Lecture 10

Training Neural Networks &
Convolutional Neural Networks
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Review
We looked in detall at:

- Activation Functions (use RelLU)

- Data Preprocessing (images: subtract mean)
- Weight Initialization (use Xavier init)

- Batch Normalization (use)

- Gradient Checking

- Babysitting the Learning process

- Hyperparameter Optimization (random sample hyperparams, in log
space when appropriate)
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Hyperparameter Optimization

Subhransu Maji, Chuang Gan and TAs R
Some slides kindly provided by Fei-Fei Li, Jiajun Wu, Erik Learned-Miller LeCtU re 10 &2 8 OCt 2024




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
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For example: run coarse search for 5 epochs

max count = 100

23 L ] ’ L] L]
for count in xrange(max count): note it's best to optimize
reg = 10**uniform(-5, 5)
lr = 1e**uniform(-3, -6) .
In log space!

trainer = ClassifierTrainer()
model = init two_layer model(32#%32*3, 50, 10) # 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=0.9,

sample batches = True, batch size = 100,
learning rate=1lr, verbose=False)

|va1_acc: 0.412000, lr: 1.405206e-04, reg: 4.793564e-01, (1 / 100)|
val acc: 0.214000, Llr: 7.231888e-06, reg: 2.321281e-04, (2 / 100)
val acc: 0.208000, lr: 2.119571e-06, reg: 8.011857e+01, (3 / 100)
val acc: 0.196000, lr: 1.551131e-05, reg: 4.374936e-05, (4 / 100)
val acc: 0.079000, 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 | Eof 1.750259e 04, reg: 2.110807e-04, (7 /
nice 0. : 6. e-05, reg: 4. :

—» | val acc: 0.482000 lr: 4.296863e- 04 reg: 6.642555e 01 (9 / 100)
val _acc: 0. T reg: 1.
val acc: 0.154000 1r: 1.618508e- 06 reg: 4.925252e 01 (11 / 100)
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Now run finer search...

max_count = 100 ;
“ ; adjust range max_count = 100
for count in xrange(max_count): J g for count in xrange(max_count):
reg = 10**uq1form(-5, 5) —> reg = 10**uniform(-4, 0)
ll’ = 10**Unlf0rm('3, '6) 1r = l@**uniform{._}: -4:]

val acc: 0.527000, lr: 5.340517e-04, 4.097824e-01, (0 / 100)
Val acc: 0.492000, T Z2.279484e-04, T 9.991345e-04,
val _acc: 0.512000, lr: 8.680827e-04, reg: 1.349727e-02, (2 / 100)
val acc: 0.461000, lr: 1.028377e-04, reg: 1.220193e-02, (3 / 100)
val acc: 0.460000, lr: 1.113730e-04, reg: 5.244309e-02, (4 / 100) .
val acc: 0.498000, lr: 9.477776e-04, reg: 2.001293e-03, (5 / 100) 53% - relatively good
val acc: 0.469000, lr: 1.484369e-04, reg: 4.328313e-01, (6 / 100) -
val acc: 0.522000, Lr: 5.586261e-04, req: 2.312685e-04, (7 / 100) fo_r a2 'a}’er neural net
val acc: 0.530000, lr: 5.808183e-04, req: 8.259964e-02, (8 / 100) with 50 hidden neurons.
val acc: 0.489000, lr: 1.979168e-04, reg: 1.010889e-04, (9 / 100)
val _acc: 0.490000, lr: 2.036031e-04, reg: 2.406271e-03, (10 / 100)
val acc: 0.475000, lr: 2.021162e-04, reg: 2.287807e-01, (11 / 160)
val _acc: 0.460000, lr: 1.135527e-04, reg: 3.905040e-02, (12 / 100)
val acc: 0.515000, lr: 6.947668e-04, reg: 1.562808e-02, (13 / 100)
[ val acc: 0.531000, lr: 9.471549¢-04, reg: 1.433895e-03, (14 / 100) |
val acc: 0.509000, Lr: 3.140888e-04, reg: 2.857518e-01, (15 / 100)
val _acc: 0.514000, lr: 6.438349e-04, reg: 3.03378le-01, (16 / 100)
val acc: 0.502000, lr: 3.921784e-04, reg: 2.707126e-04, (17 / 100)
val _acc: 0.509000, lr: 9.752279e-04, reg: 2.850865e-03, (18 / 100)
val acc: 0.500000, lr: 2.412048e-04, 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)
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Now run finer search...

max_count = 100 ;
“ ; adjust range max_count = 100
for count in xrange(max_count): J g for count in xrange(max_count):
reg = 10**uq1form(-5, 5) —> reg = 10**uniform(-4, 0)
ll’ = 10**Unlf0rm('3, '6) 1r = l@**uniform{._}: -4:]

val acc: 0.527000, lr: 5.340517e-04, reg: 4.097824e-01, (0 / 100)
Val acc: 0.492000, T 2.279483e-04, T1eg: 9.991345e-04,
val acc: 0.512000, lr: 8.680827e-04, reg: 1.349727e-02, (2 / 100)
val acc: 0.461000, lr: 1.028377e-04, reg: 1.220193e-02, (3 / 100)
val_acc: 0.460000, lr: 1.113730e-04, reg: 5.244309e-02, (4 / 100) .
val acc: 0.498000, lr: 9.477776e-04, reg: 2.001293e-03, (5 / 100) 53% - relatively good
val acc: 0.469000, lr: 1.484369e-04, reg: 4.328313e-01, (6 / 100) -
val acc: 0.522000, Lr: 5.586261e-04, reg: 2.312685e-04, (7 / 100) fo_r a2 'a}’er neural net
val_acc: 0.530000, lr: 5.808183e-04, req: 8.259964e-02, (8 / 100) with 50 hidden neurons.
val acc: 0.489000, lr: 1.979168e-04, reg: 1.010889e-04, (9 / 100)
val acc: 0.490000, lr: 2.036031e-04, reg: 2.406271e-03, (10 / 100)
val acc: 0.475000, lr: 2.021162e-04, reg: 2.287807e-01, (11 / 160) i .
val acc: 0.460000, lr: 1.135527e-04, reg: 3.905040e-02, (12 / 100) BU'F th'_s best CI’O.SS
val acc: 0.515000, lr: 6.947668e-04, reg: 1.562808e-02, (13 / 100) validation result is
[ val acc: 0.531000, Lr: 9.471549e-04, reg: 1.433895€-03, (14 / 100) |<4— .
val acc: 0.509000, Lr: 3.140888e-04, reg: 2.857518e-01, (15 / 100) worrying. Why?
val acc: 0.514000, lr: 6.43834%9e-04, reg: 3.03378le-01, (16 / 100)
val_acc: 0.502000, lr: 3.921784e-04, reg: 2.707126e-04, (17 / 160)
val acc: 0.509000, lr: 9.752279e-04, reg: 2.850865e-03, (18 / 100)
val_acc: 0.500000, lr: 2.412048e-04, reg: 4.997821e-04, (19 / 160)
val acc: 0.466000, lr: 1.319314e-04, reg: 1.189915e-02, (20 / 100)
val acc: ©.516000, lr: 8.039527e-04, reg: 1.528291e-02, (21 / 160)
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Random Search vs. Grid Search

Grid Layout Random Lavyout
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Random Search for Hyper-Parameter Optimization
Bergstra and Bengio, 2012
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Regularization: Dropout
“‘randomly set some neurons to zero in the forward pass”
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(a) Standard Neural Net (b) After applying dropout. [Srivastava et al., 2014]
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def train_step(X):
"nm X contains the data

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

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

H2 = np.maximum(©®, np.dot(W2, H1l) + b2)

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

H2 *= U2 # drop!

out = np.dot(W3, H2) + b3
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Waaaalit a second...
How could this possibly be a good idea?
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Waaaalit a second...
How could this possibly be a good idea?

Forces the network to have a redundant representation.

has an ear

has a tail R

is furry — X, cat
7 score

has claws +/
mischievous

look

T
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- Training with occlusions?

Hiding because you
Know it's "Vet" day!
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Waaaalit a second...
How could this possibly be a good idea?

Another interpretation:

Dropout is training a large ensemble
of models (that share parameters).

Each binary mask is one model, gets
trained on only ~one datapoint.
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At test time....
Can in fact do this with a single forward pass! (approximately)

Leave all input neurons turned on (no dropout).

(this can be shown to be an
approximation to evaluating
the whole ensemble)

Subhransu Maji, Chuang Gan and TAs _
Some slides kindly provided by Fei-Fei Li, Jiajun Wu, Erik Learned-Miller LeCtU re 10 15 8 OCt 2024




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

Leave all input neurons turned on (no dropout).

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

What would its output be during training
time, in expectation? (e.g. if p = 0.5)
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At test time....
Can in fact do this with a single forward pass! (approximately)

Leave all input neurons turned on (no dropout).

during test: a = wO*x + wl*y

i during train:
E[a] =¥ * (wO*0 + w1*0
wO*0 + wl*y
wO0 wl wO*Xx + wl*0

wO*X + wl*y)
=Ya* (2 WwO*X + 2 wl*y)
=5 * (wO*X + wl*
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At test time....
Can in fact do this with a single forward pass! (approximately)

Leave all input neurons turned on (no dropout).

during test: a = wO*x + Wl*y With p=0.5, using all inputs
in the forward pass would

duri ng train: inflate the activations by 2x
E[a] =1/, * (WO*O + W1*0 from what the network was

“used to” during training!

WO*O + Wl*y => Have to cor_npe_nsate by
scaling the activations back

wo i WO*X + wid#Oy v
wO*X + wl*y)
= Y4 * (2 WwO*X + 2 wl*y)
=15 * (WwO*X + wl*
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We can do something approximate analytically

def predlct(X)

H1 = np. max1mum(®, np. dot(Wl X) + bl) * p ¢ E: scale the activa
H2 = np.maximum(©@, np.dot(W2, H1l) + b2) * p # NOTE: scale the act
out = np.dot(W3, H2) + b3

At test time all neurons are active always
=> We must scale the activations so that for each neuron:
output at test time = expected output at training time
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""" Vanilla Dropout: Not recommended implementation (see notes below) """

Dropout Summary

p=0.5#%

def train_step(X):
" X contains the data ""'

Hl1 = np.maximum(©®, np.dot(Wl, X) + bl)
Ul = np.random.rand(*Hl.shape) < p #
Hl *= Ul # droj .
A2 = np.maximum(D, np.dot(WZ, HI) + b2) drop N forwal‘d paSS
U2 = np.random.rand(*H2.shape) < p # s« ‘ pout mask

H2 *= U2 # droj

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

def predict(X):

H1 = np.maximum(@, nb;dﬁt(WI, X) + bl)|[* p # NOTE SEAtEEhE actavaL] E;(:EiIEE at test tirT1EB

H2 = np.maximum(©, np.dot(W2, H1l) + b2) * p ¢
out = np.dot(W3, H2) + b3
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Convolution Layer

32x32x3 image

32 height

32 width

3 depth
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Convolution Layer

32x32x3 image

5x5x3 filter
32 £/
I Convolve the filter with the image
i.e. “slide over the image spatially,

computing dot products”

32
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ConVOIUtion I—a-yer Filters always extend the full
. depth of the input volume

32x32x3 Image /
5x5x3 filter
32 74
I Convolve the filter with the image
i.e. “slide over the image spatially,

computing dot products”

32
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Convolution Layer
__— 32x32x3 image

5x5x3 filter w
=
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)

3 wir +b

™~ 1 number:
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Convolution Layer

__— 32x32x3 image

V
=

32
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5x5x3 filter

[

convolve (slide) over all
spatial locations

»

activation map

28

28
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- consider a second, green filter
Convolution Layer d, green filte

L 32x32x3 image activation maps

5x5x3 filter
=
@>@ -

convolve (slide) over all
spatial locations

32 / 28
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For example, if we had 6 5x5 filters, we’'ll get 6 separate activation maps:

activation maps

32

28

v

Convolution Layer

32 28
3 6

We stack these up to get a “new image” of size 28x28x6!
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Preview: ConvNet is a sequence of Convolution Layers, interspersed with
activation functions

32 28

»
»

CONV,
RelLU
e.g. 6
5x5x3
filters

32 28
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Preview: ConvNet is a sequence of Convolutional Layers, interspersed with
activation functions

32 28 24
CONV, CONV, CONV,
RelLU RelLU RelLU
e.g. 6 e.g. 10
5x5x3 5x5x6
32 filters 28 filters 24
3 6 10
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Preview [From recent Yann
LeCun slides]

Low-Level| |Mid-Level| |High-Level| | Trainable
Feature Feature Feature Classifier

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]
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Preview

Low-Level Mid-Level
—

High-Level| | Trainable | LeCun slides]
Feature Feature

Feature Classifier
L

_‘I [From recent Yann

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]

Hubel & Weisel featural hierarchy

topographical mappi )
’ s er-complex @ high level

cells
@ mid level
D

complex cells
simplecells
O low level
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, SRCGINEEREDNAMITAYEENESESAETIEEERESRG
one filter => _
one activation map example 5x5 filters

(32 total)

Activations:

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

fleylsgleyl = Y Y flnn,l-glx—n,y—n,]

elementwise multiplication and sum of
.i- . a filter and the signal (image)
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preview:

RELU RELU RELU RELU RELU RELU
CONV [CONV CONV | CONV CONV | CONV FC

bbb b b dbddid bl

W

Is

\ \\l
lit'l

JERVRVEVE RO
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A closer look at spatial dimensions:

activation map

__— 32x32x3 Image
5x5x3 filter

2
——0 ”

convolve (slide) over all
spatial locations

32 28
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A closer look at spatial dimensions:

7

7X7 input (spatially)
assume 3x3 filter

Subhransu Maji, Chuang Gan and TAs _
Some slides kindly provided by Fei-Fei Li, Jiajun Wu, Erik Learned-Miller LeCtU re 10 35 8 OCt 2024




A closer look at spatial dimensions:

7

7X7 input (spatially)
assume 3x3 filter
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A closer look at spatial dimensions:

7

7X7 input (spatially)
assume 3x3 filter
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A closer look at spatial dimensions:

7

7X7 input (spatially)
assume 3x3 filter
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A closer look at spatial dimensions:

7

7X7 input (spatially)
assume 3x3 filter

=> 5x5 output
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A closer look at spatial dimensions:

2
/X7 input (spatially)

assume 3x3 filter
applied with stride 2

Subhransu Maji, Chuang Gan and TAs _
Some slides kindly provided by Fei-Fei Li, Jiajun Wu, Erik Learned-Miller LeCtU re 10 40 8 OCt 2024




A closer look at spatial dimensions:

2
/X7 input (spatially)

assume 3x3 filter
applied with stride 2
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A closer look at spatial dimensions:

2
/X7 input (spatially)

assume 3x3 filter
applied with stride 2
=> 3x3 output!
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A closer look at spatial dimensions:

2
/X7 input (spatially)

assume 3x3 filter
applied with stride 3?
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A closer look at spatial dimensions:

7

/X7 input (spatially)
assume 3x3 filter
applied with stride 3?

7 doesn’t fit!
cannot apply 3x3 filter on
/X7 input with stride 3.
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Output size:
(N-F)/stride +1

eg.N=7,F=3:
stridel=>(7-3)/1+1=5
stride2=>(7-3)2+1=3
stride 3=>(7-3)/[3+1=2.33:\
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n practice: Common to zero pad the border
il Il e e.g. input 7x7
0 3x3 filter, applied with stride 1
0 pad with 1 pixel border => what is the output?
0
0
(recall:)
(N-F)/stride +1
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n practice: Common to zero pad the border

0/{0|0|0]|0O]|O

e.g. input 7x7
0 3x3 filter, applied with stride 1
0 pad with 1 pixel border => what is the output?
° /X7 output!
0
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n practice: Common to zero pad the border

0/{0|0|0]|0O]|O

e.g. input 7x7
0 3x3 filter, applied with stride 1
0 pad with 1 pixel border => what is the output?
° /X7 output!
0 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
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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.

32 28 24
CONYV, CONYV, CONYV,
RelLU RelLU RelLU
e.g. 6 e.g. 10
5x5x3 5x5x6
32 filters 28 filters 24
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Examples time: / /

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

Output volume size: ?
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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
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Examples time: / /

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

Number of parameters in this layer?
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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
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Summary. To summarize, the Conv Layer:

» Accepts a volume of size W; x Hy x D,
» 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 D, where:
o Wo=(Wy —F+2P)/S+1
o Hy = (Hy — F +2P)/S + 1 (i.e. width and height are computed equally by symmetry)
° D2 =K
« With parameter sharing, it introduces F' - F' - Dy 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 W5 x H,) 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.
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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 D, - F=3,S=1,P=1
» Requires four hyperparameters: . . .
o Number of filters K, - F=55=1P=2
o their spatial extent F', - F= 5’ S = 21 P=7 (Whatever fItS)
o the stride S, - F=1,S=1,P=0
o the amount of zero padding P.

Produces a volume of size Wy x Hy x D, where:

o Wo=(Wy —F+2P)/S+1

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

° D2 =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 W5 x H,) 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.
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(btw, 1x1 convolution layers make perfect sense)

1x1 CONV

56 with 32 filters 56

»

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

56 product)

64 32

56
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Parameters: * in_channels (int) - Number of channels in the input image

Exam I e . o out_channels (int) - Number of channels produced by the convolution
p . o kernel_size (int or tupie) - Size of the convolving kernel
o stride (int or tuple, optional) - Stride of the convolution, Default: 1

n n . CO nV2 d i n PyTO rCh o padding (int or tupie, optional) - Zero-padding added to both sides of the input.

Default: 0
» dilation (Int or tupie, optional) - Spacing between kernel elements, Default: 1

» groups (int, optional) - Number of blocked connections from input channels to
output channels. Defauit: 1

class torch.nn.Conv2diin_channels, out_channels, kernel_size, stride=1, padding=0, dilation=1, groups=1 o bias (bool, optional) - If True, adds a learnable bias to the output. Default: True
bias=True)

Applies a 2D convolution over an input signal composed of several input planes

Shape:

In the simplest case, the output value of the layer with input size (N, C,,,, H, W) and output g <
P P sohert o pu e o Input:(N.C,,. Hi,. W,,)

o Output: (N. C.or. H.ouio W) where
H . = floor((H,, + 2 * padding|0] — dilation|0] * (kernel_size[0] — 1) — 1 Vstride[0] + 1)
W, = floor((W,, + 2 = padding[1] — dilation[1] = (kernel_size[1] — 1) — V)istride[1] + 1)

(N, Couer Hosr Woir) can be precisely described as:

o e . -1 2 . ’
out(N;, Cour,) = bias(Coge)) + X150 weight(Coy k) * inpur(N;, k

where x is the valid 2D cross-correlation operator
Variables: o weight (T ) = the learnable weights of the module of shape (out_channels,
in_channels, kernel_size[0), kernel_size{1))
Summary. To summarize, the Conv Layer. o bias (Tensor) - the learnable bias of the module of shape (out_channels)

* Accepts a volume of size W x Hy x Dy
« Requires four hyperparameters:
~ Number Of fll!efS K - s = nn.Conv2d(16, 33, 3, stride=2)
o their spatial extent F, oo & = nnCom2d(16, 3. 3. 59 strides(z. 1), peddingate. 3))
¢ the Stflde S ‘ m = nn.Conv2d{16, 33, (3, 5), stride=(2, 1), padding=(4,
o the amount of zero padding P » nput = autograd.Variable(torch.randn(26, 16, 58, 10t

»» output = s(input)

Examples:

2), dilation=(3, 1))
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http://pytorch.org/docs/master/nn.html

Example:
vl nnconv in MatConvNet

Summary. To summarize, the Conv Layer.

* Accepts a volume of size W x Hy x Dy
» Requires four hyperparameters:

o Number of filters K,

o their spatial extent F,

o the stride S,

¢ the amount of zero padding P

Subhransu Maji, Chuang Gan and TAs

VL_NNCONV - CNN convolution.

Y = VL_NNCONV(X, F, B) computes the convolution of the image X with the filier bank F and biases B. If B is the empty matrix, then
no biases are added. If F is the empty matrix, then the function does not filter the image, but still adds the baases and applies
downsampling and padding as explained below.

X is an array of dimension H x W x C x N where (H,W) are the height and width of the image stack, C is the number of feature
channeis, and N ts the number of images in the batch

F 1s an array of dimension FW x FH x FC x K where (FH,FW) are the filter height and width and K the number o filters in the bank. FC
is the number of feature channels in each filter and must match the number of feature channels C in X. Akernatively, FC can

« dnde* the C; in this case, iters are assumed 1o form G=C/FC
« groups* of equal size (where G must drade K). Each group of
filkers works on a consecutive subset of feature channels of the input array X

[DX, DF, DB] = VL_NNCONV(X, F, B, DY) computes the derivatives of the operator projected onto P. DX, DF, DB, and DY have the
same damensions as X, F, B, and Y, respectively, In particular, i B is the emply matrix, then DB i1s also empty.

VL_NNCONV() implements a special fully-connected mode: when the support of the filters matches exactly the support of the nput
image, the code uses an optimized path for faster computaton

VL_NNCONV(..., ‘option’, value, ...) accepts the following options;
o Stride [1]

Set the output stnde or downsampling factoe. If the value is a scalar, then the same stride is applied 10 both vertical and
horizontal directions; otherwise, passing [STRIDEY STRIDEX] allows specitying different downsampling factors for each
direcuon

« Pad [0]

Set the amount of nput padding. Input images are pacdded with zeros by this number of pixels before the convolution is
computed. Passing [TOP BOTTOM LEFT RIGHT] allows specifying different padding amounts for the top, bottom, left, and
nght sides respectively. Passing a single scalar apphes the same padding to all borders

Dilate (1]

Set the kernel dilation factor, Passing [DILATEY DILATEX) allows speciying different dilabon factors for Y and X, Filters are
Glated by inseruing DILATE-1 zeros between flier elements. For example, the filter
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http://www.vlfeat.org/matconvnet/mfiles/vl_nnconv/

Example:
Convolution in Caffe

layer {
name: “"convl"
type: "Convolution”
bottom: "data”
top: "convl"
# learning rate and decay multipliers for the filters
param { lr_mult: 1 decay mult: 1 }
# learning rate and decay multipliers for the biases
param { lr_mult: 2 decay _mult: O }
convolution_param {

num_output: 96 # learn 96 filters
kernel_size: 11 # each filter 1s 11x11
stride: 4 # step 4 pixels between each filter application

weight_filler {
type: "gaussian" # initialize the filters from a Gaussian

Summary. To summarize, the Conv Layer. std: 0.01 # distribution with stdev 0.01 (default mean: 0)
o Accepts a volume of size W} x H; x D, bias_filler { e .
type: "constant" # initialize the biases to zero (0)
» Requires four hyperparameters value: O
o Number of filters K, }
o their spatial extent F, }

o the stride S,
¢ the amount of zero padding P
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http://caffe.berkeleyvision.org/tutorial/layers/convolution.html

Example:

tf.nn.conv2d in TensorFlow

Args:

conv2d(
input,
filter,
strides,
padding,
use_cudnn_on_gpu=None,
data_format=None,
name=None

Summary. To summarize, the Conv Layer:

* Accepts a volume of size W x Hy x Dy
* Requires four hyperparameters:

Number of filters K,

their spatial extent F,

the stride S,

the amount of zero padding P

o

o

o

o

Subhransu Maji, Chuang Gan and TAs

input : A Tensor . Must be one of the following types: half, float32.A 4-D tensor. The dimension order is
interpreted according to the value of data_format, see below for details.

filter: A Tensor . Must have the same type as input . A 4-D tensor of shape [filter_height,
filter_width, in_channels, out_channels]

strides: Alist of ints. 1-D tensor of length 4. The stride of the sliding window for each dimension of input .
The dimension order is determined by the value of data_format, see below for details.

padding : A string from: "SAME", "VALID" . The type of padding algorithm to use.
use_cudnn_on_gpu : An optional bool . Defaultsto True.

data_format : An optional string from: "NHWC", “NCHW" .Defaultsto "NHWC" . Specify the data format of the
input and output data. With the default format *"NHWC", the data is stored in the order of: [batch, height, width,
channels]. Alternatively, the format could be "NCHW", the data storage order of: [batch, channels, height, width].

name : A name for the operation (optional).

Returns:

A Tensor . Has the same type as input . A 4-D tensor. The dimension order is determined by the value of
data_format , see below for details.
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https://www.tensorflow.org/api_docs/python/tf/nn/conv2d

The brain/neuron view of CONV Layer

__— 32x32x3 Image

5x5x3 filter
2
\ 1 number:

32 the result of taking a dot product between
the filter and this part of the image
(i.e. 5*5*3 = 75-dimensional dot product)
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The brain/neuron view of CONV Layer

__— 32x32x3 image g synapse

5x5x3 filter k.
2 ‘
1 number:
32 the result of taking a dot product between

the filter and this part of the image
(i.e. 5*5*3 = 75-dimensional dot product)

(Zem)

- >
oulput axon

activation
function

It's just a neuron with local
connectivity...
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The brain/neuron view of CONV Layer

32

32

Subhransu Maji, Chuang Gan and TAs

Zo

An activation map is a 28x28 sheet of neuron
outputs:
1. Each is connected to a small region in the input

2.

All of them share parameters

A major advantage of
CONV layer!

“5x5 filter” -> “5x5 receptive field for each neuron”
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How could we make a standard neural network have local
connectivity?

e |Instead of have a connection from every unit in a hidden layer to
the whole image, what if we only had connections to things that
were “nearby™?

e Have to define a notion of “nearness”.

e Give every unit coordinates in 3 dimensions (like layers in the
brain).

e Now, introduce a penalty that makes the weights smaller when the
connections are across a greater distance.

e This will naturally lead to local connectivty.

e Projectidea!l
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Fully versus locally connected units

FULLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET

Example 20002000 image
IM hiddes uning
) 10712 perometersi

Enoenple: OO 00 imege
IM hidden s
Filter e 1C230
WOM poremeters

- Sparid coeredaton is locdd
- Belter %2 put mesocrced elscabere

Ao
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The brain/neuron view of CONV Layer

32

32

OO0 0O(
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28

28

E.g. with 5 filters,

CONV layer consists of
neurons arranged in a 3D grid
(28x28x5)

There will be 5 different

neurons all looking at the same
region in the input volume

8 Oct 2024
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two more layers to go: POOL/FC

RELU RELU
CONV | CONV

¢

RELU RELU RELU RELU
CONV [CONV CONV | CONV

EERENNY

W

Is

‘|
\\/

lit'l

JERVRVEVE RO
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Pooling layer

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

224x224x64
112x112x64

pool

—

e 112
downsampling
112
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MAX POOLING

Single depth slice

« 1 11|24
max pool with 2x2 filters
516 |7 | 8 and stride 2 6 | 8
31210 3|4
1 12| 3| 4
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e Accepts a volume of size W x Hy x Dy
¢ Requires three hyperparameters:
o their spatial extent F,
o the stride S,
» Produces a volume of size Wy x Hy x D, where:
o Wy = (W —F)/S+1
o Hy=(H,-F)/S+1
° D2 — Dl
 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
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Common settings:

1
W N

¢ Requires three hyperparameters:
o their spatial extent F,
o the stride S,
» Produces a volume of size Wy x Hy x D, where:
o Wy = (W —F)/S+1
o Hy=(H,-F)/S+1
° D2 — Dl
 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

e Accepts a volume of size W x Hy x Dy F
F

2
2
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Why do we need pooling?

e Pool information by increasing receptive field
e Provide some spatial invariance
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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

CiNV lco;wl « cowvlcciwvl

@ifplane
Ship

horse

(CERERIRUNNS

~
-—
=
|
p—
-
-
g
-
e~
=
ot
- —
p—
-
-
=2
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[ConvNetJS demo: training on CIFAR-10]

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

Receptive field
Which pixels in the input image have impact on the value of v?

9x9

32

32

v

CONV
(5x5x3),
RelLU

5x5

28
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28

v

CONV
(5x5x6),
RelLU

24
1x1 >
| fv CONV,
RelLU
24
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Receptive field

Which pixels in the input image have impact on the value of v?
With POOL Layers?

32 / 14
16x16
- 6Xx6 ; 11l 5 ;
CONV g CONV v CONV,
(5x5x3), (5x5x6), RelLU,
RelU, RelU, 5 POOL
POOL POOL 10
32 (2x2) 14 (2x2)
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Dilated convolution, for even larger receptive fields

[1 3]
[2 4]

is implicitly treated as

[1 0 3]
[0 0 D]
[2 0 4]

by setting DILATE equal to 2.

(a) (b)

Figure 1: Systematic dilation supports exponential expansion of the receptive field without loss of
resolution or coverage. (a) I is produced from Fj by a 1-dilated convolution; each element in F
has a receptive field of 3 x 3. (b) F5 is produced from F; by a 2-dilated convolution; each element
in F5 has a receptive field of 7 x 7. (c) F3 is produced from F5 by a 4-dilated convolution; each
element in F3 has a receptive field of 15x 15. The number of parameters associated with each layer
1s identical. The receptive field grows exponentially while the number of parameters grows linearly.

Multi-Scale Context Aggregation by Dilated Convolutions, Fisher Yu, Vladlen Koltun
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Case Study: LeNet-5

[LeCun et al., 1998]

61: foal C3: f. maps 16@10x10
L leaiure mapgs 41 1 5x5
INPUT E@28:28 maps 16@

I
| Full cmrLectiﬂn ‘ Gaussian connections

Convolutions Subsampling Corvolutions  Subsampling Full connection

Conv filters were 5x5, applied at stride 1
Subsampling (Pooling) layers were 2x2 applied at stride 2
l.e. architecture is [CONV-POOL-CONV-POOL-CONV-FC]
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128 imap \dense
13
P
13 dense | dense
18 Max -
1 Fiell

nnnnn Q

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
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Case Study: AlexNet

[Krizhevsky et al. 2012]

) {_ 07 153 T =ty \dense
S s N
11 !1 : . Tomm ¥
,| e ' \u dense | [densd
182 192 18 Max -
1 204

M podlin 9

=]
=

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?
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Case Study: AlexNet

[Krizhevsky et al. 2012]

,| e ' \u denze | dense
182 192 18 Max -
1 204

M podlin 9

=]
=

Input: 227x227x3 images

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

Output volume [55x55x96]

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

Subhransu Maji, Chuang Gan and TAs _
Some slides kindly provided by Fei-Fei Li, JiajJun Wu, Erik Learned-Miller LeCtU re 10 82 8 OCt 2024




Case Study: AlexNet

[Krizhevsky et al. 2012]

- ‘ZZ -
5% 192 [
e, 1 1

T iEan \dense
f -
r ﬁ"': 4 . Tomm ¥
ﬁ” T ] 13 den arse
[EF) 152
128

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?
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Case Study: AlexNet

[Krizhevsky et al. 2012]

X _"'.._'. | -_.- -
b L 152 178 g ydense
¥ g .
b o \\‘ N "
= ' 13 d

Input: 227x227x3 images
After CONV1: 55x55x96

Second layer (POOL1): 3x3 filters applied at stride 2
Output volume: 27x27x96
Parameters: 0!
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Case Study: AlexNet

[Krizhevsky et al. 2012]

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

[Krizhevsky et al. 2012]

S —

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] 4096 neurons

[4096] 4096 neurons

[1000] 1000 neurons (class scores)
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Case Study: AlexNet

[Krizhevsky et al. 2012]

"
182 19 148 mMax

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] 4096 neurons

[4096] 4096 neurons

[1000] 1000 neurons (class scores)

pocling

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

-7 CNN ensemble: 18.2% -> 15.4%
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Case StUdy ZFNet  [zeilerand Fergus, 2013]

image size 224 110 26 13 13 13 . _
filter size 7 3 I 3
&1 384 & 1 \384 \256 B
stride 2 96 3x3 max 3x3 max C
3x3 max pool| | contras pool pool 4096| | 4096 class
stride 2 stride 2| [norm. stride 2 units units| | softmax
3 L
\ 55 13 g 5
Input Image o5 = -
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%
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ConvNet C onhg-urulmn |
A A-LRN B C | D E

N 11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
aS e u y . e layers layers layers layers layers layers

input (224 x 224 RGB unagi)

[Slmo nyan and Zisserman, 2014] convi-64 | convi-6d4 | convi-64 | convi-64 | convi-64 || convi-64
LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool

. conv3-128 3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128

Only 3x3 CONV stride 1, pad 1 o o com3-128 | conv3-128 | com3-128 | conva-128
. maxpool

and 2X2 MAX POOL Strlde 2 conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 § conv3-256

conv3-256 | conv3-256 | conv3-256 W conv3-256 @ conv3-256
/ convl-256 § conv3-256 J conv3-256
conv3-256

maxpool
conv3-S12 | conv3-512 | conv3-S12 | conv3-512 § conv3-512 J conv3-S12
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 § conv3-512
convl-512 § conv3-512 J conv3-512
conv3-512

maxpool
conv3i-512 | conv3-512 | conv3-312 | conv3-512 | conv3-512 § convi-S12

beSt m Odel conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 [ conv3-512
convl-512 § conv3-512

conv3-512

conv3-512

maxpool
FC-4096
FC-4096

11.2% top 5 error in ILSVRC 2013 FC-T000

soft-max
->
Table 2: Number of parameters (in millions).

7.3% top 5 error Network AAIRN [ B[ C [ D | E

Number of parameters 133 133 1 134 | 138 | 144
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(not counting biases)

INPUT: [224x224X3] memory: 224*224*3=150K params: O

ConvNet C onﬁg'uratmn

CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728 B C D
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864 13 weight | 16 weight [ 16 weight E
POOL2: [112x112x64] memory: 112*112*64=800K params: 0 layers e layers
CONV3-128: [112x112x128] memory: 112¥112*128=1.6M params: (3*3*64)*128 = 73,728 ~ RLCZ =i t0iimaey |
CONV3-128: [112x112x128] memory: 112*112%128=1.6M params: (3*3*128)*128 = 147,456 comv36d | comvaed Ml comsed | o
POOL2: [56x56x128] memory: 56*56*128=400K params: O maxpool
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912 oomyS-125: | coma12% | couysches I“O‘
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824 °°“""‘"f:;“p:0°l""3"-8 G2l L
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824 conv3-256 | comv3256 W conv3-256 1 oo
POOL2: [28x28x256] memory: 28*28*256=200K params: O conv3-256 | conv3-256 [ conv3-256 § co
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648 conv1-256 | conv3-256 | co
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296 Ty —
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296 conv3-312 | conv3-312 [fconv3-312 | co
POOL2: [14x14x512] memory: 14*14*512=100K params: O conv3-512 | conv3-512 ff conv3-512 § co
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3¥3*512)*512 = 2,359,296 convi-S12 fcom3-S12 | co
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 o]
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 conv3-312 | convi->12 f convi->12 f co
POOL2: [7x7x512] memory: 7*7*512=25K params: 0 conv3-312: | convi-312 § comviSl2 J.co
convl-512 |§ conv3-512 § co
FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448 col
FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216 maxpool
FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000 ;2:2%5,
FC-1000
soft-max

Subhransu Maji, Chuang Gan and TAs
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INPUT: [224x224x3]  memory: 224+224*3=150K params:0 (Ot counting biases)
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: 0

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

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: O

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: O

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

Subhransu Maji, Chuang Gan and TAs
Some slides kindly provided by Fei-Fei Li, Jiajun Wu, Erik Learned-Miller

ConvNet C onﬁg'uratmn

B

C

D

13 weight
layers

16 weight
layers

16 weight
layers

-

put (224 x 224 RGB imag

conv3-64
conv3-64

conv3-64
conv3-64

conv3-64
conv3-64

max

conv3-128
conv3-128

conv3-128
conv3-128

convi-128
conv3-128

max

pool

conv3-256
conv3-256

conv3-256
conv3-256
convl-256

conv3-256
conv3-256
conv3-256

max

pool

conv3-512
conv3-512

conv3-512
conv3-512
convl-512

convi-512
conv3-512
conv3-512

max

conv3-512
conv3-512

conv3-512
conv3-512
convl-512

convi-S512
conv3-512

conv3-512

col

max

pool

FC-4096

FC-4096

FC-1000

soft-max
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INPUT: [224x224x3]  memory: 224+224*3=150K params:0 (Ot 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 . (3*3*64)*64 = 36,864

POOL2: [112x112x64] memory: 112*112*64=800K pagnlb .
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: O

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: O

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: O Most params are
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 in late EC
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
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Case StUdy Goog LeNet [Szegedy et al., 2014]

Jul-uuﬁkﬁ}]

T
oy R sl s “===| Inception module
\\R_:‘_‘“_"‘“ o __;:iﬂiﬂ___ai:ww
Frevius s ILSVRC 2014 winner (6.7% top 5 error)
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Case Study: GooglLeNet

I type P-::d?d oq:;::l depth #1x1 i::‘: #3x3 :i::cz #5x ::; params ops
convolution T™x7/2 112x112x64 1 279K M
max pool 3x3/2 56 x56 %64 0
convolution 3x3/1 56 x56x 192 2 64 192 112K 360M
max pool 3x3/2 28x28x 192 0
inception (3a) 28 x 28 x 256 2 64 96 128 16 32 32 159K 123M
inception (3b) 28 x28x 480 2 128 128 192 32 2% 64 380K I04M
max pool 3x3/2 14 X 14 %480 0
inception (4a) 14x14x512 2 192 96 208 16 48 64 364K M
inception (4b) 14x14x512 2 160 12 224 24 64 64 437K 88M
mnception (4¢) 14x14x512 2 128 128 256 24 64 64 463K 100M
inception (4d) 14x 14x 528 2 112 144 288 32 64 64 S80K 1I9M
inception (d¢) 14x 14x 832 2 256 160 320 32 128 128 840K 170M
max pool 3x3/2 TxTx832 0
inception (5a) TXTx832 2 256 160 320 32 128 128 1072K 54aM
inception (5b) TxTx1024 2 384 192 384 48 128 128 1388K 7IM
avg pool TXT/1 1x1x1024 0
dropout (40%) 1x1x1024 0
lincar 1x1x1000 1 1000K IM
softmax 1x1x1000 0

Subhransu Maji, Chuang Gan and TAs
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Fun features:

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

Compared to AlexNet:
- 12X less params

- 2X more compute

- 6.67% (vs. 16.4%)
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Case Study: ResNet [MHeetal, 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

According to Google Scholar Metrics, as of June 2017:

Deep Residual Learning for Image Recognition « "Deep Residual Learning for Image Recognition” is the most cited paper published in CVPR 2016.
Kaiming He, Xiangyu Zhang, Shaoging Ren, and Jian Sun

IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2016 (Oral). CVPR Best Paper Award

v codelmodels talk slides: ILSVRC workshop ICML tutorial CVPR ora

ILSVRC & COCO competitions 2015: we won the 1st places in ImageNet classification, ImageNet detection, ImageNet localization, COCO detection, and COCO segmentation!

Subhransu Maji, Chuang Gan and TAs _
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https://www.youtube.com/watch?v=1PGLj-uKT1w

Revolution of Depth

152 layers
A
\
\
\
\
\
\
\
22 layers 19 Iayers \
. .
v 6.7

3.57 I_ ) I ‘ Blayers ] 8layers shallow

ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

2ICCV °

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. "Deep Resid

Research

(slide from Kaiming He's recent presentation)
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CIFAR-10 experiments

CIFAR-10 plain nets

201
)
<
= 10/
E
o -
\
\ \ \ =
plain-2(|
plain-32
= plain-44
= plain.54 :
0 a N " a
0 1 2 3 R S 6

Subhransu Maji, Chuang Gan and TAs

/ 56-layer
44-layer
- 32-layer

20-layer

solid: test
dashed: train

CIFAR-10 ResNets

= ResNet-20
ResNet-32
““ResNet-44
==ResNet-56
S ResNet-1104
20-layer
32-layer
44-layer
56-layer
110-layer
2 T 4 s 6
iter. (1e4)

8 Oct 2024

Lecture 10 - 97

Some slides kindly provided by Fei-Fei Li, JiajJun Wu, Erik Learned-Miller



Case Study: ResNet [MHeetal, 2015]

ILSVRC 2015 winner (3.6% top 5 error)

Revolution of Depth
AlexNet, 8 layers ? VGG, 19 layers ResNet, 152 layers
(ILSVRC 2012) (ILSVRC 2014) (ILSVRC 2015)
“2ICCV

Research

(slide from Kaiming He’s presentation)

Subhransu Maji, Chuang Gan and TAs

Lecture 10 -

2-3 weeks of training
on 8 GPU machine

at runtime: faster
than a VGGNet!
(even though it has
8x more layers)
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34-layer plain 34-layer residual

Case Study: -
Re S N et 224x224x3

[He et al., 2015] spatial dimension

[ 7x7com:.64,lz | | nnux,“,/z ] Only 56)(56'
po:'.lz poo*l./z

3x3 conv, 64 3x3 conv, 64
A 4 \ 4

3x3 conv, 64
\ 4

3x3 conv, 64
\ 4

3x3 conv, 64

J

]

]

% |
3x3conv, 64 |
J

J

|

|

I

3x3 conv, 64

4

3x3 conv, 64

[
[
[ 3x3cony, 64
l
[

Y

........

|
[
I
I
|
| 33 co'nv. 64
|
l
|
l

3x3 conv, 128, /2 | 33conv,128,/2 | T,

Y \ 4 Y

3x3 conv, 128 | 33comv,228 | .-
* ..........

3x3 conv, 128 | 3x3conv, 128
\ 4

3x3 conv, 128 | 3x3conv,128 |
v
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Case Study: ResNet  Heetal, 2015

* Plaint net * Residual net
X
"
weight layer weight layer
any two > e . .
stacked layers ¥ relu F(x) l €lu identity
weight layer weight layer X
relu
H(x) Y H(x) =F(x) +x
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Case Study: ResNet  [Heeta. 2015

- Batch Normalization after every CONYV 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 1le-5

- No dropout used

Subhransu Maji, Chuang Gan and TAs _
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Case Study: ResNet  Heetal, 2015

64-d 256-d

Y

| 1x1, 64 |
¢ relu

| 3x3, 64 |
l relu

| 1x1,256

relu
|
similar

' (for ResNet-50/101/152)
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Case Study: ResNet  Heetal, 2015

256-d

Y

[ 1x1, 64 |
l relu

| 3x3, 64 |
l relu

| 1x1, 256

(this trick is also used in GoogLeNet)
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Case Study: ResNet [Heetal., 2015]

layer name | output size 18-layer 34-layer ] 50-layer [ 101-layer 152-layer
convl 112x112 7x7, 64, stride 2
3x3 max pool, stride 2
1%1,64 ] 1x1,64 ] [ 1x1,64 ]
z 6x56 3, 6 3, 64 3 : ’
v || e [ 2": : ]x?_ iz: Z ]x3 3x3,64 | x3 3x3,64 | x3 3x3,64 |x3
Ll o | 1x1,256 | | 1x1,256 | | 1x1,256 |
- 1 : [ 1x1,128 ] [ 1x1,128 ] [ 1x1,128 ]
3x3, 3x3, 12 3 ! !
conv3.x 28 %28 3:.; :,2,2 X2 3:} :72 x4 3x3,128 | x4 3x3,128 | x4 3x3,128 | x8
BT R | 1%1;:512 | | 1x1,512 | | $%3:542: |
. . - . 1x1,256 ] 1%1,256 ] 1x1,256 ]
3x3,2 3x3,2 . g :
comvdx | 1x14 [| 3220 p || X320 I || 3x3,256 [x6 || 3x3,256 [x23 || 3x3,256 |x36
h SR SRR 1x1,1024 | 1x1,1024 | 1x1,1024 |
- ] : 1x1,512 ] Ix1,512 1x1,512
2 2 ’ ’ ’
conv5_x 7x7 ::;2:; X2 :z:g:; x3 3x3,512 | x3 3x3,512 | x3 3x3,512° |'%3
R Lesil 1x1,2048 | 1x1,2048 1x1,2048
1x1 average pool, 1000-d fc, softmax
FLOPs 1.8x 10" 3.6x10" | 3.8x10° | 7.6x10° 11.3x 10"

Subhransu Maji, Chuang Gan and TAs
Some slides kindly provided by Fei-Fei Li, JiajJun Wu, Erik Learned-Miller

Lecture 10 - 104 8 Oct 2024




Summary

- ConvNets stack CONV,POOL,FC layers

- Trend towards smaller filters and deeper architectures

- Trend towards getting rid of POOL/FC layers (just CONV)

- Typical architectures look like
[(CONV-RELU)*N-POOL?]*M-(FC-RELU)*K,SOFTMAX
where N is usually up to ~5, M is large, 0 <= K <= 2.
- but recent advances such as ResNet/GoogLeNet

challenge this paradigm
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