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Keras

An API spec for building deep learning
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DeepBrick for Keras (FAl2IAE 25t HE2))

Sep 10, 2017 o ZEHY (Taeyoung Kim)

.
The Keras is a high-level AP for deep leaming model. The AP is very intuitive and similar to building bricks. So, | have started the
DeepBrick Project to help you understand Keras's layers and models.
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Bricks
There are bricks supported by DeepBrick.

Dataset

Brick Name

2D Input data
Layers
Brick Name
i‘ Dense
RS CAINRARTAR

Description

Input data and labels are encoded as vector.
1X+ede| 3 ojolg Y efiu|cth

Input data are encoded as 2D vector.
2ol 3 cf|o|efuLct

In case of imagery, the dimention consists of sample, width, height and channel.
F2 GY C0EIE Qjojst ¥E=, U], =0], ME+2 FHELCH

Description

Regular densely-connected neual network layer.
TE Y RN £ FRIS AHsH= HAFSYLCH

Tums positive integer representations of words into a word embedding.

Excludes random input neurons (two-dimensional) at a specified rate during learning to
prevent overfitting.

IHHBS WX|EH| fIeiA BtE Alof XIFE HIS0HE 2Jolo] 1 F2i(2XH)S MLl
=5

Dropout

Activation Functions

Brick Name Description

Returns a value between O and 1.
243t B2 UElE 2hg 01t 141019 ZteE EHAIZLICH

This is mainly used for the activation function of the output layer of the binary classification model it can be

& sgmod judged as positive if the output value is above a certain threshold value (for example, 0.5) or negative if it is
below.
E3740| 5T YAZ(OIE S01 0.5) 0|40|H 24, 0[5t0|H SH0|2tn HEF + 7| WR0| O|FEF 2 &
HE0l| =2 ABELICh
Retums the probability value per class.
25t B2 YHE|= S SeHAHE HE 20| LILEE SHA|ZLICE
If all of these probabilities are added, it becomes 1.

@ | softmax | O $EUS 2F 51 10| ELICE
It is used mainly for the activation function of the output layer of a multi-class model, and the class with the
highest probability value is the class classified by the model.
CHESel2 2ol EHF0| F2 ALSED, #E3(0| 713 £2 SefA7t 20| 2R3 SefAiu|ch
Returns a value between -1 and 1.
2ot B2 YFElE US -12H 1A10(2] 22 EHAIZLCE

& | tnh
It is used for the activation function of LSTM layer.
LSTMe| &3 &5} 8t+2 AFZELICH

4 i It is mainly used of the activation funition of the hidden layer.

243t g2 F2 2430 ARBELIC

rr is mainly used of the activation funition of the hidden layer such as Conv2D.
43t a2 F2 Conv2D 2450] ALEELICH

e relu



# Block 1

x = Conv2D(64, (3, 3), activation="relu', padding='same',

name="blockl_convl')(img_input)

x = Conv2D(64, (3, 3), activation="relu', padding='same',

name="blockl_conv2')(x)
X = MaxPooling2D((2, 2), strides=(2, 2),
name="blockl_pool')(x)

# Block 2

x = Conv2D(128, (3, 3), activation="relu',
name="block2_convl')(x)

x = Conv2D(128, (3, 3), activation="relu',
name="block2_conv2')(x)

X = MaxPooling2D((2, 2), strides=(2, 2),
name="block2_pool')(x)

# Block 3

x = Conv2D(256, (3, 3), activation="relu',
name="block3_convl')(x)

x = Conv2D(256, (3, 3), activation="relu',
name="block3_conv2')(x)

x = Conv2D(256, (3, 3), activation='relu',
name="block3_conv3')(x)

x = MaxPooling2D((2, 2), strides=(2, 2),
name="block3_pool')(x)

# Block 4

x = Conv2D(512, (3, 3), activation="relu',
name="block4_convl')(x)

x = Conv2D(512, (3, 3), activation="relu',
name="block4_conv2')(x)

x = Conv2D(512, (3, 3), activation='relu',
name="block4_conv3')(x)

X = MaxPooling2D((2, 2), strides=(2, 2),
name="block4_pool')(x)

# Block 5

x = Conv2D(512, (3, 3), activation="relu',
name="block5_convl')(x)

x = Conv2D(512, (3, 3), activation="relu',
name="block5_conv2')(x)

x = Conv2D(512, (3, 3), activation="relu',
name="block5_conv3"')(x)

X = MaxPooling2D((2, 2), strides=(2, 2),
name="block5_pool')(x)

if include_top:
# Classification block

padding="same',

padding="same',

padding="same',
padding="same',

padding="same',

padding="same',
padding="same',

padding="same',

padding="same',
padding="same',

padding="same',

x = Flatten(name='flatten')(x)

x = Dense(4096, activation='relu', name='fcl')(x)

x = Dense(4096, activation='relu', name='fc2')(x)

x = Dense(classes, activation='softmax’,
name="predictions')(x)
else:

if pooling == 'avg':

x = GlobalAveragePooling2D()(x)
elif pooling = 'max':

x = GlobalMaxPooling2D()(x)










\*3
==

=\ W
“‘-_ =

=

=
9
£
g

b BHarz

=
(=]
di

1GITAL
poOKS

www.digitalbooks-c0 kr

e
w03

Fohue @30 A ok Y04 heREY + Uik,

: LSTM one_stop_

prediction, mp3
github. LSTM ful_song.
prodiction, mp3

7. MEARX| LSTM 29
olsiofi= AR (Stateful) LSTM 2lof disiel eroriulch, o7l AelfAlcks e @
A skl Atk e sk A 22) A2 Ak 28 ojuithis

4T 2ol e 4E) o 410148 UBel 27| ek KRS,

20 A olel ARl W, LSTV e A 2Sel Tk daie, 2 A
SelElg 48 12 Ao SiEIohs LSTV A0 1005 A 7loteka, 9 2 vl
214 Zlolfe] & SR8 Auik olold LSS A A GEUE F4 LSTY 2
W A AR LSTM Aolo] B4 AL, siatoful=Troe AT, EO 44 2=
oAl AAUEE bateh_input_shape = (b0l EHIAT, £4)05 AAsiol gtk 4
2] oA A0 AR 23 o198 o ol S HAGHG

e i, o s 1, 4, 1, sl
el Ol o v sz, acthatiar s )

164 - e s )

of UL Ggg Asltivc,
+ 24 Olulx| AOI2} 30| 20| PHEILIC)
- 220 4 712 Wel2} AEIIE, Kol 71do| NSO 8 1K1 S22 200 EIC,
+ @%1 olalxii= AJ0I7} 3X30L2 240l ZHEILICE

2. AtASH HSHE SAIBIFE WA (Max Pooling) 20]0f
AUFH Aolois] 91 ololoAA Tttt Fol 217} e & Y IS, ol Al
A0 40 Wbt o A R Shh

Maolimoon size=(z, 2)

8 A hes 2
« poolsize s+, #8 &4 HEE AU, 2, 201 59 94 1 U 94 9

o2 gl
A Sl U8 34 2717} 4x4eliL, pool sized (2, Dt W B BB K123 Lauie,
S BEE SIS UG HHAL, LU R pool sizedd BheF L AAR HATILL, S
A 78 & U8 Hediel 0 H922 UEY, T2iol 29 Yol Wrisk, 42 283
HAEY dolotg SHOE HAY AU,

owemes_ewes samaneioopi- 119

A0A BEolAE 2 o A, 4 271580 48 2ol AT U4 HE ok 47t
o8 45 149 27492 A8 S04 G2 27020} s, sl 499, 94
BE 8 HE 09 S A7 U APl A A U 215 Selok
e, 45 e,
- SHAS AE S AT, ARE A3 44 4 AR AE U0E Woltn 49 2
A2
- @ 3 gl o3l AN dlels] A} U8 A, ARE AU dold ASS B A
o 4 2715 98
@ SN B A% O AV Done ARE 82 A% Ao A8 2
7158 9o Huck,

ot = 20

for ot
e 360 )
el it train, . e, eeche, b iz, vesose2, Suflefalse) #5055
Ksraels)
oo eset sate()

k] b0 (.3))
el aaDense()

- AeRH AY SENZY 2
ARA SRARBE o122 Hored UL, o] shidl SBAZT! vl ol U 28
o) bt mge

k] = Seqenttal()

foe 1 10 et
el aHLSTHR2, Bt it staee(1, ook b, 1), statefleTre, T
seerce

ouena_susansuenwr 165

ol Solols G e VAAEA AL SAGIo] H9E 2T A 24 YU AN Y=
& SS9 el 0] A WV L S 9, oFd 2604 A UM 448 Algee
F UR YHE LEROR OB A YR YHE o1 M| 2, W WA IHE 23 &
aAsigiA, A% Y 25k o 93 U4 B4 4F 59, 989 Age
Aottt 3, 3 907 254 ched olelth Aolvk Abgtolekn Aokl gl & 4P
& 912 oA e

ﬂﬂﬂﬁ'

"',

3. YT YO HIWHFE FAE(Flatten) 2010f

BERH AT 2N BERA Aololt WAFY Aolols VA2 ALY 72 SYT
8313 259 70 5P LTS Heslo) YT, VLA dololt AAFY Aolol
#2224 A4S SHEAY HETSO AT S 14 42 A TICk ol & A
85 o] BHE Aololgu, 48 Ak HET T

Flatten)
oAl doloie] 38 A olESfol U Hii AFOL A, 3o Yl Ul Yol

2 AgoR AU/ HEel WSS A7 BRI AP YOI W, 17 33
S LT WABG B A 8 Qo

120 - ranen o )

ueTER s o 28 e + 257

4, 8 ¢ ot
B Yohe Holol§ olgM Ve dEFH 43 2US TEARAGUT. UA Ud
o LA ARG, G0, AT, B €22 2 o 2 oI 1 el
PSR, AT, AT, U@ Pt 9 RAAE e SR 980 29l
i Dol Ui, BasiE BN oI FAAL G,

« B HOI0) : 1% olelx] 27| 866, 9 oiolx A4 1A, We 271 B3, WE 4 278, %
A el same, $42 U ol

- ARy HOI & 27 20

o wee samaomope - 121






FH2tA F2|0t (Keras Korea) 7= 32[0} (Kaggle Korea) Q Aejd & wEg|

#H2tA 22|0} (Keras 7i2 Z2|0} (Kaggle

Korea) Korea) 9 =1 q E 0
QzMaE QMg E =
e e
. s Kaggle Korea
Non-Profit Facebook Group Community
x| ZX|
o Y — 71 | —— | -
. S < ZEoiA, e LHsACH
OJHIE ojHiE i
Study Together, Share Together
Sy =0 PN Note: No offcial relationship with Kaggle
Abzl AREl
=ETINE eS|
gy el A 3R37] | e HEI| sty o 298ty| | .- Y|
& el OE QINo|E
as 23 - aE me| -
BiIH] 6,750% 2t 37| — . S 6,750 2 3] =
o] 2 2 a + ojsolLt ol FAE gzsts  1F 2 + O|ZO|L} OlnlY FAE HHIL...
e B2IR RS B2 5 ol 18 M QR o2 AR S
@ fast.ai KR I b=
def 2epes
@ 742 32/0} (Kaggle Kore... O H2x| @ fast.ai KR O malx

(F)l2Ho0|A CTO

@ e

@ 742 32(0f (Kaggle Kore...

& A 32/o} (DApps Korea) O[el @ oAt S
g
@ Reinf t L 4 (Shinhan Bank) Deep Learni O AR e ]| - gi-i, © oA =] || e
einforcement Learn... 7 inhan Ban eep Learning - o
ecture & ©& 320t (DApps Korea) SK FAI5|A} C&C Data Analyst
A}Ril‘ S 04% a
(1) PR ! ikl @ Reinforcement Learn... 7 =CHE

o 17| Holy ) o ZEfE
7 ‘ o Belxt © vAR Bl | e Aed o E|L | P AT Age 4ol



nature

astronomy

LETTERS

https://doi.org/10.1038/541550-019-0711-5

Solar farside magnetograms from deep learning
analysis of STEREO/EUVI data

Taeyoung Kim'’, Eunsu Park ©'7, Harim Lee ©'27, Yong-Jae Moon ©'?*, Sung-Ho Bae3,
DayelLim', SoojeongJang?, Lokwon Kim?, lI-Hyun Cho®2, Myungjin Choi°® and Kyung-Suk Cho**®

Solar magnetograms are important for studying solar activity
and predicting space weather disturbances'. Farside magneto-
grams can be constructed from local helioseismology without
any farside data®*, but their quality is lower than that of typi-
cal frontside magnetograms. Here we generate farside solar
magnetograms from STEREO/Extreme UltraViolet Imager
(EUVI) 304-A images using a deep learning model based on
conditional generative adversarial networks (cGANs). We
train the model using pairs of Solar Dynamics Observatory
(SDO)/Atmospheric Imaging Assembly (AIA) 304-A images

training step, the generator is trained to learn the polarity patterns
of active regions. In the evaluation and generation step, the gen-
erator reproduces the pattern. Since all data are from the 24th solar
cycle, there is no difficulty in producing the Hale’s law pattern in
this cycle. We note that the polarity of the solar magnetic field is
reversed cycle by cycle. Hence, since our model has been trained
on the 24th solar cycle, it would be effective for even solar cycles,
but should be tested for odd cycles. A careful comparison between
two magnetograms shows that the tilt angle between a preceding
sunspot and the one that follows it is not always properly generated,
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C+BN+R+BN+R

IC+BN+R+BN+R+BN+R+BN+R

C+BN+R

)

C+BN+R+BN+R+BN+R+BN+RI

C+BN+R
C+BN+R
C+BN+R

test accuracy (%)

C+BN+R
C+BN+R+BN+R

y .
C+BN+R+BN+R

Global Pool

Output

C+BN+R |

Global Pool

Output

0.9 28.1 70.2 wall time (hours) 256.2



autoML AL AutoKeras

Example

Here is a short example of using the package.

import autokeras as ak

clf = ak.ImageClassifier()
clf.fit(x_train, y_train)
results = clf.predict(x_test)

For detailed tutorial, please check here.



model
model

model
model
model
model
model
model
model

model

model

score

= Sequential()

.add(Conv2D(32, kernel_size=(3, 3),

activation="relu’',
input_shape=input_shape))

.add(Conv2D(64, (3, 3), activation="relu'))
.add(MaxPooling2D(pool_size=(2, 2)))
.add(Dropout(@.25))

.add(Flatten())

.add(Dense(128, activation="relu"))
.add(Dropout(0.5))

.add(Dense(num_classes, activation="softmax"'))

.compile(loss=keras.losses.categorical_crossentropy,

optimizer=keras.optimizers.Adadelta(),
metrics=["accuracy'])

.fit(x_train, y_train,

batch_size=batch_size,
epochs=epochs,
verbose=1,
validation_data=(x_test, y_test))
= model.evaluate(x_test, y_test, verbose=0)

= ImageClassifier(verbose=True, augment=False)

.fit(x_train, y_train, time_limit=12 * 60 * 60)
.final_fit(x_train, y_train, x_test, y_test, retrain=True)
clf.evaluate(x_test, y_test)

print(y * 100)
print("end™)

MNIST Test Accuracy

Keras : 0.9912
AutoKeras : 0.994(0.998)




AutoKeras GitHub

6.3k Stars - 1.0k Forks

Ta S k A P | Table of contents

ImageClassifier class

ImageRegressor class

AutoKeras support the following task APIs. TextClassifier class
TextRegressor class
. [source] Coming Soon:
ImageClassifier class e
autokeras.task.ImageClassifier( O

num_classes=None,
multi_label=False,
loss=None,

metrics=None,
name="image_classifier",
max_trials=100,
directory=None,
objective="val_loss",
seed=None,

AutoKeras image classification class.



GitHub

Task API Q Search 6.3k Stars - 1.0k Forks
create a folder with the name of the AutoModel in the current directory. Table of contents
» objective: String. Name of model metric to minimize or maximize, e.g. 'val_accuracy'. Defaults to ImageClassifier class

'val_loss'. ImageRegressor class

TextClassifier class

e seed: Int. Random seed.
TextRegressor class

Coming Soon:

Coming Soon:
StructuredDataClassifier
StructuredDataRegressor

TimeSeriesForecaster

Previous Next

< Contributing Guide AutoModel -

MkDocs Material for MkDocs




Microsoft Azure Machine Learning

test 001 > Experiments > automl_tianic

Ea Y automl_tianic Switch to old experience (»
(M Home
Auth = Edittable () Refresh ) Reset to default view | 0 Include child runs
uthor
E Natebooks Run status precision_score_weighted / AUC_macro f
/% Automated ML 4 99 <
R=y ¥ ° 0.9 ¥e g... o0
. ) 9] o WA’ ooeV . S,
&u Designer Running Completed 2 0.8 ommp % WV wm BV N2 S o5 ™ Yo '-‘: oo o :"."s.
[0) [ ] [ ] © *
Assets ) N ° b E 07 . ‘
3 0.6 = 1 0 .
B2 Dataset i ¢ . S os ¢
15 Datasets ‘] 2 7 S ° = © A .
A Experiments Failed Other 2 D4 e 0.5 * N
o 50 100 50 100
&% Pipelines o
Run number Run number
Models
&> Endpoints
e T Add filter
L] Compute
Run Created time Duration Status Compute target  Run type precision_s... ~ AUC_macro Tags
E Datastores
Data labeling Run 123 December 14,2019 5:2...  1Tm11s Completed  testv101 automl.model_exp... model_explain
Run 122 December 14,2019 5:22...  1m6s Completed  testv101 automl.model_exp... model_explain
Run 121 December 14, 2019 5:0...  2m 45s Completed  testv101 automl.model_exp... model_explain

Run 120 December 14, 2019 4:5...  23s Canceled testv101 azureml.scriptrun model_explain



Microsoft Azure Machine Learning

test 001 > Experiments > automl_tianic_full > Run 14

-+ New Run 14 @ Completed Switch to old experience @

{2 Home () Refresh Cancel [] Auto refresh every 30 seconds
Author

El Notebooks Details  Models  Data guardrails  Properties  Logs  Outputs

/% Automated ML

e Type Status Description °
Class balancing passed Classes are balanced in the training data.
Assets detection
G5 Datasets
A\ Experiments Type Status Description °
2% Pipelines Missing values fixed The training data had the following missing values which were resolved. Please review your data source
imputation for data quality issues and possibly filter out the rows with these missing values. If the missing values
Models are expected, you can either accept the above imputation, or implement your own custom imputation
) that may be more appropriate based on the data type and business process.
@> Endpoints » .
Additional details
Manage
L Compute
Type Status

E Datastores

[/ Data labeling

High cardinality feature  done

detection

Additional details

Description 0

High cardinality inputs were detected in dataset and were featurized as {}.
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TF Encrypted Keras

e Encrypted Training
e Encrypted Predictions with Public Training
e Encrypted Predictions After Public Training with Differential Privacy



Encrypted Training

enc(data)

Train Model

Training Dataset Encrypted Training Data Scientist

Using TFE Keras, Data Scientists can train models on encrypted data




Encrypted Training

import tf_encrypted as tfe
from tf_encrypted.keras.losses import BinaryCrossentropy
from tf_encrypted.keras.optimizers import SGD

from common import DataOwner

num_features = 10

batch_size = 100

steps_per_epoch = (training_set_size // batch_size)
epochs = 20

# Provide encrypted training data
data_owner = DataOwner('data-owner', batch_size)
x_train, y_train = data_owner.provide_private_training_data()

# Define model

model = tfe.keras.Sequential()

model.add(tfe.keras.layers.Dense(1, batch_input_shape=[batch_size, nui
model.add(tfe.keras.layers.Activation('sigmoid'))

# Specify optimizer and loss
model.compile(optimizer=SGD(1r=0.01),
loss=BinaryCrossentropy())

# Start training

model. fit(x_train,
y_train,
epochs=epochs,
steps_per_epoch=steps_per_epoch)




Encrypted Predictions with Public Training

enc(input)

enc(prediction)

Client Private Predictions

Using TFE Keras, users only share encrypted data to get the prediction




import tensorflow as tf
import tf_encrypted as tfe

# Define plaintext model with tf Keras
model = tf.keras.Sequential([
tf.keras.layers.Conv2D(16, 8,

tf.
tf.

tf.

tf

tf.

tf
1)

keras

keras.
.keras.
keras.
.keras.

strides=2,

Encrypted Predictions with Public Training

padding="'same',
activation='relu',
batch_input_shape=input_shape),

layers.Conv2D(32, 4,

# load trained weights
pre_trained_weights = 'short-dnn.h5"'
model. load_weights(pre_trained_weights)

strides=2,

. layers.AveragePooling2D(2, 1),
keras.

padding="'valid',
activation='relu'),
layers.AveragePooling2D(2, 1),
layers.Flatten(),
layers.Dense(32, activation='relu'),
layers.Dense(10, name="'logit')

# create private model from tf Keras model
tfe_model = tfe.keras.models.clone_model(model)

-and-predictions-with-tf-enc

Ref. https://medium.com/dropoutlabs/encrypted-dee




Encrypted Predictions After Public Training with Differential Privacy

membership inference
model inversion.

input

prediction

Adversaries Private Predictions
& Trianing with DP

Training Dataset

Differential Privacy prevents the model from memorizing sensitive data




Encrypted Predictions After Public Training with Differential Privacy

if FLAGS.dpsgd:
ledger = privacy_ledger.PrivacylLedger(
population_size=60000,
selection_probability=(FLAGS.batch_size / 60000))

# Use DP version of GradientDescentOptimizer. Other optimizers are
# available in dp_optimizer. Most optimizers inheriting from
# tf.train.Optimizer should be wrappable in differentially private
# counterparts by calling dp_optimizer.optimizer_from_args().
optimizer = dp_optimizer.DPGradientDescentGaussianOptimizer(

12_norm_c1lip=FLAGS.12_norm_clip, else:
noise_multiplier=FLAGS.noise_multiplier, optimizer = GradientDescentOptimizer(learning_rate=FLAGS.learning_rate)
num_microbatches=FLAGS.microbatches, training_hooks = []

ledger=ledger, opt_loss = scalar_loss

i . global_step = tf.compat.vl.train.get_global_step()
learning_rate=FLAGS. learning_rate)

train_op = optimizer.minimize(loss=opt_loss, global_step=global_step)

training_hooks = [ # In the following, we pass the mean of the loss (scalar_loss) rather than
EpsilonPrintingTrainingHook(ledger) # the vector_loss because tf.estimator requires a scalar loss. This is only

] # used for evaluation and debugging by tf.estimator. The actual loss being

opt_loss = vector_loss # minimized is opt_loss defined above and passed to optimizer.minimize().

return tf.estimator.EstimatorSpec(mode=mode,
loss=scalar_loss,
train_op=train_op,

training_hooks=training_hooks)
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Active Learning

-
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m https://inspaceai.qithub.io/2019/06/05/ActiveLearning_Introduction/
e Cross-Entropy

e Least Confidence

e Margin Sampling
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Online Learning

o SAEO
o Incremental Learning, Streaming Learning
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Hyperparameter Tuning >> Keras Tuner

Keras Tuner Home Tutorials v Documentation ~ Examples v Contributing Guide Q Search € Previous Next = O GitHub

Keras Tuner documentation ‘ Keras Tuner documentation

Installation

Usage: the basics |ﬂSta| Iatlon

The search space may contain

conditional hyperparameters Requirements:

» Python 3.6

You can use a HyperModel
» TensorFlow 2.0

subclass instead of a model-
building function Install latest release:

Keras Tuner includes pre-made
tunable applications: HyperResNet pip install -U keras-tuner
and HyperXception

You can easily restrict the search Install from source:

space to just a few parameters
git clone https://github.com/keras-team/keras-tuner.git
About parameter default values Sy e e



Getting the optimal
model requires to tune
many inter-dependent
parameters




model = Sequential ()

model.add (Conv2D (32, kernel size=(3, 3), activation='relu',
input shape=(28, 28, 1)))

model.add (Conv2D (64, kernel size=(3, 3), activation='relu'))

model.add (Flatten () )

model .add (Dense (20, activation='relu'))

model .add (Dropout (0.2))

model .add (Dense (10, activation='softmax'))

model.compile (loss='categorical crossentropy',
optimizer=Adam(0.001))

model . summary ()



ST Conv2D2 ZE 4 : L1 NUM FILTERS

SH M Conv2D2 ZE £ : L2 NUM_FILTERS
Dense - Dropout 2=52| Bt=% = : NUM_LAYERS
Dense dl0|H2| &€ =& == : NUM_DIMS

Dropout d| 0| 2] =& & : DROPOUT_RATE

z &2l &t=& LR



LR = Choice('learning rate', [0.001, 0.0005, 0.00017],

group='optimizer"')

DROPOUT RATE = Linear ('dropout rate', 0.0, 0.5, 5,
group='dense')

NUM DIMS = Range ('num dims', 8, 32, 8, group='dense')

NUM LAYERS = Range ('num layers', 1, 3, group='dense')

LZtNUMiFILTERS
group='cnn')

Range ('12 num filters', 8, 64, 8,

L1 NUM FILTERS
group='cnn')

Range ('1ll num filters', 8, 64, 8,



def model fn() :

LR = Choice('learning rate', [0.001, 0.0005, 0.00017],
group='optimizer"')

DROPOUT RATE = Linear ('dropout rate', 0.0, 0.5, 5,
group='dense')

NUM DIMS = Range ('num dims', 8, 32, 8, group='dense')

NUM LAYERS = Range ('num layers', 1, 3, group='dense')

L2 NUM FILTERS = Range('l2 num filters', 8, 64, 8,
group='cnn')

L1 NUM FILTERS = Range('ll num filters', 8, 64, 8§,
group='cnn')



model = Sequential ()
model .add (Conv2D (L1 NUM FILTERS, kernel size =(3, 3), activation='relu'))
model .add (Conv2D (L2 NUM FILTERS, kernel size =(3, 3), activation='relu'))
model .add (Flatten())
for in range (NUM LAYERS) :

model .add (Dense (NUM DIMS, activation='relu'))

model .add (Dropout (DROPOUT RATE) )

model .add (Dense (10, activation='softmax'))

model .compile (loss='categorical crossentropy' 6 optimizer=Adam(LR))

return model



tuner = Tuner (model fn, 'val accuracy' epoch budget=500,
max epochs=5)

tuner.search (train data,validation data=validation data)
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] 1 !pip install git+https://github.com/keras-team/keras-tuner.git

[> Collecting git+https://github.com/keras-team/keras-tuner.git

Cloning https://github.com/keras-team/keras-tuner.git to /tmp/pip-req-build-mg0

Running command git clone -q https://github.com/keras-team/keras-tuner.git /tmp

Requirement already
Requirement already
Requirement already
Requirement already
Requirement already
Requirement already
Requirement already

satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:

Successfully built Keras-Tuner
Installing collected packages:
Found existing installation:
Uninstalling Keras-Tuner-0.9.0.1561748737:
Successfully uninstalled Keras-Tuner-0.9.0.1561748737
Successfully installed Keras-Tuner-0.9.0.1561755703

tensorflow>=2.0.0-betal in /usr/local/lib/python3.
numpy in /usr/local/lib/python3.6/dist-packages (f
tabulate in /usr/local/lib/python3.6/dist-packages
terminaltables in /usr/local/lib/python3.6/dist-pa
colorama in /usr/local/lib/python3.6/dist-packages
tgdm in /usr/local/lib/python3.6/dist-packages (fr
requests in /usr/local/lib/python3.6/dist-packages

Keras-Tuner
Keras-Tuner 0.9.0.1561748737



ook W=

tensorflow 1mport keras

tensorflow.keras ) layers

numpy 25 np
kerastuner.tuners : RandomSearch
kerastuner.engine.hypermodel . HyperModel
kerastuner.engine.hyperparameters HyperParameters



AU WN =

(X
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), (val x, val y) = keras.datasets.mnist.load data()
x.astype('float32') / 255.
x = val x.astype('float32') / 255.

x[:10000]
y[:10000]



1 """Basic case:

2 - We define a "build model™ function
3 - It returns a compiled model

4 mnn

5
6 def build model(hp):

7 model = keras.Sequential()

8 model.add(layers.Flatten(input shape=(28, 28)))
9 for i in range(hp.Range('num layers', 2, 20)):

10 model.add(layers.Dense(units=hp.Range('units ' + str(i), 32, 512, 32),
) activation='relu'))

12 model.add(layers.Dense(10, activation='softmax'))

13 model.compile(

14 optimizer=keras.optimizers.Adam(

15 hp.Choice('learning rate', [le-2, le-3, le-4])),

16 loss="'sparse categorical crossentropy',

17 metrics=[ 'accuracy'])

18 return model



N

oW~k WwWNE

Basic case:
- It uses hyperparameters defined on the fly

tuner = RandomSearch (
build model,
objective='val accuracy',
max trials=5,
executions per trial=3,
directory="'test dir')



1l tuner.search space summary()

2

3 tuner.search(x=x,

4 Y=Y,

5 epochs=3,

& validation data=(val x, val y))
7]

8

tuner.results summary()



Search space summary
|-Default search space size: 4

num_layers (Range)

|-default: 2
|-min_value: 2

1 tuner.search space summary()

A -

3 tuner.search(x=x, l"::'tfs'(; (;a"ge)
-derault:

4 Y Yo

5 epochs=3, |-min_value: 32

6 validation data=(va:

7 .
units_1 (Range

8 tuner.results summary() gl ansge)

|-default: 32

|-min_value: 32

learning_rate (Choice)
|-default: 0.01



1
2
3

4
5
6
7
8

tuner.search space st

tuner.search(x=x,
Y=Y
epochs=:
validati

tuner.results summary

New model
Trial summary

Hp values:
|-learning_rate: 0.01

|-units_0: 288

Execution 1/3

WARNING: Logging before flag parsing goes t
W0628 21:03:56.702659 140279821547392 depre
Instructions for updating:

Use tf.where in 2.0, which has the same bro
HBox(children=(IntProgress(value=0, max=313

HBox(children=(IntProgress(value=0, max=313



Execution 3/3

1 tuner.search space HBox(children=(IntProgress(value=0, max=313),
2

3 tuner.search(x=x, HBox(children=(IntProgress(value=0, max=313),
4 Y=Y, ,

5 epochs: HBox(children=(IntProgress(value=0, max=313),
6 validaf

vi Name Best model Current model

8 tuner.results_ summa; accuracy  0.5377 0.5377

loss 1.1953 1.1953
val_loss 1.2095 1.2095




Name
accuracy
loss

1 tuner.search space summar: Valloss
2

3 tuner.search(x=x, 3/5 trials left

4 y=y,

5 epochs=3,

6 validation d Name

7

8 tuner.results _summary() oY
loss
val_loss

2/5 trials left

Best model Current model
0.7845 0.7845
0.6646 0.6646
0.6164 0.6164

Best model Current model
0.9287 0.9287

0.2474 0.2474

0.267 0.267



Name Best model Current model
accuracy 0.9287 0.1099
loss 0.2474 2.3019

1 tuner.search : Val_loss 0.267 2.3018

2

3 tuner.search(: 1/5 trials left

4 )i
5 ( -
6 : Name Best model Current model
; T accuracy 0.9348 0.9348
" loss 0.2474 0.2494
val_loss 0.267 0.3198

Hypertuning complete - results in test_dir/untitled_project



Hypertuning complete - results in test_dir/untitled_project

1l tuner.search_s: Results summary

2 |-Results in test_dir/untitled_project

3 tuner.search(x: [|-Ran5 trials

4 y:  |-Ran 15 executions (3 per trial)

5 e |-Best val_accuracy: 0.9229

6 V“-h&uu \-.a.vaa_uu LA ‘ v “-l-_n 1 v “J._J ’ ’
1

8 tuner.results summary()




You can use a HyperModel subclass instead of a model-building function

This makes it easy to share and reuse hypermodels.

A HyperModel subclass only needs to implement a build(self, hp) method.

from kerastuner import HyperModel

class MyHyperModel(HyperModel):

def __init_ (self, num_classes):
self.num_classes = num_classes

def build(self, hp):

model = keras.Sequential()

model.add(layers.Dense(units=hp.Range('units’,
min_value=32,
max_value=512,
step=32),

activation='relu'))
model.add(layers.Dense(self.num_classes, activation='softmax"'))
model. compile(
optimizer=keras.optimizers.Adam(
hp.Choice('learning_rate’,



MOUcC L. alU\ LdyCl 5. UCISC\SC LI TIUIN_CLlas5CS5, aCLllvalloll= 501 Lillax

model.compile(
optimizer=keras.optimizers.Adam(
hp.Choice('learning_rate’,
values=[1le-2, le-3, 1le-4])),
loss="sparse_categorical_crossentropy’,
metrics=['accuracy'])
return model

hypermodel = MyHyperModel(num_classes=10)

tuner = RandomSearch(
hypermodel,
objective='val_accuracy',
max_trials=10,
directory="my_dir’,
project_name="helloworld"')

tuner.search(x, vy,
epochs=5,
validation_data=(val_x, val_y))

1o



Keras Tuner includes pre-made tunable applications: HyperResNet and
HyperXception

These are ready-to-use hypermodels for computer vision.

They come pre-compiled with loss="categorical_crossentropy" and metrics=["accuracy"] .

from kerastuner.applications import HyperResnet
from kerastuner.tuners import Hyperband

hypermodel = HyperResnet(input_shape=(128, 128, 3), num_classes=10)

tuner = Hyperband(
hypermodel,
objective='val_accuracy',
max_trials=40,
directory="my_dir',
project_name="'helloworld"')

tuner.search(x, vy,
epochs=20,
validation_data=(val_x, val_y))



: : We gratefully acknowledge support from
‘EE’ Cornell UmVerSltY the Simons Foundation and member institutions.
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Keras Tuner includes pre-made tunable applications: HyperResNet and
HyperXception

These are ready-to-use hypermodels for computer vision.

They come pre-compiled with loss="categorical_crossentropy" and metrics=["accuracy"] .

from kerastuner.applications import HyperResnet
from kerastuner.tuners import Hyperband

hypermodel = HyperResnet(input_shape=(128, 128, 3), num_classes=10)

tuner = Hyperband(
hypermodel,
objective='val_accuracy',
max_trials=40,
directory="my_dir',
project_name="'helloworld"')

tuner.search(x, vy,
epochs=20,
validation_data=(val_x, val_y))



Kubeflow Central Dashboard - Mozilla Firefox
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G @ © | ® localhost:31380/notebook/anonymous/test3/t e @ W i 0 ® @ =
AF Quit
Files Running Clusters
Select items to perform actions on them. Upload New v |2
10 | v | B/ Name Last Modified File size
(3 MNIST data 1@ minutes ago

& Untitled.ipynb Running 8 minutes ago  5.84 kB
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In [1]:

X | & Kubeflow C

X | " Kubeflow Ce: X & untitled

® localhost:31380/notebook/anonymous/test3/ LR #4

Insert Cell Kernel

Help

i =

Trusted

B C » codke

from tensorflow.examples.tutorials.mnist import input_data
mnist = input_data.read_data_sets("“MNIST data/", one_hot=True)

import tensorflow as tf

x = tf.placeholder(tf.float32, [None, 784])

o=

= tf.variable(tf.zeros([784, 10]))
= tf.variable(tf.zeros([10]))

y = tf.nn.softmax(tf.matmul(x, W) + b)

y_ = tf.placeholder(tf.float32, [None, 10])
cross_entropy = tf.reduce_mean(-tf.reduce_sum(y_ * tf.log(y), reduction_indices=[1]))

train_step = tf.train.GradientDescentOptimizer(®.05).minimize(cross_entropy)

sess = tf.InteractiveSession()
tf.global_variables_initializer().run()

for _ in range(1000):
batch_xs, batch_ys = mnist.train.next_batch(100)
sess.run(train_step, feed_dict={x: batch_xs, y_: batch_ys})

correct_prediction = tf.equal(tf.argmax(y,1), tf.argmax(y_,1))
accuracy = tf.reduce_mean(tf.cast(correct_prediction, tf.float32))

print("Accuracy: “, sess.run(accuracy, feed_dict={x: mnist.test.images, y_: mnist.tesi

WARNING: Logging before flag parsing goes to stderr.

WO115 09:14:22.851186 139876303353664 deprecation.py:323] From <ipython-input-1-f591
bfcf84f5>:2: read_data_sets (from tensorflow.contrib.learn.python.learn.datasets.mni
st) is deprecated and will be removed in a future version.

Instructions for updating:

Please use alternatives such as official/mnist/dataset.py from tensorflow/models.
WO115 09:14:22.852281 139876303353664 deprecation.py:323] From /usr/local/lib/python
3.6/dist-packages/tensorflow/contrib/learn/python/learn/datasets/mnist.py:260: maybe
_download (from tensorflow.contrib.learn.python.learn.datasets.base) is deprecated a
nd will be removed in a future version.

Instructions for updating:

Please write your own downloading logic.

We115 09:14:22.853549 139876303353664 deprecation.py:323] From /usr/local/lib/python
3.6/dist-packages/tensorflow/contrib/learn/python/learn/datasets/base.py:252: _inter

¥ Preferences

N @ ®

X

]

-

Untitled - Mozilla Firefox

Set Up Your I X

¢ @

File

+

" Kubeflow Ce: X | ¢ Kubeflow Cer X & Untitled
© @ localhost ) onyr test3/r e %
“ Jjupyter Untitled (utosaves

Edit View Insert Cell Kernel Widgets Help Trusted &

% G B |4 ¥ MR B C W Code il =
Instructions for ﬁpdatin'g:
Please use urllib or similar directly.
We115 09:14:23.502009 139876303353664 deprecation.py:323] From /usr/local/lib/python
3.6/dist-packages/tensorflow/contrib/learn/python/learn/datasets/mnist.py:262: extra
ct_images (from tensorflow.contrib.learn.python.learn.datasets.mnist) is deprecated
and will be removed in a future version.
Instructions for updating:
Please use tf.data to implement this functionality.
Successfully downloaded train-images-idx3-ubyte.gz 9912422 bytes.
Extracting MNIST_data/train-images-idx3-ubyte.gz
We115 09:14:23.979117 139876303353664 deprecation.py:323] From /usr/local/lib/python
3.6/dist-packages/tensorflow/contrib/learn/python/learn/datasets/mnist.py:267: extra
ct_labels (from tensorflow.contrib.learn.python.learn.datasets.mnist) is deprecated
and will be removed in a future version.
Instructions for updating:
Please use tf.data to implement this functionality.
We115 09:14:23.988868 139876303353664 deprecation.py:323] From /usr/local/lib/python
3.6/dist-packages/tensorflow/contrib/learn/python/learn/datasets/mnist.py:110: dense
_to_one_hot (from tensorflow.contrib.learn.python.learn.datasets.mnist) is deprecate
d and will be removed in a future version.
Instructions for updating:
Please use tf.one_hot on tensors.
Successfully downloaded train-labels-idx1-ubyte.gz 28881 bytes.
Extracting MNIST_data/train-labels-idx1-ubyte.gz
Successfully downloaded t10k-images-idx3-ubyte.gz 1648877 bytes.
Extracting MNIST_data/t10k-images-idx3-ubyte.gz
We115 09:14:24.612784 139876303353664 deprecation.py:323] From /usr/local/lib/python
3.6/dist-packages/tensorflow/contrib/learn/python/learn/datasets/mnist.py:290: DataS
et.__init__ (from tensorflow.contrib.learn.python.learn.datasets.mnist) is deprecate
d and will be removed in a future version.
Instructions for updating:
Please use alternatives such as official/mnist/dataset.py from tensorflow/models.
Successfully downloaded t10k-labels-idx1-ubyte.gz 4542 bytes.
Extracting MNIST_data/t10k-labels-idx1-ubyte.gz
Accuracy: 0.9024
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Microsoft Azure Machine Learning

-+ New
{2 Home
Author
[Z] Notebooks
/% Automated ML
ﬁ Designer
Assets
&} Datasets
A Experiments
B Pipelines
Models
&> Endpoints
Manage
J Compute
E Datastores

[ Data labeling

test 001 > RealtimeEndpoints > aifactory-smartfarm

aifactory-smartfarm

Details  Consume

Deployment state

Healthy

Compute type
AKS

Service ID
aifactory-smartfarm

Tags

Created on

12/24/2019 2:41:16 AM

Last updated on
12/24/2019 2:41:21 AM

Compute target
aifactory

REST endpoint
http://52.177.17.97:80/api/v1/service/aifactory-smartfarm/score

Key-based authentication enabled
false

Token-based authentication enabled
false

Swagger URI
http://52.177.17.97/api/v1/service/aifactory-smartfarm/swaggerjson

CPU
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T [ 2

In [ ]:

View Insert Cell Kernel Help

Ll Enter/Exit RISE Slideshow

<

import requests
import json

# URL for the web service.
scoring uri = 'http://52.177.17.97:80/api/vl/service/aifactory-smartfarm/score

#017[0f MZIX] 2/8] B9l gte 2/gi5tEH ELICE.
data = {'data': [[15.0, 386.0, 12.0]]}

# Convert to JSON string.
input_data = json.dumps(data)

# Set the content type.
headers = {'Content-Type': 'application/json'}

# Make the request and display the response.

response = requests.post(scoring uri, input data, headers=headers)
print (response.status_code)

print (response.elapsed)

print (response.text)

200
0:00:00.093477
"{\"result\": [0.0]}"

Taeyoung Kim

Trusted

SmartFarm

| Kernel @
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test task description

date(2019-11-07~)

model name : -, last score : 0, lab status: - / 2, next step target Score : -, next step Due Date : -, points : 0)

(\1 OIZA|S 74t | B AL HA

Sl Zup EE A| AHA YR SR 2= 0[0X| HEE /8 siAM 2 AIE 0|&3t0]
\%‘ ‘\ ‘ date(2019-12-24~2019-12-28)
model name : -, last score : 0, lab status: - / 3, next step target Score : -, next step Due Date : -, points : 0)
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Bright Field Fluorescence
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Precision = Recall = loU =
Area of Union
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% Public Leaderboard ® Private Leaderboard
0| H4 ¥ HIAE H|0|E{Q] 9f 50% 2 AAHEILICH
No. UserName TeamName Score Last lap
1 Holek - 82 2019-11-18 10:56:17 2/2
2 Holek - 14 2019-11-07 16:55:59 1/2
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