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Presentation order

student | packages
0 |aakash |tensorflow
1 |amed tensorflow
2 |soubhi tensorflow
3 |ahmad_a |theano
4 |tamer theano
5 |ahmad m| keras
6 |obada keras
7 |muhanad | caffe
8 |sirgj caffe
9 |dong torch
10| varun lasagne
11| naim matconvnet
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e HW1 is due today

e 5% per day penalty (of HW1) starting tomorrow
e Naim is the winner for the first HW with 3% overall bonus
o As extra “bonus” to the winner, I would like him to present his
solution in class next Friday (10 ~ 20 minutes). Emphasized on
surprises and lesson learned
e No need to be comprehensive
e HW1 won’t be accepted after his presentation
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Review

Review

In the last class, we discussed

e BP
Weight initialization

Batch normalization

Dropout

More optimization tricks
e Nesterov accelerated gradient descent
e RMSProp
e Adam
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sitting your learning job — Debugging optimizer

o Left out from last lecture: some remarks on babysitting your
training process

e Convolutional neural network (CNN)

Convolutional Neural Netw: 5 Jan 2017 6/1



g your learning job = Debugging optimizer

bugging optlmlzer

Double check that the loss is reasonable:

def init two layer model(input si hidden si

model = {}
model['W1'] = 0.0001 * np.random.randn(input size, hidden size)
model [ ] = np.zeros(hidden_size)
model['W2'] = 0.0001 * np.random.randn(hidden size, output size)
model['b2'] = np.zeros(output size)

model

model = init two layer model(32#%32*3, 50, 10) # input <ize  hidden size, number of classes
loss, grad = two layer net(X train, model, yitrain crank up regularizatlon

print loss

3.06859716482 \
loss went up, good. (sanity check)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 5 -75 20 Jan 20
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Babysitting your learning job = Debugging optimizer

Debugging optimizer

. model = init_two_layer model(32#32+3, 560, 10) # input size, hidden size, number of classes
Lets t to traln now trainer = ClassifierTrainer()
ry ses X_tiny = X _train[:20] # take 20 examples
y_tiny = y train[:20]
best_model, stats = trainer.train(X_tiny, y tiny, X tiny, y tiny,
model, two_layer net,
num_epochs=200, reg=0.o,

Tip: Make sure that e —
you can overfit very
small portion of the

training data The above code:

- take the first 20 examples from
CIFAR-10

- turn off regularization (reg = 0.0)

- use simple vanilla ‘sgd’

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 5 -76 20 Jan 2016
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Lets try to train now...

Tip: Make sure that
you can overfit very
small portion of the
training data

Very small loss,
train accuracy 1.00,
nice!

Debugging optimize

model = init_two_layer model(32+32+3, 50, 10) # input size, hidden size, number of classes

trainer

y_tiny = y train[:20
best_model, stats

ClassifierTrainer()
X_train[:20] # take 20 examples

= trainer.train(X_tiny, y tiny, X tiny, y tiny,

odel, two layer net
num_epochs=206, .0

update='sgd', learning rate decay=1,

sample_batches = False,
learning_rate=le-3, verbose=True)

Finished epoch 1 / 208:
Finished epoch 2 / 208:
Finished epoch 3 / 260:
Finished epoch 4 / 260:
Finished epoch 5 / 208:
Finished epoch 6 / 200:
Finished epoch 7 / 208:
Finished epoch 8 / 260:
Finished epoch 9 / 208:
Finished epoch 10 /
Finished epoch 11 /
Finished epoch 12 /
Finished epoch 13 /
Finished epoch 14 /
Finished epoch 15 /
Finished epoch 16 /
Finished epoch 17 /
Finished epoch 18 /
Finished epoch 19 /

Finished epoch 195
Finished epoch 196
Finished epoch 197
Finished epoch 198
Finished epoch 199
Finished epoch 200

finished optimization. best validation accuracy: 1.000000

Fei-Fei Li & Andrej Karpathy & Justin Johnson

200:
200:
200:
200:
200:
200:
200:
200:
200:
200:

cost 2.302603,
cost 2.302258,
cost 2.301849,
cost 2.301196,
cost 2.300044,
cost 2.297864,
cost 2.293595,
cost 2.285096,
cost 2.268094,
cost 2.234787,

0.500000,

cost 2.173187, 0.500000, val 0.500000,
cost 2.076862, 0.500000, val 0.500000,
cost 1.974090, : 0.400000, val ©.400000,
cost 1.895885, 0.400000, val 0.400000,
cost 1.820876, 0.450000, val 0.450000,
cost 1.737430, 0.450000, val 0.450000,
cost 1.642356, 0.500000, val 0.500000,
cost 1.535239, 0.600000, val 0.600000,
0.600000,

cost 1.421527,

7 200: cost 0.002694, 000000, val

val 0.600000, 1r 1

, val 0.400000, Lr 1.000000e-03
val 0.450000, lr
val 0.600000, lr
val 0.650000, lr
val 0.650000, lr
val 0.550000, lr
val 0.600000, lr
val 0.550000, lr
val 0.550000, 1r
val 0.500000,

1.000000€-03
1.000000e-03
1.000000e-03
1.000000e-03
1.000000€-03
1.000000e-03
1.000000e-03
1.000000e-03
1r 1.000000e-03
1r 1.000000e-03
1r 1.000000e-03
1r 1.000000e-03
1r 1.000000e-03
1r 1.000000e-03
1r 1.000000e-63
1r 1.000000e-03
1r 1.000000e-03
000000e-03

1. 1.600000, Lr 1.000000e-03
/ 200: cost 0.002674, 1.000000, val 1.000000, Lr 1.000000e-063
/ 200: cost 0.062655, 1.000000, val 1.000000, Lr 1.800000e-03
/ 200: cost 0.802635, 1.000000, val 1.000000, lr 1.000000e-03
/ 200: cost 0.002617, 1.000000, val 1.000000, Lr 1.800000e-03
/ 200: cost 0.662597, 1.000000, val 1.000000, Lr 1.800000e-03

Lecture 5 -77

20 Jan 2016




our learning job = Debugging optimizer

Debugging optimizer

model = init_two_layer_model(32*32*3, 50, 10) # input size, hidden size, number of classes

Lets try to train NnOW... trainer = ClassifierTrainer()

best model, stats = trainer.train(X train, y train, X val, y val,
model, two layer net,
num_epochs=10, reg=0.000001,
update='sgd’, learning rate decay=1,

| like to start with small Temvnish.rateie-g, werboseeTrue]
regularization and find

learning rate that

makes the loss go

down.

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 5-78 20 Jan 20
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rour learning job = Debugging optimizer

Debugging optimizer

Lets try to train now...

| like to start with small
regularization and find
learning rate that
makes the loss go
down.

model = _two_|

trainer = ClassifierTrainer()

best_model, stats = trainer.train(X_train, y train, X val, y val,
model, two layer net,
num_epochs=18, reg=0.006601,
update='sgd

e,
lear rate=1e-6, [ verbose=True)

init_two_layer_model(32*32*3, 50, 10) # input size, hidden size,

, learning_rate decay=1,

ir
r
ir
ir
J1rid
ir
ir
LTH
ir

1
1
5 ¢
1
1
1
1
1
1

number of classes

.000000e- 06
.000000e-06
.000000e-06
.000000e- 06
.000000e-06
.000000e- 06
.000000e- 06
.000000e- 06
.000000e - 06

Finished epoch 1 / 2.302576, |trairj: ©.080000, Val ©.103000,
Finished epoch 2 / 2.302582, |trair: ©.121000, Val 0.124000,
Finished epoch 3 / 2.302558, [trair]: ©.119600, Jal 6.138000,
Finished epoch 4 / 2.302519, [trairj: ©.127600, jal 6.1516000,
Finished epoch 5 / 2.302517, |trair: 6.158060, Val 0.171000,
Finished epoch 6 / 2.302518, |trair: 0.179000, al 6.172000,
Finished epoch 7 / 2.302466, [trairf: ©.180000, Val 0.176000,
Finished epoch 8 / 2.302452, |traif]: 0.175000, Val ©.185000,
Finished epoch 9 / 10:|cost 2.302459, [trair|: ©.206000, Val 0.192000,
Finished epoch 10 / 10} cost 2.302420] train: ©.190000, |[val ©.192000, 1r 1.000000e-06
finished optimization.lhest validatiod accuracy: 0.192000

Loss barely changing

ej Karpathy & Justin Johnson
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rour learning job = Debugging optimizer

Debugging optimizer

. model = init_two_layer_model(32*32*3, 50, 10) # input size, hidden size, number of classes
Lets try to traln NOW... trainer = ClassifierTrainer()
best_model, stats = trainer.train(X_train, y train, X val, y val,
model, two layer net,
num_epochs=18, reg=0.006601,
update='sgd', learning rate decay=1,

| like to start with small e

e,
5, | verbose=True)

rate=1.

H H . Finished epoch 1 / 2.302576, [trair: 0.080000, Val 0.103000, Lr 1.000000e-06

regularization and find &5 & 2 37303580, [crait: /121000, Bl 0.124000. Lr 1. do00006-06

Finished epoch 3 / 2.362558, [trairf: 8.119060, Val 06.138000, Lr 1.000000e-06

Iearnln rate that Finished epoch 4 / 2.302519, [traif: ©.127600, al 0.151000, lr 1.600000e-06

g Finished epoch 5 / 2.302517, [trairf: 6.158000, Val 0.171600, Lr 1.000000e-06

Finished epoch 6 / 2.302518, [trairf: 6.179000, Val 0.172000, Lr 1.000000e-06

makes the IOSS go Finished epoch 7 / 2.302466, |trai ©.180000, Mal 0.176000, lr 1.000000e-06

Finished epoch 8 / 2.302452, [trair]: ©.175000, Jal ©.185000, lr 1.000000e-06

Finished epoch 9 / 10:|cost 2.302459, [trair]: ©.206000, Jal ©.192000, lr 1.000000e-06

down_ Finished epoch 10 / 10} cost 2.302420] train: ©.190000, |[val ©.192000, 1r 1.000000e-06
finished optimization.lhest validatiod accuracy: 0.192000

Loss barely changing: Learning rate is
loss not going down: probably too low

learning rate too low

ej Karpathy & Justin Johnson
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rour learning job = Debugging optimizer

Debugging optimizer

. model = init_two_layer_model(32*32*3, 50, 10) # input size, hidden size, number of classes
Lets try to traln NOW... trainer = ClassifierTrainer()
best_model, stats = trainer.train(X_train, y train, X val, y val,
model, two layer net,
num_epochs=18, reg=0.006601,
update='sgd', learning rate decay=1,

| like to start with small e

e,
5, | verbose=True)

rate=1.

H H . Finished epoch 1 / 2.302576, [trair: 0.080000, Val 0.103000, Lr 1.000000e-06

regularization and find &5 & 2 37303580, [crait: /121000, Bl 0.124000. Lr 1. do00006-06

Finished epoch 3 / 2.362558, [trairf: 8.119060, Val 06.138000, Lr 1.000000e-06

Iearnln rate that Finished epoch 4 / 2.302519, [traif: ©.127600, al 0.151000, lr 1.600000e-06

g Finished epoch 5 / 2.302517, [trairf: 6.158000, Val 0.171600, Lr 1.000000e-06

Finished epoch 6 / 2.302518, [trairf: 6.179000, Val 0.172000, Lr 1.000000e-06

makes the IOSS go Finished epoch 7 / 2.302466, |trai ©.180000, Mal 0.176000, lr 1.000000e-06

Finished epoch 8 / 2.302452, [trair]: ©.175000, Jal ©.185000, lr 1.000000e-06

Finished epoch 9 / 10:|cost 2.302459, [trair]: ©.206000, Jal ©.192000, lr 1.000000e-06

down_ Finished epoch 10 / 10} cost 2.302420] train: ©.190000, |[val ©.192000, 1r 1.000000e-06
finished optimization.lhest validatiod accuracy: 0.192000

Loss barely changing: Learning rate is
loss not going down: probably too low

Ieammg rate too low Notice train/val accuracy goes to 20%

though, what’s up with that? (remember
this is softmax)

ej Karpathy & Justin Johnson Lecture 5 -

lutional Neural Net Jan 2017



Babysitting your learning job = Debugging optimizer

Debugging optimizer

Lets try to train now...

| like to start with small
regularization and find
learning rate that
makes the loss go
down.

loss not going down:
learning rate too low

model = init two_layer model(32+32*3, 50, 10) # input

trainer = ClassifierTrainer()

best_model, stats = trainer.train(X_train, y train, X val, y val,
model, two layer net,
nun_epochs=16, reg=6.600061,
update='sgd’, learning rate decay=1,
sample_batches = True,
learning_rate=1le6, verbose=True)

size, hidden size, number of classes

Okay now lets try learning rate 1e6. What could
possibly go wrong?

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 5 - 82 20 Jan 2016
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our learning job = Debugging optimizer

ugging optimizer

Lets try to train now...

| like to start with small
regularization and find
learning rate that
makes the loss go
down.

loss not going down:
learning rate too low
loss exploding:
learning rate too high

model = init_two_layer model(32*32*3, 50, 10) # input size, hidden size, number of classes
trainer = ClassifierTrainer()
best_model, stats = trainer.train(X_train, y train, X val, y val,
model, two layer net,

num_epochs=10, reg=0.660001,

update='sgd’, learning rate decay=1,

sample_batches = True,

learning_rate=le6, verbose=True)

/home/karpathy/csz;ln/code/cszzm/clz;smer;/neurzl net.py:50: RuntimeWarning: divide by zero en
countered i

ate tossm -np.sum(np. log (probs[range(N), y])) / N
/hnme/karpatny/cszaln/code/csznn/classmars/neural net.py:48: RuntimeWarning: invalid value enc
ountered in subtract

probs = np.exp(scores - np.max(scores, axis=1, keepdims=True))
Finished epoch 1 / 10: cost nan, train: ©.691000, val ©.087600, lr 1.000000e+06
Finished epoch 2 / 16: cost nan, train: ©.095000, val 0.087000, lr 1.000000e+06
Finished epoch 3 / 10: cost nan, train: ©.100000, val 0.087000, lr 1.000000€+06

cost: NaN almost
always means high
learning rate...

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 5 - 83
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ysitting your learning job = Debugging optimizer

bugging optimizer

model = init_two_layer model(32%32+3, 50, 10) # input size, hidden size, number of classes
. trainer = ClassifierTrainer()
Lets try to tra|n NOW. .. best model, stats = trainer.train(X train, y train, X val, y val,
nodel, two layer net,
num_epochs=10, reg=0.000001,
update="sgd’, learning_rate decay=1,
sample_batches = True,

I Ilke to Start Wlth Sma” learning rate=3e-3, verbose=True)
Finished epoch 1 / 10: cost 2.186654, train: 0.308000, val ©.306000, lr 3.000000e-03
I 1 t' d f' d Finished epoch 2 / 10: cost 2.176230, train: ©.330000, val ©.350000, lr 3.000000e-03
regu arlza |On an In Finished epoch 3 / 10: cost 1.942257, train: 0.376000, val ©.352000, Llr 3.000000e-03
Finished epoch 4 / 10: cost 1.827868, train: 0.329000, val ©.310000, lr 3.000000e-03
5/
6/

learning rate that Finiohed choch & / 10: cost inf, traini 0.144000, val o.147000, Lr 3.0000006.03
makes the loss go
down. 3e-3 is still too high. Cost explodes....

loss not going down: ,
| . te t | => Rough range for learning rate we
earning rate 100 low should be cross-validating is

loss exploding: somewhere [1e-3 ... 1e-5]
learning rate too high

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 5 - 84 20 Jan 20
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our learning job Hyperparameter optimization

Hyperparameter optimization

Cross-validation strategy

| like to do coarse -> fine cross-validation in stages

First stage: only a few epochs to get rough idea of what params work
Second stage: longer running time, finer search
... (repeat as necessary)

Tip for detecting explosions in the solver:
If the cost is ever > 3 * original cost, break out early

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 5 - 86 20 Jan 2016
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sour learning job Hyper ameter optimization

Hyperparameter optimization

For example: run coarse search for 5 epochs

max_count = 160

gy . .
for count in xrange(max_count): note It S best to Optlmlze
reg = 10**uniform(-5, 5)
i -+ .
1r = 10**uniform(-3, -6) in |Og s ace|
trainer = ClassifierTrainer() p
model = init two layer model(32*32*3, 50, 18) # input size, hidden size, number of classes
trainer = ClassifierTrainer()
best model local, stats = trainer.train(X train, y train, X val, y val,
model, two layer net,
num_epochs=5, reg=reg,
update='momentum’, learning rate decay=6.9,

sample batches = True, batch size = 160,
learning rate=lr, verbose=False)

| val _acc: 0.412000, lr: 1.405206e-04, reg: 4.793564e-01, (1 / 10@) |
val acc: 0.214000, Llr: 7.231888e-06, reg: 2.32128le-04, (2 / 100)
val acc: 0.208000, lr: 2.119571e-06, reg: 8.011857e+81, (3 / 100)
val acc: 0.196000, lr: 1.551131e-05, reg: 4.374936e-05, (4 / 100)
val acc: 0.8790860, lr: 1.753300e-05, reg: 1.200424e+03, (5 / 100)
val acc: 0.223000, lr: 4.215128e-05, reg: 4.196174e+01, (6 / 100)
| val_acc: 0.441000, lr: 1.750259e-04, reg: 2.110807e-04, (7 / 163;_1
niCe val acc: 0.241000, (r: 6.749231e-05, reg: 4.226413e+01, (8 / 100
—>| val_acc: 0.482000, lr: 4.296863e-04, reg: 6.642555e-01, (9 / 100)
val acc: 0.079000, [r: 5.401602e-06, reg: 1.599828e+04, (10 / 100)
val acc: 0.154000, lr: 1.618508e-06, reg: 4.925252e-01, (11 / 100)

lutional Neural Jan 2017



Hyperparameter optimizati

Hyperparameter optimization

Now run finer search.

max_count = 100 adjust range max_count = 100

for count in xrange(max_count): for count in xrange(max count):
reg = 10**uniform(-5, 5) _— reg = 10**uniform(-4, 0)
1r = 10**uniform(-3, -6) lr = 1e**uniform(-3, -4)

val_acc: 6.5276000, 1 5.340517e-04, : 4.097824e-01, (6 / 100)

val_acc: ©.512000, lr: 8.680827e-84, reg: 1.349727e-02, (2 / 100)

0 8 1
val acc: 0.461000, lr: 1.628377e-04, reg: 1.220193¢-62, (3 / 100)
val acc: ©.460000, 1r: 1.113730e-04, reg: 5.244309e-02, (4 / 108) o :
val_acc: 0.498600, lr: 9.477776e-64. reg: 2.001293e-03, (5 / 100) 53% - relatively good
val acc: 0.469000, Lr: 1.484369-04, reg: 4.328313e-01; (6 / 100) for a 2-layer neural net
val acc: 6.522000, lr: 5. - %

586261e-04, reg:
" ]

312685e-04, (7 / 100) . H
- o with 50 hidden neurons.

val_acc: ©.489600, lr: 1.979168e-04, reg:

] T 1.010889e-04, (9 / 100)

val_acc: 6.490000, lr: 2.636031e-04, reg: 2.406271e-03, (10 / 100)
val_acc: 0.475000, \r: 2.021162e-04, reg: 2.287807e-01, (11 / 100)
val acc: 0.460000, 1r: 1.135527e-84, reg: 3.905040e-02, (12 / 100)
val acc: 0.515000, lr: 6.947668e-04, reg: 1.562808e-02, (13 / 100)
[val acc: ©.531600, 1r: 9.471549-04, req: 1.433895e-63, (14 / 100)
val_acc: 0.509000, Lr: 3.140888e-64, reg: 2.857518e-01, (15 / 160)
val_acc: 0.514000, \r: 6.438349e-04, reg: 3.03378le-01, (16 / 100)
val_acc: ©.502000, lr: 3.921784e-84, reg: 2.707126e-04, (17 / 100)
val_acc: 0.509000, lr: 9.752279e-04, reg: 2.850865e-03, (18 / 100)
val_acc: 8.500000, lr: 2.412048e-84, reg: 4.997821e-04, (19 / 100)
val_acc: 0.466000, lr: 1.319314e-04, reg: 1.189915e-02, (20 / 100)
val_acc: 0.516000, Lr: 8.039527e-04, reg: 1.528291e-02, (21 / 100)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 5 - 88 20 Jan 2016
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your learning job Hyperparameter optimization

Hyperparameter optimization

Now run finer search...

max_count = 100 adjust range max_count = 100

for count in xrange(max_count): for count in xrange(max count):
reg = 10**uniform(-5, 5) _— reg = 10**uniform(-4, 0)
1r = 10**uniform(-3, -6) lr = 1e**uniform(-3, -4)

val_acc: 6.5276000, 1 5.340517e-04, : 4.097824e-01, (6 / 100)

.512000, 1r: .349727e-02, (2 / 100)

mjmi 0 3:5868279-84: reg; 1

val acc: 0.461000, lr: 1.628377e-04, reg: 1.220193¢-62, (3 / 100)

val acc: ©.460000, 1r: 1.113730e-04, reg: 5.244309e-02, (4 / 108) o :

val_acc: 0.498600, lr: 9.477776e-64. reg: 2.001293e-03, (5 / 100) 53% - relatively good

val acc: 0.469000, Lr: 1.484369-04, reg: 4.328313e-01; (6 / 100) for a 2-layer neural net
(] 5 - %

val_acc: 0.522000, lr: 312685e-04, (7 / 100)

.586261e-04, reg:
4 ]

with 50 hidden neurons.

.489000, 1r:

466000, 1lr:
.516000, 1r:

189915e-02, (20 / 100)
528291e-02, (21 / 100)

val_acc:
val_acc:

.319314e-04, reg:
.039527e-04, reg:

val_acc: 1.979168e-04, req: 1.010839e-04, (3 / 100)
val_acc: 0.430000, Lr: 2.036031e-64, reg: 2.406271e-03, (16 / 100)
val_acc: 0.475000, lr: 2.021162e-04, reg: 2.287807e-01, (11 / 100) But this best cross-
val acc: 0.460000, 1r: 1.135527e-04, reg: 3.905040e-02, (12 / 100) . . .
val_acc: 0.515000, Lr: 6.947668e-04, req: 1.562808e-02, (13 / 100) validation result is
val acc: 0.531000, lr: 9.471549e-64, reg: 1.433895e-03, (14 / 100) | <— .
l val_acc: 0.569000, Lr: 3.140888e-64, Teq: 2 83751801 (15 7 100) worrying. Why?
val_acc: 0.514000, Lr: 6.438349¢-64, reg: 3.03378le-01, (16 / 100)
va'liac(: 0.502000, 1r: 3.921784e-04, reg: 2.707126e-04, (17 / 100)
val_acc: 0.569000, lr: 9.752279¢-64, reg: 2.850865¢-03, (18 / 100)
val acc: ©.500000, lr: 2.412048e-04, reg: 4.997821e-64, (19 / 100)
) 1 1]
1) 8 1:

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 5 - 89 20 Jan 2016
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sitting your learning job Hyperparameter optimization

Hyperparameter optimization

Random Search vs. Grid Search

Grid Layout Random Layout

Unimportant parameter
Unimportant parameter

Important parameter Important parameter

Random Search for Hyper-Parameter Optimization
Bergstra and Bengio, 2012

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 5 - 90 20 Jan 20
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Conclusions of last lecture

@ BP is just chain rule in calculus

e Use ReLU. Never use Sigmoid (use Tanh instead)
e Input preprocessing is no longer very important

o Do subtract mean
o Whitening and normalizing are not much needed

@ Weight initialization on the other hand is extremely important for
deep networks

e Use batch normalization if you can
@ Use dropout

e Use Adam (or maybe RMSprop) for optimizer. If you don’t have
much data, can consider LBFGS
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our learning job Hyperparameter optimization

@ BP is just chain rule in calculus

e Use ReLU. Never use Sigmoid (use Tanh instead)
e Input preprocessing is no longer very important

o Do subtract mean
o Whitening and normalizing are not much needed

@ Weight initialization on the other hand is extremely important for
deep networks

e Use batch normalization if you can
@ Use dropout

e Use Adam (or maybe RMSprop) for optimizer. If you don’t have
much data, can consider LBFGS

@ Need to babysit your learning for real-world problems

@ Never use grid search for tuning your hyperparameters

S. Cheng (OU-Tulsa) Convolutional Neural Networks Jan 2017 22 / 198



Overview and history of CNN

Convolutional Neural Networks

C3:1. maps 16@10x10
INPUT %2'32‘8{& maps S4:f. maps 16@5x5
3232 $2:f. maps

6@14x14

[LeNet-5, LeCun 1980]

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 6 - 65 25 Jan 2
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Overview and history of CNN

CNN history

Electrical signal
from brain

A bit of history:

Recording electrode —

Hubel & Wiesel, N 2
1959 [ Stimulus {ﬁ

RECEPTIVE FIELDS OF SINGLE

NEURONES IN
THE CAT'S STRIATE CORTEX

1962

RECEPTIVE FIELDS, BINOCULAR
INTERACTION

AND FUNCTIONAL ARCHITECTURE IN
THE CAT'S VISUAL CORTEX

1968...

Neural response (spikes/sec)

0 20 o 0 I
Stimulus orientation (deg)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 6 - 66 25 Jan 20
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Overview and history of CNN

CNN history

A bit of history

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

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 6 - 68 25 Jan 2016
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view and histc

CNN hist

Hierarchical organization

Hubel & Weisel featural hierarchy
topographical mapping .
hyrer—complex @ high level
cells @
complex cells <:D mid level
simplecells

O low level

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 6 - 69 25 Jan 2016
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Overview and history

CNN history

of CNN

A bit of history:

Neurocognitron
[Fukushima 1980]

Fei-Fei Li & Andrej Karpathy & Justin Johnson

Convolutional Neural Netw

AR

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

s _—]

e visual areq - —————jcassocialion area
reling —=LGB ~simple — x — lOWer~order higher-order _ ,, ___grandmother

cell ?

hyp&tmdex_. hypercomplex

Lecture 6 - 70

Jan 2017



Overview and history of CNN

CNN histo

A b|t Of hlstory: Viterbi Penalty
Gradient-based learning fﬁ\
applied to document i w i

recognition ]

[LeCun, Bottou, Bengio, Haffner i
1998] : By, e

Viterbi

Transformer

e

A WERWER

G QR I
T

oy \ \
T\ T
T ﬂg@ 1] s
T
\ il
L S
Gucg in 2 eg(r;e;::nun

Fei-Fei Li & Andrej Karpathy & Justin Johnson

Lecture 6 - 71 25 Jan 20
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Overview and history of CNN

CNN today

A bit of history:

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

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 6 - 72 25 Jan 2016
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Overview and history of CNN

CNN today

Fast-forward to today: ConvNets are everywhere

Classification Retrieval

dead-man's-fingers

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 6 - 73
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Overview and history of CNN

CNN today

Fast-forward to today: ConvNets are everywhere

Segmentation
sky

[Faster R-CNN: Ren, He, Girshick, Sun 2015] [Farabet et al., 2012]

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 6 - 74 25 Jan 2016
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Overview and histc

CNN today

M

NVIDIA Tegra X1

self-driving cars

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 6 - 75 25 Jan 2016
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Overview and history of CNN

CNN today

Fast-forward to today: ConvNets are everywhere

REPRESENTATION
SFC labels

M2 a 14, 15 6 :
Frontalization 3201 1x1163 3233132 16x9x9x32 169:6x16  167x716  16Gx5x16  4096d
@242 @771 @63463 @555 @sas @l

Calista_Flockhart_0002.jpg
Detection & Localization @152x1523

Spatial stream ConvNet

convi |[conv2 |[‘conv3 |['conva | [convs |[fulle |[ fuii7
747296 |[5x5x256 || 3x3x512] | axaxs12 [ sxanstz | 4006 || 2048
stride 2 || stide2 |'stide 1 || stise 1 [ stide 1 | aropout || aropout
nom. || “norm. pooi 222
single frame class
score. =

Temporal stream ConvNet

p 9
1 | e e e B LJ
5276 || erass| 32| soere|[snsrz|| 4o | 20 “’““
cvo? || o || e[| o | s || ropene || pout
. y ) Goodfellow 2014
[Simonyan et al. 2014] [ 1

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 6
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Overview and history of CNN

CNN today

Fast-forward to today: ConvNets are everywhere

[Toshev, Szegedy 2014]

[Mnih 2013]

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 6 - 77 25 Jan 2016
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Overview and history of C

CNN today

MRS ARR

h&‘%—ﬁﬁ%\%éﬁx‘*
AR o ol R SR

o]
o

19F A% i&ww&i@
BB 5 Y AT R

g

[Ciresan et al. 2013] [Sermanet et al. 2011]
[Ciresan et al.]

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 6 - 78 25 Jan 2016
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Overview and history o

CNN today

[Turaga et al., 2010]

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 6 - 79 25 Jan 2016
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Overview and history of CNN

CNN today

Whale recognition, Kaggle Challenge Mnih and Hinton, 2010

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 6 - 80 25 Jan 2
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Overview and history of CNN

CNN toda;

T somovtatrtaeato meimose I

| Image
* Captioning
o

skateboarder does a trick
on aramp.

person riding a Two dogs play in the grass.

motarcycle on a dirt road.

A dog is jumping to catch a
frisbee.

A group of young people MNWPW‘" "'Mhﬂnﬂ Alittle girl Inlplnk hatis
playing a game of frisbee. overthe blowing bubbles. ‘ ""m"_’;ﬂ'ﬁx“" ot of

A herd of elephants walking
across a dry grass field.

Aclose up of a cat laying A red motorcycle parked on the A yallow school bus parked in [Vinyals et al., 2015]
on a couch. side of the road. aparking lot.

olutional Ne



Overview and history of CNN

CNN today

reddit.com/r/deepdream

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 6 - 82 25 Jan 2016
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Overview and history of CNN

CNN today

Z P
g ot B FL At ca s Al

Fei-Fei Li & Andrej Karpathy & Justin Johnson
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Overview and history of CNN

CNN today

10
g
A B
08 S -
E-3 H
E 07 -‘3 H
- z
5506 3 - 00
g8 hevsky et al. 2012
Efos Ny S
@2 |
5504 = A
EE &
2503 L3 ;
28 + i
8202 5 T
E g
@ 0.1 =
00| i NN R
F 3 9 N\ & N3
O oW W W0 e e @ o et o
& @ WO P P T R
"} < s 0 P
8 ® SR o
@ 48 0% ¢
@\1‘\* 16\

Model

Deep Neural Networks Rival the Representation of Primate IT Cortex for Core Visual Object Recognition
[Cadieu et al., 2014]
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Convolution layer

Motivation of CNN

@ A same object under different
viewpoints is very different in pixel
domain

o A slightly horizontally shifted image
has change imperceivable to us but
can confuse naive recognition system

o Ideally, we may want to have
shift-invariant features

e In practice, if we have local feature
suitable for a particular region, the
same feature should work well with
other region

o Weight sharing across space — CNN

heng (OU-Tulsa) Convolutional Neural Networks Jan 2017 42 / 198



CNN basic Convolution layer

Convolution Layer

32x32x3 image

7

32 height

3 depth

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 10
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CNN basic Convolution layer

Convolution Layer

32x32x3 image

7

32

5x5x3 filter

32 74
II Convolve the filter with the image
i.e. “slide over the image spatially,
computing dot products”

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 11 27 Jan 2016
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CNN basic Convolution layer

ConVO|Ut|0n Layer Filters always extend the full
. depth of the input volume
32x32x3 image /
/ 5x5x3 filter
32 74
II Convolve the filter with the image
i.e. “slide over the image spatially,

computing dot products”

32

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 12 27 Jan 2016
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CNN basic Convolution layer

Convolution Layer

__— 32x32x3 image

/ 5x5x3 filter w
32

"~ 1 number:
the result of taking a dot product between the
filter and a small 5x5x3 chunk of the image

32 (i.e. 5*5*3 = 75-dimensional dot product + bias)

wlz +b

@l

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 13 27 Jan 20
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CNN basic Convolution layer

Convolution Layer

activation map

__— 32x32x3 image

/ 5x5x3 filter
32
@>@ a

convolve (slide) over all
spatial locations

32 28

|
—

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 14 27 Jan 2016
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CNN basic Convolution layer

Convolution Layer consider a second, green filter

_— 32x32x3 image activation maps

/ 5x5x3 filter
32

—~—0 N
convolve (slide) over all
spatial locations

32 28

@l
N

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 15 27 Jan 2016
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CNN basic Convolution layer

For example, if we had 6 5x5 filters, we'll get 6 separate activation maps:

Y

activation maps

28

Convolution Layer

32 28
3 6

We stack these up to get a “new image” of size 28x28x6!

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 16 27 Jan 2016

(OU-Tulsa) Convolutional Neural Networks Jan 2017 49 / 198



CNN basic Convolution layer

Preview: ConvNet is a sequence of Convolution Layers, interspersed with
activation functions

A A

CONV,

RelLU

eg.6

5x5x3
L 32 iters _A
3 6

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 17 27 Jan 2016
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CNN basic Convolution layer

Preview: ConvNet is a sequence of Convolutional Layers, interspersed with
activation functions

A A A

CONV, CONV, CONV,
RelLU RelLU RelLU
eg.6 eg. 10
5x5x3 5x5x6

L 32 iters _A fiters | [ 24

3 6 10

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 18 27 Jan 2016
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Preview

Low-Level
Feature

Feature

Mid-Level
-

High-Level_.

Feature
N

Trainable
Classifier

Feature visualization of

Fei-Fei Li & Andrej

net trained on

from [Zeiler & Fergus 2013]

Hubel & Weisel
topographical mapping

featural hierarchy

fyper-complex
cells

complex cells

simple cells

@ high level
@ mid level
0

O low level

athy & Justin Johnson

Lecture 7 -

[From recent Yann
LeCun slides]




Convolution layer

HINEERONZITN EECEORETNSNEREERS
one filter =>

one activation map example 5x5 filters
(32 total)

We call the layer convolutional
because it is related to convolution
of two signals:

fleylegleyl = Y, Y flnam]-glx—n,y—n,]

ny=—co my=—co T

elementwise multiplication and sum of
a filter and the signal (image)

Lecture 7 - 21 27 Jan 20

Jonvolutional Neure



CNN basic ~ Convolution layer

preview:

RELU RELU RELU RELU RELU RELU
CONVlCONVl CONVlCONVl CONV\CONVl

NN

by by d v by

|| [k
- aTrpIane
Bhip

]IHOFSG

AT RV
[(TTTTIIT L]

LT T IPT T T ]

ERRDNENENE

T TR

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 22 27 Jan 2016
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CNN basic Notes on dimensions

A closer look at spatial dimensions:

activation map

32x32x3 image

/
/ . 5x5x3 filter

convolve (slide) over all
spatial locations

28

32 28

@ |
—

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 23 27 Jan 2016
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CNN basic Notes on dimensions

A closer look at spatial dimensions:

7

7X7 input (spatially)
assume 3x3 filter

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 24
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CNN basic Notes on dimensions

A closer look at spatial dimensions:

7

7X7 input (spatially)
assume 3x3 filter

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 25

(OU-Tulsa) Convolutional Neural Networks

27 Jan 20

Jan 2017
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CNN basic Notes on dimensions

A closer look at spatial dimensions:

7

7X7 input (spatially)
assume 3x3 filter

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 26
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CNN basic Notes on dimensions

A closer look at spatial dimensions:

7

7X7 input (spatially)
assume 3x3 filter

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27
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CNN basic Notes on dimensions

A closer look at spatial dimensions:

7

7X7 input (spatially)
assume 3x3 filter

=> 5x5 output

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 28
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CNN basic Notes on dimensions

A closer look at spatial dimensions:

7
7Xx7 input (spatially)

assume 3x3 filter
applied with stride 2

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 29 27 Jan 20
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CNN basic Notes on dimensions

A closer look at spatial dimensions:

7
7Xx7 input (spatially)

assume 3x3 filter
applied with stride 2

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 30 27 Jan 20
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CNN basic Notes on dimensions

A closer look at spatial dimensions:

7
7Xx7 input (spatially)

assume 3xa3 filter
applied with stride 2
=> 3x3 output!

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 31 27 Jan 20
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CNN basic Notes on dimensions

A closer look at spatial dimensions:

7
7Xx7 input (spatially)

assume 3x3 filter
applied with stride 3?

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 32 27 Jan 20
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CNN basic Notes on dimensions

A closer look at spatial dimensions:

7

7Xx7 input (spatially)
assume 3x3 filter
applied with stride 3?

7 doesn’t fit!
cannot apply 3x3 filter on
7x7 input with stride 3.

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 33 27 Jan 2016
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CNN basic Notes on dimensions

Output size:
(N - F) / stride + 1

N eg.N=7F=3:

F stride 1=>(7-3)/1+1=5
stride2=>(7-3)/2+1=3
stride 3=>(7-3)/3+1=233:\

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 34 27 Jan 2016
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CNN basic Notes on dimensions

In practice: Common to zero pad the border

0|0(0f0 |0

e.g. input 7x7
3x3 filter, applied with stride 1
pad with 1 pixel border => what is the output?

©o|lo|o| o| o

(recall:)
(N - F)/ stride + 1

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 35 27 Jan 2016
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CNN basic Notes on dimensions

In practice: Common to zero pad the border

0|0(0f0 |0

e.g. input 7x7
3x3 filter, applied with stride 1
pad with 1 pixel border => what is the output?

7x7 output!

©o|lo|o| o| o
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CNN basic Notes on dimensions

In practice: Common to zero pad the border

0|0(0f0 |0

e.g. input 7x7
3x3 filter, applied with stride 1
pad with 1 pixel border => what is the output?

7x7 output!
in general, common to see CONV layers with
stride 1, filters of size FxF, and zero-padding with
(F-1)/2. (will preserve size spatially)
e.g. F =3 => zero pad with 1

F =5 => zero pad with 2

F =7 => zero pad with 3

©o|lo|o| o| o

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 37 27 Jan 2016
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CNN basic Notes on dimensions

Remember back to...
E.g. 32x32 input convolved repeatedly with 5x5 filters shrinks volumes spatially!
(32 -> 28 -> 24 ...). Shrinking too fast is not good, doesn’t work well.

A A A

CONV, CONV, CONV,
RelLU RelLU RelLU
eg.6 eg. 10
5x5x3 5x5x6

32 itters _A filters _A

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 38 27 Jan 2016
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CNN basic Notes on dimensions

Examples time:

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2

Output volume size: ?

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 39 27 Jan 2016
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CNN basic Notes on dimensions

Examples time:

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2

Output volume size:
(32+2*2-5)/1+1 = 32 spatially, so
32x32x10

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 40 27 Jan 2016
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CNN basic Notes on dimensions

Examples time:

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2

Number of parameters in this layer?

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 41 27 Jan 2016
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CNN basic Notes on dimensions

Examples time:

Input volume: 32x32x
10 5x5 filters with stride 1, pad 2

Number of parameters in this layer?
each filter has 5*5*3 + 1 = 76 params  (+1 for bias)
=>76*10 =760

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 42 27 Jan 2016
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Summary. To summarize, the Conv Layer:

.

Accepts a volume of size Wy x H; x Dy
Requires four hyperparameters:
o Number of filters K,
o their spatial extent F,
o the stride S,
o the amount of zero padding P.
Produces a volume of size Wy x Hy x Dy where:
o Wo=(W, —F+2P)/S+1
o Hy = (H; — F +2P)/8 + 1 (i.e. width and height are computed equally by symmetry)
o Dy=K
With parameter sharing, it introduces F - F'- D; weights per filter, for a total of (F - F' - Dy ) - K weights
and K biases.
In the output volume, the d-th depth slice (of size Wy x Hy) is the result of performing a valid convolution
of the d-th filter over the input volume with a stride of S, and then offset by d-th bias

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 -




Notes on dimensi

Common settings:

Summary To summarize, the Conv Layer:

K = (powers of 2, e.g. 32, 64, 128, 512)
Accepts a volume of size Wy x H; x Dy - F=3,8S=1,P=1
Requires four hyperparameters:

.

o Number of filters K, - F=58=1,pP=2 )

o their spatial extent F, - F=5,8S=2,P=7? (Whatever fItS)
o thestride S, - F=1,S=1,P=0

o the amount of zero padding P.

Produces a volume of size Wa x Hy x Dy where:

o Wo=(W, —F+2P)/S+1

o Hy = (H; — F +2P)/8 + 1 (i.e. width and height are computed equally by symmetry)

o Dy=K
With parameter sharing, it introduces F - F'- D; weights per filter, for a total of (F - F' - Dy ) - K weights
and K biases.
In the output volume, the d-th depth slice (of size Wy x Hy) is the result of performing a valid convolution
of the d-th filter over the input volume with a stride of S, and then offset by d-th bias

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 44 27 Jan

(OU-Tul: >nvolutional Neural Net Jan 2017



CNN basic Notes on dimensions

(btw, 1x1 convolution layers make perfect sense)

1x1 CONV
56 with 32 filters

(each filter has size
1x1x64, and performs a
64-dimensional dot

56 product) 56
64 32

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 45

56

27 Jan 2016

(OU-Tulsa) Convolutional Neural Networks
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CNN basic  Pooling layers and fully connected layers

Pooling layer
- makes the representations smaller and more manageable
- operates over each activation map independently:

224x224x64

112x112x64

pool
e

|

. 112
224 downsampling
112

224

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 54 27 Jan 20
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Single depth slice

CNN basic

MAX POOLING

X 111124
max pool with 2x2 filters
5|6 |7 8 and stride 2
3l2]1]o0 ]
112|3| 4

Fei-Fei Li & Andrej Karpathy & Justin Johnson

(OU-Tulsa)

Convolutional Neural Networks

Pooling layers and fully connected layers

Lecture 7 - 55 27 Jan 2016



Pooling and fully connected lay

« Accepts a volume of size W; x Hy x D,
+ Requires three hyperparameters:
o their spatial extent F,
o thestride S,
+ Produces a volume of size W5 x Hy x D, where:
o Wo=(W; —F)/S+1
o Hb=(H, - F)/S+1
o Dy =D,
+ Introduces zero parameters since it computes a fixed function of the input
« Note that it is not common to use zero-padding for Pooling layers

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 56




Pooling la; and fully connected lay

Common settings:

« Accepts a volume of size Wy x Hy x D, F=2,8S=2
+ Requires three hyperparameters: _ _
o their spatial extent F, F=338=2
o thestride S,
+ Produces a volume of size W5 x Hy x D, where:
o Wo=(W; —F)/S+1
o Hb=(H, - F)/S+1
o Dy =Dy
+ Introduces zero parameters since it computes a fixed function of the input
« Note that it is not common to use zero-padding for Pooling layers

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 57 27 Jan 20
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CNN basic Pooling layers and fully connected layers

Fully Connected Layer (FC layer)

- Contains neurons that connect to the entire input volume, as in ordinary Neural

Networks

RELU RELU RELU RELU RELU RELU
CONVlCONVl CONVlCONVl CON\/lCONVl

4 R

fruck
[@iiplane
ship

thorse

Fei

(OU-Tulsa) Convolutional Neural Networks
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> study ~ LeNet

ConvNetJS cifar10 demo

olutional Neural Netv Jan 2017


http://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html

study LeNet

Case Study: LeNet-5

[LeCun et al., 1998]

C3:f. maps 16@10x10
S4:

INPUT

C1: feature maps
320 6@28x28

S2:1. maps
6@14x14

|
Full cmrtection ‘ Gaussian connections
Subsampling Cornvolutions ~ Subsampling Full connection

l

Convolutions

Conv filters were 5x5, applied at stride 1
Subsampling (Pooling) layers were 2x2 applied at stride 2
i.e. architecture is [CONV-POOL-CONV-POOL-CONV-FC]

volutional Neure > Jan 2017 84 / 198



Case study  AlexNet

Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images

First layer (CONV1): 96 11x11 filters applied at stride 4

=>
Q: what is the output volume size? Hint: (227-11)/4+1 = 55

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 61
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Case study  AlexNet

Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images
First layer (CONV1): 96 11x11 filters applied at stride 4
=>

Output volume [55x55x96]

Q: What is the total number of parameters in this layer?

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 62
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Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images

Case study  AlexNet

First layer (CONV1): 96 11x11 filters applied at stride 4

=>

Output volume [55x55x96]

Parameters: (11*11*3)*96 = 35K

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 63

(OU-Tulsa)

Convolutional Neural Networks

Jan 2017
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Case study  AlexNet

Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images
After CONV1: 55x55x96

Second layer (POOL1): 3x3 filters applied at stride 2

Q: what is the output volume size? Hint: (55-3)/2+1 = 27

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 64
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Case study  AlexNet

Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images
After CONV1: 55x55x96

Second layer (POOL1): 3x3 filters applied at stride 2
Output volume: 27x27x96

Q: what is the number of parameters in this layer?

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 65

(OU-Tulsa) Convolutional Neural Networks Jan 2017 89 / 198



Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images
After CONV1: 55x55x96

Case study  AlexNet

Second layer (POOL1): 3x3 filters applied at stride 2

Output volume: 27x27x96
Parameters: 0!

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 66

(OU-Tulsa)

Convolutional Neural Networks
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Case study  AlexNet

Case Study: AlexNet

[Krizhevsky et al. 2012]

Input: 227x227x3 images
After CONV1: 55x55x96
After POOL1: 27x27x96

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 67

(OU-Tulsa) Convolutional Neural Networks

27 Jan 20
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study AlexNet

Case Study: AlexNet

[Krizhevsky et al. 2012]

Full (simplified) AlexNet architecture:
[227x227x3] INPUT |
[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer
[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOL2: 3x3 filters at stride 2
[13x13x256] NORM2: Normalization layer
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOL3: 3x3 filters at stride 2

[4096] FC6: 4096 neurons

[4096] FC7: 4096 neurons

[1000] ~C8&: 1000 neurons (class scores)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 68
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study AlexNet

Case Study: AlexNet

[Krizhevsky et al. 2012]

Full (simplified) AlexNet architecture:
[227x227x3] INPUT

[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer
[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOL2: 3x3 filters at stride 2
[13x13x256] NORM2: Normalization layer
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOL3: 3x3 filters at stride 2

[4096] FC6: 4096 neurons

[4096] FC7: 4096 neurons

[1000] ~C8&: 1000 neurons (class scores)

Fei-Fei Li & Andrej Karpathy & Justin Johnson

peoting

Details/Retrospectives:

- first use of ReLU

- used Norm layers (not common anymore)
- heavy data augmentation

- dropout 0.5

- batch size 128

- SGD Momentum 0.9

- Learning rate 1e-2, reduced by 10
manually when val accuracy plateaus
- L2 weight decay 5e-4

-7 CNN ensemble: 18.2% -> 15.4%

Lecture 7 - 69 27 Jan 20
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Case study ZFNet

Case StUdy ZFNet [Zeiler and Fergus, 2013]

image size 224 110 26 13 13 13
filter size 7 3
‘ Vlﬂ 384 VL1 \3484 '\2.56
stride 2 w96 3x3 max C
3,3 max pool] [ contrast pool 4096( [ 4096 class
e 3 stiide 2 units| [ units| | softmax
3 55 l ?
2 6
Input Image 50
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer7 Output
AlexNet but:

CONV1: change from (11x11 stride 4) to (7x7 stride 2)

CONV3,4,5: instead of 384, 384, 256 filters use 512, 1024, 512
ImageNet top 5 error: 15.4% -> 14.8%

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 70 27 Jan 2016

Jan 2017 94 / 198
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Case Study: VGGNet

[Simonyan and Zisserman, 2014]

Only 3x3 CONV stride 1, pad 1
and 2x2 MAX POOL stride 2

best model

11.2% top 5 error in ILSVRC 2013

->
7.3% top 5 error

Fei-Fei Li & Andrej Karpathy & Justin Johnson

ConvNet C
B

A C D E
1 wcu.hl [ WCthl 13 weight 16 weight 16 weight 19 weight
lay | layers layers layers layers
DUt (224 x 221 RGB imagh)
conv <o co conv3- conv3-64
conv3-64 conv3-64 conv3-64
‘maxpool
conv3-128 conv3-128 | conv3-T28J conv3-128" | conv3-128
conv3-128 | conv3-128 § conv3-128 § conv3-128
‘maxpool
conv3-256 conv3-256 | conv3-256 [ conv3-256 | conv3-256
conv3-256 conv3-256 | cor conv3-256 ff conv3-256
conv1-256 | conv3-256 J conv3-256
conv3-256
maxpool
conv3-512 conv3-5T2 T conv3-5T2 f conv3-512 | conv3-3512
conv3-512 conv3-512 | conv3-512 § conv3-512 § conv3-512
conv1-512 § conv3-512 ff conv3-512
cony3-512
‘maxpool
conv3-312 conv3-3T2 | conv3-312 J conv3-512" | conv3-312
conv3-512 conv3-512 | conv3-512 § conv3-512 §f conv3-512
convl-512 | conv3-512 § conv3-512
conv3-512
‘maxpool
FC-4096
FC-3006
FC-1000
soft-max
Table 2: Number of p s (in millions).
[AALRN ] B [ C [ D [ E |
arameters | 133 | 133 | 134 | 138 | 144 |

Lecture 7 - 71
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INPUT: [224x224x3] ~ memory: 224*224*3=150K params:0  (NOtcounting biases)
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: 0

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

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

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

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

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

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

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

Fei-Fei Li & Andrej Karpathy & Justin Johnson

ConvNet Configuration
B C

13 weight
layers

TG weight
layers

D
T6 weight
layers

put (221 x 221 RGB imag

conv3-64
conv3-64

conv3-64
cony3-64

conv3-64
cony3-64

maxpool

conv3-128
conv3-128

conv3-128
conv3-128

conv3-128
conv3-128

maxpool

conv3-256
conv3-256

conv3-256
conv3-256
conv1-256

conv3-256
conv3-256
conv3-256

Taxpool

conv3-312
conv3-512

conv3-512
conv3-512
convl-512

conv3-512
conv3-512
conv3-512

max

ol

conv3-512
conv3-512

conv3-512
conv3-512
convl-512

conv3-512
conv3-512
conv3-512

Lecture 7 -
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FC-4096
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INPUT: [224x224x3] ~ memory: 224*224*3=150K params:0  (NOtcounting biases)
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: 0

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

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

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

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

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

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

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

TOTAL memory: 24M * 4 bytes ~= 93MB / image (only forward! ~*2 for bwd)
TOTAL params: 138M parameters

Fei-Fei Li & Andrej Karpathy & Justin Johnson

ConvNet Configuration
B C

13 weight
layers

TG weight
layers

D
T6 weight
layers

put (221 x 221 RGB imag

conv3-64
conv3-64

conv3-64
cony3-64

conv3-64
cony3-64

maxpool

conv3-128
conv3-128

conv3-128
conv3-128

conv3-128
conv3-128

maxpool

conv3-256
conv3-256

conv3-256
conv3-256
conv1-256

conv3-256
conv3-256
conv3-256

Taxpool

conv3-312
conv3-512

conv3-512
conv3-512
convl-512

conv3-512
conv3-512
conv3-512

max

ol

conv3-512
conv3-512

conv3-512
conv3-512
convl-512

conv3-512
conv3-512
conv3-512

Lecture 7 -
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INPUT: [224x224x3] ~ memory: 224*224*3=150K params: 0 (not counting biases)

CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728 Note:

CONV3-64: [224x224x64] memory: 224*224*64=3.2M s: (3*364)*64 = 36,864

POOL2: [112x112x64] memory: 112*112*64=800K pa::ran‘gzt%\ L.
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728 Most memory is in
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456 early CONV

POOL2: [56x56x128] memory: 56*56*128=400K params: 0

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824

POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296

POOL2: [14x14x512] memory: 14*14*512=100K params: 0 Most params are
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 in late FC
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296

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

POOL2: [7x7x512] memory: 7*7*512=25K params: 0

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

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

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

TOTAL memory: 24M * 4 bytes ~= 93MB / image (only forward! ~*2 for bwd)
TOTAL params: 138M parameters

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 74




Case study = GoogLeNet

Case Study: GooglLeNet  szegedyetal, 2014

=== Inception module

ILSVRC 2014 winner (6.7% top 5 error)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 75 27 Jan 2016
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study = GoogLeNet

Slides from Fisher Yu

Schematic view (naive version)

number of
filters 1 X1
Filter

concatenation
3X3 1x1 3x3 5x5

convolutions convolutions convolutions

— L

A

Previous layer

S. Cheng (OU-Tulsa) Convolutional Neural Networks Jan 2017 100 / 198



P

Slides from Fisher Yu

Naive idea

Filter
concatenation

GoogLeNet

I

1x1
convolutions

3x3
convolutions

5x5
convolutions

A

Previous
layer

Convolutional Neural Netw

Jan 2017



Slides from Fisher Yu

Naive idea (does not work!)

Filter
concatenation .

il BN

1x1 3x3 5x5 3x3 max
convolutions convolutions convolutions pooling
A
Previous
layer

Convolutional Neural Networks Jan 2017 102 / 198



Case study = GoogLeNet

Slides from Fisher Yu

Inception module

Filter
concatenation

NN

3x3 5x5 1x1

convolutions convolutions convolutions
1x1 . 3 3 Y
convolutions
1x1 1x1 3x3 max
\ convolutions convolutions e pooling

w v
AN

Previous
layer

Convolutional Neural Networks Jan 2017 103 / 198



Case Study: GooglLeNet

type "’:::i"’ “‘:":"' depth | #1x1 i::: #3x3 im:: #5x5 ‘?"'E: params | ops
convolution 7x7/2 | 112x112x64 | 1 27K

max pool 3x3/2_ | 56x56x64 o

convolution 3x3/1_ | 56x56x192 2 6 192 112K | 360M
max pool 3x3/2 | 28x28x192 | 0

inception (3a) 28x28x256 | 2 o % 128 16 2 32 | 19K | 128
inception (3b) 25x28x480 | 2 128 128 192 32 9% & | 30k | 3o
max pool 3x3/2 | 14x14x480 | 0

inception (43) lx1axsiz | 2 192 % 208 I 8 6 | 36 | ™M
inception (4b) lax14x512 2 160 12 24 2 o 6 | 47K | s
inception (4c) 1% 14x512 2 128 128 256 2 o 6 | 463K | 100M
inception (4d) 14x14x 528 p 12 [ 288 2 o & | sk | 119M
inception (4e) lax1axs3z | 2 256 160 320 2 s | 18 | sk | 1o
max pool 3x3/2 TXTx832 o

inception (53) 7x7x832 B 256 160 320 32 125 | 128 | 107K | saM
inception (5b) TxTx1024 2 384 192 384 0 28| 128 | 18K | M
avg pool 7x7/1 Ix1x1024 0

dropout (40%) 1x1x1024 o

linear 1x1x1000 | 000K | IM
softmax 1x1x1000 o

Fei-Fei Li & Andrej Karpathy & Justin Johnson

lutional Neural Netw

Fun features:

- Only 5 million params!
(Removes FC layers
completely)

Compared to AlexNet:
- 12X less params

- 2x more compute
-6.67% (vs. 16.4%)

Lecture 7 -




tudy  ResNet

Case Study ResNet Hestal 2015

ILSVRC 2015 winner (3.6% top 5 error)
Research

MSRA @ ILSVRC & COCO 2015 Competitions

« 1st places in all five main tracks
* ImageNet Classification: “Ultra-deep” (quote Yann) 152-layer nets
* ImageNet Detection: 16% better than 2nd
* ImageNet Localization: 27% better than 2nd
* COCO Detection: 11% better than 2nd
* COCO Segmentation: 12% better than 2nd

%1CCV.

Slide from Kaiming He’s recent presentation https://www.youtube.com/watch?v=1PGLj-uKT1w

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 77 27 Jan 20
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study ResNet

Research
Revolution of Depth 22
258
152 layers
A
\
\
X 16.4
\
\
\ 1.7
‘ 22 layers 19 layers |
% &5 73
i I o I 8 layers 8 layers ‘ shallow
ILSVRC'1S  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10
ResNet GoogleNet VGG AlexNet
. ImageNet Classification top-5 error (%)
»ICCV
[— Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. "Deep Residual Lea g fol age Recognition”. arXiv 2015

(slide from Kaiming He's recent presentation)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 78 27 Jan




tudy ResNet

CIFAR-10 experiments

CIFAR-10 plain nets CIFAR-10 ResNets

W 56-layer

44-layer
S 32-layer g 20-layer
5" - 20-layer  E" - 32-layer
? i . ~ 44-layer
E = ” ¢ § 56-layer

lain-32
—_::m;: solid: test \ ; 110-layer
% e 1 2 3 5 3 dashed: train (] I 3 e B 3
iter. (led) iter. (led)

Lecture 7 - 79 27 Jan
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study =~ ResNet

Case Study ResNet Hestal 2015

ILSVRC 2015 winner (3.6% top 5 error)

Research 2.3 weeks of training
Revolution of Depth on 8 GPU machine

AlexNet, 8 layers E VGG, 19 layers % ResNet, 152 layers

(ILSVRC 2012) (ILSVRC 2014) (ILSVRC 2015)
at runtime: faster
than a VGGNet!
(even though it has
8x more layers)

2 1CCV -

(slide from Kaiming He's recent presentation)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 80 27 Jan 20
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tudy  ResNet

34-layer plain 34-layer residual

Case Study:
ResN et 224x224x3

[He et al., 2015] spatial dimension

|
[(rcom662 ] 7x7mnv,64'lz|/ Only 56x56!
M M
pool, /2 pool, /2
2

[eeme ] [oemwe ]
[ CGoowea ] Seom e
[ CGoowea ]

3G conv, 64

33conv,64 |

[
[ 33coves |
[

3x3 conv, 128, /2

33 conv, 128

[ 33conv, 228 ]

L2
3x3 conv, 128
Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 81

[eoms

333 conv, 128

(OU-Tul: onvolutional N Jan 2017



Case Study: ResNet

* Plaint net

X
weight layer

any two

> study

ResNet

[He et al., 2015]

* Residual net

X

weight layer

relu

stacked layers

weight layer

relu
H(x)

Fei-Fei Li & Andrej Karpathy & Justin Johnson

(OU-Tuls

Convolutional Neural Networks

F(x)

Hx)=Fx) +x ®

identity
X

Lecture 7 - 82

Jan 2017

27 Jan 20
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Case study = ResNet

Case Study: ResNet  reetal 2015

- Batch Normalization after every CONV layer

- Xavier/2 initialization from He et al.

- SGD + Momentum (0.9)

- Learning rate: 0.1, divided by 10 when validation error plateaus
- Mini-batch size 256

- Weight decay of 1e-5

- No dropout used

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 83 27 Jan 2016
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study =~ ResNet

Case Study: ResNet  reetal 2015

256-d

1x1, 64

3x3, 64

3x3, 64

1x1, 256

relu

similar
a”'3X3 complexity bottleneck

L (for ResNet-50/101/152)

Fei-Fei Li & Andrej Karpathy & Justin Johnson

Lecture 7 - 84 27 Jan 20
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study =~ ResNet

Case Study: ResNet  reetal 2015

256-d Filter
concatenation
l . ‘ I ——

1x1, 256

1 convolutions 2
‘—‘\ Fo— —

(this trick is also used in GoogLeNet)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 85 27 Jan 20
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study  Policy net in AlphaGo

The input to the policy network is a 19 x 19 x 48 image stack consisting of 48 feature planes. The
first hidden layer zero pads the input into a 23 x 23 image, then convolves k filters of kernel size 5
x 5 with stride 1 with the input image and applies a rectifier nonlinearity. Each of the subsequent
hidden layers 2 to 12 zero pads the respective previous hidden layer into a 21 x 21 image, then
convolves k filters of kernel size 3 x 3 with stride 1, again followed by a rectifier nonlinearity. The
final layer convolves 1 filter of kernel size 1 x 1 with stride 1, with a different bias for each position,
and applies a softmax function. The match version of AlphaGo used k = 192 filters; Fig. 2b and
Extended Data Table 3 additionally show the results of training with k = 128, 256 and 384 filters.

policy network:

[19x19x48] Input

CONV1: 192 5x5 filters , stride 1, pad 2 => [19x19x192]

CONV2..12: 192 3x3 filters, stride 1, pad 1 => [19x19x192]

CONV: 1 1x1 filter, stride 1, pad 0 => [19x19] (probability map of promising moves)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 88 27 Jan
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Some CNN tricks

Some CNN tricks

e Data augmentation

o Transfer learning

o Use of small filters

o Implementing CNN efficiently
e Use of GPUs

About floating point precision

heng (OU-Tulsa) Convolutional Neural Networks Jan 2017 116 / 198



Some CNN tricks Data augmentation

Data Augmentation

Load image

and label
Compute
loss

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 12 17 Feb 2016
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Some CNN tricks Data augmentation

Data Augmentation

Load image
and label

Compute
loss

Transform image

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 13 17 Feb 2016
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Some CNN tricks Data augmentation

Data Augmentation

- Change the pixels without
changing the label

1 % What the computer sees

- Train on transformed data

- VERY widely used

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 14 17 Feb 2016
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Some CNN tricks Data augmentation

Data Augmentation

1. Horizontal flips

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 15 17 Feb 2016
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Some CNN tricks Data augmentation

Data Augmentation
2. Random crops/scales

Training: sample random crops / scales

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 16 17 Feb 2016
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Some CNN tricks Data augmentation

Data Augmentation

2. Random crops/scales N —

Training: sample random crops / scales
ResNet:

1. Pick random L in range [256, 480]

2. Resize training image, short side = L

3. Sample random 224 x 224 patch

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 17

S. Cheng (OU-Tulsa)

Convolutional Neural Networks

|

i
i

%"’gg’;

17 Feb 2016

Jan 2017
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Some CNN tricks Data augmentation

Data Augmentation
2. Random crops/scales

Training: sample random crops / scales
ResNet:

1. Pick random L in range [256, 480]

2. Resize training image, short side = L

3. Sample random 224 x 224 patch

Testing: average a fixed set of crops

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 18

S. Cheng (OU-Tulsa) Convolutional Neural Networks
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Some CNN tricks Data augmentation

Data Augmentation
2. Random crops/scales

Training: sample random crops / scales
ResNet:

1. Pick random L in range [256, 480]

2. Resize training image, short side = L

3. Sample random 224 x 224 patch

Testing: average a fixed set of crops

ResNet:

1. Resize image at 5 scales: {224, 256, 384, 480, 640}
2. For each size, use 10 224 x 224 crops: 4 corners + center, + flips

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 19 17 Feb 2016
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Some CNN tricks Data augmentation

Data Augmentation
3. Color jitter

Simple:
Randomly jitter contrast

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 20 17 Feb 2016
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Some CNN tricks Data augmentation

Data Augmentation

,, Complex:
3. Color jitter P
1. Apply PCAto all [R, G, B]
Simple: pixels in training set

Randomly jitter contrast 2. Sample a “color offset”

along principal component
directions

3. Add offset to all pixels of a
training image

(As seen in [Krizhevsky et al. 2012], ResNet, etc)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 21 17 Feb 2016
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Some CNN tricks Data augmentation

Data Augmentation
4. Get creative!

Random mix/combinations of :

- translation

rotation

stretching

shearing,

lens distortions, ... (go crazy)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 22

S. Cheng (OU-Tulsa) Convolutional Neural Networks
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Some CNN tricks Data augmentation

Data Augmentation: Takeaway

e Simple to implement, use it
e Especially useful for small datasets
e Fits into framework of noise / marginalization

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 24 17 Feb 2016
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Some CNN tricks Transfer learning

Don’t necesarily need lots of data for CNN

Transfer Learning with CNNs

L8 q Train on

. |magenet

conv-64
maxpool
conv-128
conv-128
maxpool
conv-256
conv-256
maxpool
conv-512
conv-512
maxpool
conv-512
conv-512
maxpool
FC-4096
FC-4096
FC-1000
softmax

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 27 17 Feb 2016
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Some CNN tricks Transfer learning

Don’t necesarily need lots of data for CNN

Transfer Learning with CNNs

2. Small dataset:

™% 4 Train on Limee | feature extractor
conv-64 conv-64
maxpool maxpool
conv-128 conv-128
conv-128 conv-128
maxpool maxpool
conv-256 conv-256
conv-256 conv-256
maxpool maxpool > Freeze these
conv-512 conv-512
conv-512 conv-512
maxpool maxpool
conv-512 conv-512
conv-512 conv-512
maxpool maxpool
FC-4096 FC-4096
FC-4096 FC-4096

FC-1000 FC-1000 . .
softmax softmax Train this

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 28 17 Feb 20

Convolutional Neural Netw: 5 Jan 2017 130 / 1



Some CNN tricks Transfer learning

Don’t necesarily need lots of data for CNN

Transfer Learning with CNNs

image |

conv-64
conv-64
maxpool
conv-128
conv-128
maxpool
conv-256
conv-256
maxpool
conv-512
conv-512
maxpool
conv-512
conv-512
maxpool
FC-4096
FC-4096
FC-1000
softmax

1. Train on
Imagenet

2. Small dataset:

Lim®e | feature extractor

conv-64 \
conv-64
maxpool
conv-128
conv-128
maxpool
conv-256
conv-256

maxpool > Freeze these
conv-512

conv-512
maxpool
conv-512
conv-512
maxpool

FC-4096
FC-4096

FC-1000 . .
softmax Train this

Fei-Fei Li & Andrej Karpathy & Justin Johnson

onvolutional Neural Ne

=T
conv-64
conv-64

conv-128
conv-128
maxpool
conv-256
conv-256
maxpool
conv-512
conv-512
maxpool

3. Medium dataset:
finetuning

more data = retrain more of
the network (or all of it)

Freeze these

conv-512
conv-512
maxpool
FC-4096
FC-4096
FC-1000
softmax

[— Train this

Lecture 11 - 29 17 Feb 20
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CNN Features off-the-shelf: an Astounding Baseline for Recognition

[Razavian et al, 2014]

DeCAF: A Deep
Convolutional Activation
Feature for Generic Visual
Recognition

[Donahue*, Jia*, et al.,
2013]

DeCAF; DeCAF;

LogReg 40.9440.3 40.81
SVM 3¢

0.3
=03 40.66+0.3

Xiao etal. (2010) 38.0

CNN
Representation

-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11

olutional Neural Netv



Some CNN tricks Transfer learning

conv-64
conv-64 . . .
= \ very similar very different
e . dataset dataset

more generic

conv-128
maxpool

very little data | ? ?

conv-256
conv-256 e
= more specific
conv-512
conv-512

maxpool

conv-512
conv-sul quite a lot of ? ?
maxpool

- data
FC-4096
FC-1000
softmax

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 32 17 Feb 20
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Some CNN tricks Transfer learning

| image
conv-64

:;’; \ very similar very different
dataset dataset

conw-28 more generic

conv-128
maxpool

e very little data | Use Linear ?

conv-256 o Classifier on top
more specific
mazpool P layer

conv-512
conv-512
maxpool
conv-512

cwml quite a lot of Finetune a few |?
- data layers

FC-4096
FC-4096
FC-1000
softmax

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 33 17 Feb 20
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conv-64
conv-64
maxpool
conv-128
conv-128
maxpool
conv-256
conv-256
maxpool
conv-512
conv-512
maxpool
conv-512
conv-512
maxpool
FC-4096
FC-4096
FC-1000
softmax

Some CNN tricks

T~

more generic

more specific

Transfer learning

very similar very different
dataset dataset

very little data | Use Linear You're in
Classifier on top | trouble... Try

layer

linear classifier
from different
stages

quite a lot of
data

Finetune a few
layers

Finetune a
larger number of
layers

Fei-Fei Li & Andrej Karpathy & Justin Johnson

Lecture 11 - 34
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Some CNN tricks Transfer learning

Takeaway for your projects/beyond:
Have some dataset of interest but it has < ~1M images?

1. Find a very large dataset that has similar data, train a
big ConvNet there.
2. Transfer learn to your dataset

Caffe ConvNet library has a “Model Zoo” of pretrained models:
https://qithub.com/BVLC/caffe/wiki/Model-Zoo

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 38 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Suppose we stack two 3x3 conv layers (stride 1)
Each neuron sees 3x3 region of previous activation map

Input First Conv Second Conv

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 41 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Question: How big of a region in the input does a neuron on the
second conv layer see?

— e~ — —~—
~~ . - ~~ -
———_—_ _-——‘——-—
Input First Conv Second Conv

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 42 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Question: How big of a region in the input does a neuron on the
second conv layer see?
Answer: 5 x5

— e~ — —~—
~~ . - ~~ -
———_—_ _-——‘——-—
Input First Conv Second Conv

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 43 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Question: If we stack three 3x3 conv layers, how big of an input
region does a neuron in the third layer see?

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 44 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Question: If we stack three 3x3 conv layers, how big of an input
region does a neuron in the third layer see?

Answer: 7 x7

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 45 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Question: If we stack three 3x3 conv layers, how big of an input
region does a neuron in the third layer see?

Three 3 x 3 conv
X gives similar
Answer: 7 x7 representational
power as a single
7 x 7 convolution

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 46 17 Feb 2016

(OU-Tulsa) Convolutional Neural Networks Jan 2017
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Some CNN tricks = Small filters

The power of small filters

Suppose input is H x W x C and we use convolutions with C filters
to preserve depth (stride 1, padding to preserve H, W)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 47 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Suppose input is H x W x C and we use convolutions with C filters
to preserve depth (stride 1, padding to preserve H, W)

one CONV with 7 x 7 filters three CONV with 3 x 3 filters

Number of weights: Number of weights:

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 48 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Suppose input is H x W x C and we use convolutions with C filters
to preserve depth (stride 1, padding to preserve H, W)

one CONV with 7 x 7 filters three CONV with 3 x 3 filters
Number of weights: Number of weights:
=Cx(7x7xC)=49C? =3xCx(3x3xC)=27C2

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 49 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Suppose input is H x W x C and we use convolutions with C filters
to preserve depth (stride 1, padding to preserve H, W)

one CONV with 7 x 7 filters three CONV with 3 x 3 filters
Number of weights: Number of weights:
=Cx(7x7xC)=49C? =3xCx(3x3xC)=27C2

N

Fewer parameters, more nonlinearity = GOOD

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 50 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Suppose input is H x W x C and we use convolutions with C filters
to preserve depth (stride 1, padding to preserve H, W)

one CONV with 7 x 7 filters three CONV with 3 x 3 filters
Number of weights: Number of weights:
=Cx(7x7xC)=49C? =3xCx(3x3xC)=27C?
Number of multiply-adds: Number of multiply-adds:

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 51 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Suppose input is H x W x C and we use convolutions with C filters
to preserve depth (stride 1, padding to preserve H, W)

one CONV with 7 x 7 filters three CONV with 3 x 3 filters
Number of weights: Number of weights:
=Cx(7x7xC)=49C? =3xCx(3x3xC)=27C?
Number of multiply-adds: Number of multiply-adds:
=(HxWxC)x(7x7xC) =3xHxWxC)x(3x3xC)
= 49 HWC? = 27 HWC?

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 52 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Suppose input is H x W x C and we use convolutions with C filters
to preserve depth (stride 1, padding to preserve H, W)

one CONV with 7 x 7 filters three CONV with 3 x 3 filters
Number of weights: Number of weights:
=Cx(7x7xC)=49C? =3xCx(3x3xC)=27C?
Number of multiply-adds: Number of multiply-adds:
=49 HWC?

=27 HWC? \

\ Less compute, more nonlinearity = GOOD

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 53 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Why stop at 3 x 3 filters? Why not try 1 x 1?

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 54 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Why stop at 3 x 3 filters? Why not try 1 x 1?

1. “bottleneck” 1 x 1 conv

HxWxC to reduce dimension

Conv 1x1, C/2 filters l
HxWx(C/2)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 55 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Why stop at 3 x 3 filters? Why not try 1 x 1?

1. “bottleneck” 1 x 1 conv

HxWxC to reduce dimension

1x1, C/2 filt
Conv 1x1, Ci2 filters l 2. 3 x3conv at reduced
HxWx (C/2) dimension

Conv 3x3, C/2 filters i
HxWx (C/2)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 56 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Why stop at 3 x 3 filters? Why not try 1 x 1?

1. “bottleneck” 1 x 1 conv

HxWxC . .
to reduce dimension
Conv 1x1, C/2 filters l
2. 3 x 3 conv at reduced

HxWx (C/2) dimension
Conv 3x3, C/2 filters i 3. Restore dimension

HxWx (C/2) with another 1 x 1 conv

Conv 1x1, C filters ¢ [Seen in Lin et al, “Network in Network”,

GooglLeNet, ResNet]

HxWxC
Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 57 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Why stop at 3 x 3 filters? Why not try 1 x 1?

HxWxC
) Bottleneck
C 1x1, C/2 filt l
onv X ers sandwich HxWxC
HxWx(C/2)
Conv 3x3, C/2 filters i Conv 3x3, C filters
HxWx(C/2) Single
3x3conv HxWxC
Conv 1x1, C filters ¢
HxWxC -/

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 58 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Why stop at 3 x 3 filters? Why not try 1 x 1? More nonlinearity,
fewer params,
less compute!

HxWxC
- 3.25 C2
C 1x1, C/2 filt l
onvix ers parameters HxWxC
HxWx (C/2)
Conv 3x3, C/2 filters i Conv 3x3, C filters
HxWx (C/2) 9c?
parameters HxWxC
Conv 1x1, C filters l
HxWxC -/

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 59 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Still using 3 x 3 filters ... can we break it up?

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 60 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Still using 3 x 3 filters ... can we break it up?

HxWxC
Conv 1x3, C filters l

HxWxC
Conv 3x1, C filters i

HxWxC

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 61

S. Cheng (OU-Tulsa) Convolutional Neural Networks
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Some CNN tricks = Small filters

The power of small filters

Still using 3 x 3 filters ... can we break it up? More nonlinearity,
fewer params,
less compute!

H x W xC
Conv 1x3, C filters 6C? HxWxC
parameters
H x W xC Conv 3x3, C filters
Conv 3x1, C filters 9 C2
H x W x C parameters HxWxC

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 62 17 Feb 2016
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Some CNN tricks = Small filters

The power of small filters

Latest version of GooglLeNet incorporates all these ideas

Filter Concat

Filter Concat Filter Concat

Szegedy et al, “Rethinking the Inception Architecture for Computer Vision”

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 63 17 Feb 2016
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Some CNN tricks = Small filters

How to stack convolutions: Recap

e Replace large convolutions (5 x 5, 7 x 7) with stacks of
3 x 3 convolutions

e 1 x 1 “bottleneck” convolutions are very efficient

e Can factor N x N convolutions into 1 x N and N x 1

e All of the above give fewer parameters, less compute,
more nonlinearity

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 64 17 Feb 2016
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Some CNN tricks = Im2col

Implementing Convolutions: im2col

There are highly optimized matrix multiplication routines
for just about every platform

Can we turn convolution into matrix multiplication?

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 66 17 Feb 2016
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Some CNN tricks = Im2col

Implementing Convolutions: im2col

Feature map: Hx W x C Conv weights: D filters, each Kx Kx C

’

: ‘PP o0 &

Z

I

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 17 Feb 2016
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Some CNN tricks = Im2col

Implementing Convolutions: im2col

Feature map: Hx W x C Conv weights: D filters, each Kx Kx C
/4
20
r \
PP o P
Reshape Kx Kx C
receptive field to column
with K2C elements

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 17 Feb 2016

(OU-Tulsa) Convolutional Neural Networks Jan 2017 163 / 198



Some CNN tricks = Im2col

Implementing Convolutions: im2col

Feature map: Hx W x C Conv weights: D filters, each Kx Kx C

’

: ‘PP o0 &

Z

I

Repeat for all columns to get (K2C) x N matrix
(N receptive field locations)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 17 Feb 2016
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Some CNN tricks = Im2col

Implementing Convolutions: im2col

Feature map: Hx W x C Conv weights: D filters, each Kx Kx C

: ‘DD oo

Elements appearing in multiple
receptive fields are duplicated; this
uses a lot of memory

Z

I

Repeat for all columns to get (K2C) x N matrix
(N receptive field locations)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 17 Feb 2016
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Some CNN tricks = Im2col

Implementing Convolutions: im2col

Feature map: Hx W x C Conv weights: D filters, each Kx Kx C
/4
7 /: /
E (P oo
——
I —
—
2,
(K2C) x N matrix Reshape each filter to K*C row,

making D x (K?C) matrix

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 17 Feb 2016
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Some CNN tricks = Im2col

Implementing Convolutions: im2col

Feature map: Hx W x C Conv weights: D filters, each Kx Kx C
/4
P
7 r \
! E (P e F
 I—
—/———— —m>
E———— Matrix multiply
 E—
D x N result;
(K2C) x N matrix D x (K?C) matrix reshape to output tensor

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 17 Feb 2016
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template <typename Dtype>

Vo1d ConvolutionLayer<Dtype>: :Forward_gpu(const vector<glob<btype>+>g bottom,
Vector<Blob<btype>+>* top) { Case Study-
for (int i = @; i < bottom.size(); ++i) { .
const Dtype* bottom_data = bottom[i]->gpu_data();
Dtype* top_data = (*top)[i]->mutable_gpu_data();

.
) CONYV forward in Caffe
Dtype* col_data = col_buffer_.mutable_gpu_data();

const Dtype* weight = this->blobs_[6]->gpu_data(); Iibrary

int weight_offset
int col offset =
int top_offset = M_
for (int n = ©; n < num_; ++n) {

im2col_gpu(bottom_data + bottom[1]->offset(n), channels_, height_,
width_, kernel_h_, kerr
col_data);

1w_, pad_h_, pad_w_, stride_h_, stride_w_,

im2col

QU (INC g = 0. g < group ; ++g) {

caffe_gpu_gemm<Dtype>(CblasNoTrans, CblasNoTrans, M_, N_, K_,
(Dtype)1., weight + weight_offset * g, col_data + col offset * g,
(Dtype)o., top_data + (*top)[i]->0ffset(n) + top_offset * g);

matrix multiply: call to
f (bias_term ) { CUBLAS

Caffe_gpu_gemm<Dtype>(CblasNoTrans, CblasNoTrans, num_output_,
N_, 1, (Dtype)i., this->blobs_[1]->gpu_data(),
bias_multiplier_.gpu_data(),

(Dtype)1., top_data + (*top)[i]->offset(n));

) N bias offset

Fei-Fei Li & Andrej Karpathy & Justin Johnson
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Some CNN tricks FFT

Implementing convolutions: FFT

Convolution Theorem: The convolution of f and g is equal
to the elementwise product of their Fourier Transforms:

F(f*g)=F(f) F(g)

Using the Fast Fourier Transform, we can compute the
Discrete Fourier transform of an N-dimensional vector in O
(N log N) time (also extends to 2D images)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 75 17 Feb 2016
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Implementing convolutions: FFT

1. Compute FFT of weights: F(W)
2. Compute FFT of image: F(X)
3. Compute elementwise product: F(W) o F(X)

4. Compute inverse FFT: Y = F/(F(W) o F(X))

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 76 17 Feb 2016
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Implementing convolutions: FFT

======ug ‘
% —
EA T
3096 o .
H — H g
¢ | e £
: = A 8
£ i ¢
i g =F £
i | - g ¢
H 3 H
—
~ o v ® e o x “~ a4 v o o a ¥ ~ a4 T w9 o ¥
283 283 283
. 3x3 kernels . 5x5 kernels . 7x7 kernels
output size output size output size

FFT convolutions get a big speedup for larger filters
Not much speedup for 3x3 filters =(

Vasilache et al, Fast Convolutional Nets With fbfft: A GPU Performance Evaluation

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 77
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Some CNN tricks “Strassen-like” algorithms

Implementing convolution: “Fast Algorithms”

Naive matrix multiplication: Computing product of two
N x N matrices takes O(N?®) operations

Strassen’s Algorithm: Use clever arithmetic to reduce
complexity to O(N'°92() ~ O(N2281)

A= [iu ﬁl'z] M, = (A1 + Az2)(B11 +Bsp)
Sl M, = (Ag; + Az2)Bi Cpi =M, + M, — M; + M;
B.: Bi, M;:= Ay1(Bi2 — Bsp) Cio=M;+M;
B, B,C] M, := Aza(Bay - Bi) Cpi=M,; +M
et M; = (A1 + A12)Bs) ot i
Ciq CI,Z] M = (Az; — A1) (Bia+ Byp)

2|
“““““ Cyo = M; — M, + M3 + Mg
Coi Cis My = (A2 — As)(Ba;1 + Bap)

o

From Wikipedia

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 78 17 Feb 2016
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“Strassen-like” algorithms

Some CNN tricks

Implementing convolution: “Fast Algorithms”
Similar cleverness can be applied to convolutions

Lavin and Gray (2015) work out special cases for 3x3

convolutions: RS
B=1y . 1 0
d d &) |90 my +ma+m g ! e
(9 2) — 0 1§ 2 - 1 2 3
F(“)‘[d. & dr;] 9 _I:m;—m_g—nu] [1 'y E}
2 =11 1 i
0 0 1

gototg:
my = (do—da)gg ™2 = (1 +2) 2

my = (d1 — d3)g2 — dl)!/u — (/; + g2

Lavin and Gray, “Fast Algorithms for Convolutional Neural Networks”, 2015

Lecture 11 - 79 17 Feb 2016

Fei-Fei Li & Andrej Karpathy & Justin Johnson
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Implementing convolution: “Fast Algorithms’

Huge speedups on VGG for small batches:

Table 5. cuDNN versus F/(2 x 2,3 x 3) performance on VGG
Network E with fp32 data. Throughput is measured in Effective
TFLOPS, the ratio of direct algorithm GFLOPs to run time.

N CuDNN F(2x2.3x3) — 5 CuDNN F(2x2.3x3) Syeed
msec TFLOPS | msec TFLOPS | “PeeIP msec  TFLOPS | msec TFLOPS | “P®¢°'P
T 1252 312] 555 703 | 226X T[] 1458 268 553 706 | 264X
2| 2036 3.83 9.89 7.89 | 2.06X 2| 2094 373 9.83 7.94 2.13X
4 | 104.70 1.49 17572 8.81 591X 4 | 104.19 1.50 17.50 8.92 5.95X
8 24121 129 1 33.11 9431 728X 8 | 241.87 129 [ 3261 957 | 742X

16 | 203.09 307 | 6579 949 | 3.00%

32 | 237.05 527 | 13236 943 | 179 fo| 2000 206 | 16222 2] 2
ol ool B i W 32 | 236.13 529 | 123.12 1014 | 192X
- - - . : 64 | 39593 631 | 242.98 1028 | 163X

Table 6. cuDNN versus F'(2 x 2,3 x 3) performance on VGG
Network E with fp16 data.

Fei-Fei Li & Andrej Karpathy & Justin Johnson

Lectu




Some CNN tricks

“Strassen-like” algorithms

Computing Convolutions: Recap

e im2col: Easy to implement, but big memory overhead

e FFT: Big speedups for small kernels

e “Fast Algorithms” seem promising, not widely used yet

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 81 17 Feb 2016
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Some CNN tricks  Use of GPUs

CEO of NVIDIA:

Jen-Hsun Huang TITAN X FOR DEEP LEARNING
Training AlexNet

(Stanford EE Masters

1992)

GTC 2015:

Introduced new Titan X
GPU by bragging about
AlexNet benchmarks

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 90 17 Feb 2016
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Some CNN tricks Use of GPUs

CPU
Few, fast cores (1 - 16)
Good at sequential processing

(ntep)

Core >

GPU

Many, slower cores (thousands)
Originally for graphics

Good at parallel computation

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 91 17 Feb 2016

S. Cheng (OU-Tulsa) Convolutional Neural Networks Jan 2017 177 / 198



Some CNN tricks Use of GPUs

GPUs can be programmed

e CUDA (NVIDIA only)
o Write C 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

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 92 17 Feb 2016
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Some CNN tricks Use of GPUs

GPUs are really good
at matrix multiplication:

1200 <«— GPU: NVIDA Tesla K40

- W o with cuBLAS

GFLOPS
®
8

a00 /v CPU: Intel E5-2697 v2

) T PSRRI <— 12 core @ 2.7 Ghz
< o 1000 2000 3000 4000 with MKL

Matrix Dimension (m=n=k)

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 93

17 Feb 2016

(OU-Tulsa) Convolutional Neural Networks Jan

2017 179 / 198



Some CNN tricks Use of GPUs

GPUs are really good at convolution (cuDNN):

Caffe
(cuDNN) Caffe

Caffe Cally 1.3x (cuDNN)

(cuDNN) (cuDal:N)

Caffe
Caffe A can
(GPU) (6PU)
(GPU)
1x
I
Caffe
(cvu) (CPU)

All comparisons are against a 12-core Intel E5-2679v2 CPU @ 2.4GHz running Caffe with Intel MKL 11.1.3.

Lecture 11 - 94 17 Feb 2
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Some CNN tricks Use of GPUs

Even with GPUs, training can be slow

VGG: ~2-3 weeks training with 4 GPUs
ResNet 101: 2-3 weeks with 4 GPUs

NVIDIA Titan Blacks | image batch
~$1K each

ResNet reimplemented in Torch: http:/torch.ch/blog/2016/02/04/resnets.html

Fei-Fei Li & Andrej Karpathy & Justin Johnson

Lecture 11 - 95

17 Feb 2016

S. Cheng (OU-Tulsa) Convolutional Neural Networks
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Some CNN tricks  Use of GPUs

Multi-GPU training: More complex

Model

all workers train on same batch;

workers as freq as
worKer uen
network aMtows;—————"

Data parallelism:
each worker trains the same
i layers on a different

data batch.

lialjad

Worker 1 e Worker K

Alex Krizhevsky, “One weird trick for parallelizing convolutional neural networks”

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 96 17 Feb 20
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Some CNN tricks Use of GPUs

Google: Distributed CPU training

Parameter Server W' = W - Aw

0000000
/11 \\
Model DD DD

, 00
-=00 00 00
=0 8 8

Shards

Data parallelism

[Large Scale Distributed Deep Networks, Jeff Dean et al., 2013]

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 97 17 Feb 2016
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Some CNN tricks Use of GPUs

Google: Distributed CPU training

Parameter Server W' = W - Aw

0000000
J/~ 11\
- OO 00 00
-=00 00 00
8 8 g

Machine |
Zoue

Machine 3

Data
Shards

Cpeupuy

Data parallelism Model parallelism

[Large Scale Distributed Deep Networks, Jeff Dean et al., 2013]
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S. Cheng (OU-Tulsa) Convolutional Neural Networks Jan 2017 184 / 198



Some CNN tricks  Use of GPUs

Google: Synchronous vs Async

Forameter Devicels)

Parameter Devicels)

T 12 e e

®
Synchronous Data Parallelism

Asynchronous Data Parallelism

Abadi et al, “TensorFlow: Large-Scale Machine Learning on Heterogeneous Distributed Systems”

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 99 17 Feb 20
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Some CNN t

Bottlenecks

to be aware of

Fei-Fei Li & rej Karpathy & Justin Johnson Lecture 11 -
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Some CNN tricks Use of GPUs

GPU - CPU communication is a bottleneck.
=>

CPU data prefetch+augment thread running
while

GPU performs forward/backward pass

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 17 Feb 2016
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Some CNN tricks Use of GPUs

Moving parts lol

CPU - disk bottleneck

Hard disk is slow to read from

=> Pre-processed images
stored contiguously in files, read as
raw byte stream from SSD disk

\

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 -
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Some CNN tricks Use of GPUs

GPU memory bottleneck

Titan X: 12 GB <- currently the max
GTX 980 Ti: 6 GB

e.g.
AlexNet: ~3GB needed with batch size 256

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 -

S. Cheng (OU-Tulsa) Convolutional Neural Networks

17 Feb 2016

Jan 2017
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Some CNN tricks About floating point precision

Floating point precision

e 64 bit “double” precision is default
in a lot of programming

e 32 bit “single” precision is typically
used for CNNs for performance

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 -

Convolutional Neural Networks

17 Feb 2016

Jan 2017
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Floating point precision

e 64 bit “double” precision is default
in a lot of programming

e 32 bit “single” precision is typically
used for CNNs for performance
o Including cs231n homework!

-Fei Li & Andrej Karpathy & Justin Johnson

class FullyConnectedNet (object):

A fully-connected neural network with an arbitrary number of hidden layers,
ReLU nonlinearities, and a softmax loss function. This will also implement
dropout and batch normalization as options. For a network with L layers,
the architecture will be

{affine - [batch norm] - relu - [dropout]} x (L - 1) - affine - softmax
where batch normalization and dropout are optional, and the {...} block is
repeated L - 1 times

similar to the TwolayerNet above, learnable parameters are stored in the
self.params dictionary and will be learned using the Solver class

def _init_(self, hidden_dims, input_dim=3'32*32, num_classes=10,
dropout=o, use_batGhaammakad G .0

Lecture 11 -




ating point pre:

Prediction: 16 bit “half’ precision
will be the new standard

Already supported in cuDNN
Nervana fp16 kernels are the
fastest right now

Hardware support in next-gen
NVIDIA cards (Pascal)

Not yet supported in torch =(

Benchmarks on Titan X, from https:/github

F | Oati n g poi nt p re CiS i O n com/soumith/convnet-benchmarks

AlexNet (One Weird Trick paper) - Input 128x3x224x224

Library Class Time (ms)  forward (ms)
Nervana-fp16 92 29
CuDNN([R3}-p16 (Torch) 96 30
CuDNN[R3}-1p32 (Torch) % 32
OxfordNet [Model-A] - Input 64x3x224x224
Library Class Time (ms)  forward (ms)
Nervana-fp16 ConvLayer 529 167
Nervana-fp32 ConvLayer 590 180
CuDNN[R3}p16 (Torch)  cudnn.SpatialConvolution 615 179
GoogleNet V1 - Input 128x3x224x224
Library Class Time (ms)  forward (ms)
Nervana-fp16 ConvLayer 283 85
Nervana-fp32 322 %
431 17

CuDNN[R3}-fp32 (Torch)

(OU-Tul: onvolutional N Jan 2017
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62
66

64

backward (ms)
362
410

436

backward (ms)
197
232
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ating point pre:

Floating point precision

How low can we go?

Gupta et al, 2015:
Train with 16-bit fixed point with stochastic roundina

WL=16 WL =16
T T T T T SE— T T ™
Round to nearest, FL 14
25 Round to nearest, FL 12
| Stochastic rounding, FL 14 ——
2 H Stochastic rounding, FL 12 ——

Float

Training error
Test error(%)

0.001 L L L L L L 05
@0 20 40 60 80 100 120 ® 0 20 40 60 80 100 120

Training epoch Training epoch

CNNs on MNIST
Gupta et al, “Deep Learning with Limited Numerical Precision”, ICML 2015
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Some CNN tricks About floating point precision

Floating point precision

How low can we go?

Courbariaux et al, 2015:
Train with 10-bit activations, 12-bit parameter updates

Courbariaux et al, “Training Deep Neural Networks with Low Precision Multiplications”, ICLR 2015

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 -

Jan 2017 194 / 1

Convolutional Neural Netw



Floating point precision

How low can we go?

Courbariaux and Bengio, February 9 2016:
Train with 1-bit activations and weights!
All activations and weights are +1 or -1
Fast multiplication with bitwise XNOR
(Gradients use higher precision)

Courbariaux et al, “BinaryNet: Training Deep Neural Networks with Weights and Activations Constrained to +1 or -1”, arXiv 2016

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 -
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Some CNN tricks About floating point precision

Implementation details: Recap

GPUs much faster than CPUs

Distributed training is sometimes used

o Not needed for small problems

Be aware of bottlenecks: CPU / GPU, CPU / disk
Low precison makes things faster and still works
o 32 bitis standard now, 16 bit soon

o In the future: binary nets?

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 11 - 17 Feb 2016
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1sions

Conclusions

o “Classic” CNN composed of conv layers, pooling layers, and
fully connected layers
e Date back to LeNet-5 by Yann Lecun in 90’s
o But gaining lots of attention since AlexNet 2012
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Conclusions

Conclusions

o “Classic” CNN composed of conv layers, pooling layers, and
fully connected layers
e Date back to LeNet-5 by Yann Lecun in 90’s
o But gaining lots of attention since AlexNet 2012

o Widely used tricks

e Data augmentation
o Transfer learning

o Use of GPUs
@ Some recent trends

Small filter decomposition

Filter output cascading (GoogLeNet)

Fast conv layer with “Strassen-like” algorithms

Use of lower and lower floating point precision formats

S. Cheng (OU-Tulsa) Convolutional Neural Networks Jan 2017 197 / 198
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