Introduction to ﬁgifar _
Statistical Learning Network(Cont.)

and Machine Learning ...~

SDS, Fudan University




Applications by
deep learning

l—" * #EF F‘i?.

T School of Dala Scien

¥ Fudan-SDS Confidential - Do Not Distribute



T & B DU RIM AR £

Il
-
,’

BETHITZEINAE



) iEEiRe R

| % (Phoneme) iR%l
2009%

, Deep belief networks for phone recognition—X 1, REZFZIHNHEIRE: 23.0%

525, AEGMMTEEMNEIRER:
 Maximum Likelihood Training (MLT): 25.6%,
« Sequence-Discriminative Training (SDT): 21.7%

| 835 (Word) iR%I

20114, Context-Dependent Pre-Trained Deep Neural Networks for Large-Vocabulary Speech
Recognition—X ™, RAEFINEIRZ: 30.4%

52Zt%, AEIGMMAEHEMNEIRER:
 Maximum Likelihood Training (MLT): 39.6%,
« Sequence-Discriminative Training (SDT): 36.2%
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2014 5 E#H HAETFRNNAJYDeepSpeech 1989 2011
FE7380/\IJ1EE LENAEE=ERE L1075/ REGE
) Dataset Type Hours Speakers
he ™ ((( WSJ read 30 280

Switchboard conversational 300 4000
Fisher conversational 2000 23000
Baidu read 5000 9600
Model SWB CH Full
Vesely et al. (GMM-HMM BMMI) [43) 186 330 258
Vesely et al. (DNN-HMM sMBR) [43) 126 241 184
Maas et al. (DNN-HMM SWB) 146 263 205
Maas et al. (DNN-HMM FSH) [28] 160 237 199
Seide et al. (CD-DNN) [39] 16,1 nfa n/a
Kingsbury et al. (DNN-HMM sMBR HF) 13.3 n/a n/a
Sainath et al. (CNN-HMM) [36) 1.5 n/a n/a
DeepSpeech SWB 200 318 259

DeepSpeech SWB + FSH 13.1 199 165
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IMAGEN E TAMEMRIRBIHES (ILSVRC 2014)

MIRIRBIINE, 15ME S, 22K

2R BT ] Top-5 Error
AlexNet 20124 15.3%
OverFeat (New York University) 20134 13.8%
VGG Net (Oxford) 20145 7.3%
GooglLeNet (Google) 20144 6.6%
AE %
Microsoft 20158E2H6 4.94%
Google 2015%F2H 11 4.82%
Microsoft 2015812810 3.57%
Google 2015412 811 3.58%

Google 2016F2H23 3.08%
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2R Top-1 Accuracy
BRARIE / ~96%
DeepFace (Facebook) 20144 97.35%
AZ s
GaussianFace (FEFRNXKZF) 20144 98.52%
DeepID3 (FEFNAKF) 201552 F 99.53%
Facenet (Google) 20156 F 99.63%
FEILE 2015 10F 99.65%
BHEIDL 2015 10F 99.77%

Youtube Face DB (8M“ ™A, 200Mak A BEZEE )
FaceNet (Google) 1RBIZFEA[1X95.12% (2015%
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| X¥E (Attention)
Yoshua BengioZ]fA, 20164

bird flying over body water

"*ar

A little girl sitting on a bed with A group 0' EGOE“? sitting on a boat A giraffe standing In a forest with A woman is throwing a frisbee in a park.
a teddy bear, in the water, trees in the background,
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The giratie behund the The guraffe with its back
to the camera

The giratie on the nght. A zebra.

zebra that 1s lpoking up.

A skier with a black helmet, hight
blue and black jacket, backpack., The man i black The man mn red. The skis
and hight grey pagts standing.

Guy with dark short hawr A woman with curly hau VTl wioiai th-white The controller i the
i a whate shut. plaving W, woman's hand.
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Cong ZhangZ A, 2016

Method Scene 1 | Scene 2 | Scene 3 Scene 4 | Scene S | Average

LBP+RR 3.6 58.9 37.1 21.8 234 31.0
Crowd CNN 10.0 154 15.3 25.6 4.1 14.1
Fine-tuned Crowd CNN | 9.8 14.1 143 22.2 3.7 129
Luca Fiaschi et al. [7] 2.2 87.3 22.2 164 54 26.7
Ke et al. |6] 2.1 55.9 0.6 11.3 34 16.5
Crowd CNN+RR 2.0 29.5 9.7 9.3 3.1 10.7

——————— -
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Style Reconstructions
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I Word ZVQCH’]LH'J' H:'II I Country and Capital Vectors Projected by PCA

China
181BIRA 1S T BN OERn i Beijing
THENEAEYESSITE (R%EE) ’j:ss‘*
\" pan
REFIIEF T EENHIA ‘ Moscow
WA ITE, Turkey: Ankara ~Tokyo
&1t 0.674172 05
Nz FE 0.614087 FOMG
SN 0.611133 Germany
TRRE 0.607891 < Berlin
= ans
EE R} PR ER 0.600370
N Greece . Athens
=N 0.597519 Spain Rome
BHF= 0.591316
e 0.577239 -1.5 | Portugal kel
TiEZ 0.572856
/W =5 | | l | | |
fnf FEF 0.570087 P p Py i% ; T
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I he i Bne of reading e nith chapter of Harry Fomrer for abost 45 mumutes 1n total

I URRERRRRRRRIN,

H] he pulled his broomstlckm up d little to [[[ ~
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Model
Random
BoW(tf-1df)
AveEmbedding
RNN _hidden
LSTM _hidden

LSTM_memory

| Cosine Dist.

-0.128
0.184
0.634

0.016
0.224
0.724

Similarity

0.436
(0.592
0.817
0.508
0.612
0.862
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2009 EDARPAEEFIEE X T RAEFIINIRE, 2010F KB EBIEKIN

2012F R BIDEFTINE (Deep Exploration and 2015FEFBITRACEINH (Target Recognition and
Filtering of Text) , XB=XABIEHRITDH Adaptlon in Contested Environments ) , XE{&HHY
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EZfhE FAIENBUEETESELI, WFeifei LIBFEENMRERELE (Visual Genome)
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Gorlllas Graduation
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Chap 7 - * Recap

* Regularization

N eu ral N etwo rk » Batch Normalization
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Back-Propagation

- Back-propagation is “just the chain rule” of calculus

dz dzdy

— = —— 6.44
dr  dydx ( )

oy !
Vez = e Vyz, (6.46)

- But it’s a particular implementation of the chain rule

-+ Uses dynamic programming (table filling)
+ Avoids recomputing repeated subexpressions

- Speed vs memory tradeoff

(Goodfellow 2017)



Simple Back-Prop Example

Compute loss

Compute derivatives

Back-prop
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Computation Graphs
()

Multiplication

(c)

Figure 6.8

(b)

dot sqr|
o)oje

(d)

Logistic regression

Linear regression
and weight decay



Repeated Subexpressions

/ 0z
- (6.50)
0z 0y Ox
f ~ Oy O Ow (6-51)
=f'(y) f'(x) f'(w) (6.52)
=1 (F(F @) (F(w)f () (653

Back-prop avoids computing this twice
Figure 6.9



Regularization
for Deep
Learning




Definition of Regularization

Optional subtitle

‘Regularization is any modification we make to a learning algorithm that
IS Intended to reduce Iits generalization error but not its training error.”

Gl x #0221
T School of Dala Scieuce




1o avold overfitting, and improve generalization performance

Optional subtitle

Data
Batch Augmentation
N ot Early
ormalization Stopping
Weight Dropout

ecay Regularization

QBN
éC(—" - 4 4% -
Seh A s 8 %
5/ School of Dala Science




Some Observations of Deep Nets

> # of parameters >> # of data, hence easy to fit data
i » Without regularization, deep nets also have benign generalization

» For random label or random feature, deep nets converge with O
training error but without any generalization

S
:?-e_’?.-.-'f‘fﬁ_s
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Weight Decay as Constrained Optimization

- L1: Encourages sparsity, equivalent to MAP

‘ @ Bayesian estimation with Laplace prior

, ey - Squared L2: Encourages small weights,
XN P — \w
> \ \ equivalent to MAP Bayesian estimation with
Ve ~~ \
/ P I A ‘ Gaussian prior
\ \ / /
/
NS s ! Oviap = argmax p(0 | ) = argmaxlogp(x | 0) + log p(0).
~ 7 / 0 0

W1

Figure 7.1
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Dataset Augmentation

Optional subtitle

Afline , Elastic
Noise

Distortion Deformation

o .
. -
- K, -

\\ 0. o o X

Horizontal Randon
OI‘lZ.Oﬂ ° an or.n Hue Shift
flip Iranslation

S Lo gt T

Goodfellow 2016 p—
( | @ rrnrn
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Adversarial Examples

Optional subtitle

- .
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W e "u"‘,'.\ Ry ’ tl'. R g

T +
esign(V,J(0,x,y))
“oibbon”
w/ B7.7% w/ 8.2% w/ 99.3 %
confidence confidence confidence

€T Sigl'l(vm J(ev £, y))

7 Y

y ="panda’ “nematode’

Figure 7.8

Training on adversarial examples is mostly intended to improve security, but can
sometimes provide generic regularization.

\
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AEEZFKR
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s
o
=i

Fudan-SDS Confidential - Do Not Distribute



ADVERSARIAL MANIPULATION OF DEEP REPRESENTATIONS

- = et ; T < ;
Source Guide IFC7 5 =5 N I2° 5=10 Aq 155 6=15 Ag

Figure 1. Each row shows examples of adversarial images, optimized using different layers of Cal-
fenet (FC7, P5, and C3), and different values of 6 = (5, 10, 15). Beside each adversarial image is
the difference between its corresponding source image.,

Let I, and I, denote the source and guide 1mages. Let ¢, be the mapping from an image to its
internal DNN representation at layer £, Our goal is to find a new image, /.., such that the Euclidian
distance between ¢, (1) and ¢y (1) is as small as possible, while 7, remains close to the source I.
More precisely, 1, 1s defined to be the solution to a constrained optimization problem:

Io = argmin || ¢ (1) — éi(Ig) Il (1)
subject to || — I||oo < 0O (2)

(David Fleet’s Group, ICLR 2016)

Fudan-SDS Confidential - Do Not Distribute

School of Dala Science



| earning Curves

Optional subtitle
Farly stopping: terminate while validation set
performance is better

0.20

o—e ‘Training set loss

0.15 —  Validation set loss

r-likelihood)

O
O

Why it works?
Refer to “Deep

Learning” book, Chap
/.8.

0.10

negative lo

0.05

Loss (

0.00
0 310 100 150 200 250

Time (epochs)

Figure 7.3

(Goodfellow 2016)

School of Dala Science
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Bagging

Optional subtitle

Original dataset

First resampled dataset ['irst_ensemble member

Second resampled dataset Second ensemble member

Figure 7.5

o (Goodfellow 2016)
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B at C h “Batch Normalization: Accelerating Deep
Network Training by Reducing Internal
N lization

Covariate Shift,” loffe and Szegedy 2015
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Batch Normalization
7Z =XW

“Batch Normalization: Accelerating Deep
Network Training by Reducing Internal
Covariate Shift,” loffe and Szegedy 2015



Before SGD step

Input Hidden Layer 1 Hidden Layer 4
o O
O ° . :
O
o : o O '
°© o o o
}“ ® o. ° 3 .
° 6 g
o o S e
apaooto O O ’.m..“
Input Hidden Layer 1 Hidden Layer 4
® o
o © o o o
o o
$ . :
° © o0
tpan 00" 8 :
o ¢ g
ooo °
ano8® o ® © o000 ccumw

After SGD step

“Batch Normalization: Accelerating Deep
Network Training by Reducing Internal
Covariate Shift,” loffe and Szegedy 2015



0.8

— = = Inception
----- BN-Baseline
------- BN—-x5
BN-x30
-+ BN-x5-Sigmoid
¢ Steps to match Inception

15M 20M 25M 30M

“Batch Normalization: Accelerating Deep
Network Training by Reducing Internal
Covariate Shift,” loffe and Szegedy 2015
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Deep Learning Building Blocks

/O modalities,
Network architectures,
Losses

Image: Nagel, Wolfram. Multiscreen UX Design: Developing for a Multitude of Devices. Morgan Kaufmann, 2015.




Deep Learning: Zooming Out

o,

Google Cloud

Ml Azure N
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Non-Linearities &)
Relu

Sigmoid

Tanh

GRU

LSTM

Linear

Connectivity Pattern@

Fully connected
Convolutional
Dilated
Recurrent
Recursive

Skip / Residual
Random

Optimizer
SGD
Momentum
RMSProp
Adagrad
Adam
Second Order (KFac)

LOSS f

Cross Entropy
Adversarial
Variational
Max. Likelihood
Sparse

L2 Reg
REINFORCE

Deep Learning: Zooming Out

Hyper Parameters

Learning Rate
Decay

Layer Size

Batch Size
Dropout Rate
Weight init

Data augmentation
Gradient Clipping
Beta

Momentum




Images

e Structured

e Classification

e Segmentation

e Medical images

e Generative Models
o Art

. % Oy = § —
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A Neural Algorithm of
Artistic Style

Gatys et al, 2015




S 50 years ago, the fathers of artificial intelligence convinced
eq u e n ces everybody that logic was the key to intelligence. Somehow we
had to get computers to do logical reasoning. The alternative
approach, which they thought was crazy, was to forget logic and
try and understand how networks of brain cells learn things.
Curiously, two people who rejected the logic based approach to
Al were Turing and Von Neumann. If either of them had lived I
e \Words, Letters think things would have turned out differently... now neural
networks are everywhere and the crazy approach is winning.

e Speech
e Images, Videos, Touch
e Programs while (xd++ = ks++);

e Sequential Decision Making (RL)

a Sealection b Expansion G Evaluation

(353)
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Deep Learning Vicious Cycle

Model Runs

Arch Search / Hyper Params
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Challenges of training very deep ConvNets

e We have seen that depth is important
e Why not to keep adding layers?

Two main reasons:

e computational complexity
o ConvNet will be too slow to train and evaluate

e oOptimisation
o wewon'tbe able to train such nets




Building Very Deep ConvNets

e Use stacks of small (3x3) conv. layers
o in most cases, the only kernel size you need
o acheap way of building a deep ConvNet

e Stacks have a large receptive field

o two 3x3 layers — 5x5 field
o three 3x3 layers — 7x7 field 5

e |ess parameters than a single layer
with a large kernel

|
[ |

15t 3x3 conv. layer

2" 3x3 conw. layer




(Some) Tricks of the Training Networks

Optimization
o SGD with momentum — typical choice for ConvNets
o Batch Norm

e [nitialization
o Weight init: start from the weights which lead to stable training

o Sample from zero-mean normal distribution w/ small variance 0.01

m Adaptively choose variance for each layer
e preserve gradient magnitude [Glorot & Bengio, 2010]: 1/sqgrt(fan_in)
e works fine for VGGNets (up to 20 layers), but not sufficient for deeper nets

e Model

o Stacking 3x3 convolutions
o |Inception
o ResNet adds modules which ensure that the gradient doesn't vanish




Inception Net v2: Importance of Batch Norm

Higher accuracy and faster training with batch-norm

0.8 best of w/ BN w/o BN

p—
— e—

accuracy

- = = [nception
= =+ BN-Baseline
------- BN-x5
BN-x30
oo 0 BN=-x5-Sigmoid
¢ Steps to match Inception

15M 20M 25M som  Iter.
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Ll output
|mat(i;lg 1717 17| segmentation
A A Z map

=» conv 3x3, Rel! ..
= copy and crop

# max pool 2x2

4 up-conv 2x2
= conv 1x1

1. Ronneberger, Olaf, Philipp Fischer, and Thomas Brox. "U-net: Convolutional networks for biomedical
image segmentation.” International Conference on Medical Image Computing and Computer-Assisted
Intervention. Springer, Cham, 2015.




CycleGAN

Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks

Monet 7_ Photos Summer T Winter
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A T oo ..... S S horse —zebra e inter —> summer

R e N ) Ry TV N 1‘.: ~:~ ] »
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- : .. ‘ ".ﬁ o g T b :
Encoder-decoder U-Net e R
Photograph Cezanne

Figure 3: Two choices [or the architecture of the generator. The
“U-Nelt” [34] 1s an encoder-decoder with skip connections be-
tween mirrored layers 1n the encoder and decoder stacks.







Activation Functions
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Activation Functions

Shgnumd

o(z)

tanh
tanh(x

RelLU

max (0, )

-/
]
/
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Activation Functions

Sigmoid
0(z) =

tanh

tanh(x)

RelLU

max (0, )

l14+e—<

~10 = 10

10

Leaky RelLU

max(0.1x, x)

Maxout

10

ELU

» max(wi T + by, wz T + by)

10

T z >0
ale” —1) x <0

10




Activation Functions

~10 10

Sigmoid
o(z) =1/(1+e™)
Squashes numbers to range [0,1]
Historically popular since they

have nice interpretation as a
saturating “firing rate” of a neuron

Saturated neurons “kill” the
gradients

2. Sigmoid outputs are not
zero-centered

3. exp()Is a bit compute expensive




~10 10

Sigmoid
o(z) =1/(1+e™)
Squashes numbers to range [0,1]
Historically popular since they

have nice interpretation as a
saturating “firing rate” of a neuron

Saturated neurons “kill” the
gradients

2. Sigmoid outputs are not
zero-centered

3. exp()Is a bit compute expensive

Activation Functions

tanh(x)

Squashes numbers to range [-1,1]
zero centered (nice)
still kills gradients when saturated :(




~10 10

Sigmoid
o(z) =1/(1+e™")

- Squashes numbers to range [0,1]

- Historically popular since they
have nice interpretation as a
saturating “firing rate” of a neuron

1. Saturated neurons “kill” the
gradients

2. Sigmoid outputs are not
zero-centered

3. exp()is a bit compute expensive

Activation Functions

tanh(x)

Squashes numbers to range [-1,1]
zero centered (nice)
still kills gradients when saturated :(

RelLU
(Rectified Linear Unit)

Computes f(x) = max(0,x)

Does not saturate (in +region)
Very computationally efficient
Converges much faster than
sigmoid/tanh in practice (e.g. 6x)
Actually more biologically plausible
than sigmoid

Not zero-centered output
An annoyance:

dead RelLU
will never activate
=> never update
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10

-1

Leaky RelLU
f(z) = max(0.01z, x)

- Does not saturate

- Computationally efficient

- Converges much faster than
sigmoid/tanh In practice! (e.g. 6x

- will not “die”.

Parametric Rectifier (PReLU)
f(z) = max(az, z)

/

backprop into \alpha
(parameter)

Activation Functions

Maxout “Neuron” [Goodfellow et al., 2013]

- Does not have the basic form of dot product ->

nonlinearity
- Generalizes ReLU and Leaky RelLU
- Linear Regime! Does not saturate! Does not die!

max(w! z + by, w, x + by)

Problem: doubles the number of parameters/neuron :(
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Leaky RelLU
f(z) = max(0.01z, x)

- Does not saturate

- Computationally efficient

- Converges much faster than
sigmoid/tanh In practice! (e.g. 6x

- will not “die”.

Parametric Rectifier (PReLU)
f(z) = max(az, z)

/

backprop into \alpha
(parameter)

Activation Functions

Maxout “Neuron” [Goodfellow et al., 2013]

- Does not have the basic form of dot product ->
nonlinearity

- Generalizes ReLU and Leaky RelLU
- Linear Regime! Does not saturate! Does not die!

max(w! z + by, w, x + by)

Problem: doubles the number of parameters/neuron :(

In practice:

- Use RelLU. Be careful with your learning rates
- Try out Leaky RelLU / Maxout / ELU

- Try out tanh but don’t expect much

- Don’t use sigmoid




Babysitting the Learning Process




Three Step Process

e Use needs to define metric-based goals

e Build an end-to-end system

e Data-driven refinement




How to prepare the data?

Step 1: Preprocess the data

original data

10

10

zero-centered data

(Assume X [NxD] is data matrix,

each example in a row)

np.mean(X, axis

a] .

normalized data

X /= np.std(X, axis




Which model to use?

Step 2: Choose the architecture:
say we start with one hidden layer of 50 neurons:

50 hidden
neurons >

\

/ output layer 10 output

CIFAR-10 INnput
images, 3072 layer hidden layer
numbers

neurons, one
per class




Choose Metrics

e Accuracy? (% of examples correct)

e Coverage? (% of examples processed)

e Precision? (% of detections that are right)
e Recall? (% of objects detected)

e Amount of error? (For regression problems)




Is the Loss Reasonable?(1)
Double check that the loss Is reasonable:

def 1nit two layer model(input size, hidden size, output size):

model = {}
model|[ '\
model [ ‘!

= 0001 * np.random.randn(input size, hidden size)

ks
model[ 'W2'] :

&

e

= 0.

np.zeros(hidden size)

0.0001 * np.random.randn(hidden size, output size)
np

model|[ '! .zeros (output size)

mod 1

model = init two layer model(32%*32%*3, 50, 10) # input size, hidden size, number of

7 e il
CLasses

loss, grad = two layer net(X train, model, y train| .0 - - :
orint Toce disable regularization

0SS ~2;\

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

2.30261216167 ‘\




Is the Loss Reasonable?(2)

def 1nit two layer model(input size, hidden size, output size):

model = {}
model | 'W
model['D
model[ W
model['Db
mode L

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

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

e

- |
‘l.
- I
l
o Wy
-~ 1
L

= np.zeros(output size)

model = init two layer model(32*32%*3, 50, 10) # inguisize, hidden size, number of classes
loss, grad = two layer net(X train, model, y_trainm crank up regularization

print loss

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




Then, let’s try to train it.

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

Lets try to train now... i sl 20l come:

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,

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

The above code:
- take the first 20 examples from
CIFAR-10

- turn off regularization (reg = 0.0)
- use simple vanilla ‘'sgd’




Lets try to train now...

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

Very small loss,
train accuracy 1.00,

nice!

model =
trainer

ClassifierTrainer()
take 20 examples

X tiny = X train[:20] #

y tiny = y train[:20]

init two layer model(32*32%3, 56, 10)

# 1nput slize,

hidden size,

number of classes

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: 0.400000, val 0.400000, lr 1.000000e-03
Finished epoch 2 / 200: cost 2.302258, train: 0.450000, val 0.450000, 1lr 1.000000e-03
Finished epoch 3 / 200: cost 2.301849, train: 0.600000, val 0.600008, 1lr 1.0000008e-03
Finished epoch 4 / 200: cost 2.301196, train: ©.650000, val €.650000, lr 1.000000e-03
Finished epoch 5 / 200: cost 2.300044, train: 0.650000, val 0.650000, lr 1.000000e-03
Finished epoch 6 / 200: cost 2.297864, train: 0.550000, val 0.550000, 1lr 1.000000e-03
Finished epoch 7 / 200: cost 2.293595, train: 0.6600000, val 0.600000, 1r 1.000000e-03
Finished epoch 8 / 200: cost 2.285096, train: 0.55000€, val 0.550000, Lr 1.000000e-03
Finished epoch 9 / 200: cost 2.268094, train: 0.550000, val 0.550000, lr 1.000000e-03
Finished epoch 10 / 200: cost 2.234787, train: ©.500000, val 0.500000, 1lr 1.000000e-03
Finished epoch 11 / 200: cost 2.173187, train: ©.500000, val ©0.500000, 1lr 1.000000e-03
Finished epoch 12 / 200: cost 2.076862, train: ©.500000, val 0.500000, Lr 1.000000e-03
Finished epoch 13 / 200: cost 1.974090, train: 0.400000, val 0.400000, lr 1.000000e-03
Finished epoch 14 / 200: cost 1.895885, train: ©.400000, val 0.400000, lr 1.000000e-03
Finished epoch 15 / 200: cost 1.820876, train: ©.450000, val 0.450000, 1lr 1.000000e-03
Finished epoch 16 / 200: cost 1.737430, train: ©0.450000, val 0.450000, Lr 1.000000e-03
Finished epoch 17 / 200: cost 1.642356, train: ©.500000, val 0.500000, lr 1.000000e-03
Finished epoch 18 / 200: cost 1.535239, train: ©.600000, val 0.600000, lr 1.000000e-03
Finished epoch 19 / 200: cost 1.421527, train: ©.600000, val 0.600000, Lr 1.000000e-03
FPaocmaeombhad amcaaebl. *an f T™AA L monomde B MAERIEN I amcna - ona A BENRAAA -1 N oCAANN T - T ANANANANA.. NN
Flnlshed epoch 195 / 200: cost ©.002694, train: 1.099009 val 1.600990 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 0.002635, train: 1.000000, val 1.000000, lr 1.000000e-03
Finished epoch 199 / 200: cost 0.002617, train: 1.000000, val 1.000000, 1lr 1.000000e-03
Finished epoch 200 / 200: cost 0.002597, train: 1.000000, val 1.0000080, lr 1.000000e-03
finished optimization. best validation accuracy: 1.000000




model = init_two layer model(32*32*3, 50, 10) # input size, hidden size,

Lets try to traln nOW_ . trainer = ClassifierTrainer()

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

Start with small tamin iy, rutesiat; varbossifiruai
regularization and find

learning rate that

makes the loss go

down.

number of classes




Lets try to train now...

Start with small
regularization and find
learning rate that
makes the loss go
down.

model = init two layer model(32%32%3, 50,
trainer = ClassifierTrainer()

10) # Input size,

hidden size,

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,

-0t ' e,

| verbose=rrue)
Finished epoch 1 / 10:]cost 2.302576, : 0.080000, al 0.103000, 1r
Finished epoch 2 / 10:Jcost 2.302582, : 0.121000, al 0.1240600, 1r
Finished epoch 3 / 10:]Jcost 2.302558, + 9.119%000, Wal 0.1380600, Llr
Finished epoch 4 / 10:]cost 2.302519, : 0.127000, val 0.151000, 1r
Finished epoch 5 / 10:]cost 2.302517, : 9.158000, val ©.171000, 1r
Finished epoch 6 / 10:jcost 2.302518, : 0.179000, Wal 0.172000, 1r
Finished epoch 7 / 10:]cost 2.302466, : 0.180000, val ©.176000, 1r
Finished epoch 8 / 10:]cost 2.302452, : 9.175000, val ©.185000, 1r
Finished epoch 9 / 10:jcost 2.302459, : 0.206000, val 0.192000, Lr
Finished epoch 10 / 10} cost 2. 392420 tra'n 0. 190000
finished optimization. ) accuracy: :

Loss barely changing

Notice train/val accuracy goes to 20%

R Dl . o ol

number of classes

.000000e-06
.000000e-06
.000000e-06
.000000e-06
.000000e-06
.000000e-06
.000000e-0606
.000000e-06

.000000e-06

val 0.192000, Llr 1.000000e-06




Now let’s try learning rate 1e6

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

LetS try to train nOW_ . 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,

Sta rt With Sma” learning rate=1e6, verbose=True)

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

reQUIarlzatlon and flnd coggigrigsén:??\p.sum(np.log(probs[range(N), yl)) / N

/home/karpathy/cs231n/code/cs231n/classifiers/neural net.py:48: RuntimeWarning: invalid value enc

" d in sub
Iea rnlng rate that ou;:sg: =12p?gx;zgggres - np.max(scores, axis=1, keepdims=True))

Finished epoch 1 / 18: cost nan, train: 0.€91e6€, val 0.08700€, lr 1.000000e+66

makes the IOSS go Finished epoch 2 / 18: 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

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

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




Lets try to train now...

Start with small
regularization and find
learning rate that
makes the loss go
down.

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

model = init two layer model(32%32%*3, 56, 10) # input size, hidden size, number of classes

trainer = ClassifierTrainer()

best model, stats = trainer.train(X train, y train, X val, y val,
medel, two layer net,
num epochs=10, reg=0.000001,
update='sgd', learning rate decay=1,
sample batches = True,
learning rate=3e-3, verbose=True)

Finished epoch 1 / 10: cost 2.186654, train: 0.308000, val 0.306000, Lr 3.000000e-
Finished epoch 2 / 10: cost 2.176230, train: ©.330000, val ©.350000, Llr 3.000000e-
Finished epoch 3 / 10: cost 1.942257, train: ©.376000, val ©.352000, 1lr 3.000000e-
Finished epoch 4 / 10: cost 1.827868, train: ©.329000, val ©.310000, Lr 3.000000e-
Finished epoch 5 7 10: cost inf, train: ©.128000, val 0.128000, 1r 3.000000e-03
Finished epoch 6 / 10: cost inf, train: ©.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]

03
03
03
03




How to do Cross Validation?

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




nice

max count = 100
for count in xrange(max count):
reg = 10**uniform(-5, 5)
lr = 10*¥*uniform(-3, -6)

trainer = ClassifierTrainer()
model = init two layer model(32%*32*3, 50, 1) # 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=reqg,
update="momentum', learning rate decay=0.9,

For example: run coarse search for 5 epochs

note it's best to optimize
In log space!

sample batches = True, batch size = 100,
learning rate=lr, verbose=False)
| val 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, lr: 1.750259%e-04, reg: 2.110807e-04, (7 / 100)
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: 0.879000, [r: 5.401602e-06, reg: 1.599828e+04, (10 / 100
val acc: 0.154000, Llr: 1.618508e-06, reg: 4.925252e-01, (11 / 100)




Now run finer search...

max count = 100
for count in xrange(max count):

adjust range

max count = 100
for count in xrange(max count):

reg = 10**Unif0rm('5, 5) —> reg — l@**uniform(_.q' 0)
lr = 1e**uniform(-3, -6) Lr = 10**uniform(-3, -4)

I val acc: 0.527000, lr: 5.340517¢-04, reg: 4.097824e¢-01, (0 / 100)
Vol Ett“U‘ZEZUUU"TT: Z.279483¢c-04, Teq: 9.991335¢-u4, (I 7 1u9)
val acc: ©.512000, Lr: 8.680827e-04, reqg: 1.349727e-02, (2 / 100)
val acc: 0.461000, lr: 1.028377e-04, reqg: 1.220193e-02, (3 / 100)
val acc: 0.460000, lr: 1.113730e-04, reqg: 5.244309%e-02, (4 / 100) 0 -
val acc: ©.498000, Llr: 9.477776e-04, reg: 2.001293e-03, (5 / 100) 93% - relatwely gOOd
val acc: 0.469000, 1lr: 1.484369e-04, reg: 4.328313e-01, (6 / 100) for a 2_|ayer neural net
val acc: 0.522000, lr: 5.586261e-04, reqg: 2.312685e-04, (7 / 100) _ :
val acc: 0.530000, lr: 5.808183e-04, req: 8.259964e-02, (8 / 108) with 50 hidden neurons.
val_acc: 0.489000, 1r: 1.979168e-04, reg: 1.010889%e-04, (9 / 100)
val acc: 0.490000, lr: 2.036031e-04, reg: 2.406271e-03, (10 / 160)
val acc: 0.475000, lr: 2.021162e-04, reg: 2.287807e-01, (11 / 100)
val_acc: 0.460000, lr: 1.135527e-04, reg: 3.905040e-02, (12 / 100)
val acc: 0.515000, Llr: 6.947668e-04, reg: 1.562808e-02, (13 / 100)
val acc: 0.531000, lr: 9.471549e-04, reg: 1.433895e-03, (14 / 100)
val_acc: ©.509000, lr: 3.140888e-04, re@: 2.857518e-01, (15 / 160)
val acc: 0.514000, lr: 6.43834%¢e-04, reg: 3.033781le-01, (16 / 1600)
val acc: 0.502000, lr: 3.921784¢e-04, reg: 2.707126e-04, (17 / 100)
val_acc: 0.509000, lr: 9.752279%e-04, reg: 2.850865e-03, (18 / 100)
val acc: 0.500000, Llr: 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)




