua tree

put the video in space with a rainbow road
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o ZRMREE f(x; W) = Wx
© FERIEHZEMIZS
f =W, max(0, W;x)
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L 2

o ZRMREE f(x; W) = Wx
© FERIHEZ LS
f = W, max(0, W;x)
. =B
f = W3 max(0, W, max(0, W;x))

PIEFEMLS (fully connected network)

ZERKIHL (multi layer perceptrons)
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o ZRMREE f(x; W) = Wx
© FERIEHZEMIZS
f =W, max(0, W;x)

3072 100 10
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© MEEEL f (o W) = Wx
© FERIHEZ LS
f = W, max(0, W;x)
- iaEAER: max(0, W;x)
- MRREHER

f =WoWix W5 = WoW, € REXH £ = Wiy
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output layer
input layer
hidden layer

“2-layer Neural Net”,\

“1-hidden-layer Neural Net” StEEE
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output layer

input layer

hidden layer 1 hidden layer 2

“3-layer Neural Net”, or
“2-hidden-layer Neural Net”



feed-forward
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. output layer

hidden layer 1 hidden layer 2

input layer

# Torward-pass of a 3-layer neural network:

f = lambda x: 1.0/(1.0 + np.exp(-x)) # activation function (use sigmoid)

X = np.random.randn(3, 1) # random input vector of three numbers (3x1)

hl = f(np.dot(Wl, x) + bl) # calculate first hidden layer activations (4x1)
h2 = f(np.dot(W2, hl) + b2) # calculate second hidden layer activations (4x1)
out = np.dot(W3, h2) + b3 # output neuron (Ix1)
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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 = 2.8 * (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 * h = (1 - h))

wl -= le-4 * grad_wl
w2 -= le-4 % grad_w2




GRS N =2y ST v g5

3 hidden neurons 6 hidden neurons 20 hidden neurons

more neurons = more capacity



(Web demo with ConvNetJS: 1 N
http://cs.stanford.edu/peop|e/karpathy/convnet]s/demo/classifyZd.html) L(W) = N Z Li (.f(mi, W), yz) I AR(W)
TensorFlow Play Ground: https://playground.tensorflow.org/ i=1
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S = f(.’lf; 1"/1, VV’Q) — I/V'Q II]RX(O, ‘Vl .’II) 3%@5\%@%&: Hinge Loss
L; = Z max(0,s; — sy, +1)
J#Yi

RW)=> W¢ IEUHm:
l‘.

N
L= % > Li + AR(W1) + AR(W2) SHHRE: Hinge Loss+IENIHL,

i=1



AT ESE

= f(x; Wy, Wa) = Womax(0, Wiz)  JEEMIRACERES, Hinge Loss

Ly = Z max(0,s; — Sy, + 1)
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R(W) Z w2  IERMYIR
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i#y:

N
ZL +,\an

Z max(0,Wj. -z + Wy, .-z +1) + A _ W}
i#vi k

1
N

VwL =V (

i M/ i

/l»—-

N
Z Z max(0,W;.-x+W,, .-z +1)+ /\Z ”"2)
i=1 jy; k

R ELEH R KEREMHHRDE
B, FTERERELRK.

BERIRRREZEAT? BlaNA
softmax EVETURAREL? BMMK
BEHESHERS!

X TFRAEFANRE M SR E AT 1T!



SR MZE (AlexNet)

input image

weights

loss




Neural Turing Machine




Backpropagation

BIFAYA L 1TEE+ Backpropagation
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Backpropagation

f(z,y,2) = (z +y)z '




Backpropagation

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

eg.x=-2,y=52z=-4

q 3




Backpropagation

q 3

f(@,y,2) = (z +y)z y 5

eg.x = =2,y =5z = -4




Backpropagation

q 3

f(@,y,2) = (z +y)z y 5

eg.x = =2,y =5z = -4

q=x+y | Z=15=1
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Backpropagati

f(z,y,2) = (z +y)z
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Backpropagation

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

eg.x = -2y =5z = —4
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Backpropagation

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

eg.x = -2y =5z = —4
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Backpropagation

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

eg.x = -2y =5z = —4
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Backpropagati

f(z,y,2) = (z +y)z
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Backpropagation

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

eg.x = -2y =5z = —4
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Backpropagation

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

eg.x = -2y =5z = —4
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Backpropagati
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Backpropagation
f(iL’,y,Z) = (33 +y)z
eg.x = =2,y = 5z = —4
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1 + e~ (wozo+wi s +wy)

f(w,z)
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1

1 + e~ (wozo+wi s +wy)

f(w,z)

w0 2.00
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f(w,z)

1

1 + e~ (wozo+wi s +wy)

0.37 @ 1.37 @ 073
af 1 d
g | f@-1 - Y -y
df _ df
F f(@)=c+z - o
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1

i + e~ (wozo+wi s +wy)

f(w,z)
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w0 2.00
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1 + e~ (wozo+wizi +wy)

f(w,z)

w0 2.00

(—=0.53)(1) = —0.53

1.00 @ -1.00 @ 0.37 /H\ 1.37 @ 0.73
o 3 i

f(z) =e” = % =e” f(z) = % - % = —1/2?
I,(z) =az = Z—i_ fl@g)=c+z - % 1
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w0 2.00

x0 -1

wl -3

f(w,z)

1

—~1

+ e~ (wozo+wizi +wy)

LiE  EEMEE
(—0.53)(1/e) = —0.2

5 1.00 @ -1.00 @ 0.37 @ 1.37 @ 0.73
w2 -3
— pT df —_—— 1 df P
flz)=e == =E flz) =~ ="z
d d
fa(:z:):a:z: d—i: fc((c):c+a; — % 1



{51

1

i 4+ e~ (wozg+wiz1+wy)

f(w,z)

w0 2.00

x0 -1
(-0.2)(-1)=0.2

4.00

wl -3

X1 -2(

w2 -3
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1
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[ L] x (SRR
wO0: [0.2]x [-1]=-0.2
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4.00

— pT df_ T 1 df 2
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w 2,00

X0 -1.00

0.40

wl -3.00

x1 -2

w2

0.20

THRERFR AR

1

f(w,z)

1 + e~ (wozotwizi+ws)
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Sigmoid

funciion |7(®) = 1te?

Sigmoid
100 /N 037 f+l\ 137
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1/x

0.73

1.00
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E Sigmoid i . .
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0.40

wl -3.00 . .
Sigmoid

5 100 7N 037 /50N 137 0.73
_@ 020 P/ o83 Q‘/ 055 T

xl -2

w2

0.20

Sigmoid local ~ do(®) e (14e" -1 1 .
gradient: de (1+e~2)? N 1+e* 1+e*) (1—o(z))o(z)



BackpropagationgyscIj

wl 2,00

0.20

RIFETE

[eEfEiE

def f(wd, x0, wl, x1, w2):
sO = wl * x0
sl = wl * x1
s2 = s0 + sl
$3 = 52 + w2
L = sigmoid(s3)

grad_L = 1.0

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

grad_s2 = grad_s3

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@ * wd




BackpropagationgyscIj

wl 2,00

0.20

RIFETE

[eEfEiE

def f(wd, x0, wl, x1, w2):
sO = wl * x0
sl = wl * x1
s2 = s0 + sl
$3 = 52 + w2
L = sigmoid(s3)

grad_L = 1.0

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

grad_s2 = grad_s3

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@ * wd




BackpropagationgyscIj

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

sO = wl * x0
sl = wl % x1
w200 BIETE $2 = s0@ + sl

$3 = 52 + w2
L = sigmoid(s3)

grad_L = 1.0

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

grad_s2 = grad_s3

grad_s® = grad_s2

EZﬁﬂﬁgﬁﬁ grad_sl = grad_s2

0.20

grad_wl = grad_sl * x1
grad_x1 = grad_sl * wl
grad_w@ = grad_s@ * x0
grad_x0 = grad_s@ * wd



BackpropagationgyscIj

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

SO = wd * x0
wl 2,00 sl = wl % x1
ElEA =] s2 = s@ + sl

$3 = s2 + w2

L = sigmoid(s3)

grad L = 1.0

grad_s3 =grad_L * (1 - L) %L

_LEL<::> grad_w2 = grad_s3
0.20

grad_s2 = grad_s3
grad_s® = grad_s2

[eEfEiE grad_sl = grad_s2

0.20

grad_wl = grad_sl * x1
grad_x1 = grad_sl * wl
grad_wd = grad_s0 * x0
grad_x0 = grad_s@ * wo



BackpropagationgyscIj

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

SO = wd * x0
wi 2,00 sl =wl % x1
ElEA =] s2 = s0 + sl

$3 = s2 + w2

L = sigmoid(s3)

4.00
0.20
grad_L = 1.0
00 grad s3 =grad L * (1 - L) * L
d20 grad_w2 = grad_s3

.60

grad_s2 = grad_s3

grad_s® = grad_s2

w2 -3.00
REEE grad_s1l = grad_s2

0.20

grad_wl = grad_sl * x1
grad_x1 = grad_sl * wl
grad_w@ = grad_s@ * x0
grad_x0 = grad_s@ * w@
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def f(wod, x0, wl, x1, w2):

SO = wd * x0
wi 2,00 sl = wl % X1
ElEA =] s2 = s@ + sl

$3 = s2 + w2

L = sigmoid(s3)

grad_L = 1.0

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

grad_s2 = grad_s3

grad_s® = grad_s2

R grad_sl = grad_s2

0.20

grad_wl = grad_sl * x1
grad_x1 = grad_sl * wl
grad_w@ = grad_s0 * x0
grad_x0 = grad_s@ * wo@



BackpropagationgyscIj

def f(wd, x0, wl, x1, w2):
sO = wd * x0
sl = wl % x1

wil 2.00

e s s2 = sO + sl

AT s3 = s2 + w2
L = sigmoid(s3)
grad_L = 1.0
grad_s3 = grad_L * (1 - L) * L
grad_w2 = grad_s3
grad_s2 = grad_s3
grad_s® = grad_s2
grad_s1l = grad_s2

0.20 Eiﬁﬂﬁgﬁﬁ grad_wl = grad_sl * x1

grad_x1 = grad_sl * wl
grad_w@ = grad_s@ *x x0
grad_x0 = grad_s@ * wo
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Al

Gate / Node / Function object: Actual PyTorch code

class Multiply(torch.autograd.Function):
X @staticmethod
def forward(ctx, x, y):

Z Need to cache some
ctx.save_for_backward(x, y) «——————| valuesforusein
Z=m X XY backward
y return z
@staticmethod
(lelz are scalars) def backward(ctx, grad_z): < srgztif?;n

X, y = ctx.saved_tensors
grad_x = y % grad_z # dz/dx x dL/dz Multiply upstream
grad_y = x x grad_z # dz/dy * dL/dz | andlocal gradients

return grad_x, grad_y
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32x32x3 image _— 32x32x3 image activation maps

/ 5x5x3 2 5x5x3 filter
'l > *
32 I

convolve (slide) over all
spatial locations

32 28
32 3 1
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Vi = m]aX Zj

Max Pooling Average Pooling

29 | 15 | 28 | 184 31| 156 | 28 | 184

0 (100 | 70 | 38 0 (100| 70 | 38

12 | 12 | 2 12' | 12 [ 2

12 | 12 | 45 | 6

12 | 12 | 45 | 6

2X2

2x2
pool size

pool size
Y

100 | 184

36 | 80

12 | 45

12 | 15
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L ) 2%

convolution linear max
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VGGH&EEY

INPUT: [224x224x3]  memory: 224*224*8=150K params: 0 (not counting biases)
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: 0

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456
POOL2: [56x56x128] memory: 56*56*128=400K params: 0

CONV3-256: [566x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params: 0

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512] memory: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

TOTAL memory: 24M * 4 bytes ~= 96MB / image (only forward! ~*2 for bwd)
TOTAL params: 138M parameters

conv5-3

conv5-2

conv5-1

3:8conv5i2 ]

8 conv 52 ]

3:8convsiz ]

[CSGconuBiz ] conva-3
[C58conusiz ] conva-2
[CSGconusiz ] conva-1
Cax3conv 256 ]
33 conv256 ]
38 conv 28]
SxSconv 28]
CSx8cov6d ]
38 cow6d ]

conv3-2

conv3-1

conv2-2

conv2-1

convi-2

convi-1

VGG16 /

Common names
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PyTorch Sigmoid,

#ifndef TH_GENERIC_FILE
#define TH_GENERIC_FILE "“THNN/generic/Sigmoid.c"

welse

void THNN_(Sigmoid_updateOutput)( rwar
THNNState =state, FO a d
THTensor *input, 1
THTensor xoutput) < 0'(.'1:) K

{ i —z

THTensor_(sigmoid) (output, input); 1 + €
}

void THNN_(Sigmoid_updateGradInput)(
THNNState =state,
THTensor xgradOutput,
THTensor xgradInput,
THTensor *output)

THNN_CHECK_NELEMENT (output, gradOutput);

THTensor_(resizeAs) (gradInput, output);

TH_TENSOR_APPLY3(scalar_t, gradIlnput, scalar_t, gradOutput, scalar_t, output,
scalar_t z = xoutput_data;
*gradInput_data = =gradOutput_data = (1. - z) * 2;

|H

fendif



NIl

PyTorch Sigmoid,

#ifndef TH_GENERIC_FILE

#define TH_GENERIC_FILE “THNN/generic/Sigmoid.c"

welse

static void sigmoid_kernel(Tensorlterator& iter) {

void THNN_(Sigmoid_updateQutput)( Forward AT_DISPATCH_FLOATING_TYPES(iter.dtype(), "sigmoid_cpu”, [&1() {
THNNState =state, unary_kernel_vec(

iter,
THTensor *input, 1 [=](scalar_t a) => scalar_t (Ircturn (1/ (14 s(d::expl(—a)))):l).
THTensor *output) < O'(ilf) _ [=) (Vec256<scalar_t> a) {
{ - S 3 = Vec2S6<scalar_t>((scalar_t)(8)) - a;
14e* T
THTensor_(sigmoid) (output, input); a3 =a.expl);

a = Vec2S6<scalar_t>{(scalar_t)(1)) « a;

} 3 = a.reciprocal();
return a;
void THNN_(Sigmoid_updateGradInput)( M
THNNState =state, i
THTensor *gradOutput, }
THTensor xgradInput,
THTensor *output) return (1 f (1 + std: :exp( (‘a) ) ) ) ?
{
THNN_CHECK_NELEMENT (output, gradOutput);
THTensor_(resizeAs) (gradInput, output);
TH_TENSOR_APPLY3(scalar_t, gradInput, scalar_t, gradOutput, scalar_t, output,
scalar_t z = xoutput_data;
*gradInput_data = sgradOutput_data » (1. - z) = 2;
'H
}

fendif



PyTorch Sigmoid,

NIl

#ifndef TH_GENERIC_FILE
#define TH_GENERIC_FILE "THNN/generic/Sigmoid.c™
welse

void THNN_(Sigmoid_updateQutput)(
THNNState =state,

Forward

THTensor =input,
THTensor *output)

THTensor_(sigmoid) (output, input);

1+e*

void THNN_(Sigmoid_updateGradInput)(
THNNState =state,
THTensor xgradOutput,
THTensor =gradInput,
THTensor xoutput)

THNN_CHECK_NELEMENT (output, gradOutput);
THTensor_(resizeAs)(gradInput, output);
TH_TENSOR_APPLY3(scalar_t, gradInput, scalar_t, gradOutput,
scalar_t z = xoutput_data;
*qradInput_data = =gradOutput_data » (1. - z) = 2}
|H

scalar_t, output,

fendif

(1 —o(z))o(z)

o BUNUON

Pe'

static void sigmoid_kernel(TensorIterators iter) {
AT_DISPATCH_FLOATING_TYPES(iter.dtype(), “sigmoid_cpu™, [&]1() {
unary_kernel_vec(
iter,
[=)(scalar_t a) => scalar_t { return (1 / (1 + std::exp((=a)))); )},
[=]) (Vec256<scalar_t> a) {
3 = Vec2S6<scalar_t>((scalar_t)(®)) - a;
a = a.exp();
3 = Vec2Sbescalar_t>{(scalar_t)(1)) « a;
3 = a.reciprocall);
return a;

12

Backward
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