Lecture 18: Case Study on ConvNets
and Train Neural Networks
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« Case Study on ConvNets
- Data Processing for Neural Networks
- Babysitting the Learning process

- Hyperparameter Optimization
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Case Study: LeNet-5

[LeCun et al., 1998]

‘ C3:f. maps 16@10x10
INPUT C1: feature maps S4:f. maps 16@5x5

32x32 S2:f{. ma i
6@14::11)8 lr : ?250873 ';4(‘?1'319' quPUT

Convolutions Subsampling Corvolutions  Subsampling Full connection

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]
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Case Study: AlexNet

[Krizhevsky et al. 2012]

158 2048 Shas \dense
\ [ \3
i J e

13 dense dense)

192

« Input: 227x227x3 images

128 Max -
pooling *

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

° =>

« Q: what 1s the output volume size? Hint:

Lecture 18

(227-11)/4+1 =55
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Case Study: AlexNet

[Krizhevsky et al. 2012]

{I*t EN jj%‘.___m »
I Xz’ﬁ“Xzﬁs dense

192 128
13 \ | \13
| \ 3
I 13 dense | [dense]
162 128 Max 1y
pooling ° 048 2048

o Input: 227x227x3 images

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

«  QOutput volume [55xb5Hx906]

« Q: What is the total number of parameters in this layer?
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Case Study: AlexNet

[Krizhevsky et al. 2012]

{I*t X jj%‘.___m »
I Xz’ﬁ“Xzﬁs dense

192 128
13 \ 13
s ! ;
I 13 dense | |densel
162 128 Max 1y
pooling 2038 2048

o Input: 227x227x3 images

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

«  QOutput volume [55xb5Hx906]

« Parameters: (11*11*3)*96 = 35K
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Case Study: AlexNet

[Krizhevsky et al. 2012]

A

192 128
13 \ 13
s ! ;
I 13 dense | |densel
162 128 Max 1y
pooling 2038 2048

Input: 227x227x3 1images

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]

h:‘- { % EN K‘ 5
- R 192 128 2048 \ / 2048 \dense
“ANE 3, 13 13
=2 — =¥
4“-?._ A 3! =F L 3
13 T = 1 ha dense | [dense)
m 3I| =
192 162 128 Max 1y |
pooling 294¢ 2048

o Input: 227x227x3 images

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

« Parameters: O!
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Case Study: AlexNet

[Krizhevsky et al. 2012]

l]*t X K‘“’ »
I XZWXME dense

162 128 Max

Input: 227x22'(x3 images
After CONV1: b5x55x96
After POOL1: 27x27x96
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Case Study: AlexNet

[ S B
[Krizhevsky et al. 2012] 2
Full (simplified) AlexNet architecture: «  Details/Retrospectives:
[227x227x3] INPUT — first use of ReLLU
[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0 _ used Norm layers (not
[27x27x96] MAX POOL1: 3x3 filters at stride 2 common anymore)
[27x27x96] NORM1: Normalization layer — heavy data augmentation
[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2 — dropout 0.5
[13x13x256] MAX POOL2: 3x3 filters at stride 2 _ batch size 128

[13x13x256] NORM2: Normalization layer
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1

— SGD Momentum 0.9

— Learning rate 1le—2, reduced
by 10 manually when val

[13)(13)(256] CONV5 256 3)(3 ﬁ|teI'S at Stl’ide 1, pad 1 accuracy plateaus
[6x6x256] MAX POOL3: 3x3 filters at stride 2 — 1.2 weight decay 5e—4
[4096] - C6: 4096 neurons — 7 CNN ensemble: 18.2% —>
[4096] -C7: 4096 neurons 15.4%

[1000] FC&: 1000 neurons (class scores)
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Case Study: ZFNet

[Zeiler and Fergus, 2013]

image size 224 13 13 13 . oo
filter size 7 D3 13
*1 384 &1 384 256
| N
lstride 2 3x3 max C
pool 4096 | 4096 class
stride 2 units| | units| | softmax
5 256
Input Image - =
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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Case Study: VGGNet

[Simonyan and Zisserman, 2014]

ConvNet Configuration
A A-LRN B 1 D E
. 11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
. Only 3X3 CONV Strlde layers layers layers layers layers layers
mput (224 x 224 RGB imagf)
1, pad 1 ’ and 2X2 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
. LRN conv3-64 conv3-64 conv3-64 conv3-64
MAX POOL Stl’lde 2 maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 % N conv3-128
conv3-128 | conv3-128 | conv3-128 W conv3-128
maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 @ conv3-256 W conv3-256
conv3-256 | conv3-256 | conv3-256 | con 2 conv3-256 W conv3-256
convl-256 §| conv3-256 @ conv3-256
/ / conv3-256
maxpool
/’/ﬁ conv3-512 | conv3-512 | conv3-512 l| conv3-512 [ conv3-312
best model conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 f conv3-512
convl-512 §l conv3-512 § conv3-512
conv3-512
maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 f conv3-512 Q conv3-512
. conv3-512 | conv3-512 | conv3-512 | conv3-512 §| conv3-512 QB conv3-512
11.2% top 5 error in ILSVRC epmt-S3 Y ewd SHE Joomva 212
conv3-
2013 -> 7.3% top 5 error maxpool
FC-4096
FC-4096
FC-1000
soft-max
Table 2: Number of parameters (in millions).
Network A A-LRN B C D E
Number of parameters 133 133 | 134 [ 138 | 144
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Case Study: VGGNet

INPUT: [224x224x3]  memory: 224*224*3=150K params:0 (N0t CouNnting 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

Lecture 18

[Simonyan and Zisserman, 2014]

ConvNet Conﬁg'uratlon

B

C

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

CC
cC

maxpool

conv3-128
conv3-128

conv3-128
conv3-128

conv3-128
conv3-128

Col
Co!

maxpool

conv3-256
conv3-256

conv3-256
conv3-256
convl-256

conv3-256
conv3-256
conv3-256

Col
col
Co!
col

maxpool

conv3-512
conv3-512

conv3-512
conv3-512
conv1-512

conv3-512
conv3-512
conv3-512

co!
co!
Co!
Col

maxpool

conv3-512
conv3-512

conv3-512
conv3-512
convl-512

conv3-512
conv3-512

conv3-512

col
col
col
col

maxpool

FC-4096

FC-4096

FC-1000

soft-max
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Case Study: VGGNet | |
[Simonyan and Zisserman, 2014]

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 ~(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, Most memory is
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456 in 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

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 __ Most params
FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216 — are in late FC
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 GOogLeNet [Szegedy et al., 2014]

« Inception module

ILSVRC 2014 winner (6.7% top
5 error)
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Case Study: GoogLeNet

type "’::” °':::“ depth | #1x1 :i:: #3x3 fj:j #5x5 '&l params | ops

convolution TXT/2 112x112x64 1 27K 34M
max pool 3x3/2 56 x 56 x 64 0

convolution 3x3/1 56x56x192 2 64 192 112K 360M
max pool 3x3/2 28 x28x 192 0

inception (3a) 28 x 28 x 256 2 64 96 128 16 32 32 159K 128M
inception (3b) 28 x28x 480 2 128 128 192 32 96 64 380K 304M
max pool 3x3/2 14x 14 x 480 0

inception (4a) 14x14x512 2 192 96 208 16 4% 64 IMK M
inception (4b) 14x14x512 2 160 112 224 24 64 64 437K 88M
inception (4c) 14x14x512 2 128 128 256 24 64 64 463K 100M
inception (4d) 14x14x 528 2 112 144 288 32 64 64 S8OK 119M
inception (de) 14x14x 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 54M
inception (5b) Tx7x1024 2 384 192 384 48 128 128 1388K 71M
avg pool TXT/1 1x1x1024 0

dropout (40%) 1x1x1024 0

linear 1x1x1000 1 1000K IM

soltmax 1x1x1000 0

ECSE-6610 Pattern Recognition

Lecture 18
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Fun features:

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

Compared to AlexNet:
- 12X less params

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



Batch Normalization

« “You want unit gaussian activations? just make them
s0.” consider a batch of activations at some layer.

- To make each dimension unit gaussian, apply:

(k) _ E[p(k)
~k) _ 7 —E[z ]
v/ Var[z(¥)]

this is a vanilla differentiable function...

[loffe and Szegedy, 2015]
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Batch Normalization

- "you want unit gaussian activations ? just make them

s0.”

AAA

ECSE-6610 Pattern Recognition

1. compute the empirical mean and
variance independently for each
dimension.

2. Normalize

(k) _ E[(k)
(k) _ X [z\"]

v/ Var[z(F)]
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Batch Normalization

FC Usually inserted after Fully
BlN __ Connected / (or Convolutional, as
1 we'll see soon) layers, and before
ik nonlinearity.
FC
, k k
BN Problem: do we E(k) . :B( ) - E[SC( )]
l necessarily want a unit (k)
tanh gaussian input to a \/VM["T ]

| tanh layer?
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Batch Normalization

Normalize:

(k) _ (k)
S(k) _ T E[z""™]

k
\/Vﬂr[x ( )] Note, the network can learn:
And then allow the network to squash —7(3‘5) —_ \/ Var[g;(k)]

the range if it wants to:
B*) = E[z(®)]

to recover the identity
mapping.
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Batch Normalization

Input: Values of = over a mini-batch: B = {z1._,};
Parameters to be learned: v, /3

Output: {y; = BN, 5(z;)}

1 m
i ini-batch
UB = ;:B // mini-batch mean
]_ m
2 2 . .
e T // mini-batch
op ¢ — ;(mz 1B) mini-batch variance
Ti - . // normalize
vV Ufg €
yi < 7Z; + f = BN, g(z;) // scale and shift

Improves gradient flow through
the network

Allows higher learning rates
Reduces the strong dependence
on initialization

Acts as a form of regularization
in a funny way, and slightly
reduces the need for dropout,
maybe
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Batch Normalization

Input: Values of z over a mini-batch: B = {z1_,};
Parameters to be learned: v, /3

Output: {y; = BN, 5(z;)}

1 m
e E i ini-batch
1B m - ¥ // mini-batch mean
1 m
2 9 s .
= i — // -batch
g = ;=1 (z; — up) mini-batch variance
T; o . // normalize
VoE +e
Ui 7% + B = BN, () // scale and shift

Note: at test time BatchNorm layer
functions differently:

The mean/std are not computed
based on the batch. Instead, a single
fixed empirical mean of activations
during training is used.

(e.g. can be estimated during training
with running averages)
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Case Study: ResNet

[He et al., 2015]

» 1st places in all five main tracks
* ImageNet Classification: “Ultra-deep” 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

ILSVRC 2015 winner
(3.6% top 5 error)
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Case Study: ResNet

Revolution of Depth 28.2
‘ 152 layers ’ '

\ 16.4

X 11.7

| 22 layers I ‘ 19 layers
v 67 7.3
3.57 l_ I 8 layers | 8 layers | shallow

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

ImageNet Classification top-5 error (%)

(slide from Kaiming He’s recent presentation)
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Case Study: ResNet

CIFAR-10 experiments
CIFAR-10 plain nets CIFAR-10 ResNets
: Ty ~ ResNet-20
~ ResNet-32
= ResNet-44
= ResNet-56
= ResNet-1 1
_ 20-layer
S
E 104 32-|3YEI’
44-layer
5 —P|ajn_2 ..........................................l.\...._.)....:...;...n.,..::....-.\.I........................ flae % SG-IaYEI‘
—pla.:m—l el oy W e e ) E._
- Sz 2o, SoOlid: test B ) 110-layer
] = plain-5{ , , , , ; . i = e T
% 1 3 3 1 3 3 dashed: train % 1 2 3 4 s 6
iter. (led) iter_(led)

Deep ResNets can be trained without difficulties.
Deeper ResNets have lower training error, and also lower test error.
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Case Study: ResNet

ImageNet experiments

ImageNet plain nets

ImageNet ResNets
60 \\i—\;"—;
50
s \,
E““ Nl 34-layer 18-layer
L N B R /
= — solid: test T iR s A
— & ) - ATy
_Em_B A dashed: train 18-layer —ResNet-34] . . ; 34-layer
%y 10 20 30 40 50 % 1o 20 30 2 a0
iter. (led)

Deep ResNets can be trained without difficulties.
Deeper ResNets have lower training error, and also lower test error.

ECSE-6610 Pattern Recognition
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Case Study: ResNet

8 Research
Revolution of Depth
AlexNet, 8 layers . VGG, 19 layers ResNet, 152 layers
(ILSVRC 2012) (ILSVRC 2014) (ILSVRC 2015)
HICCvi - _ _ _ _ _
| ———— Kaiming He, Xiangyu Zhang, Shaoqging Ren, & Jian Sun. "Deep Residual Learning for Image Recognition”. arXiv 2015.

- 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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Case Study: ResNet

34-layer plain 34-layer residual
image image
224x224x3

spatial dimension

|
| h?con‘\:,ﬁd,fz | 'h(?con:,sd'ﬁl/> Only 56x56!
v 7
pool, /2 pool, /2

¥

3x3 conv, 64

\ 4
3x3 conv, 64

\ 4

3x3 conv, 64

\ 4
3x3 conv, 64

|

|

|

x ]
33 cony, 64 |
|

|

|

J

|

|

I

I

I

|

[ 3a c:rnv, 64
|

l

|

|

\

3x3 conv, 128, /2
\ 4
3x3 conv, 128

\ 4
3x3 conv, 128

Y

3x3 conv, 128
v

.....
e
-
-
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Case Study: ResNet

* Plaint net * Residual net
X X
weigh{ layer weight layer
sta::eydt\g\?ers l relu : F (x) l relu identity
weight layer weight layer X
l relu
H(x) Hx)=F(x)+x
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Case Study: ResNet

- 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
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Case Study: ResNet

all-3x3

ECSE-6610 Pattern Recognition

1x1, 64

l relu

3x3, 64

1 relu

1x1, 256

similar
complexity

Lecture 18

bottleneck

V (for ResNet-50/101/152)
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Case Study: ResNet

1x1

i relu

3x3, 64
l relu

1x1, 256

1x1 convolutions

1x1 convolutions

)

1x1 convolutions

8 e poolk

Feo

(this trick is also used in GooglLeNet)

Lecture 18
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Case Study: ResNet

layer name | output size 18-layer 34-layer 50-layer 101-layer 152-layer
convl 112x112 Tx7, 64, stride 2
3x3 max pool, stride 2
[ 1x1,64 ] [ 1x1,64 | [ 1x1,64 ]
convl.x | 6x36 [:i:g: X2 [g:;gj x3 3x3,64 | x3 3x3,64 | x3 3x3,64 | x3
: ¢ | 1x1,256 | | 1x1,256 | | 1x1,256 |
: : : " [ 1x1,128 ] [ 1x1,128 ] [ %1128 1
convdx | 28x28 ;i; gg X2 i:;’ i;g wd | | 3x3.128 [xa | | 3x3.128 | x4 | | 3x3.128 | x8
S s el ® | 1x1,512 | | I%1,512 | | 1x1,512 |
; - : : [ 1x1,256 ] 1x1,256 ] 1x1,256 |
cowte | e ;:gggg X2 ;:;22;2 «6 || 3x3.256 |x6 || 3x3.256 |x23 || 3x3.256 |x36
Ses S iih il | 1x1,1024 | 1x1,1024 | 1x1,1024 |
. ’ ’ | [ 1%1.512 1T 1x1,512 1x1,512
convs_x TT ;:;’gg x2 ;:;'g:g x3 3x3,512 [x3 33512 1%3 3x3,512 | X3
R . s | 1x1,2048 | 1x1,2048 1x1,2048
1x1 average pool, 1000-d fc, softmax
FLOPs 1.8x10" 3.6x10° 3.8x10" 7.6x 10" 11.3x107
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Case Study: ResNet

- Keep the shortest path as

smooth as possible. }L_
- by making / and identity i
- forward/backward signals directly |
flow through this path R*‘iLU
[ weight |
'
- Features of any layers are il
additive outcomes REiLU
- 1000-layer ResNets can be | weght
easily trained and have better aadmoﬁ

v
accuracy X1+1




Case Study: DenseNet

Standard connectivity

ResNet connectivity

Dense connectivity

[Huang et al. 2017]
® : Channel-wise concatenation
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Case Study: DenseNet

k channels k channels k channels k channels

- k : Growth Rate
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Case Study: DenseNet

Dense Block 1 Dense Block 2 Dense Block 3

Pooling reduces Feature map sizes match
feature map sizes within each block

On ImageNet, Top-1: 20.27%, Top-5: 5.17%
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Case Study: DenseNet

- Advantage 1: Strong Gradient flow.

Error Signal
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Case Study: DenseNet

- Advantage 2: parameter and computational efficiency.

ResNet connectivity: #parameters:

k<<C

|}
1 k: Growth rate
|

------- L 4
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Case Study: DenseNet

- Advantage 3: Maintains low complexity features.

Classifier uses most complex (high level) features

% Increasingly complex features *+}

Standard connectivity

ECSE-6610 Pattern Recognition Lecture 18 April 10, 2018



Case Study: DenseNet
- Advantage 3: Maintains low complexity features.

------------------------------------------
-

N owy) y=wox+
—

4
X
* %

Classifier uses features of all complexity levels : ”u
o

* % [ +w3hs(x)

wi  F+wipli(x)
—

W2 +wahi(x)

hi(x) ha(x) h3(x)

. A
-----------------------------------------

2 * ok
% Increasingly complex features [+,

Dense connectivity
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Outline

« Case Study on ConvNets
« Data Processing for Neural Networks
- Babysitting the Learning process

- Hyperparameter Optimization
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Data Preprocessing

original data zero-centered data normalized data

10

=5} -5

-10 L
=10 =5

= 0 5 - T = 0 5 10

X -= np.mean(X, axis = 0). X /= np.std(X, axis = 0)
(Assume X [NxD] is data matrix, each example in a row)
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Data Preprocessing

 In practice, you may also see PCA and Whitening of
the data

original data decorrelated data whitened data

(data has diagonal (covariance matrix is the
covariance matrix) identity matrix)
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In practice for Images: center only

- E.g. consider CIFAR-10 example with [32,32,3]
images
- Subtract the mean image (e.g. AlexNet)
(mean image = [32,32,3] array)
- Subtract per-channel mean (e.g. VGGNet)
(mean along each channel = 3 numbers)

Not common to normalize variance,
to do PCA or whitening
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Outline

« Case Study on ConvNets
- Data Processing for Neural Networks
- Babysitting the Learning process

- Hyperparameter Optimization
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Choose the architecture

- After the data processing, we start with one hidden layer of

50 neurons:
50 hidden _
neurons
10 output
CIFAR-10 input neurons, one
images, 3072 layer hidden layer per class
numbers
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Double check that the loss is reasonable:

def init two layer model(input size, hidden size, output size):

model = {}
model[
model

'] = 0.0001 * np.random.randn(input size, hidden size)
] = np.zeros(hidden size)

'] = 0.0001 * np.random.randn(hidden size, output size)
&

e

B
[
model|[ ')
model [ 'l

- np.zeros(output size)

mod 1

model = init two layer model(32*32*3, 50, 10) # input size, hidden size, number of classes
loss, grad = two layer net(X train, model, train| 0.0
1 ¥ = disable regulanzahon

print loss \
joss~2.3.

2.30261216167 \
“correct “ for returns the loss and the
10 classes gradient for all parameters




Double check that the loss is reasonable:

def init two layer model(input size, hidden size, output size):

model = {}
model['W1'] = 0.0001 * np.random.randn(input size, hidden size)
model['bl'] = np.zeros(hidden size)
model['W2'] = 0.0001 * np.random.randn(hidden size, output size)
model| t '] = np.zeros(output size)

model

model = init two layer model(32*32%3, 50, 10) # input_size, hidden size, number of classes
loss, grad = two layer net(X train, model, y train,)| le3 crank Up regularlzatlon
print loss

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




Lets try to train now...

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

model = init two layer model(32*32%3, 50, 10) # input size, hidden size, number of classes
trainer = ClassifierTrainer()
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=0.0,
update='sgd', learning rate decay=1,
sample batches = False,
learning rate=le-3, verbose=True)

The above code:

- take the first 20 examples from CIFAR-10
- turn off regularization (reg = 0.0)

- use simple vanilla ‘sgd
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Lets try to train now...

model = init two layer model(32*32%3, 50, 10) # input size, hidden size, number of classes
trainer = ClassifierTrainer()
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=0.0,
update='sgd', learning rate decay=1,
sample batches = False,
learning rate=le-3, verbose=True)

Finished epoch 1 / 200: cost 2.302603, train: ©.400000, val ©.400000, lr 1.000000e-03 -

Finished epoch 2 / 200: cost 2.302258, train: 0.450000, val 0.450000, lr 1.000000e-03 ||”

Finished epoch 3 / 200: cost 2.301849, train: ©.600000, val 0.600000, lr 1.000000e-03 B
S Finished epoch 4 / 200: cost 2.301196, train: ©.650000, val ©.650000, lr 1.000000e-03

Finished epoch 5 / 200: cost 2.300044, train: ©.650000, val ©.650000, lr 1.000000e-03

Finished epoch 6 / 200: cost 2.297864, train: ©.550000, val 0.550000, lr 1.000000e-03

Finished epoch 7 / 200: cost 2.293595, train: 0.600000, val 0.600000, lr 1.000000e-03

Finished epoch 8 / 200: cost 2.285096, train: 0.550000, val ©.550000, lr 1.000000e-03

Finished epoch 9 / 200: cost 2.268094, train: ©.550000, val ©.550000, lr 1.000000e-03

Finished epoch 10 / 200: cost 2.234787, train: 0.500000, val ©.560000, lr 1.000000e-83

\/E;rB/ small loss Finished epoch 11 / 260: cost 2.173187, train: ©.500000, val 6.500000, Lr 1.000000e-03

i ’ Finished epoch 12 / 200: cost 2.076862, train: 0.500000, val ©.500000, lr 1.000000e-03

Finished epoch 13 / 200: cost 1.974090, train: 0.400000, val 0.400000, 1lr 1.000000e-03

traln accuracy Finished epoch 14 / 200: cost 1.895885, train: 0.400000, val ©.460000, lr 1.000000e-63

1 ()() Finished epoch 15 / 200: cost 1.820876, train: 0.450000, val 0.450000, lr 1.000000e-83

- ’ Finished epoch 16 / 200: cost 1.737430, train: 0.450000, val 0.450000, lr 1.000000e-83

. | Finished epoch 17 / 200: cost 1.642356, train: 0.500000, val ©.500000, lr 1.000000e-83

nICG Finished epoch 18 / 200: cost 1.535239, train: ©.600000, val ©.600000, lr 1.000000e-083
Finished epoch 19 / 200: cost 1.421527, train: ©.600000, val ©.600000, lr 1.000000e-03 =

————— o ——— = o R 5l T e S i T A e g e e e e s e e e T e e

Finished epoch 195 / 200: cost 0.002694, train: 1.000000, val 1.000000, Lr 1.000000e-03
Finished epoch 196 / 200: cost ©.002674, train: 1.000000, val 1.000000, lr 1.000000e-03
Finished epoch 197 / 200: cost ©.002655, train: 1.000000, val 1.000000, lr 1.000000e-03
—> Finished epoch 198 / 200: cost ©.002635, train: 1.000000, val 1.000000, lr 1.000000e-03
! 1
1

Finished epoch 199 / 200: cost ©.002617, train: 1.000000, val 1.000000, lr 1.000000e-03
Finished epoch 200 / 200: cost ©.002597, train: 1.000000, val 1.000000, lr 1.000000e-03
finished optimization. best validation accuracy: 1.000000
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Lets try to train now...

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

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=0.000001,

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

e,
learning rate=le-6,|verbose=True)

Finished epoch 1 / 10:|cost 2.302576, |[trair: ©.080000, 1 ©0.103000, lr 1.000000e-06
Finished epoch 2 / 10:|cost 2.302582, |[trairn: 0.121000, 1 0.124000, 1r 1.000000e-06
Finished epoch 3 / 10:|cost 2.302558, |trairnl: ©.119000, 1 ©.138000, lr 1.000000e-06
Finished epoch 4 / 10:|cost 2.302519, |[train: ©0.127000, 1 ©.151000, 1r 1.000000e-06
Finished epoch 5 / 10:|cost 2.302517, |train: ©.158000, 1 ©.171060, lr 1.000000e-06
Finished epoch 6 / 10:|cost 2.302518, |train: 0.179000, 1 ©.172000, lr 1.000000e-06
Finished epoch 7 / 10:|cost 2.302466, |[trairn: 0.180000, 1 0.176000, 1lr 1.000000e-06
Finished epoch 8 / 10:|cost 2.302452, |trairn: 0.175000, 1 ©.185000, lr 1.000000e-06
Finished epoch 9 / 10:|cost 2.302459, |[trair: 0.206000, 1 ©.192000, lr 1.000000e-06
Finished epoch 10 / 10} cost 2.302420] train: 0.190000, jval 0.192000, lr 1.000000e-06
finished optimization. Lhest wvalidatiod accuracy: ©. [¢]

Loss barely changing: Learning rate is probably too low
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Lets try to train now...

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

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=0.000001,

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

[9EHP¥E-5E¥EhES--¥fTE.
learning rate=le-6,|verbose=True)

Finished epoch 1 / 10:|cost 2.302576, |trair]: ©0.080000, 1 ©.103000, 1lr 1.000000e-06
Finished epoch 2 / 10:|cost 2.302582, |[train: 0.121000, 1 ©.124000, 1lr 1.000000e-06
Finished epoch 3 / 10:|cost 2.302558, |trair: 0.119000, 1 ©6.138000, lr 1.000000e-06
Finished epoch 4 / 10:|cost 2.302519, |[train: ©0.127000, 1 ©.151000, 1r 1.000000e-06
Finished epoch 5 / 10:]cost 2.302517, |train: ©.158000, 1 ©.171060, lr 1.000000e-06
Finished epoch 6 / 10:|cost 2.302518, |[trairn: 0.179000, 1 ©.172000, lr 1.000000e-06
Finished epoch 7 / 10:|cost 2.302466, |trairl: 0.180000, 1 ©.176060, 1lr 1.000000e-06
Finished epoch 8 / 10:|cost 2.302452, |[trairn: 0.175000, 1 ©.185000, 1lr 1.000000e-06
Finished epoch 9 / 10:|cost 2.302459, |trairl: 0.206000, 1 ©.192000, 1lr 1.000000e-06
Finished epoch 10 / 10| cost 2.302420] train: 0.190000, jval 0.192000, 1r 1.000000e-06
finished optimization. Lhest validatiod accuracy: ©. [¢]

Notice train/val accuracy goes to 20% though, what's up with that?
(remember this is softmax)
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Lets try to train now...

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

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=0.000001,
update='sgd', learning rate decay=1,
sample batches = True,
learning_rate=1e6, verbose=True)

|

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

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

model = ipit 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=1@, reg=0.000001,

update='sgd’', learning rate decay=1,

sample batches = True,

learning rate=1e6, verbose=True)

/home/karpathy/cs231n/code/cs231n/classifiers/neural net.py:50: RuntimeWarning: divide by zero en
countered in log

data loss = -np.sum(np.log(probs[range(N), y])) / N
/home/karpathy/cs231n/code/cs231n/classifiers/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: 0.091000, val 0.087000, lr 1.000000e+06
Finished epoch 2 / 10: cost nan, train: 0.095000, val 0.087000, lr 1.000000e+06
Finished epoch 3 / 10: cost nan, train: 0.100000, val 0.087000, lr 1.000000e+06

loss exploding: NaN almost always means high learning rate...
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Lets try to train now...

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

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 wval, y val,

model, two layer net,

num_epochs=18, reg=0.000001,
update='sgd', learning rate decay=1,
sample batches = True,

learning_ rate=3e-3, verbose=True)

Finished epoch 1 / 106: cost 2.186654, train: ©.308000, val 0.366000, 1lr 3.000000e-03
Finished epoch 2 / 10: cost 2.176230, train: ©.330000, val 0.350000, lr 3.000000e-03
Finished epoch 3 / 10: cost 1.942257, train: ©.376000, val ©0.352000, 1lr 3.000000e-03
Finished epoch 4 / 10: cost 1.827868, train: ©.329000, val 0.310000, 1r 3.000000e-03
Finished epoch 5 / 10: cost inf, train: ©0.1280800, val ©0.128000, lr 3.000000e-03
Finished epoch 6 / 10: cost inf, train: 0.144000, val ©0.147000, lr 3.000000e-03

3e-3 is still too high. Cost explodes....

=> Rough range for learning rate we
should be cross-validating is
somewhere [1e-3 ... 1e-5]
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What you should know

« ConvNets need a lot of data to train.
« Finetuning! we rarely ever train ConvNets from scratch.

1. Train on ImageNet 2. Finetune network on
\ your own data

ImageNet data

your
data
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Transfer Learning with CNNs

| image | 1. Train on | image |
conmv-64 conv-64
|L"“““"““,. ~ ImageNet |L""“"““,. :
. maxpoal . maxpool
| gonv-128 | gonv-128
| conv-128 | conv-128
__maxpool __maxpool
| €onv-256 | €onv-256
| conv-256 | conv-256
__ maxpool __ maxpool
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-1000 . FC-1000
softmax softmax

2. If small dataset: fix _imape |
all weights (treat CNN ~ “™

as fixed feature

extractor), retrain only conv-128

the classifier

i.e. swap the Softmax s,

layer at the end

3. If you have medium sized
dataset, “finetune” instead:
use the old weights as
initialization, train the full
network or only some of the
higher layers

retrain bigger portion of the
network, or even all of it.

al

ECSE-6610 Pattern Recognition
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Lots of pretrained ConvNets

n  BHNInception
= CaffeResMNet101
= DenseMet121

. Caffe models: https://github.com/BVLC/caffe/wiki/Model-Zoo S

= DenseMNet201

- TensorFlow models: - DenseNet201
https://github.com/tensorflow/models/tree/master/research/slim sl

= [DualPathMNet22
= DualPathMNetos

- PyTorch models:https://github.com/Cadene/pretrained- - DualPathNet107
models.pytorch - DualPatNet113

= FBResMNet152
= InceptionReskNetvz2

= Inceptionw3
Model Zoo Pre-trained Models Pretrained models for Pytorch (Work in progress) = Inceptionva

Seyyed Hossein Hasanpour edited this page 13 days ago - 119 revisions

Neural nets work best when they have many parameters, making them powerful function approximators. However, this The goal o this repo s
means they must be trained on very large datasets. Because training models from scratch can be a very computationally . MASMet-A- L,arg e
CHECK Gt & Fricaal 200 decumantalian for datals. intensive process requiring days or even weeks, we provide various pre-trained models, as listed below. These CNNs have . forinstance), i
been trained on the ILSVRC-2012-CLS image classification dataset. « to access pretrained ConvNets with a unique InterfacelAP! inspired by torchvision n MASHet-A-Mobile
ToRteaiTiodal: In the table below, we list each model, the corresponding TensorFlow model fie, the link to the model checkpoint, and the top News:
R e 1 and top 5 accuracy (on the imagenet test set). Note that the VGG and ResNet V1 parameters have been converted from = ResMNeXi101_3Zx4d
: gty B SR their original caffe formats (here and here), whereas the Inception and ResNet V2 parameters have been trained internally at + 22032018 101 oo e
<dirname> to load the model metadata, architecture, solver configuration, and so on. G5, AL 5 Etare i s B aciss WePo S5 piNes b SVBNESHNG Uilng ' g i o, Safna eadens « 211032018: NASNet Mobilethanks o Veronika Yurchuk and Anastasia s ResMeXt101 64xid
(<dtrnane> is optional and defaults to caffe/models). papers report higher accuracy by using multiple crops at muple scales. . g T Standly,improved Transfomimage API =
2. download the model weights by ./scripts/download_model_binary.py <model dir> where —— = = + 13012018: pip tastall pretrainedmodels , pretrainednodels.sodel nanes s ResMNeti01
<moae1_dir> is the gist directory from the first step. Model Checkpoint protrainednodels.pretratned_settings
File Accuracy Accuracy o 1200172018: python setup.py install R Met152
or visit the model zoo documentation for complete instructions. Inception V1 Code inception_v1_2016_08_28 tar.gz 698 896 + 0B122017: update dal u (1 git pu i needed) e
; .  improve API (sadeL. , mode1. Logits( ). o ;
iiieiof Comionta Inception V2 Code inception_v2_2016_08_28 tar.gz 739 91.8 el i = ReshNet18
e Inception V3 Code inception v3_2016_08 28 tar.gz 780 9.9 « 16/112017: nasnet-a-arge pretained moel pored by T. Durand and R. Cadene
« Berkeley-trained models
k: Inception V4 Code inception_v4_2016_09_09.tar.gz 802 952 * 2200712017: orchwision pretrined models = ResMet34
« Network in Network model + 2207201 i 1
« Models from the BMVC-2014 paper "Return of the Devil in the Details: Delving Deep into Incspiice RESNSE2 Cbdd| | inosplion reariet 2: 201608330 1ak 52 804 %3 + 1710712017 model nput range attrut = ReshNetS0
Convolutional Nets” ResNet V1 50 Code resnet_v1_50_2016_08_28.argz 752 %22 « 1710712017 BNInception pretained on Imagenet
« Models used by the VGG team in ILSVRC-2014 ResNet V1 101 Code resnet_v1_101_2016_08_28.ar.gz 76.4 929 S = Squeezeheti_0
ummary
« Places-CNN model from MIT. ResNet V1 152 Code resnet_v1_152_2016_08_28.ar.gz 768 932
GoogLeNet GPU implementation from Princets Tt Insal = Squeezebeti_1
e SnpeTHGTTIAORO, FAIEEIoN: ResNet V2 500 Code resnet_v2_50_2017_04_14.argz 756 928 + fnsiakeion
« Fully Convolutional Networks for S tic S tation (FCN < Quick exarples
uby:Convolutional NetwonesorSamantio Seomentation (FON®) ResNet V2 1014 Code resnet_v2_101_2017_04_t4.targz 70 97 Ny = WGEGET
« CaffeNet fine-tuned for Oxford flowers dataset :
" — ResNet V2 152% Code resnet_v2_152_2017_04_14targz 778 941 o Compute imagenet logits i eteL k]
« CNN Models for Salient Object Subitizing. & iffothe gt S =
. 4 7 ResNet V2200 Cade TBA 799° 952
« Deep Learning of Binary Hash Codes for Fast Image Retrieval « Evaluation on ImageNet
+ Places_CNDS_models on Scene Recognition VGG 16 Code Vgg_16_2016_08_28.targz 75 89.8 o Accuracy on valset n VGEGEI1E
_CNDS_1 Reco o Reproducig resuts
« Models for Age and Gender Classification. VGG 19 Code vgg_19_2016_08_28.tar.gz 71 898
g + Documenlation s VGGE19
» GooglLeNet_cars on car model classification MobileNet_v1_1.0_224 Code ‘mobilenet_v1_1.0_224.tgz 709 89.9 o Available models
MobileNet v1_050_160  Code mobilenet_v1_0.50_160.g2 59.1 819 “HRNe = VWGGE11_BMN

n VGG13_BM
= VGEG15_BM

Caffe TensorFlow PyTorch e

n  Xceplion

ECSE-6610 Pattern Recognition Lecture 18 April 10, 2018




Outline

« Case Study on ConvNets
- Data Processing for Neural Networks
- Babysitting the Learning process

« Hyperparameter Optimization
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Cross-validation strategy

| like to do coarse to 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




For example: run coarse search for 5 epochs

?2? EEEEE Enigéiﬂgig:;(cgm;; nOte it,S beSt tO Optimize
lr = 10**uniform(-3, -6) ¥ in Iog 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-s, reg=reg,
update='momentum', learning rate decay=0.9,
sample batches = True, batch size = 100,
learning rate=lr, verbose=False)

| val acc: 0.412000, Llr: 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, 1lr: 1.551131e-05, reg: 4.374936e-05, (4 / 100)

val_acc: 0.079000, 1lr: 1.753300e-05, reg: 1.200424e+03, (5 / 100)

val acc: 0.223000, 1r: 4.215128e-05, reg: 4.196174e+01, (6 / 100)

_ | val acc: 0.441000, lr: 1.750259e-04, reg: 2.110807e-04, (7 / 100)

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, lr: 5.401602e-06, reg: 1.599828e+04, (10 / 100)

val acc: 0.154000, lr: 1.618508e-06, reg: 4.925252e-01, (11 / 100)

ECSE-6610 Pattern Recognition : Lecture 18 April 10, 2018



Now run finer search...

max_count = 100 i
= . 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)
lr = 10**uniform(-3, -6) lr = 10**uniform(-3, -4)

val acc: 0.527000, lr: 5.340517e-04, reg: 4.097824e-01, (0 / 100)
: : : -04, (L 7 199)

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-62, (3 / 100)
val acc: 0.460000, lr: 1.113730e-04, req: 5.244309e-62, (4 / 100) 0 :
val acc: 0.498000, Lr: 9.477776e-04, reg: 2.001293e-03, (5 / 100) 53% - relatively good
val acc: 0.469000, 1r: 1.484369e-04, req: 4.328313e-01, (6 / 100) for a 2..|ayer neural net
val acc: 0.522000, lr: 5.586261e-04, reg: 2.312685e-04, (7 / 100) . ?
val_acc: 0.530000, lr: 5.808183e-84, reg: 8.259964e-02, (8 / 100) with 50 hidden neurons.
val acc: 0.489000, lr: 1.979168e-04, req: 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, req: 2.287807e-01, (11 / 100)
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: 6.531000, Llr: 9.471549e-04, reg: 1.433895e-03, (14 / 100) |
val acc: 0.509000, Lr: 3.140888e-04, reg: 2.85/518e-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-63, (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-62, (20 / 100)
val acc: 0.516000, lr: 8.839527e-64, reg: 1.528291e-02, (21 / 160)
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Now run finer search...

max _count = 100 i
= = adjust range max count = 100
for count in xrange(max_count): J 9 for count in xrange(max count):
reg = 10**uniform(-5, 5) > reg = 10**uniform(-4, 0)
lr = 10**uniform(-3, -6) lr = 10%*uniform(-3, -4)

val acc: 0.527000, lr: 5.340517e-04, reg: 4.097824e-01, (0 / 100)
v 3 ; : - (I 7 100)

o . . v L] L ] ¥ - ’
val acc: ©.512000, lr: 8.680827e-84, reg: 1.349727e-02, (2 / 100)
val acc: 0.461000, lr: 1.028377e-04, reg: 1.220193e-62, (3 / 100)
val acc: 0.460000, lr: 1.113730e-04, reg: 5.244309e-02, (4 / 100) 0 :
val_acc: 0.498000, lr: 9.477776e-04, reg: 2.001293e-03, (5 / 100) 93% - relatively good
val acc: 0.469000, 1lr: 1.484369e-04, reg: 4.328313e-01, (6 / 100) for a 2-|aye|' neural net
val acc: 0.522000, lr: 5.586261e-04, reg: 2.312685e-04, (7 / 100) . i
al_acc: 0.530008 5.808183e-04, reg: 8.259964e-02, (8 / 106 with 50 hidden neurons.
val acc: 0.489000, lr: 1.979168e-04, reg: 1.010889%e-04, (9 / 100)
val acc: 0.490000, lr: 2.036031e-04, reg: 2.406271e-03, (10 / 100)
val acc: ©.475000, lr: 2.021162e-84, reg: 2.287807e-01, (11 / 100) But this best cross-
val acc: 0.460000, lr: 1.135527e-04, reg: 3.905640e-02, (12 / 100) §iai as A
| 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: 1.433895e-03, (14 / 100) |@— :
val acc: 0.509000, Lr: 3.140888e-04, req: 2.857518e-01, (15 / 100) worrying. Why?
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, Llr: 8.039527e-04, reg: 1.528291e-02, (21 / 100)
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Hyperparameters to play with:

- network architecture
 learning rate, its decay schedule, update type
- regularization (L2/Dropout strength)
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Monitor and visualize the loss curve

a5

20

00

Epoch

ECSE-6610 Pattern Recognition

100

loss

very high learning rate

low learning rate

high learning rate

good learning rate

Lecture 18 April 10, 2018



Monitor and visualize the accuracy
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