Lecture 6:
Training Neural Networks,
Part |

Tuesday February 7, 2017
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Announcements!

Don’t worry too much if you were late on HW1
HW2 due February 24

* fully connected multi-layer nets, batch norm, dropout, etc.
Email me you areas of interest for final project

* Some ideas on class webpage

Guidelines for paper presentations on website
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Python/Numpy of the Day

- numpy.where(<condition>, x, y)

- Vectorized version of the ternary expression x if condition else y, like a vectorized list comprehension

..........

- Not very fast for large . o s
arrays (because all the ok -
work is being done in —— BTSS0S Sl

pure Python)
- Will not work with AU
multidimensional arrag;se f%’l‘ufts e



arXiv:1702.00783v1 [cs.CV] 2 Feb 2017

Pixel Recursive Super Resolution

RyanDahd*  Mobamemad Novouss Jonshon Shicea
Google Brain

(tit sonrouri.shless}hpoegie, com
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New work out on Feb 2

https://arxiv.org/pdf/1702.00783.pdf



https://arxiv.org/pdf/1702.00783.pdf

Mini-batch SGD

Loop:

1. Sample a batch of data

2. Forward prop it through the graph, get loss
3. Backprop to calculate the gradients

4. Update the parameters using the gradient

O' O O output layer
input layer
hidden layer 1 hidden layer 2
* Original slides b df Andrej K th 7
riginal slides borrowed from Andrej Karpathy comp150dl €-¢'r11fts
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Leaky ReLU
max(0.1x, x)

Activation Functions

Sigmoid
olz)=1/(14+e7") __/

Maxout max(w'z+ by, wlz+b,)

tanh tanh() e e

HE

ReLU max(0,x)

* Original slides borrowed from Andrej Karpathy 6
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original data zero-centered data normalized data

Data _
Preprocessing

-
——
J
decorrelated data whitened data
L i =
|
* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150al @T‘ufts




ingut layer had sean 0.001800 and std 1.09131)
hidden layer 1 had sean 0.001198 and std 9.62793)

hidder
hidden
hidden
hidden
hidder
hidden
hidder
hidden
hidden

Mean of Weights

Histogram of Weights

lﬂgf’
layer
Layer
layer
Layer
Layer
l‘.l,!r,l
layer
Layer

2 had méan -0. 000175 and S1d 0.48605]
3 had mean 6.0086535 and std 9.487723
4 had nean 0. D306 and 514 0,357 188
5 had ncan 0.606142 and std 8.320917
6 had mean -0.000389 and std 0.292116
7 had sean -0.000228 and std 0.272387
8 had mean -0.000291 and sStd 0,.254935
9 had mean 6.008361 and std 8.239266
10

had sean 0. 000139 and std 0.278008

-

W = np.random.randn(fan in, fan out) / np.sqrt(fan in) # layer initialization

Std of Weights

Epoch

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

Ll
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“Xavier initialization”
[Glorot et al., 2010]

Reasonable initialization.
(Mathematical derivation
assumes linear activations)

Weight
Initialization



Batch Normalization [loffe and Szegedy, 2015]

Normalize: - Improves gradient flow
through the network

(k) _ (k) _ E[:c(k)] gn ! .

T = - Allows higher learning rates

k
v/ Var[z(*)] - Reduces the strong
And then allow the network to squash dependence on initialization
the range if it wants to: - Acts as a form of

regularization in a funny way,
and slightly reduces the need
for dropout, maybe

y(k) - v(k)gg(k) + Bk

* Original slides borrowed from Andrej Karpathy 9
and Li Fei-Fei, Stanford cs231n comp150dl @m



Babysitting the
learning process

sodel = Indt two Layer sodel()2*32%), %, 10) »

trainer = ClassifierTrainer()

DS mOdel, STALS = Tralner Tralnix Trale, v Traln, X val, v wal,
model, two layer set,
TR DECAI=10, reg=d. 000M],
wdates'39d', learning rate decay«l,

Ilumnq ratesle :,Ivevbost-'- we)

Finsshed epoch 1 / 10:|coat 2.30237C, |trasr: O. 1 0.102000, lr 1.000000¢ 08
Finished epoch 2 /7 10:|cost 2.300582, [traid: o 1 0.124000, Lr 1.0000000-06
Fintshed epoch 3 / 10:|cost 2.302338, |train: O. 1 0.138000, Lr 1.000000c 08
Finished epoch 4 7 10:]cost 2.302519, [traiq: ¢ 1 0151000, Lr 1. 000000406
Finished epoch 3 /7 10:]cost 2.302317, |tradn: O. 1 0.171000, Lr 1.000000c 00
Finished epoch 6 / 10:]cost 2. 302518, [trair: & 1 0172000, Lr 1000000006
Finished epoch T / 10:]cost 2.3024880, Jtradg: o.2 1 0.170000, Lr 1. 0000002 00
Finished epoch & / 10:]cost 2. 302452, [trair: 1 0.185000, Lr 1.000000¢ 06
Finished egoch 9 /7 10:]cost 2.302439, |traar: &. s 1 0.192000, Lr 10000002 00
Finished epoch 10 / 18] cost 2.002429] tra o Jrol 0192000, Lr L. .000000e 06
finished optamization. Lhest saligatiod accuracy

Loss barely changing:
Learning rate is probably
too low

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

Unimportant parameter

Cross-validation

Unimportant parameter

Important paramater

Important parameter

comp150d| @'Ihfts
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Today:

- Parameter update schemes
- Learning rate schedules

- Dropout

- Gradient checking

- Model ensembles

* Original slides borrowed from Andrej Karpathy o
and Li Fei-Fei, Stanford cs231n comp150d| c."rllfts
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Parameter Updates

* Original slides borrowed from Andrej Karpathy o
and Li Fei-Fei, Stanford cs231n comp150d| c."mfts
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Training a neural network, main loop:

True:

data batch dataset.sample data batch()
loss = network.forward(data batch)

dx = network.backward()
X learning rate * dx

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d| ‘(.:}Irufts
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Training a neural network, main loop:

True:

data batch dataset.sample data batch()
loss = network.forward(data batch)

dx = network.backward()
X += learning rate * dx

simple gradient descent update
now: complicate.

* Original slides borrowed from Andrej Karpathy ;
and Li Fei-Fei, Stanford cs231n comp150d| (}Tufts
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—  momentum |]

~ nag g

- adagrad v

adadelta N

msprop :

5
100
80.
Go.
40}
20}

0 2 4 3 '
0 20 40 60 80 100 120

Image credits:
* Original slides borrowed from Andrej Karpathy comp150d| gm Al eC Radford 15
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Suppose loss function is steep vertically but shallow horizontally:

—

Q: What is the trajectory along which we converge
towards the minimum with SGD?

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d| €_$'I‘Ufts
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Suppose loss function is steep vertically but shallow horizontally:

Q: What is the trajectory along which we converge
towards the minimum with SGD?

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d| f}TuftS

17



Suppose loss function is steep vertically but shallow horizontally:

Q: What is the trajectory along which we converge
towards the minimum with SGD? very slow progress
along flat direction, jitter along steep one

* Original slides borrowed from Andrej Karpathy ; 18
and Li Fei-Fei, Stanford cs231n comp150d| €.3'I‘Ufts



Momentum update

learning rate * dx

learning rate * dx

- Physical interpretation as ball rolling down the loss function + friction (mu
coefficient).

- mu = usually ~0.5, 0.9, or 0.99

- (Sometimes annealed over time, e.g. from 0.5 -> 0.99)

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d| f}TuftS
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Momentum update

learning rate * dx

learning rate dx

- Allows a velocity to "build up™ along shallow directions
- Velocity becomes damped in steep direction due to quickly changing
sign

* Original slides borrowed from Andrej Karpathy ;
and Li Fei-Fei, Stanford cs231n comp150d| (}Tufts
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SGD

VS
Momentum

* Original slides borrowed from Andrej Karpathy

and Li Fei-Fei, Stanford cs231n

-~

sgd
momentum |

|
!

nag

adagrad
adadelta
msprop

A/ ZZ T T I3

N

100

\\\\\\\\\\

notice momentum

| overshooting the target,

but overall getting to the
minimum much faster.

21



Nesterov Momentum update

Vv mu * v learning rate dx

X += V

Ordinary momentum update:
«

momentum

step
actual step

>

gradient
step

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d| ‘(.:}Irufts
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Nesterov Momentum update

Momentum update:
«

momentum

step
actual step

>

gradient
step

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

Nesterov momentum update

\ “lookahead”
momentum gradent step
step (bit different than
original)
actual step
comp150dl| (__Q'Ihfts 23



Nesterov Momentum

Momentum update:

momentum

step
actual step

>

gradient
step

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

vy = pvi—1 — €V (01 H pve—1

update
Nesterov momentum update
“lookahead”
\ gradient step
momentum , _
step (bit different than
original)

actual step

Nesterov: the only difference...

0 = 011 + vy

comp150d| ﬁl‘ufts 24



Nesterov Momentum update

V prev = v

vV mu Vv learning rate dx
X mu v prev + (1 + mu) Vv

“lookahead”
momenturm gradient step
step (b.it plifferent than

original)

actual step
* Qriginal slides b df Andrej K h
andl Ui FeiFoi, Stanford cezatn oY compisodl €3 Tufts
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Q: What kinds of —[— sa |
. - momentum
loss functions — nag <—L%
— adagrad [
could cause ad:ﬁ;‘,’ta :
problems for the i al x
momentum -3
methods? -
-5_2 -] 5
100 -
80}
60}
401
20
00 20 40 60 80 160 120

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

nnnnnnnnnn

nag =
Nesterov
Accelerated
Gradient

26



AdaGrad update [Duchi et al., 2011]

cache += dx**2

X 4 learning rate * dx (np.sqrt(cache) + le-7)

Added element-wise scaling of the gradient based on
the historical sum of squares in each dimension

* Original slides borrowed from Andrej Karpathy ;
and Li Fei-Fei, Stanford cs231n comp150d| (}Tufts
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AdaGrad update

cache += dx**2

X += learning rate * dx / (np.sqrt(cache) + le-7)

—

Q: What happens with AdaGrad?

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d| ‘(.:}Irufts
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AdaGrad update

cache += dx**2

X += learning rate * dx / (np.sqrt(cache) + le-7)

—

Q2: What happens to the step size over long time?

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d| ‘(.:}Irufts
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RMSProp update

j cache += dx**2
learning rate * dx

Icache =

decay rate cache
learning rate * dx

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

(np.sqrt(cache)

(1 decay rate)
(np.sqrt(cache)

comp150dl! f_:}'rufts

[Tieleman and Hinton, 2012]

le-7)

dx**2 II

le-7)

30



rmsprop: A mini-batch version of rprop

* rprop is equivalent to using the gradient but also dividing by the size of the
gradient.

— The problem with mini-batch rprop is that we divide by a different number
for each mini-batch. So why not force the number we divide by to be very
similar for adjacent mini-batches?

* rmsprop: Keep a moving average of the squared gradient for each weigh’t
MeanSquare(w, t) = 0.9 MeanSquare(w, 1-1)+ 0.1 (a%w(t))-

* Dividing the gradient by \/ MeanSquare(w, 1) makes the learning work much
better (Tijmen Tieleman, unpublished).

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150al gm

Introduced in a slide in
Geoff Hinton’s Coursera
class, lecture 6

31



rmsprop: A mini-batch version of rprop Introduced in a slide in
Geoff Hinton’s Coursera

* rprop is equivalent to using the gradient but also dividing by the size of the clas S, lecture 6

gradient.

-~ The problem with mini-batch rprop is that we divide by a different number
for each mini-batch. So why not force the number we divide by to be very
similar for adjacent mini-batches?

* rmsprop: Keep a moving average of the squared gradient for each weiglgt
MeanSquare(w, 1) = 0.9 MeanSquare(w, 1=1) + 0.1 (aE aw(’))-

* Dividing the gradient by \/ MeanSquare(w, t) makes the learning work much
better (Tijmen Tieleman, unpublished).

Cited b | [52] T. Tieleman and G. E. Hinton. Lecture 6.5-rmsprop: Divide

ite y severa the gradient by a running average of its recent magnitude.,
papers as: 2012.

e et e Ferpety compisod €3 Tufts



* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

~—  momentum ]

- nag g

— adagrad [

~ adadelta [
msprop :

5

Gb 80 160 120

llllllllll

“~_ adagrad
rmsprop

33



[Kingma and Ba, 2014]

Adam update

(incomplete, but close)

betal*m + (1-betal) *dx

= beta2*v + (1l-beta2)*(dx**2)
learning rate * m (np.sqrt(v)

* Original slides borrowed from Andrej Karpathy 34
and Li Fei-Fei, Stanford cs231n comp150d| ‘(.:}Irufts



[Kingma and Ba, 2014]

Adam update

(incomplete, but close)

momentum
m betal*m + (1l-betal) *dx
v = beta2*v + (1l-beta2)*(dx**2)
X += learning rate * m (np.sqrt(v) + le-7)
RMSProp-like
Looks a bit like RMSProp with momentum
Oriinal sides borrowed fom Ancie) Karpathy comp1soat (3 Tufts 3



[Kingma and Ba, 2014]

Adam update

(incomplete, but close)

momentum
m betal*m + (l-betal)*dx
v = beta2*v + (1l-beta2)*(dx**2)
X += learning rate * m (np.sqrt(v) + le-7)
RMSProp-like
Looks a bit like RMSProp with momentum
cache = decay rate * cache + (1 decay rate) * dx**2
X += learning rate * dx (np.sqrt(cache) + le-7)
* Original slides b df Andrej K h
andl Ui FeiFoi, Stanford cezatn oY compisod €3 Tufts 3



[Kingma and Ba, 2014]

Adam update

1 Xrange(1l, big number):

momentum
m betal*m + (1-betal) *dx
v = beta2*v + (1l-beta2)*(dx**2) . .
mb = m/(1-betal**t) bias correction
i k- (only relevant in first few
VD = V7 (1 be’gaz t) iterations when t is small)
X += learning rate * mb (np.sqrt(vb) + le-7)
RMSProp-like
The bias correction compensates for the fact that m,v are
initialized at zero and need some time to “warm up”.
* Original slides b df Andrej K th
" riginal sides borrwed fom A Karpethy compisoal €3 Tufts a7



SGD, SGD+Momentum, Adagrad, RMSProp, Adam all have
learning rate as a hyperparameter.

4

loss

low learning rate

. | Q: Which one of these
igh learning rate

\\— learning rates is best to use?

good learning rate

* Original slides borrowed from Andrej Karpathy ]
and Li Fei-Fei, Stanford cs231n comp150d| (_?Thfts



SGD, SGD+Momentum, Adagrad, RMSProp, Adam all have
learning rate as a hyperparameter.

[

loss

low learning rate

high learning rate

good learning rate

=> L earning rate decay over time!

step decay:
e.g. decay learning rate by half every
few epochs.

— exponential decay: o = age ¥

= 1/t decay: o« = /(1 + kt)

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

comp150dl! (_Q'I'ufts
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Second order optimization methods

second-order Taylor expansion:

J(0) ~ J(60) + (6 — &) T VeI (6) + %(0 —6,)"H(6 - 6,)

Solving for the critical point we obtain the Newton parameter update:

0" =0, — H 'VoJ(0p)

notice:
no hyperparameters! (e.g. learning rate)

- Quasi-Newton methods (BGFS most popular):

- L-BFGS (Limited memory BFGS):
Does not form/store the full inverse Hessian.

* Original slides borrowed from Andrej Karpathy comp150d| f:}TuftS

and Li Fei-Fei, Stanford cs231n
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L-BFGS

- Usually works very well in full batch, deterministic mode
l.e. if you have a single, deterministic f(x) then L-BFGS will
probably work very nicely

- Does not transfer very well to mini-batch setting. Gives
bad results. Adapting L-BFGS to large-scale, stochastic
setting is an active area of research.

* Original slides borrowed from Andrej Karpathy e 41
and Li Fei-Fei, Stanford cs231n comp150d| t-Vrrtlfts



Evaluation:

Model Ensembles

* Original slides borrowed from Andrej Karpathy o}
and Li Fei-Fei, Stanford cs231n comp150d| C.'mfts
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1. Train multiple independent models
2. At test time average their results

Enjoy 2% extra performance
All competition winners do this.

* Original slides borrowed from Andrej Karpathy | £
and Li Fei-Fei, Stanford cs231n comp150d c."rllfts
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Fun Tips/Tricks:

- can also get a small boost from averaging multiple
model checkpoints of a single model.

* Original slides borrowed from Andrej Karpathy o
and Li Fei-Fei, Stanford cs231n comp150d| c."mfts
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Fun Tips/Tricks:

- can also get a small boost from averaging multiple
model checkpoints of a single model. (different local
minima)

- keep track of (and use at test time) a running average
parameter vector:

True:
data batch dataset.sample data batch()
Loss network.forward(data batch)

dx network.backward()
X 4 learning rate * dx
X test = 0.995*x test + 0.005*%X

* Original slides borrowed from Andrej Karpathy 45
and Li Fei-Fei, Stanford cs231n comp150d| €_$'I‘Ufts



Regularization (dropout)

* Original slides borrowed from Andrej Karpathy e
and Li Fei-Fei, Stanford cs231n comp150d| ‘-VTufts
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Regularization: Dropout
“‘randomly set some neurons to zero in the forward pass”

(a) Standard Neural Net (b) After applying dropout.

[Srivastava et
al., 2014]

* Original slides borrowed from Andrej Karpathy ]
and Li Fei-Fei, Stanford cs231n comp150d| {(_?'I\lfts
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p=0.5# probability of keeping a unit active. higher =

def train_step(X):
“w® X contains the data """

B £arurmm nace fnr sovamnla 2. 1auvar S ae) e s
# forward pass for example 3-layer neural network

H1 = np.maximum(©®, np.dot(Wl, X) + bl)

] o~ ¢ ~ ;s 4
LeSS aropout

Ul = np.random.rand(*Hl.shape) < p # first dropout mask
Hl *= Ul # drop!

H2 = np.maximum(©, np.dot(W2, Hl1l) + b2)

H2 *= U2 # drop!

U2 = np.random.rand(*H2.shape) < p # second dropout mask

out = np.dot(wW3, H2) + b3

” )

# backward pass: compute gradients... (not shown)

# perform parameter update... (not shown)
N . .

Orlglmallshd_es borrowed from Andrej Karpathy comp150d| @'ﬁlﬁs
and Li Fei-Fei, Stanford cs231n N rRRNITS

Example forward
pass with a 3-
layer network
using dropout

48



Waaaalt a second...
How could this possibly be a good idea”

* Original slides borrowed from Andrej Karpathy ] 49
and Li Fei-Fei, Stanford cs231n comp150d| (.smfts



Waaaalt a second...
How could this possibly be a good idea”

Forces the network to have a redundant representation.

©7> has an ear
Q > has atall R‘

” s furry —X—, cat

R __—" score
has claws +/v
O** mischievous

look

* Original slides borrowed from Andrej Karpathy ] 50
and Li Fei-Fei, Stanford cs231n comp150d| (_?Thfts



At test time....

Ideally:
want to integrate out all the noise

Monte Carlo approximation:

do many forward passes with
different dropout masks, average all
predictions

* Original slides borrowed from Andrej Karpathy 51
and Li Fei-Fei, Stanford cs231n comp150d| ‘(.:}Irufts



At test time....
Can in fact do this with a single forward pass! (approximately)

Leave all input neurons turned on (no
dropout).

Q: Suppose that with all inputs present at
test time the output of this neuron is x.

d b What would its output be during training
time, in expectation? (e.g. if p = 0.5)

* Original slides borrowed from Andrej Karpathy 52
and Li Fei-Fei, Stanford cs231n comp150d| f}TuftS



We can do something approximate analytically

def predict(X):

H1 = np.maximum(©, np.dot(Wl, X) + bl) * p
H2 = np.maximum(©, np.dot(W2, H1l) + b2) * p
out = np.dot(W3, H2) + b3

At test time all neurons are active always
=> \We must scale the activations so that for each neuron:
output at test time = expected output at training time

* Original slides borrowed from Andrej Karpathy o}
and Li Fei-Fei, Stanford cs231n comp150d| C.'mfts
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Vanilla Dropout: Not recommended implementation (see notes below) """

Dropout Summary

8 ny hahi {4 s f .y . nitt 1 o " shaor R "IN " 4

def train_step(X):
“u= X contains the data """

Hl = np.maximum(®, np.dot(Wl, X) + bl)

Ul = np.random.rand(*Hl.shape) < p # 7

Hl *= Ul # drog .
HZ = np.maximum(0, np.dot(wZ, HI) + b2) drop 1N forward paSS
U2 = np.random.rand(*H2.shape) < p # second dropout mask

H2 *= U2 # drop

out = np.dot(W3, H2) + b3

{ " IVEe!

Dackward pass compute gra

| &) &

def predict(X):

Hl = np.maximum(©, np.dot(Wl, X) + bl)|* p # NOTE: scale the activations I
H2 = np.maximum(©, np.dot(W2, H1) + b2) * p # NOTE: scale the activations ES(DEilE} Eit tGaESt ter]fa
out = np.dot(W3, H2) + b3

* Original slides borrowed from Andrej Karpathy 54
and Li Fei-Fei, Stanford cs231n comp150al @mfts



More common: “Inverted dropout”

p= 0.5 # probability of keeping a unit active her = 1
def train step(X)

H1 = np. maxlmum(o np. dot(wl X) - bl)

Ul = (np.random.rand(*Hl.shape) < p) / p # (is
Hl *= Ul # d

H2 = np.maximum(6, np.dot(wW2, H1) + b2)

U2 = (np.random.rand(*H2.shape) < p) / p #

H2 *= U2 # d

out = np.dot(W3, H2) + b3

perforn paraneter update. .. (n / test time is unchanged!
def prcdict(X)

H1 = np. maximum(u np. dot(wl X) + bl) #
H2 = np.maximum(6, np.dot(wW2, H1) + b2)
out = np.dot(W3, H2) + b3

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150al @mfts



Convolutional Neural Networks

C: fout C3: 1. maps 16@10x10
eature maps S4.1. 1 B
INPUT 6@28:28 maps 16@5

a2 $2:1.ma r ,
6@14):1?s r ?250 ayor l;ﬁ.hyor 013"’01

Full connection Gaussian connections
Convolutions Subsampling Comvolutions Subsampiing Full connection

[LeNet-5,
* Original slides borrowed from Andrej Karpathy comp150di @'ﬁlﬁs Le Cun 1980]

and Li Fei-Fei, Stanford cs231n



A bit of history:

Hubel & Wiesel,

1959

Receptive Fields of Single
Neurons in Cat’s Striate
Cortex

1962

Receptive Fields, Binocular
Interaction and Functional
Architecture in Cat’s Visual
Cortex

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n
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\. Stimulus orientation (deg)

comp150dI (__Q'Ihfts
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A bit of history

Simple Cell:

cell in the primary visual
cortex that responds
primarily to oriented
edges and gratings

Gabor fiter-type receptive fisid &3
typical for a simpie cell. Blue regions
indicate inhibition, red faciitabon

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

Topographical mapping in the cortex:
nearby cells in cortex represented
nearby regions in the visual field

comp150d| @mfts
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Hierarchical organization

Hubel & Weisel featural hierarchy
topographical mapping .
hyhjer-complex @ high level
cells ,
complex cells A <D mid level
simple cells I‘

* Original slides borrowed from Andrej Karpathy ]
and Li Fei-Fei, Stanford cs231n comp150d| (_?Thfts
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A bit of history:

Neurocognitron
[Fukushima 1980]

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

“sandwich” architecture (SCSCSC...)
simple cells: modifiable parameters
complex cells: perform pooling

comp150d| @'I‘ufts
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A bit of history: i
Gradient-based learning
applied to document
recognition

[LeCun, Bottou, Bengio, Haffner
1998]

G 4 2 Segmentason
oy
LeNet-5

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150al @'I‘ufts



A bit of history:

ImageNet Classification with Deep
Convolutional Neural Networks
[Krizhevsky, Sutskever, Hinton, 2012]

“AlexNet”

* Original slides borrowed from Andrej Karpathy o}
and Li Fei-Fei, Stanford cs231n comp150d| C.'mfts
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Fast-forward to today: ConvNets are everywhere

[Krizhevsky 2012]

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150al @,rufts
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Self-Driving Cars

comp150dI @'I‘ufts

=)

Road Overlay:

Safety System 3

Road Overlay:

Safety System ¢
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What is the color of the
?

Traditional VQA: analyze the whole
image -> analyze question -> give
answer. Doowa
Attention based VQA: find coat ->
judge the color of coat -> give
answer:

What is the color of the
umbrella?

Traditional VQA: analyze the whole
image -> analyze question -> give
answer. gioon
Attention based VQA. find umbrella
=> judge the color of umbredln -> give
answer: red

Answer: green

What color on the stop light is lit up == ll I I
t color stop light In t

the
What ||
color | <olor [ . ]| 19 ['igne [..|mmp
| ight
“‘ l‘“ ll I .

.
.
.

v

.

.
v
~\
.

-

-

-

the stop light
.

v
’

Image

| W;\at I cc:lor | stop | ight D‘ I
il

Question: What color on the prvws
stop lightislitup ?

co-attention

comp150d| @mfts 68



* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

Caffe

http://caffe.berkeleyvision.org

comp150dI (_@'I‘ufts
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http://caffe.berkeleyvision.org

Cafte Overview

From U.C. Berkeley
Written in C++
Has Python and MATLAB bindings

Good for training or finetuning feedforward models

* Original slides borrowed from Andrej Karpathy o
and Li Fei-Fei, Stanford cs231n comp150d| c."mfts
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Most important tip...

Don’t be afraid to read the code!

* Original slides borrowed from Andrej Karpathy e
and Li Fei-Fei, Stanford cs231n comp150d| ‘-VTufts
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Caffe: Main classes

Blob: Stores data and
derlvatIVGS (header source)

Layer: Transforms bottom
bIObS tO tOp bIObS (header + source)

Net: Many layers; computes
gradients via forward /
backward (easer source)

Solver: Uses gradients to
update We|g htS (header source)

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

SoftmaxLossLayer

A
l

%

fc1

data

diffs

A
[

InnerProductLayer

/

A

data

diffs

X

data

diffs

y

data

diffs

comp150d| f}Tufts

A

/V

DatalLayer
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https://github.com/BVLC/caffe/blob/85bb397acfd383a676c125c75d877642d6b39ff6/include/caffe/blob.hpp
https://github.com/BVLC/caffe/blob/85bb397acfd383a676c125c75d877642d6b39ff6/src/caffe/blob.cpp
https://github.com/BVLC/caffe/blob/85bb397acfd383a676c125c75d877642d6b39ff6/include/caffe/layer.hpp
https://github.com/BVLC/caffe/blob/85bb397acfd383a676c125c75d877642d6b39ff6/include/caffe/net.hpp
https://github.com/BVLC/caffe/blob/85bb397acfd383a676c125c75d877642d6b39ff6/src/caffe/net.cpp
https://github.com/BVLC/caffe/blob/85bb397acfd383a676c125c75d877642d6b39ff6/include/caffe/solver.hpp
https://github.com/BVLC/caffe/blob/85bb397acfd383a676c125c75d877642d6b39ff6/src/caffe/solver.cpp

Caffe:

“Typed JSON”
from Google

Define “message types”
in .proto files

https://developers.google.com/protocol-buffers/

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

Protocol Buffers

.proto file

message Person {
required string name

required 1int32 id = 2;

optional string email

comp150dl! {(.Q'I’ufts
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https://developers.google.com/protocol-buffers/

Caffe: Protocol Buffers

“Typed JSON” .proto file

from GOOQ'e message Person {

required string name = 1;
Define “message types” required int32 id = 2;
in proto files optional string email = 3;
| )

Serialize instances to text .prototxt file
files (.prototxt)

name: “John Doe”
id: 1234
email: “jdoe(@example.com”

https://developers.google.com/protocol-buffers/

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150d| ‘(.:}Irufts


https://developers.google.com/protocol-buffers/

Caffe: Protocol Buffers

https://github.com/BVL C/caffe/blob/master/src/caffe/proto/caffe.proto
<- All Caffe proto types defined here, good documentation!

* Original slides borrowed from Andrej Karpathy ?
and Li Fei-Fei, Stanford cs231n comp150di C_}Mts
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https://github.com/BVLC/caffe/blob/master/src/caffe/proto/caffe.proto

Caffe: Training / Finetuning

No need to write code!

1. Convert data (run a script)

2. Define net (edit prototxt)

3. Define solver (edit prototxt)

4. Train (with pretrained weights) (run a script)

* Original slides borrowed from Andrej Karpathy A
and Li Fei-Fei, Stanford cs231n comp150d| t-Vrrtlfts
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Caffe Step 1: Convert Data

DatalLayer reading from LMDB is the
easiest

Create LMDB using convert_imageset
Create HDF5 file yourself using h5py

From memory, using Python
(MemorylLayer)

* Original slides borrowed from Andrej Karpathy e !
and Li Fei-Fei, Stanford cs231n comp150d| ‘-'mfts
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https://github.com/BVLC/caffe/blob/85bb397acfd383a676c125c75d877642d6b39ff6/tools/convert_imageset.cpp

layers {
top: "data"
top: "label"

name: “"data*”
type: HDF5_DATA
hdf5 data param {

source: "examples/hdf5 classification/data/train.txt"

batch size: 10

}
include {
phase: TRAIN

}

}

layers {
bottom: "data"
top: "fcl"
name: "fcl"
type: INNER PRODUCT
blobs 1r: 1
blobs 1r: 2

weight decay: 1
weight decay: ©

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

Caffe Step 2: Define Net

name: "LogisticRegressionNet"

comp150d| @'rufts

inner product param {

num output: 2

weight filler {
type: "gaussian"
std: 0.01

}

bias filler {
type: "constant"
value: ©

}
}
}
layers {
bottom: "fcl"
bottom: "label"
top: "loss"
name: "loss”
type: SOFTMAX LOSS

78



layers {

Caffe Step 2: Define Net

name: "LogisticRegressionNet"

top: "data~ <€———Layers and Blobs

top: "label"

name: "data~ €———0ften have same

type: HDF5_DATA
hdf5 data param {

source: "examples/hdf5 classification/data/train.txt"

batch size: 10
}
include {

phase: TRAIN

}

}

layers {
bottom: "data"
top: "fcl"®
name: "fcl"
type: INNER PRODUCT
blobs lr: 1
blobs 1r: 2
weight decay: 1
weight decay: ©

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

comp150dI G'I‘ufts

inner product param {
num output: 2
weight filler {
type: "gaussian"
std: 0.01
}

bias filler {
type: "constant"
value: ©

}
}

}

layers {
bottom: "fcl"
bottom: "label"
top: "loss"
name: "loss”
type: SOFTMAX LOSS

79



Caffe Step 2: Define Net

name: "LogisticRegressionNet"
layers {

}

top: "data" 4
top: "label"
name: “"data"
type: HDF5 DATA

Layers and Blobs
often have same
name!

hdf5 data param {

}

source: "examples/hdf5 classification/data/train.txt"
batch size: 10

include {

}

phase: TRAIN

layers {
bottom: "data"

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

top: "fcl"®

Learning rates

name: "fcl"

type: INNER_PR(W/ (weight + bias)
blobs 1r: 1 &

blobs 1r: 2
weight decay: 1
weight decay: ©

___ Regularization
(weight + bias)

comp150dI C}'Ihfts

inner product param {

num output: 2

weight filler {
type: "gaussian"
std: 0.01

}

bias filler {
type: "constant"
value: ©

}

}

}

layers {
bottom: "fcl"
bottom: "label"
top: "loss"
name: "loss”
type: SOFTMAX LOSS

80



Caffe Step 2: Define Net

name: "LogisticRegressionNet"
layers {

}

top: "data" 4
top: "label"
name: “"data"
type: HDF5 DATA

Layers and Blobs
often have same
name!

hdf5 data param {

}

source: "examples/hdf5 classification/data/train.txt"
batch size: 10

include {

}

phase: TRAIN

layers {
bottom: "data"

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

top: "fcl"®
name: "fcl"

Learning rates

type: INNER_PR(W/ (weight + bias)
blobs lr: 1 &

blobs 1r: 2
weight decay: 1
weight decay: ©

___ Regularization
(weight + bias)

comp150dI C-Q'Ihfts

Number of output
classes

inner product
num output: 2
weight filler {
type: "gaussian"
std: 0.01
}
bias filler {
type: "constant"
value: ©
}
}
}
layers {
bottom: "fcl"
bottom: "label"
top: "loss"
name: "loss”
type: SOFTMAX LOSS

aram {
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* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

Caffe Step 2: Define Net

name: "LogisticRegressionNet"
layers {

top: "data” Layers and Blobs

top: "label"
name: “"data" often have same
type: HDF5 DATA name!

hdf5 data param {

source: "examples/hdf5 classification/data/train.txt"

batch size: 10

}
include {
phase: TRAIN Setthese to 0 to

} freeze a layer
layers {

bottom: "data" _

top: “fcl® Learning rates

name: "fcl" ) .

type: INNER y/ (weight + bias)

blobs lr: 1 &

blobs 1r: 2

weight decay: 1 o — Regularization
weight decay: © (Welght + bias)

comp150dI (_}'I‘ufts

Number of output
classes

inner productgparam {

num output: 2
weight filler {
type: "gaussian"
std: 0.01
}
bias filler {
type: "constant"
value: ©
}
}
}
layers {
bottom: "fcl"
bottom: "label"
top: "loss"
name: "loss”
type: SOFTMAX LOSS

82



Caffe Step 2: Define Net

e .prototxt can get ugly for
big models

e ResNet-152 prototxt is
6775 lines long!

e Not “compositional”; can’t
easily define a residual
block and reuse

""""

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

deploy.prototxt

* Original slides borrowed from Andrej Karpathy o
and Li Fei-Fei, Stanford cs231n comp150d| c."mfts
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https://github.com/KaimingHe/deep-residual-networks/blob/master/prototxt/ResNet-152-deploy.prototxt

Caffe Step 2: Define Net (finetuning)

Original prototxt: Modified prototxt:

layer { layer {
name: "fc7" name: "fc7"

type: "InnerProduct" type: "InnerProduct"

inner product param ({ inner product param ({
num output: 4096 num output: 4096

} Pretrained weights: }
} “fc7.weight”: [values] }
[... ReLU, Dropout] “fc7.bias”: [values] [... ReLU, Dropout]
layer { “fc8.weight”: [values] layer {

name: "fc8" “fc8.bias”: [values]
type: "InnerProduct"
inner product param {
num output: 1000
} }
} }

name: "my-£fc8"

type: "InnerProduct"

inner product param {
num output: 10

* Original slides borrowed from Andrej Karpathy A
and Li Fei-Fei, Stanford cs231n comp150d| t-VT'ufts



Caffe Step 2: Define Net (finetuning)

Original prototxt: : Modified prototxt:
layer { Same name.' layer {

name: weights copied name ;

type: aduct"” typs roduct"

inner product para
num output: 4096
}

nner product param {
num output: 4096

} }

fc7.weight”: [values]
fc7.bias”: [values]

[... RelLU, Dropout] [... RelLU, Dropout]
layer { °.WCLC - Lvalue layer {
name: "fc8" “fc8.bias”: [values] name: "my-£fc8"
type: "InnerProduct" type: "InnerProduct"
inner product param { inner product param {
num output: 1000 num output: 10
} }
} }
e et e Ferpety compisod €3 Tufts
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Caffe Step 2: Define Net (finetuning)

Original prototxt:
layer {
name: "fc7"
type: "InnerProduct"
inner product param ({
num output: 4096
}
}
[... RelLU, Dropout]
layer {

rove: [ }——>
type: nnerProduct"

inner product param {
num output: 1000
}
}

* Original slides borrowed from Andrej Karpathy

and Li Fei-Fei, Stanford cs231n

Same name:
weights copied

Pretrained weights:
“fc7.weight”: [values]

“fc8.weight”: [values

“fc8.bias”: [values]

Different name:
weights reinitialized

comp150dI f::'rufts

Modified prototxt:
layer {
name: "fc7"
type: "InnerProduct"
inner product param ({
num output: 4096
}
}
[... RelLU, Dropout]
layer {

name:
type: nnerProduct"”

inner product param {
num output: 10
}
}
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Caffe Step 3: Define Solver

Write a prototxt file defining a = Saadelalbvteoalacmttt el n ] e atont!
SOIVerParameter test_iter: 1000

test _interval: 1000

If finetuning, copy existing base_1r: 0.01

lr_policy: "step"

solver.prototxt file ganma: ©.1

stepsize: 100600

Change net to be your net display: 20

max _Ater: 450000

Change snapshot_prefix to your momentun: 0.9

welght_decay: ©.0005

OUtpUt snapshot: 10000

snapshot_prefix: "models/bvic_alexnet/caffe_alexnet

Reduce base learning rate (divide solver_mode: GPU
by 100)

Maybe change max_iter and
snapshot

* Original slides borrowed from Andrej Karpathy o
and Li Fei-Fei, Stanford cs231n comp150d| c."mfts

train”
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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://github.com/BVLC/caffe/blob/master/tools/caffe.cpp

* Original slides borrowed from Andrej Karpathy o
and Li Fei-Fei, Stanford cs231n comp150d| c."rllfts
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https://github.com/BVLC/caffe/blob/master/tools/caffe.cpp

Caffe Step 4: Train!

./build/tools/caffe train \

1 path/to/trainval.prototxt \
-solver path/to/solver.prototxt \
-weights path/to/

pretrained weights.caffemodel

-gpu -1 for CPU mode

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

* Original slides borrowed from Andrej Karpathy o
and Li Fei-Fei, Stanford cs231n comp150d| c."mfts
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https://github.com/BVLC/caffe/blob/master/tools/caffe.cpp

Caffe Step 4: Train!

./build/tools/caffe train \

1 path/to/trainval.prototxt \
-solver path/to/solver.prototxt \
-weights path/to/

pretrained weights.caffemodel

-gpu all for multi-GPU data parallelism

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

* Original slides borrowed from Andrej Karpathy o
and Li Fei-Fei, Stanford cs231n comp150d| c."mfts
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https://github.com/BVLC/caffe/blob/master/tools/caffe.cpp

Caffe:

- AlexNet, VGG,
GooglLeNet, ResNet,
plus others

Model Zoo

o Pl roparvin s O

Model Zoo

https://qgithub.com/BVLC/caffe/wiki/Model-Zoo

* Original slides borrowed from Andrej Karpathy comp150d| €$Mts

and Li Fei-Fei, Stanford cs231n
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https://github.com/BVLC/caffe/wiki/Model-Zoo

Caffe: Python Interface

Not much documentation...
ook at Notebooks in caffe/examples

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

caffe/python/caffe/pycaffe.py
Adds extra methods to Net class

* Original slides borrowed from Andrej Karpathy ?
and Li Fei-Fei, Stanford cs231n comp150di C_}Mts

Read the code! Two most important files:
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https://github.com/BVLC/caffe/blob/master/python/caffe/_caffe.cpp
https://github.com/BVLC/caffe/blob/master/python/caffe/pycaffe.py

Caffe: Python Interface

- (Good for:

- Interfacing with numpy

- Extract features: Run net forward

- Compute gradients: Run net backward (DeepDream,
etc)

- Define layers in Python with numpy (CPU only)

* Original slides borrowed from Andrej Karpathy e
and Li Fei-Fei, Stanford cs231n comp150d| ‘-VTufts
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Caffe Pros /| Cons

Good for finetuning existing networks

Train models without writing any code!

+) Python interface is pretty useful!

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

-) Not good for recurrent networks

-) Cumbersome for big networks (GooglLeNet, ResNet)

* Original slides borrowed from Andrej Karpathy e
and Li Fei-Fei, Stanford cs231n comp150d| ‘-VTufts
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template <typename DUype>
class 8lob {

public:

Blob()

C ff - BI b . data_(), d9irr_(), count_(0), capacity_(®) {}
daiTe. (0] 0 13

explicit 8lob(const int num, const int channels, const int height,
const Ant width);
explicit Blob(const vector<int>& shape);

const Dtype* cpu data() const;
void set cpu data(Dtype* data);
const int* gpu_shape() const;
const Dtype® gpu_data() const;
const Dtype* cpu _diff() const;
const Dtype* gpu diff() const;
Dtype*® mutable cpu_data();
D(','p(" nutable_gpu C.H.\();
Dtype*® mutable _cpu_diff();
Dtype® mutable _gpu _diff();

protected:
shared_ptr<SyncedMemory> data_;
shared_ptr<SyncedMemory> diff_;
shared_ptr<SyncedMemory> shape_data_;
vector<int> shape_;
int count_;
int capacity_;

https://github.com/BVL C/caffe/blob/master/include/caffe/blob.h

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150al B.Ihfts 95


https://github.com/BVLC/caffe/blob/master/include/caffe/blob.hpp

template <typename DUype>
class B8lob {
public

ilob()

‘::: '|=I: - IEE;'I data_(), diff_(), count_(9), capacity_(9) {}
dife. obs

explicit 8lob(const int num, const int channels, const int height,

v const int width);
/ explicit Blob(const vector<int>& shape);

N-dimensional array for const Otype® cpu_data() const;

void set ) ita(Dtype* data);
! ! ! const nt* o hape() const;
Storlng activations and oMt DEYOY” Som ataf Comst)
H const D(‘,"xo" cpu_dirr() const;
Welghts const Dtype*® gpu diff() const;
Dtype* bl data();
Dtype* mutable_gpu_data();
Dtype*® « t pu_dirr();
Dtype* & t jpu_diff();

protected:
shared_ptr<SyncedMemory> data_;
shared_ptr<SyncedMemory> diff_;
shared_ptr<SyncedMemory> shape_data_;
vector<int> shape_;
int count_;
int capacity_;

https://github.com/BVL C/caffe/blob/master/include/caffe/blob.h

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n comp150al @'rufts


https://github.com/BVLC/caffe/blob/master/include/caffe/blob.hpp

A5 e {
publ
10b()
C ff - BI b data_(), 9iff_(), count_(0), capacity_(0) {)
diTe. oS
explicit 1 {const int num, const int channels, const aint height,

onst int width);

N-dimensional array for L
storing activations and vola sec.cpusaca(oeype” daa)
weights oot Diape” oaAifr) canets

Two parallel tensors: P

data: values T
diffs: gradients

protected:
shared_ptr<SyncedMemory> data_;

shared_ptr<SyncedMemory> diff_;

shared ;)tv-»Tt-','ruw::qwuu*,'.- shape_data_;
vector<int> shape_;
int count_;

int capacity_;

https://qithub.com/BVL C/caffe/blob/master/include/caffe/blob.hpp

* Original slides borrowed from Andrej Karpathy ;
and Li Fei-Fei, Stanford cs231n comp150d| (_}'I‘Ufts


https://github.com/BVLC/caffe/blob/master/include/caffe/blob.hpp

Caffe: Blobs

N-dimensional array for
storing activations
and weights

Two parallel tensors:
data: values
diffs: gradients

Stores CPU / GPU
versions of each
tensor

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

template <typename DUype>

explicit 1 {const int num, const int channels, cons
nst int width);

xplicit (const vector<int>& shape).;
const Dtype* ou ta() const
ta(Dtype* data),;
const int* gy pe() const;
const Dtype® gpu_data() con
const Dtype* |_gATr() const;
const Dtype* gpu diff() const;
Dtype* ! ital ).
Drype* tabl ) wtal ).,
Dtype* Bl ().
Dtype* tabl ] 111();

protected:

shared_ptr<SyncedMemory> data_;
shared_ptr<SyncedMemory> diff_;
shared_ptr<SyncedMemory> shape_data_;
vector<int> shape_;

int count_;

int capacity_,;

https://qithub.com/BVL C/caffe/blob/master/include/caffe/blob.hpp

comp150dI (_@'I‘ufts

t aint height,
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https://github.com/BVLC/caffe/blob/master/include/caffe/blob.hpp

Caffe: Layer

A small unit of
computation

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

[ - { 4 0 t
t Blob<btyp & Log
| v r«l <D t tom
Rloct type “ f
botto p)

tor<Blob<Dtype>*>4 ¢

L & propagate dow
Blob<Dtyy & -
t Blob~<D A
t & | ajate dow
L Blob<Dtyy s -
(top, ¥ gate_down, bot )

https://qithub.com/BVL C/caffe/blob/master/include/caffe/layer.npp

comp150dI (_@'I‘ufts
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https://github.com/BVLC/caffe/blob/master/include/caffe/layer.hpp

Caffe: Layer .
A small unit of computation | o
Forward: Use “bottom” : vestoralabcyparesd sottem)

data to compute “top”

data o

wetor<Blob<Dlypes*>8 bottom) {

(top, propagate down, bottom);

https://qithub.com/BVL C/caffe/blob/master/include/caffe/layer.npp

* Original slides borrowed from Andrej Karpathy ;
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Caffe: Layer

A small unit of computation

Forward: Use “bottom” data
to compute “top” data

Backward: Use “top” diffs —p
to compute “bottom” diffs

https://qithub.com/BVL C/caffe/blob/master/include/caffe/layer.npp
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Caffe: Layer | T

A small unit of computation / 2 |

Forward: Use “bottom” data
to compute “top” data

Backward: Use "top” diffs to I et ettt s I
compute “bottom” diffs

Separate CPU / GPU VITOoal Veld Batiard u{oemst veetor BTeb-TRypes 8 Lop.

opagate dow

https://qithub.com/BVL C/caffe/blob/master/include/caffe/layer.npp
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"

master » caffe / s/ iffe / layers

s« Jofidonahue

Caffe: Layer

Tons of different layer types:

https://qithub.com/BVL C/caffe/tree/master/src/caffe/layers

* Original slides borrowed from Andrej Karpathy
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master ~ caffe / src/ caffe / layers

s % Jefidonabue

Caffe: Layer

Tons of different layer types: | —— |
batch norm betch_nom_jaye
convolution

cuDNN convolution | = \
.cpp: CPU implementation ‘ . |

.cu: GPU implementation

https://qithub.com/BVL C/caffe/tree/master/src/caffe/layers

* Original slides borrowed from Andrej Karpathy ]
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Caffe: Layer

Collects layers into a DAG

Run all or part of the net
forward and backward

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

template <typename Dtype>

las
pub
explicit Net(const NetParameter& param, const Net* root_net
explicit Net(const stringd param_file, Phase phase,
const Net* root _net Nl H
virtual ~Net() )
Dtype re, |
Dtype )
Dtype 1
e ¢ t L ( ob<l &
Lype
( tart, 9
tart);
1),

https://qithub.com/BVL C/caffe/blob/master/include/caffe/net.hpp
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template <typename Dtype>

Caffe: Solver

virtual void ve(const char® resume file NULL),
inline void lve(const string resume_file) { Ive(resume_rile tr()): )
( ' Aters
11d ‘ {Cconst Bar® resume rfile);
| ()

https://qithub.com/BVL C/caffe/blob/master/include/caffe/solver.hpp
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Caffe: Solver

Trains a Net by running it forward / backward, updating weights

https://qithub.com/BVL C/caffe/blob/master/include/caffe/solver.hpp

* Original slides borrowed from Andrej Karpathy ]
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publa

Caffe: Solver

_—v
Trains a Net by running it forward / backward, updating weights

Handles snapshotting, restoring from snapshots

https://qithub.com/BVL C/caffe/blob/master/include/caffe/solver.hpp
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Caffe: Solver

Trains a Net by running it
forward / backward,
updating weights

Ar* resume

file NULL),

) void Ive(const string resume_file) { Solve(resume_rile

tep(int Aters);

*resume file);

Handles snapshotting,
restoring from snapshots

Subclasses implement _—¥

different update rules

template <typename Dtype>
class SGDSolver public Solver<Dtype> {

template <typename Dtype>

class RMSPropSolver : public SGDSolver<Dtype> {
template <typename Dtype>
class AdamSolver public SGDSolver<Dtype> {

https://qithub.com/BVLC/caffe/blob/master/include/caffe/sgd _solvers.hpp
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Caffe
Language C++, Python
Pretrained Yes ++
Multi-GPU: Yes
Data parallel
Multi-GPU: No
Model parallel
Readable Yes (C++)

source code

Good at RNN No

* Original slides borrowed from Andrej Karpathy
and Li Fei-Fei, Stanford cs231n

Torch
Lua
Yes ++

Yes
cunn.DataParallelTable

Yes
focunn.ModelParallel

Yes (Lua)

Mediocre

comp150dI f::'rufts

Overview

Theano
Python
Yes (Lasagne)

Yes
platoon
Experimental

No

Yes

TensorFlow
Python
Inception

Yes

Yes (best)

No

Yes (best)
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