Lecture 8:
Deep Learning Software
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Administrative

- Project proposals were due Tuesday
- We are assigning TAs to projects, stay tuned

- We are grading A1

- A2 is due Thursday 5/4
- Remember to stop your instances when not in use
- Only use GPU instances for the last notebook
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LaSt tlme Regularization: Dropout Transfer
Learning
FC-C
FC-4096 V\\

FC-4096

Optimization: SGD+Momentum,

Reinitialize

this and train
MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool > Freeze these

Regularization: Add noise, then Conv-256

marginalize out MaxPool
Conv-128

Train y — fW (_1’," Z) Conv-128
MaxPool

Conv-64

Test  y=f(z) = E,[f(z,2)] comet |
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Today

- CPUvs GPU

- Deep Learning Frameworks
- Caffe / Caffe2
- Theano / TensorFlow
- Torch / PyTorch
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CPU vs GPU
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My computer
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Spot the CPU!

(central processing unit)

l ="  GEFORCEGTXM =

! , B . e e o ‘
‘0 GEFORCE GTX ‘9
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Spot the GPUSs!

(graphics processing unit)
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NVIDIA  + AMD
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NVIDIA| + AMD
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CPU vs GPU

# Cores Clock Speed | Memory Price CPU: Fewer cores,

but each core is

CPU 4 4.4 GHz Shared with system $339 much faster and

(Intel Core 518 thrssds ‘é"_ith much more

i7-7700k) )ype reading capable; great at
sequential tasks

CPU 10 3.5 GHz Shared with system $1723

(|nte| Core (20 threads

_ ith
i7-6950X) \r’1v3|/perthreading

)
GPU: More cores,

GPU 3840 1.6 GHz 12 GB GDDR5X $1200 but each core is

(NVIDIA much slower and

Titan Xp) “dumber”; great for
parallel tasks

GPU 1920 1.68 GHz 8 GB GDDR5 $399

(NVIDIA

GTX 1070)
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Example: Matrix Multiplication

AxB AxC
BxC 0000000
0000000
0000000
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Programming GPUs

e CUDA (NVIDIA only)
o Write C-like code that runs directly on the GPU
o Higher-level APIs: cuBLAS, cuFFT, cuDNN, etc
e OpenCL
o Similar to CUDA, but runs on anything
o Usually slower :(
e Udacity: Intro to Parallel Programming
https://www.udacity.com/course/cs344
o For deep learning just use existing libraries
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(CPU performance not

CPU vs GPU in praCtice well-optimized, a little unfair)

B intel E5-2620v3 [ Pascal Titan X (no cuDNN) Pascal Titan X (CuDNN 5.1)
24000

18000 \

66X 97x 71X 64X

76X
¥ -/ If l

VGG-16 VGG-19 ResNet-18 Res-Net-50 ResNet-200

16 Forward + Backward time (ms)

6000

N=

0

Data from https://github.com/jcjohnson/cnn-benchmarks
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cuDNN much faster than

CPU vs GPU in practice “unoptimized” CUDA

B intel E5-2620v3 [ Pascal Titan X (no cuDNN) Pascal Titan X (CuDNN 5.1)
24000

18000

o 2.8X  3.0x 3.1x 3.4x 2.8
1 K
]

VGG-16 VGG-19 ResNet-18 Res-Net-50 ResNet-200

X

16 Forward + Backward time (ms)

6000

N=

0

Data from https://github.com/jcjohnson/cnn-benchmarks
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CPU / GPU Communication

Model
IS here &

Data is here

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 8- 16  April 27, 2017



CPU / GPU Communication

Model
IS here &

Data is here

] ﬁ e - = If you aren’t careful, training can
|- : y bottleneck on reading data and

o SKTRWT YL o transferring to GPU!
&Y GEFORCEGTX ©&

Lo

Solutions:
- Read all data into RAM
- Use SSD instead of HDD
- Use multiple CPU threads
to prefetch data

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 8 - 17  April 27, 2017




Deep Learning
Frameworks
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Last year ...

Caffe
(UC Berkeley)

Torch
(NYU / Facebook)

Theano —» TensorFlow
(U Montreal) (Google)
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This year ... Paddle

(Baidu)
Caffe , Caffe2
(UC Berkeley) (Facebook) CNTK
(Microsoft)
Torch PyTorch
(NYU / Facebook) (Facebook) MXNet
(Ama%on)c -
Theano __ , TensorFlow
(U Montreal) (Google)
And others...
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Today Paddle

A bit about these (Baidu)

Caffe | Caffe2

(UC Berkeley) (Facebook) CNTK
(Microsoft)

Torch PyTorch

(NYU / Facebook) (Facebook) MXNet
(Ama%on)c -

Theano _____, | TensorFlow

(U Montreal) (Google)

Mostly these And others...
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Recall: Computational Graphs

f=Wgz| |Li=>_,,, max(0,s; — sy, +1)
\ @ s (scores) , ?
(r)

R(W)

L
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Recall: Computational Graphs T—

iInput image

b | o [
o -E: deup B i
g [+ |3
[ J .
" —s!""’ _'h'-‘ '/ L _;.‘,,::-
weights |
e
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> i i
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i ___fL.?‘":,/’/ L L

loss

O SRR g

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

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 8 - 23  April 27, 2017




Recall: Computational Graphs

input image /

loss \

Figure reproduced with permission from a Twitter post by Andrej Karpathy.
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https://twitter.com/karpathy/status/597631909930242048?lang=en

The point of deep learning frameworks

(1) Easily build big computational graphs
(2) Easily compute gradients in computational graphs
(3) Run it all efficiently on GPU (wrap cuDNN, cuBLAS, etc)
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Computational Graphs

Numpy ° 0

import numpy as np

np.random.seed(0) .

N, D= 3, 4

p.random.randn{N, D) e

X=n
¥ = np.random.randn{N, D) +
z = np.random.randn(N, D)

A =X *y

b=a+z

c = np.sum(b)
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Computational Graphs

Numpy ° 0

import numpy as np

np.random.seed(0) .

N, D= 3, 4

np.random.randn{N, D) e

np.random.randn({N, D) 4.
np.random.randn(N, D)

X
b §
z

T ow
nmn
[ak]

+
4]

1.0 >

grad ¢ * np.ones( (N, D))
grad b.copy()

grad b.copyl()

grad a * y

grad a * x
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Computational Graphs

Numpy ° 0

import numpy as np

np.random.seed(0) .
o ‘a) Problems:

X = np.random.randn(N, D)

L andmzandn(h D) i - Can’t run on GPU
e - Have to compute
c = np.sum(d) @:D our own gradients
grad ¢ = 1.0 z

grad x = grad a * y

grad b = grad ¢ * np.ones( (N, D))
grad a = grad b.copy()

grad z = grad b.copy()

grad y = grad a * x
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Computational Graphs TensorFlow

# Basic computational graph

import numpy as np
NL“ I lpy np.random.seed(0)
import tensorflow as tf
import numpy as np
*

np.random.seed(0) .

M, D=3, 4

® = tf.placeholder(tf.float32)
N, D=3, & y = tf.placeholder(tf.float32)

z = tf.placeholder(tf.float32)
X = np.random.randn(N, D)
y = np.random.randn(N, D) + ; = : : :
z = np.random.randn(N, D) ¢ = tf.reduce_sum(b)
a4 =X * ¥ grad x, grad y, grad z = tf.gradients(c, [X, ¥: Z])
b=a+ =z
c = np.sum(b) with tf.Session() as sess:

values = |
= X: np.random.randn(M¥, D),

grad ¢ = 1.0 Z y: np.random.randn(N, D),
grad b = grad ¢ * np.ones{ (N, D)) z: np.random.randn(¥, D},
grad a = grad b.copy() I
grad z = grad b.copy() out = sess.run{(|[c, grad ¥, grad y, grad z],
grad x = grad a * y feed dict=values)
grad y = grad_a * x c_val, grad x val, grad y val, grad z val = out
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Computational Graphs TensorFlow

# Basic computational graph

import numpy as np

np.random.seed(0)

import tensorflow as tf
Iliil

M, D=3, 4

® = tf.placeholder(tf.float32)
y = tf.placeholder(tf.float32)
Create forward z = tf.placeholder(tf.float3z)
+ computational graph a=x*y
b=a+z
¢ = tf.reduce sum(b)
grad x, grad y, grad z = tf.gradients(c, [X, ¥: Z])
with tf.Session() as sess:
values = |
Z X: np.random.randn(M¥, D),
y: np.random.randn(M¥, D),

z: np.random.randn(M¥, D),

out = sess.run{(|[c, grad ¥, grad y, grad z],
feed dict=values)
c_val, grad x val, grad y val, grad z val = out
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Computational Graphs TensorFlow

# Basic computational graph

import numpy as np

np.random.seed(0)

import tensorflow as tf
Iliil

4

Y

z

M, D=3, 4

tf.placeholder(tf.float32)
tf.placeholder(tf.float32)
tf.placeholder(tf.float32)

+ a=x*y
b=a+z
¢ = tf.reduce sum(b)

Ask TensorFlow to
compute gradients

grad x, grad y, grad z = tf.gradients(c, [X, ¥: Z])

with tf.Session() as sess:

values = |
Z X: np.random.randn(M¥, D),
y: np.random.randn(M¥, D),

z: np.random.randn(M¥, D),

out = sess.run{(|[c, grad ¥, grad y, grad z],
feed dict=values)
c_val, grad x val, grad y val, grad z val = out
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Computational Graphs TensorFlow

import numpy as np

np.random.seed(0)
import tensorflow as tf
*

N, D = 3000, 4000

. Te” ——pp] with tf.device('/cpu:0'}:
TensorFIOW X rleiploareoIuerTer . float32)
y = tf.placeholder(tf.float3l)
6 to run on CPU z = tf.placeholder(tf.float32)
4— a=x+*%y
b=a+z

c tf.reduce sum(b)

grad_x, grad y, grad z = tf.gradients{c, [x, ¥, 2])

with tf.Session() as sess:
values = |
Z ¥x: np.random.randn(¥, D)},
y: np.random.randn(N, D),
z: np.random.randn(N, D),

out = sess.run((c, grad %, grad y, grad z],
feed dict=values)
c val, grad x val, grad y val, grad z val = out
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Computational Graphs TensorFlow

import numpy as np

np.random.seed(0)
import tensorflow as tf
*

N, D = 3000, 4000

. Te” ———23p] with tf.device('/gpu:l'):
TensorFlow —— e de o Loat 32 )
¥y = tf.placeholder(tf.floatl3)
a to run on GPU z = tf.placeholder(tf.float32)
{- a=x*y
b=a+z

c tf.reduce sum(b)

grad x, grad y, grad z = tf.gradients(e, [x, ¥, 2])

with tf.Session() as sess:
values = {
Z %x: np.random.randn(N, D),
y: np.random.randn(N, D),
Z: np.random.randn(N, D),

}

out = sess.run([c, grad x, grad y, grad z],
feed dict=values)

¢ val, grad x val, grad y val, grad z val = out
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Computational Graphs PyTorch

import torch

° 0 from torch.autograd import Variable
*

H;D=3r4

. X

Variable(torch.randn(N, D),
reguires grad=True)

y = Variable(torch.randn(N, D),
requires grad=True)
+ Zz = Variable(torch.randn(¥, D),
requires grad=True)
a=x *y
b=a+z
¢ = torch.sum(b)
Z c.backward( )

print(x.grad.data)
print(y.grad.data)

print(z.grad.data)
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Computational Graphs PyTorch

import torch

° 0 from torch.autograd import Variable
*

H;D=3r4

. ¥ = Variable(torch.randn(N, D},
. . reguires grad=True)
a Define Variables to y = Variable(torch.randn(N, D),
_— u
AL reguires grad=True)
+ Start bUIIC!Ing a Zz = Variable(torch.randn(¥, D),
computational graph requires_grad=True)
a=x *y
b =4+ =2
¢ = torch.sum(b)
Z c.backward( )

print(x.grad.data)
print(y.grad.data)

print(z.grad.data)

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 8 -3535  April 27, 2017




Computational Graphs PyTorch

import torch

° 0 from torch.autograd import Variable
*

H;D=3r4
Variable(torch.randn(N, D),

. x
reguires grad=True)

v Variable(torch.randn(¥, D),
requires grad=True)

+ Zz = Variable(torch.randn(¥, D),
regquires grad=True)
Forward pass wall
. ] —_— =a+z
looks just like ¢ = torch.sum(b)
Z numpy c.backward( )

print(x.grad.data)
print(y.grad.data)

print(z.grad.data)
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Computational Graphs PyTorch

import torch

° 0 from torch.autograd import Variable
*

H;D=3r4
Variable(torch.randn(N, D),

. x
reguires grad=True)

a v Variable(torch.randn(¥, D),
requires grad=True)

Variable({torch.randn(N, D),
requires grad=True)

+
[

X *y
a + z
torch.sum(b)

or
[ T

=

Z c.backward( )

% Calllng C'baCkward() — P print(x.grad.data)

ComPUteS a” print(y.grad.data)
gradients print(z.grad.data)
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Computational Graphs PyTorch

import torch

° 0 from torch.autograd import Variable
*

. X = Variable(torch.randn(N, D)|.cuda(),
Run on GPU by requires grad=True)
. T ‘fﬂ.l.id.l)l':l.bud.\..-h.-l. .cudal{},
9 CaStlng to .CUda() requires grad=True)
+ z = Variable(torch.randn(M, D)|.cuda(),
reguires grad=True
Ai=lar W
b=a+ =z
c = torch.sum(b)
Z c.backward( )

print(x.grad.data)
print(y.grad.data)
print(z.grad.data)
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Numpy

import numpy as np
np.random.seed(0)

TensorFlow

import numpy as np
np.random.seed(0)
import tensorflow as tf

N, D=3, 4

PyTorch

import torch
from torch.autograd import Variable

N, D=3, 4

M, = 3, 4
with tf.device('/gpu:0'): ¥ = Variable(torch.randn(¥, D).cuda(),
X = np.random.randn(N, D) x = tf.placeholder(tf.float3z) Snpiatd [iequzreS_gr??T;\;e) o
= y = Variable(torch.randn(N, ~cuda(),
= np.random.randni(i, D Y tf.placeholder(tf.float32) -
Y _ P iR ) z = tf.placeholder(tf.float32) requires grad=True)
2 = np.random.randn(N, D) z = Variable(torch.randn(N¥, D).cuda(),
a=x*y requires_ grad=True)
A = x * 1.[ b=a+z2
e c = tf.reduce sum(b) Aismiak .oy
== + o
b a Z =Eanae
¢ = np.sum(b) grad x, grad y, grad z = tf.gradients{c, [X, ¥, 2]) e = torch.sum(b)
grad ¢ = 1.0 with tf.Session() as sess: c.backward ()
g values = {
gl‘ad_b = grﬂ.d_c * np.DnEE{ :'HJ D]} xe np.]_-g_ndom.)_-an.dn(;[qJI Dy, print{x.grad.data]
grad a = grad b.copy() y: np.random.randn(N, D), print(y.grad.data)
grad_z = grad_b.copy{} : z: np.random.randn(N, D), print(z.grad.data]
E-- L d
grad_x grad_a y cut = sess.run([c, grad %, grad y, grad z],
grad ¥y = grad a * x feed dict=values)

c_val, grad x val, grad y val, grad z val = out
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TensorFlow

(more detail)
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N, D, H = 64, 1000, 100

TensorFIOW: x = tf.placeholder(tf.float32, shape=(N, D))

Yy = tf.placeholder(tf.float32, shape=(N, D))
N I N t wl = tf.placeholder(tf.float32, shape=(D, H))

eu ra e W2 tf.placeholder(tf.float32, shape=(H, D))
h = tf.maximum(tf.matmul(x, wl), 0)
Y pred = tf.matmul{h, w2)

. . . diff = y pred - y
Runnmg example' Train loss = tf.reduce mean(tf.reduce sum(diff =+ 2, axis=1))
a two-layer ReLU

network on random data

with L2 loss with tf.Session() as sess:

values = {x: np.random.randn(MN, D),
wl: np.random.randn(D, H),
w2: np.random.randn(H, D),
y: np.random.randn(N, D),}

out = sess.run([loss, grad wl, grad w2],

feed dict=values)
loss val, grad wl val, grad w2 wval = out

grad wl, grad w2 = tf.gradients(loss, [wl, w2])
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N, D, H = 64, 1000, 100

TensorFIOW: x = tf.placeholder(tf.float32, shape=(N, D))

Yy = tf.placeholder(tf.float32, shape=(N, D))
N I N t wl = tf.placeholder(tf.float32, shape=(D, H))
eu ra e W2 tf.placeholder(tf.float32, shape=(H, D))
h = tf.maximum(tf.matmul(x, wl), 0)
Y pred = tf.matmul{h, w2)

diff = y pred - y
loss = tf.reduce mean(tf.reduce sum(diff =+ 2, axis=1))

import numpy as np
import tensorflow as tf grad wl, grad w2 = tf.gradients(loss, [wl, w2])

(Assume imports at the with tf.Session() as sess:

top of each snipppet) values = {x: np.random.randn(N, D),
wl: np.random.randn(D, H),

w2: np.random.randn(H, D),
y: np.random.randn(N, D),}
out = sess.run([loss, grad wl, grad w2],
feed dict=values)
loss val, grad wl val, grad w2 wval = out
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N, D, H = 64, 1000, 100

TensorFIOW: x = tf.placeholder(tf.float32, shape=(N, D))

Yy = tf.placeholder(tf.float32, shape=(N, D))

N I N t wl = tf.placeholder(tf.float32, shape=(D, H))
eu ra e W tf.placeholder(tf.float32, shape=(H, D))

h = tf.maximum(tf.matmul(x, wl), 0)

Y pred = tf.matmul{h, w2)

First define / diff = y pred -y
. loss = tf.reduce mean(tf.reduce sum(diff =+ 2, axis=1))
computational graph

grad wl, grad w2 = tf.gradients(loss, [wl, w2])

with tf.Session() as sess:
Then run the graph values = {x: np.random.randn(MN, D),

many times \ wl: np.random.randn(D, H),
w2: np.random.randn(H, D),
y: np.random.randn(N, D),}

out = sess.run([loss, grad wl, grad w2],

feed dict=values)
loss val, grad wl val, grad w2 wval = out

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 8 4343  April 27, 2017




M, D, H =64, 1000, 100

TensorFIOW: x = tf.placeholder(tf.float32, shape=(N, D))

Yy = tf.placeholder(tf.float32, shape=(N, D))

N I N t wl = tf.placeholder(tf.float32, shape=(D, H))
eu ra e W2 tf.placeholder(tf.float32, shape=(H, D))

h = tf.maximum(tf.matmul(x, wl), 0)

Y pred = tf.matmul{h, w2)

Create placeholders for diff = y pred - y
input X, weights w1 and loss = tf.reduce mean(tf.reduce sum(diff =+ 2, axis=1))
W2’ and targets y grad wl, grad w2 = tf.gradients(loss, [wl, w2])

with tf.Session() as sess:

values = {x: np.random.randn(MN, D),
wl: np.random.randn(D, H),
w2: np.random.randn(H, D),
y: np.random.randn(N, D),}

out = sess.run([loss, grad wl, grad w2],

feed dict=values)
loss val, grad wl val, grad w2 wval = out
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N, D, H = 64, 1000, 100

TensorFIOW: x = tf.placeholder(tf.float32, shape=(N, D))

Yy = tf.placeholder(tf.float32, shape=(N, D))
N I N t wl = tf.placeholder(tf.float32, shape=(D, H))
eu ra e w2 = tf.placeholder(tf.float32, shape=(H, D))
h = tf.maximum(tf.matmul(x, wl), 0)

. Y pred = tf.matmul{h, w2)
Forward pass: compute —"|diff = y pred - y

prediction for y and loss loss = tf.reduce mean(tf.reduce sum(diff =+ 2, axis=1))
(L2 distance between y grad wl, grad w2 = tf.gradients(loss, [wl, w2])
and y_pred)

with tf.Session() as sess:
values = {x: np.random.randn(MN, D),

No computation wl: np.random.randn(D, H),
happens here - just w2: np.random.randn(H, D),
buildina the araph! y: np.random.randn(N, D),}

u g grapn: out = sess.run([loss, grad wl, grad w2],

feed dict=values)
loss val, grad wl val, grad w2 wval = out
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N, D, H = 64, 1000, 100

TensorFIOW: x = tf.placeholder(tf.float32, shape=(N, D))

Yy = tf.placeholder(tf.float32, shape=(N, D))
N I N t wl = tf.placeholder(tf.float32, shape=(D, H))
eu ra e w2 = tf.placeholder(tf.float32, shape=(H, D))
h = tf.maximum(tf.matmul(x, wl), 0)
Y pred = tf.matmul{h, w2)

Tell TensorFlow to diff = y pred - y
Compute loss of gradient loss = tf.reduce mean(tf.reduce sum(diff =+ 2, axis=1))
with respect to w1 and ————plgrad wl, grad w2 = tf.gradients(loss, [wl, w2])
w2.
with tf.Session() as sess:

. . values = {x: np.random.randn(MN, D),
Again no computation wl: np.random.randn(D, H),
here - jUSt building the w2: np.random.randn(H, D),

h y: np.random.randn(N, D),}
grap out = sess.run([loss, grad wl, grad w2],

feed dict=values)
loss val, grad wl val, grad w2 wval = out
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N, D, H = 64, 1000, 100

TensorFIOW: x = tf.placeholder(tf.float32, shape=(N, D))

Yy = tf.placeholder(tf.float32, shape=(N, D))
N I N t wl = tf.placeholder(tf.float32, shape=(D, H))
eu ra e w2 = tf.placeholder(tf.float32, shape=(H, D))
h = tf.maximum(tf.matmul(x, wl), 0)
Y pred = tf.matmul{h, w2)

diff = y pred - y
loss = tf.reduce mean(tf.reduce sum(diff =+ 2, axis=1))

grad wl, grad w2 = tf.gradients(loss, [wl, w2])

Now done bU|Id|ng our with tf.Session() as sess:
graph, SO we enter a values = {X: Op.random.randn(N, D),

session SO we can wl: np.random.randn(D, H),
w2: np.random.randn(H, D),

aCtua”y run the graph y: np.random.randn(N, D),}
out = sess.run([loss, grad wl, grad w2],
feed dict=values)
loss val, grad wl val, grad w2 wval = out
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N, D, H = 64, 1000, 100

TensorFIOW: x = tf.placeholder(tf.float32, shape=(N, D))

Yy = tf.placeholder(tf.float32, shape=(N, D))
N I N t wl = tf.placeholder(tf.float32, shape=(D, H))
eu ra e W2 tf.placeholder(tf.float32, shape=(H, D))
h = tf.maximum(tf.matmul(x, wl), 0)
Y pred = tf.matmul{h, w2)

diff = y pred - y
loss = tf.reduce mean(tf.reduce sum(diff =+ 2, axis=1))

grad wl, grad w2 = tf.gradients(loss, [wl, w2])

Create numpy arrays with tf.Session() as sess:

that will fill in the values = {x: np.random.randn(N, D),
placeholders above I wl: np.random.randn(D, H),
w2: np.random.randn(H, D),
y: np.random.randn(N, D),}
out = sess.run([loss, grad wl, grad_wi],
feed dict=values)
loss val, grad wl val, grad w2 wval = out
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N, D, H = 64, 1000, 100

TensorFIOW: x = tf.placeholder(tf.float32, shape=(N, D))

Yy = tf.placeholder(tf.float32, shape=(N, D))
N I N t wl = tf.placeholder(tf.float32, shape=(D, H))
eu ra e w2 = tf.placeholder(tf.float32, shape=(H, D))
h = tf.maximum(tf.matmul(x, wl), 0)
Y pred = tf.matmul{h, w2)

diff = y pred - y
loss = tf.reduce mean(tf.reduce sum(diff =+ 2, axis=1))

grad wl, grad w2 = tf.gradients(loss, [wl, w2])

with tf.Session() as sess:
values = {x: np.random.randn(MN, D),

Run the graph: feed in wl: np.random.randn(D, H),
the numpy arrays fOf' X w2: np.random.randn(H, D),

y: np.random.randn(N, D),}
y’ W1’ and W2; get out = sess.run([loss, grad wl, grad_w:?],
numpy arrays for loss, feed dict=values)

loss val, grad wl val, grad w2 wval = out

grad_w1, and grad_w2

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 8 4949  April 27, 2017




¥, D, H = 64, 1000, 100
X = tf.placeholder(tf.float32, shape=(N, D))

TensorFIOW: Yy = tf.placeholder(tf.flcat32, shape=(N, D))
wl = tf.placeholder(tf.flocat32, shape=(D, H})
Neural Net w2 = tf.placeholder(tf.float32, shape=(H, D))
h = tf.maximum({tf.matmul(x, wl), 0)
17 ¥ pred = tf.matmul{h, w2)
¢ diff = y pred - ¥

¢ loss tf.reduce mean(tf.reduce sum(diff ** 2, axis=1))
3 grad wl, grad w2 = tf.gradients(loss, [wl, w2])

‘ with tf.Session() as sess:
- values = {x: np.random.randn(M, D),
. “o0ue, wl: np.random.randn(D, H),
0 1 0 o 0 50 w2: np.random.randn(H, D),
. . yv: np.random.randn{(M, D),}
Train the network: Run learning rate = le-5
the graph over and over, for t in range(50):
. out = sess.run([loss, grad wl, grad w2],
use gradient to update  —___ | i e
WelghtS loss val, grad wl val, grad w2 val = out
values[wl] —-= learning rate * grad wl val
values[w2] -= learning rate * grad w2 val
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¥, D, H = 64, 1000, 100
X = tf.placeholder(tf.float32, shape=(N, D))

TensorFIOW: Yy = tf.placeholder(tf.flcat32, shape=(N, D))
wl = tf.placeholder(tf.flocat32, shape=(D, H})
Neural Net

w2 = tf.placeholder(tf.float32, shape=(H, D))

h = tf.maximum({tf.matmul(x, wl), 0)

¥ pred = tf.matmul{h, w2)

. . diff = y pred - ¥y

Prgblem. copying loss = tf.reduce mean(tf.reduce sum(diff *+* 2, axis=1l))
WelghtS between CPU/ grad wl, grad w2 = tf.gradients(loss, [wl, w2])

GPU each step

with tf.Session() as sess:
values = {x: np.random.randn(M, D),
wl: np.random.randn(D, H),
wZ: np.random.randn(H, D},
yv: np.random.randn{(M, D),}
learning rate = le-5

Train the network: Run

the graph over and over, for t in range(50):
. out = sess.run([loss, grad wl, grad w2],
use gradient to update \ fabd dint—valnas)
WelghtS loss val, grad wl val, grad w2 val = out
values[wl] —-= learning rate * grad wl val
values[w2] -= learning rate * grad w2 val
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N, D, H = 64, 1000, 100
tf.placeholder(tf.float32, shape=(N, D))

x:

TensorFlow:
Neural Net

Change w1 and w2 from

wl = tf.Variable(tf.random normal((D, H)))
w2 = tf.Variable(tf.random normal((H, D)))

h = tf.maximum(tf.matmul(x, wl), 0)
y pred = tf.matmul(h, w2)
diff = y pred - ¥y

placeholder (fed on loss = tf.reduce mean(tf.reduce sum(diff == 2|, axis=1))
each call) to Variable grad wl, grad w2 = tf.gradients(loss, [wl, w2])
(persists in the graph

learning rate = le-5
between calls) new wl = wl.assign(wl - learning rate * grad wl)
new w2 = w2.assign(w2 - learning rate * grad w2)

with tf.Session() as sess:
sess.run(tf.global variables initializer())
values = {x: np.random.randn(N, D),
¥: np.random.randn(N, D),}
for t in range(50):
loss val, = sess.run([loss], feed dict=values)
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N, D, H = 64, 1000, 100
X = tf.placeholder(tf.float32, shape=(N, D))

TensorFIOW: Yy = tf.placeholder(tf.float32, shape=(N, D))

wl = tf.Variable(tf.random normal((D, H)))

N e u ral N et w2 = tf.Variable(tf.random normal((H, D)))

h = tf.maximum(tf.matmul(x, wl), 0)

y pred = tf.matmul(h, w2)

diff = y pred - ¥y

loss = tf.reduce mean(tf.reduce sum{diff =*=» EL axis=1))
grad wl, grad w2 = tf.gradients(loss, [wl, w2])

learning rate = le-5

Add assign operations new wl = wl.ass%gn{wl - learn:i_ng_rate * grad wl)
to update w1 and w2 as / new w2 = w2.assign(w2 - learning rate * grad w2)

part of the graph! with tf.Session() as sess:
sess.run(tf.global variables initializer())
values = {x: np.random.randn(N, D),
¥: np.random.randn(N, D),}
for t in range(50):
loss val, = sess.run([loss], feed dict=values)
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N, D, H = 64, 1000, 100
X = tf.placeholder(tf.float32, shape=(N, D))

TensorFIOW: Yy = tf.placeholder(tf.float32, shape=(N, D))

wl = tf.Variable(tf.random normal((D, H)))

N e u ral N et w2 = tf.Variable(tf.random normal((H, D)))

h = tf.maximum(tf.matmul(x, wl), 0)

y pred = tf.matmul(h, w2)

diff = y pred - ¥y

loss = tf.reduce mean(tf.reduce sum{diff =*=» EL axis=1))
grad wl, grad w2 = tf.gradients(loss, [wl, w2])

learning rate = le-5
new wl = wl.assign(wl - learning rate * grad wl)
new w2 = w2.assign(w2 - learning rate * grad w2)

Run graph once to with tf.Session() as sess:
initiali 1 d w2 ~55"““~~>| Sess.run(tf.global variables initializer()) |
Initialize wi ana w values = {x: np.random.randn(N, D),

yi np.random.randn(N, D),}

Run many times to train for t in range(50): ‘
loss val, = sess.run([loss], feed dict=values)
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N, D, H = 64, 1000, 100
X = tf.placeholder(tf.float32, shape=(N, D))

TensorFIOW: Yy = tf.placeholder(tf.float32, shape=(N, D))

wl = tf.Variable(tf.random normal((D, H)))

N e u ral N et w2 = tf.Variable(tf.random normal((H, D)))

107 h = tf.maximum(tf.matmul(x, wl), 0)
> y pred = tf.matmul(h, w2)
53 diff = y pred - ¥y

loss = tf.reduce mean(tf.reduce sum{diff =*=» EL axis=1))
grad wl, grad w2 = tf.gradients(loss, [wl, w2])

5.2

51

learning rate = le-5

new wl = wl.assign(wl - learning rate * grad wl)

44 new w2 = w2.assign(w2 - learning rate * grad w2)
0 10 20 30 40 50

5.0

with tf.Session() as sess:

Problem: loss not going sess.run(tf.global variables initializer())
down! Assign calls not values = {x: np.random.randn(N, D),
] ¥: np.random.randn(N, D),}
actually being executed! for t in range(50):
loss val, = sess.run([loss], feed dict=values)
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N, D, H= 64, 1000, 100
® = tf.placeholder(tf.float32, shape=(H;, D})

TensorFIOW: ¥y = tf.placeholder(tf.float32, shape=(H, D})
wl = tf.variable(tf.random normal( (D, H)))
N I N t w2 = tf.vVariable(tf.random normal((H, D)))
eura e h = tf.maximum{tf.matmal({x, wl), 0)
5 &7 ¥ pred = tf.matmul(h, w2)
‘ diff = y pred - y

4 loss tf.reduce mean(tf.reduce sum(diff ** 2, axis=1))
grad wl, grad w2 = tf.gradients(loss, [wl, w2])

3

2 learning rate = le-5
new wl = wl.assign(wl - learning rate * grad wl)

' g new w2 = w2.assiqn{w2 - learning rate * grad w2)
0 oo / updates = tf.group(new wl, new wa) I

o 10 20 30 40 50

with tf.S5ession() as sess:
Add dummy graph node sess.run{tf.global variables initializer())
values = {X: np.random.randn(N, D},
that depends on updates R e
losses = []
for t in range(50):
Te” graph tO Compute loss wval, = sess.run([loss, |updates]}
dummy node > feed_dict=values)
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N, D, H = 64, 1000, 100
x = tf.placeholder(tf.floati2, shape=(N, D))

TensorFIOW: Y tf.placeholder(tf.floati2, shape=(N, D))

wl = tf.Variable(tf.random normal( (D, H)))

Optimizer w2 = tf.Variable(tf.random normal((H, D)))

h = tf.maximum({tf.matmul(x, wl), 0)

Y pred = tf.matmul{h, w2)

diff = v pred - ¥

loss = tf.reduce mean(tf.reduce sum(diff * diff, axis=1))

Can use an optimizer to optimizer = tf.train.GradientDescentOptimizer(le-5)
compute gradients and — " |updates = optimizer.minimize(loss)
update weights

with tf.Session() as sess:
sess.run(tf.global wvariables initializer())

Remember to execute the values = {x: np.random.randn(N, D),
¥: np.random.randn(N, D),}

output of the optimizer! \ tossEs =7
for £t in range(50):
loss val, = sess.run([loss, updatEEN,
feed dict=values)
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N, D, H = 64, 1000, 100

T FI . x = tf.placeholder(tf.float32, shape=(N, D))

EBr]E;()r. ()\AV. y = tf.placeholder(tf.float32, shape=(N, D))
wl = tf.Variable(tf.random normal((D, H)))

L_()S;S; w2 = tf.Variable(tf.random normal((H, D)))

h = tf.maximum(tf.matmul(x, wl), 0)
y pred = tf.matmul(h, w2)

Use predefined /1055 = tf.losses.mean_squared error(y_pred, y)
common lossees

optimizer = tf.train.GradientDescentOptimizer(le-3)
updates = optimizer.minimize(loss)

with tf.Session() as sess:
sess.run(tf.global variables initializer())
values = {x: np.random.randn(N, D),
y: np.random.randn(N, D), }
for t in range(50):
loss val, @ = sess.run([loss, updates],
feed dict=values)
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N, D, H = 64, 1000, 100
X = tf.placeholder(tf.float32, shape=(N, D))

TensorFIOW: y = tf.placeholder(tf.float32, shape=(N, D))
Layers

init = tf.contrib.layers.xavier initializer
h = tf.layers.dense(inputs=x, units=H,

activation=tf.nn.relu, kernel initializer=irnit)
y_pred = tf.layers.dense(inputs=h, units=D,
kernel initializer=init)

Use Xavier
initializer loss = tf.losses.mean squared error(y pred, y)
optimizer = tf.train.GradientDescentOptimizer(1le0)
updates = optimizer.minimize(loss)
with tf.Session() as sess:
tf_layers automatica”y sess.run(tf.global variables initializer())
sets up Welght and values = {xX: np.random.randn(N, D),
) y: np.random.randn(N, D), }
(and bIaS) for us! for t in range(50):

loss_val, _ = sess.run([loss, updates],
feed dict=values)
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Keras: High-Level
Wrapper

Keras is a layer on top of
TensorFlow, makes common
things easy to do

(Also supports Theano
backend)

from keras.models import Sequential
from keras.layers.core import Dense, Activation
from keras.optimizers import SGD

N, D, H = 64, 1000, 100

model = Sequential()
model.add(Dense(input dim=D, output dim=H))
model.add(Activation('relu'))
model.add(Dense(input dim=H, output dim=D))

optimizer = SGD(lr=1e0)
model.compile(loss="'mean squared error',
optimizer=optimizer)

X = np.random.randn(N, D)
y = np.random.randn(N, D)
history = model.fit(x, y, nb epoch=50,
batch size=N, verbose=0)
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Keras: High-Level

Wrapper

Define model object as
a sequence of layers

—_—

from keras.models import Sequential
from keras.layers.core import Dense, Activation
from keras.optimizers import SGD

N, D, H = 64, 1000, 100

model = Sequential()
model.add(Dense(input dim=D, output dim=H))
model.add(Activation('relu'))
model.add(Dense(input dim=H, output dim=D))

optimizer = SGD(lr=1e0)
model.compile(loss='mean squared_ error',
optimizer=optimizer)

X = np.random.randn(N, D)
y = np.random.randn(N, D)
history = model.fit(x, y, nb_epoch=50,
batch size=N, verbose=0)
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. . from keras.models import Sequential
Ke ras . H Ig h . Level from keras.layers.core import Dense, Activation
from keras.optimizers import SGD
Wrapper

N, D, H = 64, 1000, 100

model = Sequential()
model.add(Dense(input dim=D, output dim=H))
model.add(Activation('relu'))
model.add(Dense(input dim=H, output dim=D))

modei.compiie(1oss=‘mean_squared_error',
optimizer=optimizer)

X = np.random.randn(N, D)
y = np.random.randn(N, D)
history = model.fit(x, y, nb_epoch=50,
batch size=N, verbose=0)
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. . from keras.models import Sequential
Ke ras . H Ig h . Level from keras.layers.core import Dense, Activation
from keras.optimizers import SGD
Wrapper

N, D, H = 64, 1000, 100

model = Sequential()
model.add(Dense(input dim=D, output dim=H))
model.add(Activation('relu'))
model.add(Dense(input dim=H, output dim=D))

_optimizer = SGD(]lr=1e0)
Build the model —————» | model.compile(loss="'mean squared_error',

specify loss function optimizer-optimizer)

X = np.random.randn(N, D)
y = np.random.randn(N, D)
history = model.fit(x, y, nb_epoch=50,
batch size=N, verbose=0)
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Keras: High-Level
Wrapper

Train the model —
with a single line!

from keras.models import Sequential
from keras.layers.core import Dense, Activation
from keras.optimizers import SGD

N, D, H = 64, 1000, 100

model = Sequential()
model.add(Dense(input dim=D, output dim=H))
model.add(Activation('relu'))
model.add(Dense(input dim=H, output dim=D))

optimizer = SGD(lr=1e0)
model.compile(loss='mean squared_ error',
optimizer=optimizer)

X = np.random.randn(N, D)
y = np.random.randn(N, D)
histo}y = model.fit(x, y, nb_epoch=50,
batch size=N, verbose=0)
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TensorFlow: Other High-Level
Wragp pers

S (https:/keras.io/)
TFLearn (http:/tflearn.org/)

TensorLayer (http://tensorlayer.readthedocs.io/en/latest/)

tf. Iaye I'S (https://www.tensorflow.org/api_docs/python/tf/layers)

TF-SIlm (https://github.com/tensorflow/models/tree/master/inception/inception/slim)

tf.contrib.learn (https://www.tensorflow.org/get_started/tflearn)
Pretty Tensor (https://github.com/google/prettytensor)
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https://keras.io/
http://tflearn.org/
http://tensorlayer.readthedocs.io/en/latest/
https://www.tensorflow.org/api_docs/python/tf/layers
https://github.com/tensorflow/models/tree/master/inception/inception/slim
https://www.tensorflow.org/get_started/tflearn
https://github.com/google/prettytensor

TensorFlow: Other High-Level
Wragp pers Ships with TensorFlow

S (https:/keras.io/)
TFLearn (http:/tflearn.org/)

TensorLayer (http://tensorlayer.readthedocs.io/en/latest/)

tf. Iaye I'S (https://www.tensorflow.org/api_docs/python/tf/layers)

TF-SIlm (https://github.com/tensorflow/models/tree/master/inception/inception/slim)

tf.contrib.learn (https://www.tensorflow.org/get_started/tflearn)
Pretty Tensor (https://github.com/google/prettytensor)
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http://tflearn.org/
http://tensorlayer.readthedocs.io/en/latest/
https://www.tensorflow.org/api_docs/python/tf/layers
https://github.com/tensorflow/models/tree/master/inception/inception/slim
https://www.tensorflow.org/get_started/tflearn
https://github.com/google/prettytensor

TensorFlow: Other High-Level
Wradp pers Ships with TensorFlow

S (https:/keras.io/)
TFLearn (http:/tflearn.org/)

TensorLayer (http://tensorlayer.readthedocs.io/en/latest/)

From Google

tf. Iaye I'S (https://www.tensorflow.org/api_docs/python/tf/layers)

TF-SIlm (https://github.com/tensorflow/models/tree/master/inception/inception/slim)

tf.contrib.learn (https://www.tensorflow.org/get_started/tflearn)
|_Pretty Tensor (https://github.com/google/prettytensor)
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http://tflearn.org/
http://tensorlayer.readthedocs.io/en/latest/
https://www.tensorflow.org/api_docs/python/tf/layers
https://github.com/tensorflow/models/tree/master/inception/inception/slim
https://www.tensorflow.org/get_started/tflearn
https://github.com/google/prettytensor

TensorFlow: Other High-Level
Wragp pers Ships with TensorFlow

S (https:/keras.io/)
TFLearn (http:/tflearn.org/)

TensorLayer (http://tensorlayer.readthedocs.io/en/latest/)

From Google

tf. Iaye I'S (https://www.tensorflow.org/api_docs/python/tf/layers)

TF-SIlm (https://github.com/tensorflow/models/tree/master/inception/inception/slim)

tf.contrib.learn (https://www.tensorflow.org/get_started/tflearn)
Pretty Tensor (https://github.com/google/prettytensor)

(https://github.com/deepmind/sonnet)

From DeepMind
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http://tflearn.org/
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TensorFlow: Pretrained Models

Transfer Learning

FC-4096 V\\
FC-4096

MaxPool
Conv-512
Conv-512

Reinitialize
this and train

MaxPool
Conv-512
Conv-512

MaxPool > Freeze these
Conv-256

Conv-256

TF-SIlm (https://github.com/tensorflow/models/tree/master/slim/nets)
Keras: (https://github.com/fchollet/deep-learning-models)

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64 )
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w1

TensorFlow: Tensorboard .

0.0600
0.0400
0.0200

Add logging to code to record loss, stats, etc

-0.0200

Run server and get pretty graphs!

-0.0600

0.000 20.00 40.00 60.00 80.00 100.0

Regex filter X loss w2

|:| Split on underscores loss w2

[[] Dpata download links

120 0.500
0.300
Horizontal Axis 80.0
0.100 e
40.0 i -
STEP RELATIVE WALL SN N .
-0.100 e
0.00
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0.000 20.00 40.00 60.00 80.00 100.0
Runs

:
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TensorFlow: Distributed Version

Split one graph
over multiple
machines!

https://www.tensorflow.org/deploy/distributed
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https://www.tensorflow.org/deploy/distributed
https://www.tensorflow.org/deploy/distributed

import theano

Side Note: Theano ™" ™™ ="

# Batch size, input dim, hidden dim, num classes
N, D, H, C = 64, 1000, 100, 10

T.matrix('x")

T.vector('y', dtype='int64"')
1 =T.matrix('wl")

w2 = T.matrix('w2')

TensorFlow is similar in many
ways to Theano (earlier
framework from Montreal)

X
y
w

# Forward pass: Compute scores
a = x.dot(wl)

a relu = T.nnet.relu(a)

scores a relu.dot(w2)

# Forward pass: compute softmax loss
probs = T.nnet.softmax(scores)
loss = T.nnet.categorical crossentropy(probs, y).mean()

# Backward pass: compute gradients
dwl, dw2 = T.grad(loss, [wl, w2])

f = theano.function(
inputs=[x, y, wl, w2],
outputs=[loss, scores, dwl, dw2],

)
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import theano

. import theano.tensor as T
Slde NOte' Theano # Batch size, input dim, hidden dim, num classes

N, D, H, C = 64, 1000, 1600, 10

T.matrix('x")

T.vector('y', dtype='int64"')
T.matrix('wl')
T.matrix('w2')

Define symbolic variables
(similar to TensorFlow -
placeholder)

T < X
I

1
w2

# Forward pass: Compute scores
a = x.dot(wl)

a relu = T.nnet.relu(a)

scores = a relu.dot(w2)

# Forward pass: compute softmax loss
probs = T.nnet.softmax(scores)
loss = T.nnet.categorical crossentropy(probs, y).mean()

# Backward pass: compute gradients
dwl, dw2 = T.grad(loss, [wl, w2])

f = theano.function(
inputs=[x, y, wl, w2],
outputs=[loss, scores, dwl, dw2],

)
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import theano

. import theano.tensor as T
Slde NOte' Theano # Batch size, input dim, hidden dim, num classes

N, D, H, C = 64, 1000, 1600, 10

X = T.matrix('x")

y = T.vector('y', dtype='int64"')
wl T.matrix('wl')

w2 T.matrix('w2')

# Forward pass: Compute scores

Forward pass: compute 2 - x.dotlal)

T.nnet.relu(a)

T —— > |a relu
predictions and loss = a_relu.dot(w2)

scores

# Forward pass: compute softmax loss
probs = T.nnet.softmax(scores)
loss = T.nnet.categorical crossentropy(probs, y).mean()

# Backward pass: compute gradients
dwl, dw2 = T.grad(loss, [wl, w2])

f = theano.function(
inputs=[x, y, wl, w2],
outputs=[loss, scores, dwl, dw2],

)
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Side Note: Theano

Forward pass: compute
predictions and loss
(no computation performed yet)

—

import theano
import theano.tensor as T

# Batch size, input dim, hidden dim, num classes
N, D, H, C = 64, 1000, 100, 10

T.matrix('x")

T.vector('y', dtype='int64"')
T.matrix('wl')
T.matrix('w2')

X
Yy

wl
w2

# Forward pass: Compute scores
a = x.dot(wl)

a relu T.nnet.relu(a)

scores a relu.dot(w2)

# Forward pass: compute softmax loss
probs = T.nnet.softmax(scores)
loss = T.nnet.categorical crossentropy(probs, y).mean()

# Backward pass: compute gradients
dwl, dw2 = T.grad(loss, [wl, w2])

f = theano.function(
inputs=[x, y, wl, w2],
outputs=[loss, scores, dwl, dw2],

)
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import theano
import theano.tensor as T

Slde NOte: Theano # Batch size, input dim, hidden dim, num classes

N, D, H, C = 64, 1000, 1600, 10

T.matrix('x")

T.vector('y', dtype='int64"')
T.matrix('wl')
T.matrix('w2')

X
Yy

wl
w2

# Forward pass: Compute scores
a = x.dot(wl)

a relu T.nnet.relu(a)

scores a relu.dot(w2)

# Forward pass: compute softmax loss
probs = T.nnet.softmax(scores)
loss = T.nnet.categorical crossentropy(probs, y).mean()

Ask Theano to ComPUte # Backward pass: compute gradients
gradients for us —>|dwl, dw2 = T.grad(loss, [wl, w2])

(no computation performed yet) f = theano. function(
inputs=[x, y, wl, w2],
outputs=[loss, scores, dwl, dw2],

)
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import theano
import theano.tensor as T

Slde NOte: Theano # Batch size, input dim, hidden dim, num classes

N, D, H, C = 64, 1000, 1600, 10

T.matrix('x")

T.vector('y', dtype='int64"')
T.matrix('wl')
T.matrix('w2')

X
Yy

wl
w2

# Forward pass: Compute scores
a = x.dot(wl)

a relu T.nnet.relu(a)

scores a relu.dot(w2)

# Forward pass: compute softmax loss
probs = T.nnet.softmax(scores)
loss = T.nnet.categorical crossentropy(probs, y).mean()

# Backward pass: compute gradients
dwl, dw2 = T.grad(loss, [wl, w2])

Compile a function that ,

f = theano.function(
computes loss, scores, and — inputs=[x, y, wl, w2],
gradients from data and weights . HURuEsSLR0sS, sseoresy (UL, QL
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import theano
import theano.tensor as T

Slde NOte: Theano # Batch size, input dim, hidden dim, num classes

N, D, H, C = 64, 1000, 1600, 10

# Run the function

XX = np.random.randn(N, D) % i T'matrlx(lxl) s :
yy = np.random.randint(C, size=N) Y = T-VeCtor( y', dtype='int64")
wwl = le-2 * np.random.randn(D, H) wl = T.matrix('wl')
ww2 = le-2 * np.random.randn(H, C) w2 = T.matrix('w2")
learning rate = le-1 -
Sor & dn xearge (50} # Forward pass: Compute scores
loss, scores, dwwl, dww2 = f(xx, yy, wwl, ww2) a = x.dot(wl)
print loss a relu = T.nnet.relu(a)
wwl -= learning rate * dwwl scores = a relu.dot(w2)
ww2 -= learning rate * dww?2

# Forward pass: compute softmax loss
probs = T.nnet.softmax(scores)
loss = T.nnet.categorical crossentropy(probs, y).mean()

# Backward pass: compute gradients
dwl, dw2 = T.grad(loss, [wl, w2])

Run the function many _
. . f = theano.function(
times to train the network inputs=[x, y, wl, w2],

outputs=[loss, scores, dwl, dw2],

)
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PyTorch

(Facebook)

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 8 7979  April 27, 2017



PyTorch: Three Levels of Abstraction

Tensor: Imperative ndarray,
but runs on GPU

Variable: Node in a
computational graph; stores
data and gradient

Module: A neural network
layer; may store state or
learnable weights

Fei-Fei Li & Justin Johnson & Serena Yeung
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PyTorch: Three Levels of Abstraction

TensorFlow equivalent

Tensor: Imperative ndarray, Numpy array
but runs on GPU

Variable: Node in a |
computational graph: stores Tensor, Variable, Placeholder

data and gradient

Module: A neural network _
layer; may store state or tf.layers, or TFSlim, or TFLearn,

learnable weights or Sonnet, or ...
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import torch

PyTO rCh : Te n SO rS dtype = torch.FloatTensor

N, D_in, H, D out = 64, 1000, 100, 10
x = torch.randn(N, D_in).type(dtype)
. . y = torch.randn(N, D out).type(dtype)
PyTorCh TensorS are JUSt Ilke numpy wl = torch.randn(D in, H).type(dtype)
arrayS, but they can run on GPU w2 = torch.randn(H, D out).type(dtype)
learning rate = le-6
No built-in notion of computational for b in range(500):
. ) = x.mm(wl)
graph, or gradients, or deep learning. h_relu = h.clamp(min=0)

y pred = h relu.mm(w2)
loss = (y pred - y).pow(2).sum()

Here we fit a two-layer net using
grad y pred = 2.0 * (y_pred - y)

PyTorCh TensorS: grad w2 = h_relu.t().mm(grad_y_ pred)

grad_h relu = grad y pred.mm(w2.t())
grad_h = grad_h relu.clone()

grad h[h < 0] = 0

grad wl = x.t().mm(grad _h)

wl -= learning rate * grad wl
w2 -= learning rate * grad_w2
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PyTorch: Tensors

import torch

dtype = torch.FloatTensor

Create random tensors
for data and weights

Fei-Fei Li & Justin Johnson & Serena Yeung

N, D_in, H, D_out = 64, 1000, 100, 10
x = torch.randn(N, D_in).type(dtype)
y = torch.randn(N, D out).type(dtype)
wl = torch.randn(D in, H).type(dtype)
w2 = torch.randn(H, D_out).type(dtype)

learning rate = le-6
for t in range(500):
h = x.mm(wl)
h relu = h.clamp(min=0)
y pred = h relu.mm(w2)
loss = (y pred - y).pow(2).sum()

grad y pred = 2.0 * (y_pred - y)
grad w2 = h_relu.t().mm(grad_y_ pred)
grad_h relu = grad y pred.mm(w2.t())
grad_h = grad_h relu.clone()

grad h[h < 0] = 0

grad wl = x.t().mm(grad_h)

wl -= learning rate * grad wl
w2 -= learning rate * grad_w2
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import torch

PyTO rCh : Te n SO rS dtype = torch.FloatTensor

, D _in, H, D _out = 64, 1000, 100, 10
torch.randn(N, D _in).type(dtype)
torch.randn(N, D out).type(dtype)
1 = torch.randn(D in, H).type(dtype)
w2 torch.randn(H, D_out).type(dtype)

N
X
y
)

learning rate = le-6
for t in range(500):

h = x.mm(wl)
. h relu = h.clamp(min=0)
For\/\{ar.d pass: compute »I e
predictions and loss loss = (y pred - y).pow(2).sum()

grad y pred = 2.0 * (y_pred - y)
grad w2 = h_relu.t().mm(grad_y_ pred)
grad_h relu = grad y pred.mm(w2.t())
grad_h = grad_h relu.clone()

grad h[h < 0] = 0

grad wl = x.t().mm(grad_h)

wl -= learning rate * grad wl
w2 -= learning rate * grad_w2
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import torch

PyTO rCh : Te n SO rS dtype = torch.FloatTensor

N, D_in, H, D_out = 64, 1000, 100, 10
x = torch.randn(N, D_in).type(dtype)
y = torch.randn(N, D out).type(dtype)
wl = torch.randn(D in, H).type(dtype)
w2 = torch.randn(H, D_out).type(dtype)

learning rate = le-6
for t in range(500):
h = x.mm(wl)
h relu = h.clamp(min=0)
y pred = h relu.mm(w2)
loss = (y pred - y).pow(2).sum()

grad y pred = 2.0 * (y_pred - y)

BaCkWard pass: grad w2 = h relu.t().mm(grad_y pred
> grad h relu = grad y pred.mm(w2.t()
manua”y Compute grad_ h = grad h relu.clone()

. grad h[h < 0] = 0
gradlents grad wl = x.t().mm(grad_h)

wl -= learning rate * grad wl
w2 -= learning rate * grad_w2
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import torch

PyTO rCh : Te n SO rS dtype = torch.FloatTensor

, D _in, H, D _out = 64, 1000, 100, 10
torch.randn(N, D _in).type(dtype)
torch.randn(N, D out).type(dtype)
1 = torch.randn(D in, H).type(dtype)
w2 torch.randn(H, D_out).type(dtype)

N
X
y
)

learning rate = le-6
for t in range(500):
h = x.mm(wl)
h relu = h.clamp(min=0)
y pred = h relu.mm(w2)
loss = (y pred - y).pow(2).sum()

grad y pred = 2.0 * (y_pred - y)
grad w2 = h_relu.t().mm(grad_y_ pred)
grad_h relu = grad y pred.mm(w2.t())
grad_h = grad_h relu.clone()

grad h[h < 0] = 0

grad wl = x.t().mm(grad_h)

Gradient descent

wl -= learning rate * grad wl

Step on We|ght5 w2 -= learning rate * grad_w2
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import torch

PyTO rCh : Te n SO rS dtype = torch.cuda.FloatTensor

N, D_in, H, D _out = 64, 1000, 100, 10
X torch.randn(N, D_in).type(dtype)

. Y torch.randn(N, D out).type(dtype)
To run on GPU, JUSt cast wl = torch.randn(D_in, H).type(dtype)
w2 = torch.randn(H, D _out).type(dtype)

tensors to a cuda datatype!

learning rate = le-6
for t in range(500):
h = x.mm(wl)
h relu = h.clamp(min=0)
y pred = h relu.mm(w2)
loss = (y pred - y).pow(2).sum()

grad y pred = 2.0 * (y_pred - y)
grad w2 = h relu.t().mm(grad y pred)
grad h relu = grad y pred.mm(w2.t())
grad h = grad h relu.clone()

grad h[h < 0] = 0

grad wl = x.t().mm(grad h)

wl -= learning rate * grad wl
w2 -= learning rate * grad w2
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PyTorch: Autograd

import torch
from torch.autograd import Variable

N, D_in, H, D_out = 64, 1000, 100, 10
A PyT()rCh Variable iS a nOde in a x = Variable(torch.randn(N, D_in), requires grad=False)
. y = Variable(torch.randn(N, D out), requires grad=False)
CompUtatlonaI graph wl = Variable(torch.randn(D_in, H), requires_grad=True)
w2 = Variable(torch.randn(H, D_out), requires_grad=True)

X.data is a Tensor

learning rate = le-6
for t in range(500):
y_pred = x.mm(wl).clamp(min=0).mm(w2)

x.grad is a Variable of gradients loss = (y _pred — y).pow(2).sum()
(same shape as x.data)

if wl.grad: wl.grad.data.zero ()
if w2.grad: w2.grad.data.zero ()

x.grad.data is a Tensor of gradients 1088 backward()
wl.data -= learning rate * wl.grad.data
w2.data -= learning rate * w2.grad.data
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PyTorch: Autograd

import torch
from torch.autograd import Variable

N, D_in, H, D_out = 64, 1000, 100, 10
x = Variable(torch.randn(N, D_in), requires grad=False)
. y = Variable(torch.randn(N, D _out), requires_grad=False)
PyTorCh TenSOI‘S and Varlables wl = Variable(torch.randn(D_in, H), requires_grad=True)
have the same APlI w2 = Variable(torch.randn(H, D_out), requires_grad=True)
learning rate = le-6

Variables remember how they were =~ for t in range(500):

y_pred = x.mm(wl).clamp(min=0).mm(w2)

Created (fOI’ baCkprOp) loss = (y_pred - y).pow(2).sum()

if wl.grad: wl.grad.data.zero ()
if w2.grad: w2.grad.data.zero ()
loss.backward()

wl.data -= learning rate * wl.grad.data
w2.data -= learning rate * w2.grad.data
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PyTorch: Autograd

We will not want gradients

import torch
from torch.autograd import Variable

, D in, H, D out = 64, 1000, 100, 10

(of loss) with respect to data

Do want gradients with
respect to weights

Fei-Fei Li & Justin Johnson & Serena Yeung

N

X = Variable(torch.randn(N, D in)ilrequiresgrad=False)|
y = Variable(torch.randn(N, D_out)] requires grad=False
wl Variable(torch.randn(D in, H)

w2 Variable(torch.ra o ou

requilres_grad=True)
, requires grad=True

learning rate = le-6

for t in range(500):
y_pred = x.mm(wl).clamp(min=0).mm(w2)
loss = (y_pred - y).pow(2).sum()

if wl.grad: wl.grad.data.zero ()
if w2.grad: w2.grad.data.zero ()
loss.backward()

wl.data -= learning rate
w2.data -= learning rate

* wl.grad.data
* w2.grad.data
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PyTorch: Autograd

import torch
from torch.autograd import Variable

N, D_in, H, D _out = 64, 1000, 100, 10
x = Variable(torch.randn(N, D_in), requires grad=False)

Y Variable(torch.randn(N, D _out), requires_grad=False)
wl = Variable(torch.randn(D_in, H), requires_grad=True)
w2 = Variable(torch.randn(H, D_out), requires_grad=True)
learning rate = le-6

for t in range(500):
Forward pass looks exactly y_pred = x.mm(wl).clamp(min=0).mm(w2)

the same as the Tensor loss = (y_pred - y).pow(2).sum()

VerSion, but everything iS a if wl.grad: wl.grad.data.zero ()
. bl if w2.grad: w2.grad.data.zero ()
variable now loss.backward()
wl.data -= learning rate * wl.grad.data
w2.data -= learning rate * w2.grad.data
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PyTorch: Autograd

import torch
from torch.autograd import Variable

N, D_in, H, D _out = 64, 1000, 100, 10
x = Variable(torch.randn(N, D_in), requires grad=False)

Y Variable(torch.randn(N, D _out), requires_grad=False)
wl = Variable(torch.randn(D_in, H), requires_grad=True)
w2 = Variable(torch.randn(H, D_out), requires_grad=True)
learning rate = le-6

for t in range(500):
y_pred = x.mm(wl).clamp(min=0).mm(w2)
loss = (y_pred - y).pow(2).sum()

if wl.grad: wl.grad.data.zero ()

CompUte gradient Of lOSS —_— if w2.grad: w2.grad.data.zero ()

with respect to w1 and w2 loss.backward()
(ZerO OUt gradS fIrSt) wl.data -= learning rate * wl.grad.data
w2.data -= learning rate * w2.grad.data
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PyTorch: Autograd

import torch
from torch.autograd import Variable

N, D_in, H, D_out = 64, 1000, 100, 10

x = Variable(torch.randn(N, D_in), requires grad=False)
y = Variable(torch.randn(N, D _out), requires_grad=False)
wl = Variable(torch.randn(D_in, H), requires_grad=True)
w2 = Variable(torch.randn(H, D_out), requires_grad=True)

learning rate = le-6

for t in range(500):
y_pred = x.mm(wl).clamp(min=0).mm(w2)
loss = (y_pred - y).pow(2).sum()

if wl.grad: wl.grad.data.zero ()
if w2.grad: w2.grad.data.zero ()
loss.backward()

Make gradient
step on weights

wl.data -= learning rate * wl.grad.data
w2.data -= learning rate * w2.grad.data
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PyTorch: New Autograd Functions

class ReLU(torch.autograd.Function):
def forward(self, x):
self.save for backward(x)

Define your own autograd CORMIR X.clampiiin=0)

functions by writing forward

def back d 1 E d :
and backward for Tensors ef backward(self, grad y)

X, = self.saved tensors
grad input = grad y.clone()
grad input[x < 0] = 0
return grad input

(similar to modular layers in A2)
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PyTorch: New Autograd Functions

class RelLU(torch.autograd.Function):
def forward(self, x):
self.save for backward(x)
return x.clamp(min=0)

N, D_in, H, D_out = 64, 1000, 100, 10

X = Variable(torch.randn(N, D_in), requires_grad=False)

y = Variable(torch.randn(N, D_out), requires_grad=False)

wl = Variable(torch.randn(D_in, H), requires_grad=True)

def backward(self, grad y): w2 = Variable(torch.randn(H, D out), requires grad=True)
x, = self.saved tensors -

grad_input = grad_y.clone()
grad _input[x < 0] = 0
return grad_input

learning rate = le-6

for t in range(500):

relu = ReLU()

Yy _pred = relu(x.mm(wl)).mm(w2)
loss = (y pred - y).pow(2).sum()

Can use our new autograd if wl.grad: wl.grad.data.zero ()
function in the forward pass if w2.grad: w2.grad.data.zero_ ()

loss.backward()

wl.data -= learning rate * wl.grad.data
w2.data -= learning rate * w2.grad.data
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import torch

PyTO rch ] n n from torch.autograd import Variable

N, D in, H, D out = 64, 1000, 100, 10
X = Variable(torch.randn(N, D in))
y = Variable(torch.randn(N, D out), requires grad=False)

model = torch.nn.Sequential (
torch.nn.Linear(D in, H),

nghgr-lev_el wrapper for ey
working with neural nets torch.nn.Linear(H, D_out))

loss_fn = torch.nn.MSELoss(size average=False)
Similar to Keras and friends ... learning rate = le-4
but only one, and it's good =) gkt n xougB(5E9):

y_pred = model(x)
loss = loss_fn(y_pred, y)

model.zero_grad()
loss.backward()

for param in model.parameters():
param.data -= learning _rate * param.grad.data
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PyTorch: nn

Define our model as a
sequence of layers

nn also defines common
loss functions

import torch
from torch.autograd import Variable

N, D in, H, D out = 64, 1000, 100, 10
X = Variable(torch.randn(N, D in))
y = Variable(torch.randn(N, D out), requires grad=False)

model = torch.nn.Sequential (
torch.nn.Linear(D in, H),
torch.nn.RelU(),
torch.nn.Linear(H, D out))

loss _fn = torch.nn.MSELoss(slze_ average=False)

learning rate = le-4
for t in range(500):
y_pred = model(x)
loss = loss_fn(y_pred, y)

model.zero_grad()
loss.backward()

for param in model.parameters():
param.data -= learning _rate * param.grad.data

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 8 9797  April 27, 2017



import torch

PyTO rch ] n n from torch.autograd import Variable

N, D in, H, D out = 64, 1000, 100, 10
X = Variable(torch.randn(N, D in))
y = Variable(torch.randn(N, D out), requires grad=False)

model = torch.nn.Sequential (
torch.nn.Linear(D in, H),
torch.nn.RelU(),
torch.nn.Linear(H, D_out))

loss_fn = torch.nn.MSELoss(size average=False)

learning rate = le-4
i )3
Forward pass: feed data : ‘ y_pred = model(x)
g 1 =1 f d,
to model, and prediction oss - -oss tnly_prec, v)
to loss function model.zero grad()

loss.backward()

for param in model.parameters():
param.data -= learning _rate * param.grad.data
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import torch

PyTO rch ] n n from torch.autograd import Variable

N, D in, H, D out = 64, 1000, 100, 10
X = Variable(torch.randn(N, D in))
y Variable(torch.randn(N, D out), requires grad=False)

model = torch.nn.Sequential (
torch.nn.Linear(D in, H),
torch.nn.RelU(),
torch.nn.Linear(H, D_out))

loss_fn = torch.nn.MSELoss(size average=False)

learning rate = le-4
for t in range(500):
y_pred = model(x)
loss = loss_fn(y_pred, y)

Backward pass: | model.zero_grad()
. loss.backward()
compute all gradients

for param in model.parameters():
param.data -= learning _rate * param.grad.data
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import torch

PyTO rch ] n n from torch.autograd import Variable

N, D in, H, D out = 64, 1000, 100, 10
X = Variable(torch.randn(N, D in))
y Variable(torch.randn(N, D out), requires grad=False)

model = torch.nn.Sequential (
torch.nn.Linear(D in, H),
torch.nn.RelU(),
torch.nn.Linear(H, D_out))

loss_fn = torch.nn.MSELoss(size average=False)

learning rate = le-4
for t in range(500):
y_pred = model(x)
loss = loss_fn(y_pred, y)

model.zero_grad()
loss.backward()

Make gradient Step on for param in model.parameters():
— >

eaCh model parameter param.data -= learning _rate * param.grad.data
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import torch

PyTO rCh: Opti m from torch.autograd import Variable

N, D_in, H, D_out = 64, 1000, 100, 10

X
Y

Variable(torch.randn(N, D_in))
Variable(torch.randn(N, D out), requires_ grad=False)

model = torch.nn.Sequential(
torch.nn.Linear(D in, H),
torch.nn.RelLU(),
torch.nn.Linear(H, D _out))

loss_fn = torch.nn.MSELoss(size_ average=False)

Use an optimizer for
different update rules

optimize; = torch.optim.Adam(model.parameters(),
lr=learning rate)

U .
y _pred = model(x)
loss = loss_fn(y pred, y)

optimizer.zero grad()
loss.backward()

optimizer.step()
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import torch

PyTO rCh: Opti m from torch.autograd import Variable

N, D_in, H, D_out = 64, 1000, 100, 10

X
Y

Variable(torch.randn(N, D_in))
Variable(torch.randn(N, D out), requires_ grad=False)

model = torch.nn.Sequential(
torch.nn.Linear(D in, H),
torch.nn.RelLU(),
torch.nn.Linear(H, D _out))

loss_fn = torch.nn.MSELoss(size_ average=False)

learning rate = le-4
optimizer = torch.optim.Adam(model.parameters(),
lr=learning rate)
for t in range(500):
y _pred = model(x)
loss = loss_fn(y pred, y)

optimizer.zero grad()
loss.backward()

Update all parameters
after computing gradients —> optimizer.step()
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PyTorch: nn
Define new Modules

A PyTorch Module is a neural net
layer; it inputs and outputs Variables

Modules can contain weights (as
Variables) or other Modules

You can define your own Modules
using autograd!

Fei-Fei Li & Justin Johnson & Serena Yeung

import torch
from torch.autograd import Variable

class TwoLayerNet (torch.nn.Module):
def init (self, D_in, H, D_out):
super (TwoLayerNet, self). init ()
self.linearl = torch.nn.Linear(D_in, H)
self.linear2 = torch.nn.Linear(H, D out)

def forward(self, x):
h relu = self.linearl(x).clamp(min=0)
y_pred = self.linear2(h relu)
return y pred

N, D_in, H, D_out = 64, 1000, 100, 10

X
b

Variable(torch.randn(N, D _in))
Variable(torch.randn(N, D out), requires grad=False)

model = TwolLayerNet(D_in, H, D out)

criterion = torch.nn.MSELoss(size average=False)
optimizer = torch.optim.SGD(model.parameters(), lr=le-4)
for t in range(500):

y_pred = model (Xx)

loss = criterion(y pred, y)

optimizer.zero grad()

loss.backward()
optimizer.step()
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import torch
from torch.autograd import Variable

PyTO rCh : n n class TwoLayerNet (torch.nn.Module):

def init (self, D_in, H, D_out):

u super (TwoLayerNet, self). init ()
Define new Modules s
self.linear2 = torch.nn.Linear(H, D out)

def forward(self, x):
h relu = self.linearl(x).clamp(min=0)
y_pred = self.linear2(h_relu)
return y pred

Define our whole model
as a single Module

N, D_in, H, D_out = 64, 1000, 100, 10

X
b

Variable(torch.randn(N, D _in))
Variable(torch.randn(N, D out), requires grad=False)

model = TwolLayerNet(D_in, H, D out)

criterion = torch.nn.MSELoss(size average=False)
optimizer = torch.optim.SGD(model.parameters(), lr=le-4)
for t in range(500):

y_pred = model (Xx)

loss = criterion(y pred, y)

optimizer.zero grad()
loss.backward()
optimizer.step()
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PyTorch: nn
Define new Modules

Initializer sets up two
children (Modules can
contain modules)

Fei-Fei Li & Justin Johnson & Serena Yeung

import torch
from torch.autograd import Variable

class TwolaverNet (torch.nn.Module):

def init (self, D_in, H, D_out):
super (TwoLayerNet, self). init ()
self.linearl = torch.nn.Linear(D_in, H)
self.linear2 = torch.nn.Linear(H, D out)

def forward(self, x):
h relu = self.linearl(x).clamp(min=0)
y_pred = self.linear2(h_relu)
return y pred

N, D_in, H, D_out = 64, 1000, 100, 10

X
b

Variable(torch.randn(N, D _in))
Variable(torch.randn(N, D out), requires grad=False)

model = TwolLayerNet(D_in, H, D out)

criterion = torch.nn.MSELoss(size average=False)
optimizer = torch.optim.SGD(model.parameters(), lr=le-4)
for t in range(500):

y_pred = model (Xx)

loss = criterion(y pred, y)

optimizer.zero grad()
loss.backward()
optimizer.step()
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import torch
from torch.autograd import Variable

PyTO rCh : n n class TwoLayerNet (torch.nn.Module):

def init (self, D_in, H, D_out):
super (TwoLayerNet, self). init ()

[ ]
Define new Modules LT Limeaet ™ foon-mn A Treme 3,
self.linear2 = torch.nn.Linear(H, D_out)

def forward(self, x):
h relu = self.linearl(x).clamp(min=0)

Deﬂne forward paSS US|ng / y_pred = self.linear2(h_relu)
. return red
child modules and P

autograd ops on Variables

N, D_in, H, D_out = 64, 1000, 100, 10

X
b

Variable(torch.randn(N, D _in))
Variable(torch.randn(N, D out), requires grad=False)

No need to define
backward - autograd will
criterion = torch.nn.MSELoss(size average=False)

handle |t optimizer = torch.optim.SGD(model.parameters(), lr=le-4)
for t in range(500):
y_pred = model (Xx)
loss = criterion(y pred, y)

model = TwolLayerNet(D_in, H, D out)

optimizer.zero grad()
loss.backward()
optimizer.step()
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import torch
from torch.autograd import Variable

PyTO rCh : n n class TwoLayerNet (torch.nn.Module):

def init (self, D_in, H, D_out):
super (TwoLayerNet, self). init ()

[ ]
Define new Modules LT Limeaet ™ foon-mn A Treme 3,
self.linear2 = torch.nn.Linear(H, D_out)

def forward(self, x):
h relu = self.linearl(x).clamp(min=0)
y_pred = self.linear2(h_relu)
return y pred

N, D_in, H, D_out = 64, 1000, 100, 10

X
b

Variable(torch.randn(N, D _in))
Variable(torch.randn(N, D out), requires grad=False)

model = TwolLayerNet(D_in, H, D out)
ConStrUCt and traln an criterion = torch.nn.MSELoss(size average=False)
|nstance Of our model optimizer = torch.optim.SGD(model.parameters(), lr=le-4)
\ for t in range(500):
y_pred = model (Xx)

loss = criterion(y pred, y)

optimizer.zero grad()
loss.backward()
optimizer.step()
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PyTorch: DatalLoaders

import torch
from torch.autograd import Variable
from torch.utils.data import TensorDataset, DataLoader

N, D_in, H, D_out = 64, 1000, 100, 10

A DatalLoader wraps a

b4 torch.randn(N, D in)

Dataset and provides S
mlnlbatChlng, Sthﬂlng, / loader = Dataloader (TensorDataset(x, y), batch size=8)
mUItIthreadlnga for you model = TwolLayerNet(D_in, H, D_out)

criterion = torch.nn.MSELoss(size average=False)
When you need to |Oad optimizer = torch.optim.SGD(model.parameters(), lr=le-4)

. . for epoch in range(1l0):
Custom data, Just Wr|te for x_batch, y batch in loader:
X _var, y_var = Variable(x), Variable(y)

your own Dataset class y_pred = model (x_var)

loss = criterion(y pred, y_var)

optimizer.zero grad()
loss.backward()
optimizer.step()
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PyTorch: DatalLoaders

lterate over loader to form

import torch
from torch.autograd import Variable
from torch.utils.data import TensorDataset, DataLoader

N, D_in, H, D_out = 64, 1000, 100, 10

X
Y

torch.randn(N, D in)
torch.randn(N, D_out)

loader = DatalLoader(TensorDataset(x, y), batch size=8)
model = TwolLayerNet(D_in, H, D_out)

criterion = torch.nn.MSELoss(size average=False)
optimizer = torch.optim.SGD(model.parameters(), lr=le-4)

minibatches

_______________———P’

for epoch in range(1l0):
for x batch, y batch in loader:
X var, y var = Variable(x), Variable(y)

Loader gives Tensors so you
need to wrap in Variables

Fei-Fei Li & Justin Johnson & Serena Yeung

y_pred = model(x_var)
loss = criterion(y pred, y_var)

optimizer.zero grad()

loss.backward()
optimizer.step()
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PyTorch: Pretrained Models

Super easy to use pretrained models with torchvision
https://github.com/pytorch/vision

import torch
import torchvision

alexnet = torchvision.models.alexnet (pretrained=True)
vgglé = torchvision.models.vgglé (pretrained=True)
resnetl0l = torchvision.models.resnetl0l(pretrained=True)
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https://github.com/pytorch/vision
https://github.com/pytorch/vision

PyTorch: Visdom

Somewhat similar to o m
TensorBoard: add logging A | . -I, o
to your code, then , SR L
visualized in a browser

Can’t visualize
computational graph
structure (yet?)

https://github.com/facebookresearch/visdom

This image is licensed under CC-BY 4.0; no changes were made to the image
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require 'torch'
require 'nn'

Aside: Torch

local N, D, H, C = 64, 256, 512, 1@

local model = nn.Sequential()
model:add(nn.Linear(D, H))

Direct ancestor of PyTorch model:add (nn.ReLU())
model:add{(nn.Linear(H, C))
(they Shal’e a |Ot Of C baCkend) local loss_fn = nn.CrossEntropyCriterion()

local x = torch.randn(N, D)
local y = torch.Tensor(N):random(C)

\/\/ritt€3r1 ir] l-LJEa, r]()t F))/tr]()r] local weights, grad_weights = model:getParameters()

local function f(w)

PyTorch has 3 levels of Vet e e R
abStraCt|On Tensor Variable and local loss = loss_fn:forward(scores, y)
d_weights:zero()
MOdUIe ?.gial Srgd_zcoigz = loss_fn:backward(scores, y)
local grad_x = model:backward(x, grad_scores)
Torch only has 2: Tensor, Module R e

local state = {learningRate=1e-3}

More details: Check 2016 slides for t = 1, 100 do

optim.adam(f, weights, state)
end
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require 'torch'
require 'nn'

Aside: Torch

local N, D, H, C = 64, 256, 512, 1@

local model = nn.Sequential()
model:add(nn.Linear(D, H))

Build a model as a _—|medelizatm.ReLu())

model:add{(nn.Linear(H, C))
Sequence Of IayerS, local loss_fn = nn.CrossEntropyCriterion()
and a loss function local x = torch.randn(N, D)

local y = torch.Tensor(N):random(C)
local weights, grad_weights = model:getParameters()

local function f(w)
assert(w == weights)
local scores = model:forward(x)
local loss = loss_fn:forward(scores, y)

grad_weights:zero()
local grad_scores = loss_fn:backward(scores, y)
local grad_x = model:backward(x, grad_scores)

return loss, grad_weights
end

local state = {learningRate=1e-3}
for t = 1, 100 do

optim.adam(f, weights, state)
end
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require 'torch'
require 'nn'

Aside: Torch

local N, D, H, C = 64, 256, 512, 1@

local model = nn.Sequential()
model:add(nn.Linear(D, H))
model:add{nn.ReLU())
model:add{(nn.Linear(H, C))

local loss_fn = nn.CrossEntropyCriterion()

local x = torch.randn(N, D)
local y = torch.Tensor(N):random(C)
local weights, grad_weights = model:getParameters()

local function f(w)
assert(w == weights)
local scores = model:forward(x)

Deﬂne a Ca”baCk local loss = loss_fn:forward(scores, y)

that InpUtS WelghtS, \ grad_weights:zero()

local grad_scores = loss_fn:backward(scorgs, y)

prOdUCeS |OSS and local grad_x = model:backward(x, grad_scofes)
grad|ent on WelghtS return loss, grad_weights
end

local state = {learningRate=1e-3}
for t = 1, 100 do

optim.adam(f, weights, state)
end
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require 'torch'
require 'nn'

Aside: Torch el o

local N, D, H, C = 64, 256, 512, 1@

local model = nn.Sequential()
model:add(nn.Linear(D, H))
model:add{nn.ReLU())
model:add{(nn.Linear(H, C))

local loss_fn = nn.CrossEntropyCriterion()

local x = torch.randn(N, D)
local y = torch.Tensor(N):random(C)
local weights, grad_weights = model:getParameters()

local function f(w)
assert(w == weights)
local scores = model:forward(x)

Forward Compute / local loss = loss_fn:forward(scores, y)

scores and loss (radiue e oarot)

local grad_scores = loss_fn:backward(scores, y)
local grad_x = model:backward(x, grad_scores)

return loss, grad_weights
end

local state = {learningRate=1e-3}
for t = 1, 100 do

optim.adam(f, weights, state)
end

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 8 - 115  April 27, 2017




require 'torch'
require 'nn'

Aside: Torch

local N, D, H, C = 64, 256, 512, 1@

local model = nn.Sequential()
model:add(nn.Linear(D, H))
model:add{nn.ReLU())
model:add{(nn.Linear(H, C))

local loss_fn = nn.CrossEntropyCriterion()

local x = torch.randn(N, D)
local y = torch.Tensor(N):random(C)
local weights, grad_weights = model:getParameters()

local function f(w)
assert(w == weights)
local scores = model:forward(x)
local loss = loss_fn:forward(scores, y)

\ grad_weights:zero()
local grad_scores = loss_fn:backward(scores, y)

Backward: compute

SJrEi(jiE?r]t local grad_x = model:backward(x, grad_scores)
return loss, grad_weights

(no autograd, need i

tO paSS gl’ad_SCoreS 1Eg'c—a}: iti’felgg{;garningRate=1e—3}

Eir()l]r1(j) engptim.adam(f, weights, state)
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require 'torch'
require 'nn'

Aside: Torch el o

local N, D, H, C = 64, 256, 512, 1@

local model = nn.Sequential()
model:add(nn.Linear(D, H))
model:add{nn.ReLU())
model:add{(nn.Linear(H, C))

local loss_fn = nn.CrossEntropyCriterion()

local x = torch.randn(N, D)
local y = torch.Tensor(N):random(C)
local weights, grad_weights = model:getParameters()

local function f(w)
assert(w == weights)
local scores = model:forward(x)
local loss = loss_fn:forward(scores, y)

grad_weights:zero()
local grad_scores = loss_fn:backward(scores, y)
local grad_x = model:backward(x, grad_scores)

return loss, grad_weights
end

Pass callback to
local state = {learningRate=1e-3}

optimizer over and over — ——— _|for t = 1, 100 do

optim.adam(f, weights, state)
end
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Torch vs PyTorch

Torch PyTorch

(-) Lua (+) Python

(-) No autograd (+) Autograd

(+) More stable (-) Newer, still changing
(+) Lots of existing code (-) Less existing code
(0) Fast (0) Fast
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Torch vs PyTorch

Torch PyTorch

(-) Lua (+) Python

(-) No autograd (+) Autograd

(+) More stable (-) Newer, still changing
(+) Lots of existing code (-) Less existing code
(0) Fast (0) Fast

Conclusion: Probably use PyTorch for new projects
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Static vs Dynamic Graphs

N, D, H = 64, 1000, 100

®x = tf.placeholder(tf.float32, shape=(N, D))

y = tf.placeholder(tf.float32, shape=(N, D))

wl = tf.Variable(tf.random normal( (D, H)))

w2 = tf.Variable(tf.random normal((H, D)))

h = tf.maximum{tf.matmul({x, wl), 0)

¥ pred = tf.matmaul(h, w2)

diff = y pred - y

loss = tf.reduce mean(tf.reduce sum(diff ** 2, axis=1))

grad wl, grad w2 =

learning rate =

TensorFlow: Build graph once, then

run many times (static)
'\

tf.gradients(loss, [wl, w2])

le-5

.

new wl = wl.assign(wl - learning rate * grad wl)

new w2 = w2.assign(w2 - learning rate * grad w2)

updates = tf.group(new wl, new w2) _J
with tf.Session() as sess:

sess.run{tf.global variables_initializer())

values = {x: np.random.randn(N, D),
y: np.random.randn(N, D),}
losses = []
for t in range(50):
loss val, = sess.run([loss, updates],

feed dict=values)

Build
graph

Run each
iteration

Fei-Fei Li & Justin Johnson & Serena Yeung

PyTorch: Each forward pass defines
a new graph (dynamic)

import torch
from torch.autograd import Variable

N, D_in, H, D _out = 64, 1000, 100, 10
X = Variable(torch.randn(N, D_in), requires_grad=False)

y = Variable(torch.randn(N, D _out), requires_ grad=False)
wl = Variable(torch.randn(D_in, H), requires_grad=True)
w2 = Variable(torch.randn(H, D out), requires_grad=True)

learning rate = le-6

for t in range(500):

(f’ y _pred = x.mm(wl).clamp(min=0).mm(w2)
loss = (y pred - y).pow(2).sum()

if wl.grad: wl.grad.data.zero ()
if w2.grad: w2.grad.data.zero ()
loss.backward()

wl.data -= learning rate * wl.grad.data
\\_ w2.data -= learning rate * w2.grad.data

New graph each iteration
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Static vs Dynamic: Optimization

With static graphs, The graph you wrote ~ Equivalent graph with

fused ti

franje\{vork can Conv used operations
optimize the It —
graph for you RelLU Conv+RelLU
before it runs! Conv Conv+Rel U

RelLU vy | Conv+RelU

Conv

 / RelLU
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Static vs Dynamic: Serialization

Static Dynamic

Once graph is built, can Graph building and execution
sgrialize it and run it are intertwined, so always
without the code that need to keep code around

built the graph!
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Static vs Dynamic: Conditional

~ wl*x ifz>0
Y= w2*x otherwise
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Static vs Dynamic: Conditional

~ wl*x ifz>0
Y= w2*x otherwise

PyTorch: Normal Python

N, D, H=3, 4, 5

X = Variable(torch.randn(N, D))
wl = Variable(torch.randn(D, H))
w2 = Variable(torch.randn(D, H))

z = 10
if z > 0:

y = X.mm(wl)
else:

y = Xx.mm(w2)
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Static vs Dynamic: Conditional

1 * it 2 >0 TensorFlow: Special TF
— Wi Xx Itz _ control flow operator!
y w2 * x otherwise N, b, 8= 3, 4, 5

b 4 tf.placeholder(tf.float32, shape=(N, D))
z tf.placeholder(tf.float32, shape=None)

wl = tf.placeholder(tf.float32, shape=(D, H))
PyTorCh Normal Python w2 = tf.placeholder(tf.float32, shape=(D, H))
N, D, H= 3, 4, 5 def fl(): return tf.matmul(x, wl)

def f2(): return tf.matmul(x, w2)
X = Variable(torch.randn(N, D)) —>y = tf.cond(tf.less(z, 0), f1, £2)
wl = Variable(torch.randn(D, H))
w2 = Variable(torch.randn(D, H)) with tf.Session() as sess:

values = {
X: np.random.randn(N, D),

? = 10 z: 10,
if z > 0: wl: np.random.randn(D, H),
y = X.mm(wl) w2: np.random.randn(D, H),
else: }
y = Xx.mm(w2) y_val = sess.run(y, feed_dict=values)
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Static vs Dynamic: Loops

Y, = (Y, -+ X)* W N TN

y0—>+—>
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Static vs Dynamic: Loops

Y, = (Y, -+ X)* W N TN

3/ > + —> —> 4+ —> —> 4+ —> —>
0

PyTorch: Normal Python T T

T, D=3, 4

y0 = Variable(torch.randn(D)) X X

X = Variable(torch.randn(T, D)) 1 2 X

w = Variable(torch.randn(D)) 3

y = [y0]

for t in range(T):
prev_y = y[-1]
next y = (prev_y + Xx[t]) * w
y.append(next y)
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Static vs Dynamic:

Vi = Vet X) "W

PyTorch: Normal Python
T, D=3, 4

Loops

TensorFlow: Special TF control flow

T, N, D=3, 4, 5

X = tf.placeholder(tf.float32, shape=(T, D))
v0 = tf.placeholder(tf.float32, shape=(D,))
w = tf.placeholder(tf.float32, shape=(D,))

def f(prev_y, cur x):
return (prev_y + cur_Xx) * w

y0 = Variable(torch.randn(D))
X = Variable(torch.randn(T, D)) =y = tf.foldl(f, x, y0)
w = Variable(torch.randn(D)) . _
with tf.Session() as sess:
values = {

y = [y0] X: np.random.randn(T, D),
for t in range(T): y0: np.random.randn(D),

prev y = y[-1] w: np.random.randn(D),

next y = (prev y + x[t]) * w }

y.append (next_y) y _val = sess.run(y, feed dict=values)

Fei-Fei Li & Justin Johnson & Serena Yeung
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Dynamic Graphs in TensorFlow

TensorFlow Fold make dynamic
graphs easier in TensorFlow
through dynamic batching

Looks et al, “Deep Learning with Dynamic Computation Graphs”, ICLR 2017
https://qithub.com/tensorflow/fold
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https://github.com/tensorflow/fold
https://github.com/tensorflow/fold

Dynamic Graph Applications

- Recurrent networks - “straw” “hat’ END

START “straw” “hat”

Karpathy and Fei-Fei, “Deep Visual-Semantic Alignments for
Generating Image Descriptions”, CVPR 2015
Figure copyright IEEE, 2015. Reproduced for educational purposes.
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Dynamic Graph Applications

- Recurrent networks
- Recursive networks

|
The cat ate a big rat
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Dynamic Graph Applications

white
- Recurrent networks
. query[color]
- Recursive networks What color >
is the cat? i
- Modular Networks find[cat]

Andreas et al, “Neural Module Networks”, CVPR 2016
Andreas et al, “Learning to Compose Neural Networks for Question Answering”, NAACL 2016 This image is in the public domain
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no

Dynamic Graph Applications )

compare
- Recurrgnt networks Are there sl i
- Recursive networks more cats —>
- Modular Networks than dogs? find[cat] || find[dog]
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Dynamic Graph Applications

Recurrent networks
Recursive networks
Modular Networks

(Your creative idea here)
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Caffe

(UC Berkeley)

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 8 -_T35  April 27, 2017
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Caffe Overview

e Core written in C++

Has Python and MATLAB bindings

e (Good for training or finetuning
feedforward classification models

e Often no need to write code!

e Not used as much in research anymore,
still popular for deploying models

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 8 -.T36  April 27, 2017

5)



Caffe: Training / Finetuning

No need to write code!

Convert data (run a script)

Define net (edit prototxt)

Define solver (edit prototxt)

Train (with pretrained weights) (run a script)

1.
2.
3.
4.
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Caffe step 1: Convert Data

e DatalLayer reading from LMDB is the easiest
e Create LMDB using convert_imageset

e Need text file where each line is
o “[path/to/image.jpeq] [label]”

e Create HDF5 file yourself using hdpy
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https://github.com/BVLC/caffe/blob/85bb397acfd383a676c125c75d877642d6b39ff6/tools/convert_imageset.cpp

Caffe step 1: Convert Data

ImageDatalayer: Read from image files
WindowDatalayer: For detection
HDF5Layer: Read from HDF5 file

From memory, using Python interface

All of these are harder to use (except Python)
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Caffe step 2: Define Network (prototxt)

name: "LogisticRegressionNet"

16{3; Edata" inner product param {
top: "label" ﬂum_ﬂutpyt: 2
name: "data" weight filler {
type: HDF5 DATA type: "gaussian"
hdf5 data param { std: 0.01

source: "examples/hdf5 classification/data/train.txt" }
batch size: 10 bias filler {
} o » n n
include { ty‘%e.h Eﬂnstant
phase: TRAIN ) vatue:
}

} }

layers { +
bottom: "data" layers {
top: “Ecdh bottom: "fcl®
?32:5 I:J:léﬁ PRODUCT bokkam: "label”
blobs lr: 1 Lop: }.?55 ;
blobs lr: 2 el iDan
weight decay: 1 type: SOFTMAX LOSS
weight decay: © }
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Caffe step 2: Define Network (prototxt)

layer {
bottom: "res5c"
top: "pools"
input: "data" name: "poolS"
e .prototxt can get ugly for i
input_dim: 3 pooling_param {
input_dim: 224

big mOdGIS input_dim: 224 :::ztsize: 7

1 name: "ResNet-152"

layer { pool: AVE
e }
. name: "convi" ) }
e ResNet-152 prototxt is e it
_output: 64
. Foee bottom: "pool5"
6775 lines long! P
ZF”de: Z = name: "fc1000"
) - B type: "InnerProduct"
} inner_product_param {
(13 4 ”. L) 6765 num_output: 1000
e Not “compositional”; can't )

. . . top: A ”ﬁonvl” . }
easily define a residual o 1
batch_norm_param { ayer { - —
use_global_stats: true ottom: "fc ad
block and reuse }
name: "prob"
type: "Softmax"

!

https://github.com/KaimingHe/deep-residual-networks/blob/master/prototxt/ResNet-152-deploy. prototxt
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https://github.com/KaimingHe/deep-residual-networks/blob/master/prototxt/ResNet-152-deploy.prototxt
https://github.com/KaimingHe/deep-residual-networks/blob/master/prototxt/ResNet-152-deploy.prototxt

Caffe step 3: Define Solver (prototxt)

e \Write a prototxt file defining a

net: "models/bvlc_alexnet/train_val.prototxt"
SolverParameter g i
e If finetuning, copy existing ey v
solver.prototxt file —F
o Change net to be your net sensiza: 15eses
. isplay:

o Change snapshot_prefix max_iter: 450000

to your OUtpUt :nggtfrgec?‘j 0.0005

. shapshot: 10000

O Reduce base Iearnlng rate snazshot_prefix: "models/bvlc_alexnet/caffe_alexnet_train"

(lelde by 100) solver_mode: GPU

o Maybe change max_iter
and snapshot
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https://github.com/BVLC/caffe/blob/85bb397acfd383a676c125c75d877642d6b39ff6/src/caffe/proto/caffe.proto#L92
https://github.com/BVLC/caffe/blob/85bb397acfd383a676c125c75d877642d6b39ff6/src/caffe/proto/caffe.proto#L92

Caffe step 4: Train!

./build/tools/caffe train \
-gpu 0 \
-model path/to/trainval.prototxt \
-solver path/to/solver.prototxt \
-weights path/to/pretrained weights.caffemodel

https://qgithub.com/BVLC/caffe/blob/master/tools/caffe.cpp
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https://github.com/BVLC/caffe/blob/master/tools/caffe.cpp
https://github.com/BVLC/caffe/blob/master/tools/caffe.cpp

Caffe step 4: Train!

./build/tools/caffe train \
|=gpu 0 \ |
-model path/to/trainval.prototxt \
-solver path/to/solver.prototxt \
-weights path/to/pretrained weights.caffemodel

-gpu -1 for CPU-only
-gpu all for multi-gpu

https://qgithub.com/BVLC/caffe/blob/master/tools/caffe.cpp
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https://github.com/BVLC/caffe/blob/master/tools/caffe.cpp
https://github.com/BVLC/caffe/blob/master/tools/caffe.cpp

affe Model Zoo

O This repository Pull requests Issues Gist L +- ®-
BVLC / caffe ©Watch~ 1207  J Star 8519 ¥ Fork 4826
Code Issues 336 Pull requests 190 Wiki Pulse Graphs

Model Zoo Edit

AI e X N et V< ; ( ; Alex Kendall edited this page 13 days ago - 61 revisions
] )

Check out the model zoo documentation for details.

GooglLeNet, ResNet,

1. download the model gist by ./scripts/download model from_gist.sh <gist_id> Home

p I u S Ot h e rS <dirname> to load the model metadata, architecture, solver configuration, and so on. Caffe on EC2 Ubuntu 14.04 Cuda
7

( <dirname> is optional and defaults to caffe/models).

2. download the model weights by ./scripts/download_model_binary.py <model dir> where Contributing

<model_dir> is the gist directory from the first step. Development

or visit the model zoo documentation for complete instructions. IDE Nvidia’s Eclipse Nsight

Inctall Caffa an EQ fram cnrratnh

https://github.com/BVL C/caffe/wiki/Model-Zoo
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https://github.com/BVLC/caffe/wiki/Model-Zoo
https://github.com/BVLC/caffe/wiki/Model-Zoo

Caffe Python Interface

Not much documentation...
Read the code! Two most important files:

e caffe/python/caffe/ caffe.cpp:
o Exports Blob, Layer, Net, and Solver classes

e caffe/python/caffe/pycaffe.py
o Adds extra methods to Net class
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https://github.com/BVLC/caffe/blob/master/python/caffe/_caffe.cpp
https://github.com/BVLC/caffe/blob/master/python/caffe/_caffe.cpp
https://github.com/BVLC/caffe/blob/master/python/caffe/pycaffe.py
https://github.com/BVLC/caffe/blob/master/python/caffe/pycaffe.py

Caffe Python Interface

Good for:

e Interfacing with numpy

e Extract features: Run net forward

e Compute gradients: Run net backward (DeepDream, etc)
e Define layers in Python with numpy (CPU only)
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Caffe Pros / Cons

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 8 - 148  April 27, 2017

+) Good for feedforward networks

+) Good for finetuning existing networks

+) Train models without writing any code!

+) Python interface is pretty useful!

+) Can deploy without Python

-) Need to write C++ / CUDA for new GPU layers

-) Not good for recurrent networks

-) Cumbersome for big networks (GoogLeNet, ResNet)

(
(
(
(
(
(
(
(




Caffe2

(Facebook)

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 8 - 49 April 27, 2017
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Caffe2 Overview

Very new - released a week ago =)

Static graphs, somewhat similar to TensorFlow
Core written in C++

Nice Python interface

Can train model in Python, then serialize and deploy
without Python

Works on iOS / Android, etc
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Google: Facebook:
TensorFlow PyTorch +Caffe2

! oo

“One framework

to rule them all” Research Production
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My Advice:

TensorFlow is a safe bet for most projects. Not perfect but has
huge community, wide usage. Maybe pair with high-level wrapper
(Keras, Sonnet, etc)

| think PyTorch is best for research. However still new, there can be
rough patches.

Use TensorFlow for one graph over many machines
Consider Caffe, Caffe2, or TensorFlow for production deployment
Consider TensorFlow or Caffe2 for mobile
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Next Time:
CNN Architecture Case Studies
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Caffe step 2: Define Network (prototxt)

name: "LogisticRegressionNet"
layers {

" " inner product param
top: 'datar <——— ayers and Blobs el el
op: "label" n_ ut:
name: "data® <€———0ften have same weight filler {
type: HDF5 DATA type: "gaussian"
hdf5 data param { name! std: 0.01
source: "examples/hdf5 classification/data/train.txt" }
batch size: 10 bias filler {
} wr - " mn
Snciuie:d ty%e.h Eﬂnstant
phase: TRAIN ) MR ENES
}
} |
layers { }
bottom: "data" layers {
top: “Ecdh bottom: "fcl"
2;2: I:.I;:.IER PRODUCT bokkam: "label”
blobs lr: 1 top! },*{55 ¥
blobs_lr: 2 o R
weight decay: 1 type: SO0FTMAX_LOSS
weight decay: © }
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Caffe step 2: Define Network (prototxt)

name: "LogisticRegressionNet"

RadEks inner product param {
top: 'data’ <&———Layers and Blobs B Binini el
top: "label" T‘lurln_[}utpyt. 2
name: "data" <@———0ften have same weight filler {
type: HDF5 DATA type: "gaussian"
hdf5 data param { name! std: 0.01

source: "examples/hdf5 classification/data/train.txt" }
d batch size: 10 hiﬂS_fillEF {
Snchulde ty{re: . "constant"
phase: TRAIN } value: ©

}

}

layers { }
bottom: "data" layers {
ﬁgﬁ;."fﬁii.. Learning rates bottom: "fcl*
type: INHER_W (weight + bias) 2?:[0[.?{{]5;?1]&1
blobs lr: 1 Bl “oEnal
blobs_Lr: 2 L e oas
weight decay: 1 g — Regularization type: SOFTMAX LOSS
weight decay: @ (Welght + bias) }
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Caffe step 2: Define Network (prototxt)

name: "LogisticRegressionNet"

la{w? Ed ta" G ——— inner product param {
D s Layers and Blobs _yhum output: 2
name: "data" <¢———0ften have same Number of weight filler {
type: HDF5 DATA type: "gaussian"
ES. ot e name! output classes 1. 5 o1
source: "examples/hdf5 classification/data/train.txt" }
batch size: 10 bias filler {
} wr - " mn
Inciuie ] tF{'E'. constant
phase: TRAIN } value: ©
}
} |
layers { }
bottom: "data" layers {
e "fii;.. Learning rates bottom: "fcl*
’ . - bottom: "label"
Hpe: INP:IER_W (we|ght + bIaS) top: "loss"
obs lr: 1 — =
blobs lr: 2 L e 2Aan
weight decay: 1 g RegUIar|Zat|0n type: SO0FTMAX_LOSS
weight decay: @ (Welght + bias) }
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Caffe step 2: Define Network (prototxt)

name: "LogisticRegressionNet"

laii; Edata" - d Blob inner product param {
top: "label® ayers an obsS _yrnum_output: 2
name: "data” <€———o0ften have same Number of " weight filler {
WES tais b name! output classes /RS’ “gaussian
source: "examples/hdf5 classification/data/train.txt" }
batch size: 10 bias filler {
]include{ type: "constant”
phase: TRAIN Set these to 0 to ; value: ©
. freeze a layer )
layers { }
bottom: "data" _ layers {
ke Learning rates bottom: "fc1”
name: "fcl" . . . "
type: INNER (weight + bias) 23?0[.?]1{]5;?1]&1
blobs 1r: 1 namt;:' S
blobs 1lr: 2 . . :
weight decay: 1 g — Regularization type: SOFTMAX LOSS
weight decay: @ (Welght + bias) }
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