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Model: "sequential"

Layer (type) Output Shape Param # .

dense_layer (Dense) (None, 18@) 7858

Total params: 7,86@
Trainable params: 7,858
Won—trainable params: @

Train on &4B@@@ samples, validate on 12008 samples

Epoch 1/2@@

4LBORBf4BRAR [ 1 — 1s 3lus/sample — loss: 2.1276 —
ccuracy: @.2322 — val_loss: 1.9688 — val_accuracy: @.3%9@8

Epoch 2/2@@

4LBORBf4BRAR [ 1 — 1s 23us/sample — loss: 1.B261 —
ccuracy: ©8.5141 — val_loss: 1.6B4B — val_accuracy: @.6277

Epoch 3/2@8

4LBORBf4BRAR [ ] — 1s 25us/sample — loss: 1.65992 —
ccuracy: @.6531 — val_loss: 1.4B38 — val_accuracy: @.71658

Epoch &/288

4LBORBf4BRAR [ 1 — 1s 27us/sample — loss: 1.42B1 —
ccuracy: @.71156 — val_loss: 1.3384 — val_accuracy: @.75651

Epoch &/2@8

Epoch 19%9/28@

LEARR/4B000 [ 1 — 18 22usfsample — loss: @.36B4
ccuracy: @.8B995 — val_loss: @.3464 — val_accuracy: @.9871

Epoch 288/28@

LBRRR/4B008 [ ] — 1s 23us/sample — loss: @.3688 — a
ccuracy: ©.8996 — val_loss: @.3461 — val_accuracy: 9.9878@
1eeea/1e088 [ ] — 1s Gé4us/sample — loss: @.34656 — a

ccuracy: 8.9871
Test accuracy: 8.9871




Layer (type) Output Shape Param #

dense_layer (Dense) (None, 128) 180488
dense_layer_2 (Dense) (None, 128) 16512
dense_layer_2 (Dense) (None, 18} 1298

Total params: 118,282
Trainable params: 118,282
Mon—trainable params: @

Train on 48008 samples, validate on 12088 samples

Epoch 1/2080

4LBOeR/f4BR00 [ ] — 3s é3us/fsample — loss: 2.26@87
ccuracy: ©.2886 — val_loss: 2.1692 — val_accuracy: B8.3266

Epoch &49/58

LBReR 48000 [ ] — 1s 3@us/sample — loss: @.3347
ccuracy: @.9075 — val_loss: ©.3126 — val_accuracy: 8.913é

Epoch 5@8/58

4LBADB/4BR08 [ ] — 1= 2Bus/sample — loss: ©.3324
ccuracy: @.9881 — val_loss: ©.3187 — val_accuracy: 8.9148
1eeea/1eeee [ ] — 8s 4BusSsample — loss: @.3164

ccuracy: @.9118
Test accuracy: 8.9118

Epoch 199/2@8@

4LBR00 /48000 [ ] — 25 4Bus/sample — loss: @.2858
ccuracy: @.9177 — val_loss: ©.1922 — val_accuracy: B.9442

Epoch 288/288

LBeee /48000 [ ] — 28 42us/sample — loss: @.2B45
ccuracy: @.9170 — val_loss: ©.1%917 — val_accuracy: B.9442
leeee/1eeee [ ] — 1= élus/sample — loss: 8.1927

ccuracy: 8.9415
Test accuracy: 8.9415




Cost Function

C(w) Initial weight

Gradient




Layer (type) Qutput Shape Param #
dense_layer (Danse) (None, 128) 1884880
dropout {Dropout) (None, 128) a
dense_layer_2 (Dense) (None, 128) 16512
dropout_1 (Dropout) (None, 128) 2
dense_layer_2 (Dense) (None, 1@) 1298

Total params: 118,282
Trainable params: 118,282
Non—-trainable params: @

Train on 4B@@@ samples, validate on 12888 samples

Epoch 1/18

4LBRRB/uBReR [ 1 - 2s 4Bus/sample -
accuracy: B.B575 — val_lpss: @.1828 — val_accuracy: @.%471
Epoch 2/18

4BR08 /48088 [ 1 - 2s 36us/sample —
accuracy: B.9341 — val_loss: ©.1268 — val_accuracy: B.9631
Epoch 3/18

4BR08/ 48008 [ 1 — 2s 3%us/sample —
accuracy: B.9497 — val_loss: ©.1198 — val_accuracy: B8.9651
Epoch &/1@

4BRe8 48088 [ 1 — 2s 43us/sample —
accuracy: B.9569 — val_loss: ©.185% — val_accuracy: 8.9718
Epoch 65/18@

4Beee/sBee0 [ 1 — 25 39%us/sample —
accuracy: B.9623 — val_loss: @.185% — val_accuracy: B.96%96
Epoch 6/18@

4Beee/ 48000 [ 1 — 23 36us/sample —
accuracy: B.9669 — val_loss: @.8941 — val_accuracy: 0.9731
Epoch 7/18

4Ee0e/4B000 [ 1 - 2z 35us/sample -
accuracy: B.9671 — val_loss: ©.188% — val_accuracy: 8.9715
Epoch B/18

4Eeee/sBR00 [ 1 - 2z 35us/sample -
accuracy: B.9786 — val_loss: @.8958 — val_accuracy: @.9758
Epoch /18

4BReefu8eea [ 1 - 2s 3bus/sample -
accuracy: B.9718 — val_loss: @.8985 — val_accuracy: B.9745
Epoch 18/1@

4BR08 /48088 [ ] - 2s 3bus/sample —
accuracy: B.9743 — val_loss: ©.8966 — val_accuracy: B.9762

leees/1eeee [

accuracy: B.9784
Test accuracy: @.9764

1 — @s 37us/sample -
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Epoch 248/25@

480008/48000 [ ] — 2s 4Bus/sample — loss: 8.8586
accuracy: 8.9984 — val_loss: @.34656 — val_accuracy: @.97462

Epoch 249/25@

48008 48008 [ ] — 25 4Bus/sample — loss: B.8498
accuracy: ©.9985 — val_loss: @.36456 — val_accuracy: 8.9765

Epoch 25@8/25@

4BA08/ 4B008 [ ] — 2s 3%us/sample — loss: @.8647
accuracy: @.9899 — val_loss: @.33563 — val_accuracy: 9.9766
10@e8/1808a [ ] — 1s BBus/sample — loss: 8.31B4

accuracy: 8.9779
Test accuracy: 8.9779

epoch_accuracy
epoch_accuracy

0.985 -+

0.975 :
0.965 -+
0.955

0.945

0.935 4

O 5 10 15 20 25 30 35 40 45 &80

Name Smoothed Value Step Time Relative
O train 0.9763 0.9776 14 Sun Mar 24, 10:03:38 3m 43s
validation 0.9763 0.9762 14 Sun Mar 24, 10:03:38 3m 43s

O 56 10 15 20 26 30 35 40 45 50

ra -
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Epoch 49/5@

4B@e8 /48000 [ ] — 3s b5us/sample — loss:
accuracy: @.98%94 — val_loss: 9.8868 — val_accuracy: 9.9888

Epoch 58/58@

LBeee /48000 [ ] — 2s Blus/sample — loss:
accuracy: B8.98%94 — val_loss: @.8983 — val_accuracy: @.9789
1008a/10088 [ ] - 18 6busSsample — loss:

accuracy: B.9782
Test accuracy: @.9782

8.8313 —

8.8321 -

B.8%964 —

epoch_accuracy

epoch_accuracy

O &6 10 15 20 25 30 35 40 45 &0

Name Smoothed Value Step Time Relative

train 0.9742 0.9759 12 Sun Mar 24, 10:03:34 3m 40s
O validation 0.9757 0.9762 12 Sun Mar 24, 10:03:34 3m 40s
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Dropout
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RECENT GOOGLE DRIVE

Filter notebooks

Title First opened Last opened

Welcome To Colaboratory Mar 25, 2019 0 minutes ago

cifar10_CNN_DEEPipynb 2 days ago 1 day ago

9-deep-dream-minimal.ipynb 2 days ago 2 days ago

cifar10_CNN_DATA_AUGUMENT.ipynb 3 days ago 2 days ago

CIFAR10_CNN_DATA_AUGUMENTZ.ipynb 3 days ago 3 days ago

NEW PYTHON 3 NOTEBOOK CANCEL

& Untitled1.ipynb ¥

Bl cOMMENT
File Edit View Insert Runtime Tools Help
CONNECT ~
1 L
| .
° Select all cells $2/Ctrl+Shift+A : ‘
Cut selection
Copy selection
Paste
Delete selected cells $/Ctrl+M D
Find and replace... 38/Ctri+H
Find next $#/Ctrl+G
Find previous $B/Ctri+Shift+G
Notebook settings
Show/hide code
Clear all outputs




Notebook settings

Runtime type

Python 3 v

Hardware accelerator

None - @

|:| Omit code cell output when saving this notebook

CANCEL SAVE

CODE TEXT 4 CELL 4 CELL

return (X train, y_train), (X test, y_test)

def build model():
model = models.Segquential()
#Input - Emedding Layer
# the model will take as input an integer matrix of size (batch, input_length)
# the model will cutput dimension (input length, dim embedding)
# the largest integer in the input should be no larger
# than n_words (vocabulary size).
model.add(layers.Embedding (n_words,
dim embedding, input length=max len))

model . add(layers.Dropout(0.3))

#takes the maximum value of either feature vector from each of the n_words fe
model . add(layers.GlobalMaxPoolinglD() )

model .add(layers.Dense(128, activation='relu'}))
model.add(layers.Dropout(0.5))

model .add(layers.Dense(l, activation='sigmoid'))

return model

(X train, y train), (X test, y test) = load dataf()
model=build model()
model . summary( )

model.compile(optimizer = "adam", loss = "binary crossentropy",
metrics = ["accuracy"]

)

score = model.fit(X train, y train,
epochs= EPOCHS,

batch size = BATCH_SIZE,
validation data = (X test, y test)
)

score = model.evaluate(X test, y test, batch size=BATCH SIZE)
print("\nTest score:", score[0])
print('Test accuracy:', score[l])
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Layer (type) Output Shape Param #

embedding (Embedding) (None, 288, 25&) 2568808
dropout (Dropout) (None, 288, 25&) ;]
global_max_poolingld (Global (None, 256) 2]

dense (Dense) (None, 128) 32896
dropout_1 (Dropout) (None, 128) 2]
dense_1 (Dense) (None, 1) 129

Total params: 2,593,825
Trainable params: 2,593,825
Mon—trainable params: @

Epoch 28/28

25@08/25008 [ 1 — 23s 925us/sample — loss: @.8@853 — accuracy: ©.9991 — val_
loss: @.4993 — val_accuracy: @.B8583
25@08/25008 [ 1 — 23 74us/sample — loss: B.4993 — accuracy: B8.B5@3

Test score: ©.499271@727453232
Test accuracy: @.B5028




Backward error

Label

Features Prediction
> >
A___ Optimizer computes

weight updates




Chapter 2: TensorFlow 1.x and 2.x

Add

Main Graph Auxiliary Nodes

4 matmul

add

ZEeros

shape_as t...O
Const O

2

Placehol... Placehol...

graph_time: 8.45040B50820016646
auto_graph_time: B.B7BE9240B40B0221829




dense_layer_input: InputLayer

'

dense_layer: Dense

l

dropout: Dropout

'

dense_layer_2: Dense

'

dropout_1: Dropout

l

dense_layer_3: Dense




input_1: InputLayer input_2: InputLayer

N /S

embedding: Embedding

prediction_a: Dense prediction_b: Dense

Ir:ll ning MirroredStrategy TPUStrategy MultiWorkerMirroredStrategy CentralStorageStrategy ParameterServerStrategy
Keras Supported Experimental Experimental support Experimental support Supported planned post
AP support 2.0

Custom Experimental Experimental Support planned post 2.0 Support planned post No support yet

training support support 20

loop

Estimator Limited Support  Not Limited Support Limited Support Limited Support

API supported




Primary ML software tool used by top-5 teams on Kaggle
in each competition (n=120)

’éf Keras
LightGBM

XGBoost

PyTorch

TensorFlow
(non-Keras)

Sci-kit Learn
Fastai
Caffe
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Chapter 3: Regression
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Chapter 4: Convolutional Neural Networks

Feature maps

Convolutions Subsampling Convolutions ~ Subsampling  Fully connected
I K Convolved
0 1 (0 |1 3 |4
0 0 110 2 |4 |3
1 1 0 1 2 |3 4







Dense Output
Layer

20 Feature
Maps

Input

‘ Pooling ﬁ ' Convoluti::l‘%l-l‘ I
5]

epoch_accuracy

Name Smoothed Value Step Time Relative

QO train 0.9987 0.9991 19  ThuApr4,14:27:24 5h21m 26s

validation 0.9914 0.9917 19 Thu Apr 4, 14:27:24 5h21m 2




Model: "sequential”

Layer [;;pal Outpu;-shnpa Param #
[conw2d (Conv2D) [Mone, 2&, 24, 28) =]
mn:(_pnoi;ngzd [M;;Ponlingaal [NDna:-lz, 12,-58l - a -
convzd_1 (ConwzD) " iNone, &, B, 58) T Tzsese

max_poni;ngzd_l Eﬁn(PnnliEEZ [Nnna:-h, &, 55; a

flatten (Flatten) " iHone, saa) B T
dense (Dense) " Mone, 588) T eeeses
dansa_l-fbansai - - [Nona:-l@! . 5018

Total params: 431,868
Trainable params: 431,888
Hon=-trainable params: @

[Train on 48888 sesmples, validate on 12888 semples

Epoch 1728

[2019-84-84 14;16:268.546156: I tensorflow/core/profiler/lib/profiler_session.coc:les] Profile Session

4EBE8/LEBBE
Epoch 2/28
4LBRBR/LBREE
Epoch 3/28
LEBBA/LEBBE
Epoch &/28
4EBB8LB008
Epoch 5/28
4EBE8/LEBBE
Epoch &/28
4LEBEE/LEBEEE
Epoch 7/28
LEBBA/LEBBE
Epoch &/28
[45888/ 46008
Epoch 9/28
4EBEE/LEBBE
Epoch 18/28
4LEBBE/LBBEE
Epoch 11728
LEBBA/LEBBE
Epoch 12728
4EBEE/LEBBE
Epoch 13/2@
4LBRBR/LBREE
Epoch 14/28
4LEBBE/LBBEE
Epoch 15728
4EBB8LB008
Epoch 16/28
4EBE8/LEBBE
Epoch 17/2@
[4B886/L8000
Epoch 1&/28
[4B888 /56888
Epoch 19/2@
4EBB8LB008
Epoch 28/28
4EBE8/LEBBE
18888/18888
[

Test score:

[

[ 1
[ 1
[ 1
[ 1
[ 1
[ 1
[ 1
[ 1
[ 1
[ 1
[ 1
[ 1
[ 1
[ 1
[ 1
[ 1
[ 1
[ 1
[ 1
[ 1

B.B3B3268B8199457617

Test eccuracy: 8.9915

26s S3sus/sample
27s bbbus/sample
27s BbZus/sample
27s S62us/sample
2B 5BBus/sample
26s 537us/semple
29s 59Bus/sample
29 &8Tus/semple
27s Bé5us/sample
385 627us/sample
245 585us/sample
2B SBsus/sample
28s 5BBus/sample
26s 537us/semple
255 513us/sample
24z &9%9us/sample
245 5@5us/sample

29s 59%us/sample

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

255 524us/semple = loss:
g Z4BusScemple = loss: B.B3B3 = accurecy: @.9915

B.8528

8.8383

8.8258

8.8195

8.8153

B.8134

B.8897

88891

8.8862

8.8868

B.8879

8.8857

8.8845

8.8839

B.8859

B.8842

8.8862

8.8852

] = 2Bs 5%4us/semple = loss: B.2835 = accurecy:

BOCUTBLY:

BOCUTBCY:

BCCUTBCY:

BCCUTBCY:

BOCUTBCY:

BOCUTBCY:

BCCUTBLY:

BOCUTBLY:

BOCUTBCY:

BOCUTBCY:

BOCUTBCY:

BOCUTBLY:

BOCUTBCY:

BCCUTBCY:

BOCUTBCY:

BOCUTBLY:

BOCUTBCY:

BCCUTBCY:

8.8828 = BCCUTBCY:

B.9398

B.9839

B.9893

8.9921

B.9939

B.9958

8.9955

B.9966

8.9971

@.9988

8.9978

B.9975

8.9978

B.9984

B.9986

B.9983

B.9988

B.9986

8,998

B.9991

started.
wal_loss:

wal_loss:
wal_loss:
wal_loss:
wal_loss:
wal_loss:
wal_loss:
wal_loss:
wal_loss:
wal_loss:
wal_loss:
wal_loss:
wal_loss:
wal_loss:
wal_loss:
wal_loss:
wal_loss:
wal_loss:
wal_loss:

wal_loss:

B.8739

B.8435

8.8365

88652

B.8428

B.8417

8.8388

88347

8.8515

8.8376

8.8366

B.8369

B.8531

88489

88636

B.8458

B.8535

B.8389

8.8377

B.8477

vBl_BCCUTECY:
val_acocuracy:
wval_BCCuracy:
val_accuracy:
vBl_BCCUTECY:
wval_accuracy:
wval_BCCuracy:
val_BCCUuracy:
val_BCCUTECY:
val_accuracy:
val_accuracy:
val_BCCUTECY:
val_acocuracy:
val_accuracy:
val_accuracy:
val_BCCUTECY:
val_acocuracy:
wval_BCCuracy:
val_accuracy:

vBl_BCCUTECY:

B.9763

B.9868

8.9895

8.9868

B.9873

B.9878

8.9896

8. 9899

8. 9859

8.9984

8.9911

B.9918

B.9898

8.9911

8.9911

B.9898

B.9888

8.9926

8.9928

8.9917




Train on 48888 semples,

Epoch 1718

2019-84-84 15:57:17.848186: I tensorflow/core/profiler/libfprofiler_session.cc:

4EBB8/LER00
Epoch 2718
4EBB8/LER00
Epoch 3718
4EBB8/LER00
Epoch &/18
4EBB8/LER00
Epoch 5718
4EBB8/LER00
Epoch &/18
4EBB8/LER00
Epoch 7/18
4EBB8/LER00
Epoch &/18
4EBB8/LER00
Epoch 9/18
4BBB8/LE800
Epoch 18/18
4EBB8/LE800
ie6e6/ /180888

Test score:

B.83265062951518773

Test eccuracy: 8.991

velidate on 12888 samples

265 S4sus/sample
38s &33us/sample
38s &Xlus/sample
37s Té6Fus/sample
245 EB%us/sample
31s &4lus/sample
29s $13us/sample
27s E5sus/sample
245 518us/sample

265 S42us/sample

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

B.2134

8.8558

B.8353

B.8276

B.8288

B.8161

B.8129

8.8187

B.8082

164] Profile Session

BCCUTACY

BCCUTACY

BCCUTACY

BCCUTACY

BCCUTACY

BCCUTACY

BCCUTACY

BCCUTACY

BCCUTACY

B8.88B3 - BCCuracy:
2g 19bus/semple - loss: B.8327 - accuracy: B.9918

L9361

LPEEL

BB

L9918

L9932

L9958

L9955

9965

9973

L9978

started.

val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:

val_loss:

BB

.B533

L8418

.B361

LB4B6

LB423

B398

N-13-13

B3B8

M-I

val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:
val_accuracy:

val_accuracy:

L9783

LREL3

JRETE

.9EBT

.9EBL

.9EBL

LREGE

LRETL

L9982

LRE9Z




100

98

96

MNIST_Conv :
M accuracy: 99.16

wm MNIST_ VS == Lenet

0.93

0.66 [ ]

sample=5999 sample=3000 sample=600 sample=300 sample=60
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Epoch 17/2@
4oeea/seeen [

] — 1125 3ms/sample - loss: @.6282 — accuracy: ©.7841 - val_less: 1.8296 —

val_accuracy: 8.6734
Epoch 1B/28
4oeea/seeee [

] — 76s 2ms/sample — loss: 8.6140 — accuracy: @.7B79 — val_loss: 1.878% —

val_accuracy: B.6489
Epoch 1%9/28
4oeea/seeen [

] — 74s 2ms/sample — loss: 8.5931 — accuracy: B.7958 — val_loss: 1.8461 —

val_accuracy: 8.6811
Epoch 28/28
4oeea/seeen [

] — 71s 2ms/sample — loss: 8.5724 — accuracy: @.8042 — val_loss: 1.8527 —

val_accuracy: B.6773
leeee /10088 [

] — Bs 472us/sample - leoss: 1.8423 — accuracy: @.6686

Test score: 1.8423416B196572449

Test accuracy: @.66B6




epoch_accuracy

0.8 4

0.7 +

Name

train

4 & 8

Smoothed

epoch_loss

1.2 4
0.8

0.4 4

2 4 & 8

10 1

2 14 16 18

cifar_0_85.jpeg

cifar_01052.jpeg

cifar_0_2259.jpeg

cifar_0_2974.jpeg

cifar_0_270.jpeg

cifar_01185.jpeg

cifar_0_2354.jpeg

cifar_0_3070.jpeg

cifar_0_396.jpeg

cifar_0_1239.jpeg

cifar_0_2457.jpeg

cifar_0_3135.jpeg

cifar_0_429.jpeg

%

<

cifar_0.1778.jpeg

/

"

cifar_0_2615.jpeg

=

cifar_0_3497.jpeg

cifar_0_463.jpeg

&

cifar_01853.jpeg

ﬁ

cifar_0_2745.jpeg

cifar_0_3549.jpeg

=

JPEG

cifar_0_475.jpeg

cifar_0_2934.jpeg

cifar_0_3613.jpeg

Epoch 46/50
50000/50000

Epoch 47/50

50000/50000
Epoch 48/50

50000/50000
Epoch 49/50
50000/50000

Epoch 50/50
50000/50000

722us/sample
685us/sample
643us/sample
734us/sample

712us/sample

loss: 0.2440 - acc
loss: 0.2338 - acc
loss: 0.2383 - acc
loss: 0.2285 - acc
loss: 0.2263 - acc

: 0

: 0

: 0

: 0

: 0

.9183 - val loss: 0
.9208 - val loss: 0
.9189 - val loss: 0
.9212 - val loss: 0
.9228 - val loss: 0

.4918

.4884

.51086

L5017

L4911

- val_acc: 0.8546
- val acc: 0.8574
- val acc: 0.8556
- val_acc: 0.8581
- val_acc: 0.8591




10000/10000 [ 1 - 2s 160us/sample - loss: 0.4911 - acc: 0.8591

Test score: 0.4911323667049408
Test accuracy: 0.8591

accuracy
90

85.91
‘-—_‘--_--_
85

82

80

75

70

66ﬁ9//

65

Total params: 138,357,544
Trainable params: 138,357,544
Mon—-trainable params: @
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Chapter 5: Advanced Convolutional Neural
Networks

Semantic Classification Object Instance
Classification = Segmentation + Localization Detection Segmentation

CAT GRASS, CAT, CAT DOG, DOG, CAT  DOG, DOG, CAT
AL TREE, SKY I N J
Single Object No objects, just pixels Single Object Multiple Object

http://cs231n.stanford.edu/slides/2017/cs231n_2017 lecturell.pdf
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input image segmentation map

segmentation overlay

background

bicycle

person

ROARMART

R
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i = -

C»

estimator.evaluate(lambda:input fn(test images,

test_labels,
epochs=1,
batch size=BATCH SIZE))

{'accuracy': 0.7162, 'global step': 5860, "loss': 0.77385104}

(LT

[8]

#strateqgy Hone
strateqgy = tf.distribute.MirroredStrategy()

config = tf.estimator.RunConfig(train distribute=strateqgy)




BATCH SIZE = 512
EPOCHS = 50

#time hist = TimeHistory()

estimator train result = estimator.train(input fn=lambda:input fn(train images,
train_ labels,
epochs=EPOCHS,
batch_size=BATCH SIZE))

print(estimator train result)

[12] estimator.evaluate(lambda:input fn(test images,

test labels,

epochs=1,

bateh size=BATCH STIZE))

C» {'acc’': 0.8215, 'global step': 5860, 'loss’': 0.4B4B3768}

@5 Convolution
@ AvgPool

@5 MaxPool

@ Concat

@ Dropout

@ Fully connected
@ Softmax

Downloading data from https:ffgithhh.cnmffchnllﬁtfdnnp—lnarning—mndalsfrnlnasnsfdnwnlnadfvﬂ.5fincnptinn_
v3_weights_tf_dim_ordering_tf_kernels_notop.h5
B7916544/B79185968 [ ] — 2é6s Bus/step




model . summary ( )

Medel: "sequential"

Layer (type) Output Shape Param #
mobilenetv2_ 1.00_160 (Model) (Mone, 5, 5, 1280) 2257984
global average pooling2d (Gl (None, 1280) 0

dense (Dense) {None, 1) 1281

Total params: 2,259,265

Trainable params: 1,281

Non-trainable params: 2,257,984

Epoch 18/20 - -

26/26 | ] - 55 198ms/step - loss: 0.1675 - accuracy: 0.9661 - val loss: 0.0451 - val accuracy: 0.9800
Epoch 19/20

26/26 | ] - 65 223ms/step - loss: 0.1222 - accuracy: 0.9722 - val_less: 0.0381 - val_accuracy: 0.9800
Epoch 20/20

26/26 | ] - 6s 225ms/step - loss: 0.1087 - accuracy: 0.9807 - val_loss: 0.0359 - val_accuracy: 0.9800




Concat

|33 | [3x3 | |3x3| |3x3 | |3x3| [3x3 | |3x3

| ] Output
| charnels

1x1 conw

[

Input




Entry flow

Middle flow

Exit flow

299x299x3 images

|
[Conv 32, 3x3, stride=ix2

19x19%728 feature maps

19x19x728 feature maps

[ReLu | | [ReLu |
[Conv &%, 33 ] |Smmblll:mlv 728, 3x3 |
[ReLu ] [ReLu ]| [comv 1x1
[ SeparableConv 728, 3x3 | stride=Ixd
T
[SeparableConv 128, 3x3 ] [Reld ]
|
| [Re ] | SeparableConv 728, 3x3 |
stride=2x2| |SeparableConv 128, 3x3 |
[MaxPooling 3x3, stride=2x2 |
19x19%728 feature maps
[ReLu |
| SeparableConv 256, 3x3 | Repeated 8 times
1
Canv 1x1 | [RelU |
stride=2Ixd| | SeparableConv 256, 33 |
L
|MaxPooling 3x3, stride=2x2 |
[ReLu |
| SepazableCony 728, 3x3 |
1
Conv 1xl [Rell |
stride=dx| 5o razableCony 728, 353 |
I
| MaxPooling 3x3, stride=2x2 |

19x19x728 featurs maps

l
[ReLu

| SeparableConv 728, 3x3

[ReLy

| SeparableConv 1824, 3x3

1
|MaxPocling 3x3, stride=2x2

[SeparableConv 1536, 3x3

[Relu

1
[SeparableConv 2648, 3x3

[Rell

1
[GlebalAvaragePoaling

2848 -dimensicnal vectors

Optional fully=-connected
Layer(s)

Logistic regression




Model Size Top-1 Accuracy Top-5 Accuracy Parameters Depth

Xception B8 MB 0.790 0.945 22,910,480 126
VGG16 528 MB 0.713 0.901 138,357,544 23
VGG19 549 MB 0.713 0.900 143,667,240 26
ResNet50 98 MB 0.749 0.921 25,636,712 >
ResMNet101 171 MB 0.764 0.928 44,707,176 >
ResMet152 232 MB 0.766 0.931 60,419,944 >
ResNet50v2 98 MB 0.760 0.930 25,613,800 >
ResNet101V2 171 MB 0.772 0.938 44,675,560 >
ResNet152V2 232 MB 0.780 0.942 60,380,648 >
ResMNeXt50 96 MB 0.777 0.938 25,097,128 >
ResMNeXt101 170 MB 0.787 0.943 44,315,560 >
InceptionV3 92 MB 0.779 0.937 23,851,784 159
InceptionResMNetV2 215 MB 0.803 0.953 55,873,736 572
MaobileNet 16 MB 0.704 0.895 4,253,864 88
MobileNetV2 14 MB 0.713 0.901 3,538,984 88
DenseNet121 33 MB 0.750 0.923 8,062,504 121
DenseMNet169 57 MB 0.762 0.932 14,307,880 169
DenseNet201 80 MB 0.773 0.936 20,242,984 201
NASNetMobile 23 MB 0.744 0.919 5,326,716 >
NASNetlLarge 343 MB 0.825 0.960 88,949,818 >
The top-1 and top-5 accuracy refers to the model's performance on the ImageNet validation
dataset.
| is it raining| ‘

Predicted top-5 answers with confidence:

yes o |

no (S |

umbrella it

bag 0.000%

carpet el




| how many umbrellas are here ]

é Predicted top-5 answers with confidence:
g 2 (I
2 3 [ |
1 (=
4 &
5 perase

l is it day or night?| ‘

Predicted top-5 answers with confidence:

day R
night [
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[snarme |
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Layer o
toaster
* MIXED4B
MIXED4C
“ attribution labels
show tooltip
3 MIXED4D scroll to zoom
= Lol =g more options
# MIXED4E o S S T ‘Tge—
- “printer £ ’ >A : ; Tdesktopicomputd
& MIXEDSA éf
printér':
A
@ MIXEDSB
Layer (type) Qutput Shape Param #
embedding (Embedding) (None, 288, 256&) 2560808
dropout (Dropout) (None, 288, Z256&) a
convld (ConvlD) (None, 198, 2&&) 196864
global_max_poolingld (Global (None, 256) a
dense (Densa) (None, 128) 32894
dropout_1 (Dropout) (None, 128) a
dense_1 (Dense) (None, 1) 129
Total params: 2,78%,BB9
Trainable params: 2,789,889
MNon-trainable params: @

Epoch 19/28

265808/250808 [ ] - 1365 bms/sample - loss: 7.5276e-@4 — accuracy: 1.8088 - v
al_loss: @.5753 — val_accuracy: 9.8818

Epoch 28/28

25088/250808 [ ] - 129s bms/sample — loss: 6.7756e-@4 — accuracy: 8.999% — v
al_loss: @.5882 — val_accuracy: ©.8821
265808/250808 [ ] - 23s 91éus/sample - loss: @.58B82 - accuracy: 8.8821

Test score: @.5B@17B1B57813783
Test accuracy: @.BB212
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Model: "sequential 1"

Layer (type) Output Shape Param #
dense_1 (Demse)  (Nome, 6272) 633472
reshape (Reshape) (None, 7, 7, 128) 0

up sampling2d (UpSamplingZD) (None, 14, 14, 128) 0
convid 4 (ConviD) (None, 14, 14, 128) 147584
batch normalization v2_3 (Ba (None, 14, 14, 128) 512
activation (Activation) (None, 14, 14, 128) 0

up sampling2d 1 (UpSamplingZ (None, 28, 28, 128) 0
convid 5 (ConviD) {(None, 28, 2B, 64) 73792
batch normalization v2_4 (Ba (None, 28, 28, 64) 256
activation_ 1 (Activation) (None, 28, 2B, &84) 0
convid 6 (ConviD) (None, 28, 28, 1) 5717
activation 2 (Activation) {None, 28, 28, 1) 0

Total params: 856,193
Trainable params: 855,809
Non-trainable params: 384




Model: "sequential”

Layer (type) Output Shape Param #
:nnde (ConviD) (None, 14, 14, 32) 320
leaky re lu (LeakyReLl) (Hone, 14, 14, 32) 0
dropout (Dropout) (Hone, 14, 14, 32) 0
convid 1 (ConvZD) (HNone, 7, 7, 64) 18496
zero_padding2d (ZeroFaddingZ (None, &, B, 64) 0
batch normalization v2 (Batc (None, 8, B, 64) 256
leaky re lu 1 (LeakyReLO) (None, 8, B, 64) 0
dropout_1 (Dropout) (Hone, 8, B, 64) 0
convid 2 (ConviD) (Hone, 4, 4, 12B8) 73856
batch normalization v2 1 (Ba (None, 4, 4, 128) 512
leaky re lu 2 (LeakyReLO) (Hone, 4, 4, 128) 0
dropout 2 (Dropout) (Hone, 4, 4, 12B8) 0
conv2d 3 (Conv2D) (Hone, 4, 4, 256) 295168
batch normalization v 2 (Ba (None, 4, 4, 256) 1024
leaky re lu 3 (LeakyReLO) (Hone, 4, 4, 256) 0
dropout 3 (Dropout) (Hone, 4, 4, 256) i}
flatten (Flatten) (Hone, 4096) 0
dense (Dense) (Hone, 1} 4097

Total params: 393,729
Trainable params: 392,833
Hon-trainable params: 896
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bicubic SRResNet SRGAN original
(21.59dB/0.6423) (23.53dB/0.7832) (21.15dB/0.6868)

ol

Figure 2: From left to right: bicubic interpolation, deep residual network optimized for MSE, deep residual generative
adversarial network optimized for a loss more sensitive to human perception, original HR image. Cormesponding PSNR and
SSIM are shown in brackets. [4x upscaling]
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input: | [(?, 256, 256, 3)]
input_I: InputLayer
output: | [(?, 256, 256, 3)]
Y
input: | (2, 256, 256, 3)
sequential: Sequential
output: | (7, 128, 128, 64)

i

sequential_1: Sequential

input:

(2,128, 128, 64)

output:

(2, 64, 64, 128)

/

sequential_2: Sequential

input:

(2, 64, 64, 128)

output:

(2, 32, 32, 256)

/

resnet_identity_block: ResnetldentityBlock

input: | (2, 32, 32, 256)
sequential_3: Sequential
output: | (2, 16, 16, 512)
input: | (2, 16, 16, 512)

output: | (?, 16, 16, 512)
input: | (2, 16, 16, 512)

resnet_identity_block_1: ResnetIdentityBlock
output: | (?, 16, 16, 512)

i

input: | (2, 16, 16, 512)

resnet_identity_block_2: ResnetIdentityBlock
output: | (?, 16, 16, 512)

input: | (7, 16, 16, 512)

sequential_4: Sequential

concatenate: Concatenate

output: | (7, 32, 32, 256)
imput: | [(?, 32, 32, 256), (?, 32, 32, 256)]

output:

(2,32, 32, 512)

\

. X input: | (?, 32, 32, 512)
sequential_5: Sequential
output: | (7, 64, 64, 128)
input: | [(?, 64, 64, 128), (7, 64, 64, 128)]
concatenate 1: Concatenate
output: (7, 64, 64, 256)
input: (?, 64, 64, 256)
sequential_6: Sequential
output: | (?, 128, 128, 64)
input: | [(?, 128, 128, 64), (7, 128, 128, 64)]
concatenate_2: Cor
output: (7, 128, 128, 128)

conv2d_transpose_3: Conv2DTranspose

input:

(2, 128, 128, 128)

output:

(2, 256, 256, 3)




input_2: InputLayer

input:

[(7, 7,7, 3)]

output:

[(?, 2,7, 3)]

'

input: (7, 2,7, 3)
sequential_7: Sequential
output: | (?, 2, 2, 64)
input: (7, 7,7, 64)
sequential_8: Sequential
output: | (7,7, 7, 128)
input: | (2,2, 2, 128)
sequential_9: Sequential
output: | (?, 2, 7, 256)
input: | (7, 7,7, 256)
sequential_10: Sequential
output: | (7,7, 7,512)
input: | (2,2,?,512)

conv2d_17: Conv2D

output:

(2.7,2, 1)
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Chapter 7: Word Embeddings
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Chapter 8: Recurrent Neural Networks

y(E) y(1) y(2) y(3)

®x(E) ®(1) Xx(2) ®x(3)

(a) RNN Cell (b) RNN Cell {unrolied)
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Chapter 9: Autoencoders
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Chapter 10: Unsupervised Learning
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Model: "wvae

Layer (type) Output Shape Param #
dense (Demse)  multiple 101920
dense_1 (Dense) multiple 5130
dense_2 (Dense) multiple 5130
dense_3 (Dense) multiple 5632
dense_4 (Dense) multiple 402192

Total params: 820,004
Trainable params: 820,004
Non-trainable params: 0

1 1] o] ] il [ joml §




Chapter 11: Reinforcement Learning

This Photo by Unknown Author is licensed under CC BY-SA

[1,0,0,0]]

Actions, a
State, s Rewards, r
Environment/
Ground
Robot finding path in the Agent controlling steering wheel of
maze a self-driving car
Goal
S = The image of the road in-front

$=10.0.001 A= (4o, down

0000 A7 B oM A = The angle by which

[0,X,0,X] g ;:hanée] steering wheel is to be rotated




Each box has the value function:
Number of steps needed to reach goal (green
box)

O @ /Usersfam/...




Q(S,A)---Q(S,Ap)




Model: "sequential"

Layer (type) Output Shape Param #
dense (Dense) T (None, 20 120
dense_1 (Dense) (None, 48) 1200
dense_2 (Dense) (None, 2) 98

Total params: 1,418
Trainable params: 1,418
Non-trainable params: @

[Episode @] - Mean survival time over last 100 episodes was 16.@ ticks.
[Episode 18@] - Mean survival time over last 100 episodes was 17.47 ticks.
[Episode 2@@] - Mean survival time over last 100 episodes was 28.1 ticks.
Ran 254 episodes. Solved after 154 trials «

45 1

T T
0 50 100 150 200 250
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Chapter 12: TensorFlow and Cloud

Microsoft Azure

Create a resource
Home
I=| Dashboard
All services
“ FAVORITES
£ All resources
#| Resource groups
] App Services
¥ Function Apps
W Sl databases
& Azure Cosmos DB
® virtual machines
& Load balancers
= Storage accounts

Virtual networks

B Search resources, services, and docs

o Choose your default view

(@) Home () Dashboard

Azure services Seeall (+100) >

&

Virtual
machines

4

Cognitive
Services

Storage
accounts

@ &

App Services

Make the most out of Azure

3

Learn Azure with free online

courses by Microsoft

Microsoft Learn [7

Moenitor your apps and
infrastructure

Azure Monitor >

SQL databases

® =

Azure Database
for PostgreSQL [n]:]

0

Secure your apps and
infrastructure

Security Center >

English

-

My Account ~ Create an AWS Account

Azure Cosmos




aws

Services v Resource Groups ~ *

AWS Management Console

AWS services

Find Services
You can enter names, keywords or acronyms.

Q, Example: Relational Database Service, database, RDS

¥ All services

{C} Compute &% Machine Learning
EC2 ‘Amazon SageMaker
Lightsail [ Amazon Comprehend
ECR Amazon Forecast
ECS Amazon Lex
EKS Amazon Machine Learning
Lambda Amazon Personalize
Batch ‘Amazon Polly

Elastic Beanstalk
Serverless Application

Amazon Rekognition
Amazon Textract

Repository ‘Amazon Transcribe
Amazon Translate
.Zj Storage AWS Deeplens
53 AWS DeepRacer
EFS
F5x 2 Analytics
53 Glacier Athena
Storage Gateway EMR
AWS Backup Cloudsearch
Elasticsearch Service
£ Database Kinesis
RDS Quicksight [2

~
FAN AK ~ Oregon ~

Access resources on the go

the AWS Console Mobile

Access the Management Console using
—J App. Learn more [4

Explore AWS

AWS 1Q

Complete your AWS projects faster with help
from AWS Certified third-party
experts. Get started [

Stream Live re:Invent Keynotes and
Launches, Dec2 -6

Hear from AWS leaders, and learn about new
products. Sign up [4

Amazon RDS

Set up, operate, and scale your relational
database in the cloud. Learn more [

EC2 Spot Instances

Run fault-tolerant workloads on Spot Instances
and save up to 90% on compute. Learn more [4

Support ~




Pins appear here @

W Marketplace

& Billing

APT  APIs & Services
.

W Support
© 1AM & admin

=

Getting started

G’ Security
COMPUTE
@ App Engine

{2} Compute Engine
@ Kubernetes Engine
(] Cloud Functions

)) Cloud Run

STORAGE

i@l Bigtable

>

DASHBOARD

ACTIVITY

&® Projectinfo

Project name
My First Project

Project ID
grand-brook-257114

Project number
63092496236

ADD PEOPLE TO THIS PROJECT

Go to project settings

&

Resources

This project has no resources

API APIs

Requests (requests/sec)

A Nodata is available for the selected time frame.

17:15 17:30

% Go to APIs overview

17:45

18:00

/° CUSTOMISE

Google Cloud Platform status  #

Google Kubernetes Engine incident no.19012

We are investigating an issue with Google
Kubernetes Engine where some nodes in
recently upgraded clusters (see affected
versions) may be experiencing elevated
numbers of kernel panics

Began at 2019-11-04 (11:46:04)

All times are US/Pacific
Data provided by status.cloud.geogle.com

Go to Cloud status dashboard

é

Trace

No trace data from the last 7 days

Get started with Stackdriver Trace

#® Getting started

APL

Explore and enable APIs

®

Error Reporting

No sign of any errors. Have you set up Error
Reporting?

Learn how to set up Error Reporting

News H

How to calculate distances on a map with the
Maps JavaScript APl
2 days ago

b kaffold

is now GA
2 days ago

Updating App Engine with more new runtimes:
Nodejs 12, Go 1.13, PHP 7.3 and Python 3.8




Services v Resource Groups v * AK N. Virginia v Support ¥

EC2 Dashboard Resources ™ Account Attributes ¢
Events
You are using the following Amazon EC2 resources in the US East (N. Virginia) region: Supported Platforms
Tags Pl VPC
0 Running Instances 0 Elastic IPs
Reports
Umits 0 Dedicated Hosts 0 Snapshots Default VPG
0 Volumes 0 Load Balancers Vpc-721ba80s
=| INSTANGES : .
0 Key Pairs 1 Security Groups
Instances 4 y P Console experiments
0 Placement Groups Settings
Launch Templates
Spot Requests iti i
pothed Learn more about the latest in AWS Compute from AWS re:Invent by viewing the EC2 X Additional Information
Savings Plans ;
9 Videos . Getting Started Guide
Reserved Instances .
Documentation
Dedicated Hosts . .
Create Instance Migrate a Machine All EC2 Resources
Scheduled Instances Forume
Capacity Reservations To start using Amazon EC2 you will want to Use CloudEndure Migration to simplify, expedite,
launch a virtual server, known as an Amazon and automate large-scale migrations from Pricing
- IMAGES physical, virtual, and cloud-based infrastructure  Contact Us
AMIs to AWS.
Launch Instance v
Bundle Tasks Get started with CloudEndure Migration AWS Marketplace
=| ELASTIC BLOCK STORE Nolchg aunch in the US East (N. Find free software trial products in
Volumes Virginia) region the AWS Marketplace from the
Snapshots EC2 Launch Wizard. Or try these
P Service Health " Scheduled Events ' popular software:
Lifecycle Manager _
Service Status: US East (N. Virginia): CloudEndure Migration
=/ NETWORK & SECURITY
Securtty Groups & US East (N. Virginia): No events By Amazon Web Services
Rating
Elastic IPs Avallability Zone Status: View all Infrastructure Software
Placement Groups @ Us-east-1a: .
Key Pairs Availability zone is operating normally Matilion ETL for Amazon Radshift
By Matillion
Network Interfaces & us-east-1b: Ratin
Availability zone is operating normally 9
=/ LOAD BALANCING $1.37 to $5.48/hr for software +
Load Balancers @ us-east-1c: AWS usage fees
Availability zone is operating normally View all Business Software
Target Groups




Google Cloud Platform & My First Project v

{é} Compute Engine VM instances
=]

VM instances
#h  Instance groups

Instance templates Compute Engine
VM instances

Compute Engine lets you use virtual machines that run on Google's infrastructure. Create micro-VMs or larger instances running Debian, Windows or
alandard images. Create your first VM instance, import it using a migration service or try the quickstart to build a sample app.

a
B  Soletenant nodes
9]

Disks

Snapshots Import O Take the quickstart

[E  images
Marketplace
Choose a ready-to-go solution to get started faster. VIEW ALL (747)

| TPUs

EB  Committed use discounts

Metadata @ @ %lg‘

B Health checks Simple pre-configured Debian Ubuntu Trusty Cent0S 7
VM Canonical Cent0S
B Zones Google Click to Deploy
Ubuntu Trusty Linux (14.04 LTS) Cent0S 7
&% Network endpoint groups Deploy your pre-configured virtual

machine in just a few clicks

(®  Operations

=} Security scans
£ Settings

W Marketplace




Examples Recent Google Drive GitHub Upload

Filter notebooks =

Title
() Overview of Colaboratory Features (2]
/0 Markdown Guide &
() Charts in Colaboratory @A
() External data: Drive, Sheets, and Cloud Storage B
(/) Getting started with BigQuery &

NEW PYTHON 3 NOTEBOOK ~ CANCEL

DRIVER

PUBLISHER
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Validator
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EVALDATA i
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Validator
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Chapter 13: TensorFlow for Mobile and loT and

TensorFlow.js
Top-1 Latency p—
Top-1 Accuracy Top-1 Accuracy Latency  (Post ( Quam?zation Size Size
Model Accuracy (Post (Quantization (Original) Training P (Original) (Optimized)
(Original) Training Aware Training) (ms) Quantized) . (MB) (MB)
Training) (ms)
Quantized) (ms)
Mobilenet-v1- 0.709 0.657 0.70 124 112 64 16.9 4.3
1-224
Mobilenet-v2- 0.719 0.637 0.709 89 98 54 14 3.6
1-224
Inception_v3 0.78 0.772 0.775 1130 845 543 95.7 239
Resnet_v2_101 0.770 0.768 N/A 3973 2868 N/A 178.3 44.9
|:| File format D Infrastructure
TensorFlow APls
D Data Type I:l Backend
tf.Keras Low level APf
N
tf.Keras Concrete
model ket Function(s) 7 NN API
GPU
TFLite TFLite TFLite N CPU
Converter Flatbuffer interpreter
server client




From—459@—back-to—2818-to-observe-the-world-before-the-big—fall:~ antonio$ sdkmanager —list
wWarning: File /Users/antonio/.android/repesitories.cfg could not be loaded.
Installed package: =] 1@@% Computing updates...
Version | Description
|
add-ons; adden—-google_apis-google-24 Google APIs
build-tools;28.8.3 Android SDK Build-Teols 28.8.3
build-tools;29.8.2 Andreid SDK Build-Teels 29.8.2
emulator Android Emulator
patcher;vé SDK Patch Applier vé
platforms;android-28 Android SDK Platform 28
platforms;android-29 Andreid SDK Platform 29
system-images;android-29;google_apis_playstore;xBé Google Play Intel xB& Atom System Image
tools Android SDK Teoels 26.1.1

Welcome to Android Studio

Android Studio

4 Start a new Android Studio project

&= Open an existing Android Studio project
# Check out project from Version Control ~
+! Profile or debug APK

¥ Import project (Gradle, Eclipse ADT, etc.)

¥ Import an Android code sample

) Events ¥ £ Configure ¥ Get Help

£ 2 Your Virtual Devices

M Android Studio

Type Name Play Store Resolution APl Target
ED Pixel 3 XL API 29 1440 x 2960: 560dpi 29 Android 10.0 (Google...







Model name

Mobilenet_V1_0.25_128_quant
Mobilenet_V1_0.25_160_quant
Mobilenet_V1_0.25_192_quant
Mobilenet_V1_0.25_224_quant
Mobilenet_V1_0.50_128_quant
Mobilenet_V1_0.50_160_quant
Mobilenet_V1_0.50_192_quant
Mobilenet_V1_0.50_224_quant
Mobilenet_V1_0.75_128_quant
Mobilenet_V1_0.75_160_quant
Mobilenet_V1_0.75_192_quant
Mobilenet_V1_0.75_224_quant
Mobilenet_V1_1.0_128_quant
Mobilenet_V1_1.0_160_guant
Mobilenet_V1_1.0_192_quant
Mobilenet_V1_1.0_224_qguant
Mobilenet_V2_1.0_224_qguant
Inception_V1_guant
Inception_V2_guant
Inception_V3a_guant

Inception_V4_guant

Madel
size

0.5 Mb

0.5 Mb

0.5 Mb

0.5 Mb

1.4 Mb

1.4 Mb

1.4 Mb

1.4 Mb

2.6 Mb

2.6 Mb

2.6 Mb

2.6 Mb

4.3 Mb

4.3 Mb

4.3 Mb

4.3 Mb

3.4 Mb

6.4 Mb

11 Mb

23 Mb

41 Mb

Top-1
accuracy

39.5%
42.8%
45.7%
48.2%
54.9%
57.2%
59.9%
61.2%
55.9%
62.4%
66.1%
66.9%
63.3%
66.9%
69.1%
70.0%
70.8%
70.1%
73.5%
77.5%

79.5%

Top-5
accuracy

64.4%
68.1%
70.8%
72.8%
78.1%
80.5%
821%
83.2%
79.1%
83.7%
86.2%
86.9%
84.1%
86.7%
88.1%
89.0%
89.9%
89.8%
91.4%
93.7%

93.9%

TF Lite
performance

3.7 ms
5.5ms
7.9ms
10.4 ms
8.8 ms
13.0 ms
183 ms
247 ms
16.2 ms
243 ms
338 ms
454 ms
249 ms
374 ms
51.9ms
70.2 ms
534 ms
154.5 ms
2350 ms
637 ms

1250.8 ms
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Device
Process boundary (inter or intra app)

Step 4

Central server
chooses a statistical
model to be trained

Central server
transmits the initial
model to several
nodes

Nodes train the
model locally with
their own data

Central server pools
model results and
generate one global
mode without
accessing any data




Model Architecture

Layer Name Output Shape # Of Params Trainable
conv2d_Conv2D1 [batch,24,24,8] 208 true
max_pooling2d_MaxPooling2D1 [batch,12,12,8] 0 true
conv2d_Conv2D2 [batch,8,8,16] 3,216 true
max_pooling2d_MaxPooling2D2 [batch,4,4,16] 0 true
flatten_Flatten1 [batch,256] 0 true
dense_Dense1 [batch,10] 2,570 true
onBatchEnd onEpochEnd
serles 2241154 series
20 O loss 20 120637 O loss
val_loss

° 15 15
;z 1.04 E 1.0

051 0.458541 05

0.0+ T T T T T T 1 0.0 T T

o 10 20 30 40 50 60 70 80 90 100 110 0 1 2 3 4 [ 7
Batch Epoch
109 0.88 series. 10 series
08 O aee 08 O acc
N val_acc

;2 0.4 i 04

oo o 10 20 30 40 5‘0 ﬁb 70 80 90 100 110‘ o0 0 1 2 3 4 6 7 9

Batch Epoch




Accuracy

Class

Zero

Two
Three
Four
Five
Six
Seven
Eight

Nine

Accuracy

0.9636
0.9648
0.9434
0.9524
0.9574
0.7949
0.902

0.9286
0.9038
0.8125

# Samples

55
57
53
42
47
39
51
56
52
48

label

Class 0 1- [¢]

Class 1

Class 2

Class 3

Class 4

Class 5

Class 6

Class 7

Class 8|

Class 9

0
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Chapter 14: An introduction to AutoML

Data Feature Automatic
Preparation Engineering Model

¥

Sample architecture A
with probability p

Compute gradient of p and
scale it by R to update
the controller

l API: Task-Level & Secarch-Level

s o TP
ﬁ-/-”




Cloud AutoML

Train high-quality custom machine learning models with minimal effort and machine learning expertise.

Try AutoML  ~ View documentation

AutoML Natural Language

AutoML Translation

AutoML Video Intelligence H H
**¢ machine learning models
AutoML Vision
e learning products that enables developers
expertise to train high-quality models specific to
their business needs. It relies on Google's state-of-the-art transfer learning and

neural architecture search technology.

Machine Learning

AutoML Tables

Create supervised machine leaming models with your tabular data. AutoML Tables
supports a variety of data types and problem types (binary and multi-class
classification; regression).

Click "Enable API” to turn on the Cloud AutoML API and start using AutoML Tables.

» ENABLING APl

Google Cloud Platform & authentica w

T Tables Datasets NEW DATASET

ullus
_ Name Dataset source Total columns Total rows Time of creation Status
= Datasets

No rows to display

Models




Create new dataset

test_bank_marketing

[ Datasat narme *

Use letters, numbers and underscores up to 32
characters.

CANCEL CREATE DATASET

€ test_bank_marketing

IMFORT SCHEMA AMALYZE TRAIN EVALUATE PREDICT

Import your data

AutoML Tables uses tabular data that you import to train a custom machine leaming model.
Your dataset must contain at least one input feature column and a target column. Optional
columns can be added to configure parameters like the data split, weights, ete. Preparing your
training data

O Import data from BigQuery
(® Select a CSV file from Cloud Storage
O Upload files from your computer

Select a CSV file from Cloud Storage

The bucket containing the C5W must be in the us-centrall region. CSV formatting

osi *
| cloud-mktables-data/bank-marketing.csv BROWSE

IMFORT




€< test_bank_marketing

IMPORT SCHEMA, AMALYZE TRAIN EVALUATE PREDICT

Your data is being imported

Data import can take up to one hour. You can close this window. You'll receive an email
when your data is ready to use.

IMPORT SCHEMA ANALYZE TRAIN EVALUATE PREDICT
Column name & Data type @ Nullability @
Select a target .
g Age Numeric = I Nullable
Select a column to be the target (what you want :
your model to predict) and add eptional Job Categorical I Nullable
parameters like weight and time columns
MaritalStatus Categorical I HNullable
Education Categorical B Hullable
Target column RESET
8 o Default Categorical B Nullable
Balance Numeric = B Hullable
Deposit - .
Housing Categorical B Hullable
The gelected column is categorical data. AutoML Loan Categorical . Mullable
Tables will build a classification model, which will -
predict the target from the classes in the selected Contact Categorical I Nullable
column. Learn more -
Day Numeric = I Nullable
Additional parameters (Optional} A Month Categorical B Nullable
Duration Numeric  ~ I HNullable

Before continuing, review your dataset schema to
make sure each column has the appropriate data Campaign Numeric - B Hullable
type and nullability setting -

PDays Numeric - I Hullable
Previous Numeric = B Nullable
POutcome Categorical B Hullable

o Deposit  Target Categorical -




IMPORT

SCHEMA

ANALYZE

TRAIN

EVALUATE PREDICT

4 Notup to date. Click the "Continue” button on the Schema tab to regenerate statistics,

All features

Numeric

Gategorical

17

10

Feature name
Age

Balance
Campaign
Contact

Day

Default

Deposit
Target

Duration
Education
Housing

Job

Loan
MaritalStatus
Manth

PDays
POutcome

Previous

Type
Numeric
Numeric
Numeric
Categorical
Numeric
Categorical

Categorical

Numeric

Categorical
Categorical
Categorical
Categorical
Categorical
Categorical
Numeric

Categorical

Numeric

Missing @
0% (0)
0% (0)
0% (0)
0% (0)
0% (0)
0% (0)
0% (0)

0% (0)
0% (0)
0% (0)
0% (0)
0% (0)
0% (0)
0% (0)
0% (0)
0% (0)
0% (0)

Distinct values @
77

7168

48

3

31

559

2

Invalid values @

o 2 2 2 o o o

o 2 2 2 2 o o o o o

Correlation with Target (7]

Rows per page:

50 =

Mean @
40936
1,362.272
2764

15.806

258163

40,198

0.58

1-170f17 £




IMFORT SCHEMA AMALYZE TRAIM EVALUATE PREDICT

Train your model

Model name *
test_bank_marketi_20190913073044

Training budget

Enter a number between 1 and 72 for the maximum number of node hours to spend
training your model. If your model stops improving before then, AutoML Tables will stop
training and you'll only be charged for the actual node hours used. Training pricing guide

Budget *
[ 1 maximum node hour | @

Input feature selection
By default, all other columns in your dataset will be used as input features for training
(excluding target, weight, and split columns).

16 featura columns *
All columns selected hd

Summary

Maodel type: Binary classification model
Data split: Automatic

Target: Deposit

Input features: 16 features

Rows: 45211 rows

Advanced options v

TRAIN MODEL




Models TRAIN MODEL

test_bank_marketi_20190913073044

Training may take several hours. This includes node training time as well
as infrastructure set up and tear down, which you aren’t charged for.

You will be emailed once training completes.

Training model...

CANCEL

AutoML Tables finished training model "test_bank_marketi_20190913073044"

AutoML Tables <noreply-automl-tables@google.com=
tome «

Hello AutoML Tables Customer,

AutoML Tables finished training model “test_bank_marketi_20190913073044".
Additional Details:

Resource Name:
projects/655848112025/|ocationsfus-centrall/models/TBL5897749585064886272
QOperation State: Succeeded

To continue your progress, go back to your model using
https:/iconsole.cloud.google.com/automi-tables/datasets TBLA775197903233744896/train ?project=655648112025

Sincerely,
The Google Cloud Al Team




Binary classification model

test_bank_marketi_20190913073044

AUCFR @

AUCROC @ 0.934
Accuracy @ 90.3%
Log loss @ 0199

Metrics are generated based on the less common label being the
positive class.
Accuracy is based on a score threshold of 0.5

Model 1D TBLS5B9774958 5064886272
Created on Sep 13,2019, 7:34:11 PM
Target Deposit

Feature columns 16 included

Test rows 4639

Optimization objective AUC ROC
Training cost 1 node hour

Status Mot deployed

SEE FULL EVALUATION

Modal Binary classification model
test_bank_marketi_20190913073044 hd Sep 13, 2019, 7:3411 PM
Training cost: 1 node hour

Target Feature columns Optimized for AUCPR @ AUCROC @ ( ) Accuracy @  Logloss @

Deposit 16 included AUC ROC 0.611 0.934 90.3% 0.199

4,639 test rows

Metrics are generated using the least-commeon class as the positive class. Accuracy based on score threshold of 0.5




True positive rate

]
s
GB\&
True labels ¢ ~
1 4%
False positive rate
2 48%
AUC: 0.934 rROC @
IMPORT SCHEMA AMNALYZE TRAIN EVALUATE PREDICT

BATCH PREDICTION  OMNLIME PREDICTION

Model .
[ test_bank_marketi_20190913073044 -

)  Deplaying model...

Execute the request

§ curl -X POST -H "Content-Type: application/json" %
-H "Authorizatien: Bearer $({gcloud auth application-default prir

https://automl.googleapis.com/vibetal /projects/655848112825/locs
-d @request. json




Access your model through a REST API

request.json

4
"payload": {
“row": {
“values": [

"3g",
"admin.",
"married",
"secondary",

no",
"70",

¥es,

no",
"cellular"™,
"31v,
"jul",
13",

11",
n_qn,
uge
"unknown"

]:

“columnSpecIds": [
"3PBE50BE62981165856" ,
"B274647433711976448" ,
"4815882919891435528" ,
"204196901464847616",
"5968804424498282496" ,
"3230615851857020928" ,
"7842301869484488832",
"2R7T694346458173952",
"4383537355663867904" ,
"6689380364877561856" ,
"8995223374891255808" ,
"7121725929185129472",
"2510839910677741568" ,
"5392343672194859408" ,
"7BBE5TE53TETAT1184",
"3662961415284588544"




IMPORT SCHEMA ANALYZE TRAIN EVALUATE PREDICT
Predict label Prediction result
Deposit 1
Confidence score 0,995
2
Conlidence scare 0.004
Feature column name Data type Btalus W) Value
Age Mumeric Reguired 39
Balamce Mumeric Reguired 70
Carnpalgn Mumeric Reguired n
Contact Categorical Reguired cellular
Dy Mumeric Reguired )
Default Categorical Reguirad no
Duration Mumeric Reguired 13
Education Categorical Reguired secondary
Housing Categorical Reguired yeo
Job Categorical Reguirad admmin.

FPREDICT RESET

Rows per page: 10 1=100f 16 4 >




Train
your model
_ & Q ) %) o .
—] engineering N
i Define —»  Analyze - —»  Evaluate — Deploy —
Table input your data your input your model your model to Prediction
schema features behavior get predictions outputs
andlabel Model
selection
Hyperparameter
tuning
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AutoML Vision

-

-

Image Classification

Train & custarm maodel to classify images, then deplay it 1o the elaud
of on the edge. Learm mdo

Ore

Get atarted

ion AP

Vision API
Usze Google's pre-trained madels 1o assign labels to mmages and

clazsify them into milions of predefined categonies. Detect abjects
and faces, read printed and handwritten test, and mane.

Wiew docs

Object Detection

Train & custom rnodel 1o detect sbjects in an image with bounding
bowes and labels, then depley it to the cloud ar an the edge. Laar
o

Get started

Vision Product Search

Use Gooqles pre-tramead madels to create engaging mobile
prperiences that match user photos to items in your product catalog
and retum a list of visually similes results.

=» View docs

<& AutoML Vision BeTa

o)

Datasets

NEW DATASET




API

Using Kaggle's beta API, you can interact with Competitions and Datasets to download data, make submissions, and more via the
command line. Read the docs

Create New AP| Token Expire APl Token

Unlead file

+
* Dawrbaad file

Enabls Eaf= Mode

Boost Made Enabled

Usage Stalistics

Usage Quota

Abau Cloud Shell

He=lg
Zand Feedback

Google Cloud Platform  8* suthentica

# Home

88 Al Platform > | pashhoard

PRODUCTS A Al Hub
;,?; Pub/Sub 3 Crata Labeling
Motebaaks

tz) Dataflow obe

@l BigQuery




B HEW INSTANCE & REFRESH » START H sTOP v

Customize instance

R3&
R 3.6 and key libraries pre-installed

Pythen

Python 2 and 3 with Pandas, Scikit Leamn and other key packages pre-installed

TensorFlow 1.14
TenzorFlew 1.14 pre-installed with support for Keras

TensorFlow 2.0 [EXPERIMENTAL]
TensorFlow 2.0 pre-installed with support for Keras

Pytarch 1.1
PyTosch 1.1 pre-installed

RAFIDS XGhoost [EXFERIMENTAL]
¥Gboost optimized for MVIDIA GPUS

CuDa 101
Optimized for NVIDWA GPUs

oo

Instance name Regicn Environimient Machine type GPUs Permission

tensorflow-20190%14-091341 O ug-westl-b AWwCPUs, 15 GB RAM ~ More « Service aceaunt

Instanoe name

tensorflew-2019091 4- OFPEN JUPYTERLAB
091341

Kernel Git Tabs Settings Help

& & [} Launcher




Create dataset

Dataset name
chestXrays @

Import images
To build a custom model, you first need to import a set of images to train it. Generally the more images the
better. Each image should be categorized with a label (labels are essential for telling the model how to

identify an image).

Processed images will be stored on Cloud Storage.

(O Upload images from your computer @
Supports JPG, PNG, ZIP.

SELECT FILES

@ Select a CSV file on Cloud Storage @
The CSV file [ should be a list of paths to your images on GCS and their labels, if available.

gs:/fauthentica-de791-vcem/data.csv

O Import images later
In the next step, you can add images and label them

IMAGES TRAIN EVALUATE PREDICT

Importing images

CANCEL




° Select all images

NORMAL NORMAL

NORMAL

PNEUMONIA PNEUMONIA PNEUMONIA NORMAL

IMAGES TRAIN EVALUATE PREDICT

You have enough images to start training

At least 100 images are currently assigned to each label. Learn more [#

100

NORMAL 1340

PNEUMONIA 3850

Your images will be automatically split into training and test sets [, so you can evaluate your
model's performance. Unlabeled images will not be used.

Training images 4160
Validation images 544
Test images 486

START TRAINING




Train new model

Model name
bhest)(rays_vzm 90914150213

Model type
(® Cloud-hosted

Hast your model on Google Cloud for online predictions.

O Edge

Download your model for offline/moblle use. Typically has lower accuracy than Cloud-hosted models.

Training budget

Your model's accuracy generally depends on how long you allow it to train, and the quality of your
dataset. Your model automatically stops training when it stops improving. You pay only for the node
hours used.

1 node hour (free*) v @

Data summary

5190 labeled images, 2 labels
* Your first node hour is free, for up to 10 models each month. Pricing guide [

CANCEL START TRAINING

IMAGES TRAIN EVALUATE PREDICT

Training vision classification model

Training can take 15 minutes to several hours or more, depending on the compute
hours assigned. In the meantime, you can close this window. You will be emailed
once training completes.

CANCEL




TRAIN NEW MODEL
odels

chestXrays_v20190914150213

Recall Score threshold

Score threshold

Created Analyzed ﬁ Avg precision & Precision (@ Recall @
Sep 14,2019 5190 images 0.992 ' ' 96.502% ‘ ' 96.502%
1 compute hour 2 labels, 486 test images
Precision and recall are based on a score threshold of 0.5
SEE FULL EVALUATION RESUME TRAINING ® :
1.00 w__ =0 1.00 @
0.75 0.75 0.75
5 ’g} 5
-§ 0.50 5 050 % 0.50
o
T E &
0.25 0.25 0.25
0.00 0.00 0.00
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0

True label

NORMAL

PNEUMONIA




@ Dataset

Chest X-Ray Images (Pneumonia)
5,863 images, 2 categories

n Paul Mooney - updated a year ago (Version 2)

Data Kernels (155) Discussion (12) Activity Metadata Download (1 GB) New Notebook :

Public Your Work Favorites Sortby Hotness v
Outputs ~ Languages ~ Types ~ Tags ~ | Search notebooks Q

a v © Beating everything with Depthwise Convolution Lol P Py | ©30

154 1y ago - GPU- % advanced, deep learning £
"
& |  © Best Score on Kaggle , 96 % Recall P Py o5
50 1y ago % cnn, image data, transfer learning

ARTIFICIAL INTELLIGENCE
{4 Data Labeling I

2B Al Platform | Y

[E] wnatwralLanguage  F

EiI  Tables »
@ Talent Solution ¥
?A Translation »

< \Vision

53l video Intelligence




Natural Language products

AutoML Entity Extraction

Build a machine learning madel to recognize a custom set
of entities within text. Learn mare

AutoML Text Classification AutoML Sentiment Analysis

Build a machine leaming model to analyze attiiudes within
text. Learn mare

Build & machine leaming model to dlassify cantent into &
custom set of categaries. Learn mare

= Launchapp =3 Launchapp = Get started

Cloud Natural Language API

Use Gaogle's proven pre-trained model for general cantent
I; (i1 i analysis; entity ition; and

Anore.

=3 View AP docs

Dataset name
happipess @

Objective

A =
A — E

Single-label classification
Predict the one correct label that
you want assigned to a document.

Multi-label classification
Predict all the correct labels that

you want assigned to a document.

Sentiment analysis
Understand the overall sentiment
expressed in a block of text.




(O Upload a CSV file from your computer &
The CSV file should be a list of GCS paths (or the text itself) and their labels, if available.
SELECT FILES
(® Upload text items from your computer (@
Supports .TXT, .ZIP.
happiness.csv >
SELECT FILES
Please select at least one file to upload.
(O Select a CSV file on Cloud Storage @
The CSV file [A should be a list of GCS paths (or the text itself) and their labels, if available.
gs:/fauthentica-de791-lem/
O Import text items later
Build your set of text items, and label directly in the workspace.
CREATE DATASET CANCEL
TEXTITEMS TRAIN EVALUATE PREDICT
All texts 12663 — Type to filter text items...
Labeled 12663
O Text Label
Unlabeled 0
D I finished all of my work by the end of the day. achievement
= Typetofilter.. H
D An event that made me happy in the past 24 hours is getting free breakfast. enjoy_the_moment
achievemnent 3931
O When | managed to get my custom PC up and running for the first time. achievernent
affection 4337
bonding 1584 O My mother flew out of town to visit our family in KS. | was so happy to see her off on the affection
enjoy_the_moment 1380 plane and | could feel the joy she must have felt upon her way out there.
exercise 196 O Nowadays, happiness is a fuzzy concept and can mean many different things to many enjoy_the_moment
leisure 986 people. Part of the chall of a sci of happi is to identify different concepts o...
nature 249 | was given a free dessert at a restaurant. enjoy_the_moment
Add label

| was nominated for an award

achievernent




Train new model

Maodel name
happiness_v20190914210031

Data summary
12663 labeled text items, 7 labels

You will be emailed when training completes. Pricing guide [

CAMNCEL START TRAINING

TEXT ITEMS TRAIN EVALUATE PREDICT

You have enough text items to start training

At least 100 text items are currently assigned to each label. Learn more [

100

achievement
affection

bonding
enjoy_the_moment
exercise

leisure

nature

Your documents will be automatically split into training and test sets [, so you can evaluate your

model’s performance. Unlabeled documents will not be used.

START TRAINING

3931

4337

1584

1380

196

986

249




TEXT ITEMS

Training text model

Training can take several hours or more, depending on the complexity of your
dataset. In the meantime, you can close this window. You will be emailed once

training completes.

CANCEL

TRAIN NEW MODEL
odels

happiness_v20190914210031

Created

Sep 15,2019
02:10 AM

Analyzed

Avg precision (@ Precision (@
12663 text items 0.94 ' ’ 87.582%

7 labels, 1266 test text items

Precision and recall are based on a score threshold of 0.5

SEE FULL EVALUATION

O

Recall @
84.123%

Translation products

AutoML Translation [EE

Bulld on top of Goagle's powerful Translation AP with the wards,
phrases, and idioms that matter most to you. Mo machine leaming
experience needed. Leam mode

=5 Get started




Translation Datasets ) CREATE DATASET
Dashboard "= Filter dafasets

Hame Source Target Total pairs
Datagals

Mo AutabAL Translation datasets created yet.

Mopdels

Last updated

Status

Create dataset

Dataset name *
datagel_15685197E1600

Use letters, numbers and underscares up ta 32 characters.

Transdate fram ... *

Emglizh (EN}) -

Transdate ta ... *

Spanish [ES) -
CAMNCEL CREATE




IMPORT

en-eg. ey

€ dataset 1568519781600

SENTEMCES TRAIN

Select files to import

To build a custom madel, you firzt need to impart a set of sentence pairs to train it
Gemerally the more sentence pairs, the better, TSV and TMX files are cunrently supported.
You can add mare files later. More Importing lips

(®) Upload files from yous computes
() select files on Cloud Storage

[[] Uuse separate files for training, validation, and testing {advanced)

Upload files from your computer

Your files will be autematically split into training, 1est, and validation sets. If you have
rrcre than 100,000 sentence pairs, use the separate files oplion.

Maximurn SO0 files per import. Uploaded files will be stored on Clowd Storage. 1@

SELECT FILES

[Bestination on Clouwd Storage
B3 o= authentica-de?91-lemytranslate!

ily VIEW STATS & EXPORT DATA

FREDICT

1 file x

BROWSE

< dataset 1568519781600

IMPORT

Al sentences

Training

Validation

Testing

T Filterfile

Auto Split

en_es tsv

SENTENCES TRAIN

8720

6376

872

872

8,720

1l VIEW STATS &} EXPORT DATA
PREDICT
T Filter table
Source
Suggestions based on your search and browsing history
Wisually similar images on the web
Teyeb Salll's 88th Birthday
Ehisd Manor's 7ath Birthday
Enter blng names or URLS, separated by commes.
s this place gaod for groups?
Most Recent YouTube Session
See results in-app
Suggestions based on your search history
e this an auto bady shop?

Adminigtrate log data for your progects

Target

Sugerencias basadas en i historial de bisgueds y nevegacidn
Imégenes similares de |a Web

B antversaric del nacimiento de Tayeb Salih

74.# aniversano del nacimients de Ehud Manor

Escriba los nambres de los blogs o las URL, separadas por comas.
Es Un buen lugar pata grupos?

Sesidn de YouTube mas recente

Vr resultadas en la aplicacion

Sugerencias en funcidn de tu histonial de bisqueda

(Es Ln taller de chaga y pintura?

Administrar dates de registro de tus proyectos

Translation (EN — ES)

set
validation
Training
validation
validatian
Traming
validatian
validatian
Testing
validatian
validation

Validation




Train new model

Model name *
datazel_15685197E_2019091 5060931

Base model

Google HMT -

Data summary
G59TE Training pairs, 872 validation pairs, 872 testing pairs

e will be =mailed when training completes. See the Pricing guide far details about iraining
time and cost.

START TRAINIMNG CANCEL

i~ dataset_1568519781600 ils VIEW STATS & EXPORT DATA

IMFPORT SENTEMNCES TRAIM FPREDICT

START TRAINING

dataset_156851978_20790915060931

Training rmay take several hours. You will be emailed once
training completes.

Rurindng: Training model

CANCEL




€  dataset_1568519781600 il VIEW STATS & EXFORT DATA

IMPORT SENTENCES TRAIN PREDICT
- Madel
dataset_156851978_2019091 5060931 -

Test your model on new sentences

English Spanish - Custom model

Would you like to leave feedback about your call? ¢Quieres dejar un comentario sobre tu llamada?

Spanish - Google NMT model

iDesea dejar comentarios sobre su llamada?

Use your AutoML model

[fou can now franslate using your custom translation moded. {Mote: You will need a serdcs account
REST AFPI FYTHON

request json

{
“source_language_code®: "en”
“target_language_code®: "es®,
“model”: "projects/6E5848112825/ locations fus-centrall /models/TRL2383314122469805152 ",
“contents" : "YOUR_SOURCE_COWNTENT®

H

Execute the request

8 curl -5 POST &
-H “Authorization: Bearer "S{gocloud auth application-default print-access-token} %
-H “Content-Type: applicationjson; charset=utf-B" %

https:f/translation. googleapis.com/vibetal /projects FEEER48112026/ locations fus-centrall s translataText
-d @regquest._jsan




Video Intelligence Products

AutoML Video Intelligence

Train & cugtom video madel using your cwn videos. Mo machine
Sarmang Sxperience nedu rad. Leam misre

=3 Get started

Import videos

AutoML Video Intelligence uses your videos to train a custom machine leaming model.
Learn more about preparing your data.

* Upload labels in your CSY, or upload un-labeled videos, and use our labeling tool.
= At least 100 video segments per label is recommended.

» Processed videos will be stored on Cloud Storage. Standard pricing applies.

Select a CSV file on Cloud Storage

The CSV file should contain paths to your train, test, and/or unassigned CSV files. Videos must
be MOV, MPEG4, .MP4, or AVI. Leamn mare .

Example CSV:

TRAIN, gs://domestic-animals=-vcm/horses/videos/train.csv
TEST, gs://domestic-animals-vem/horses/videos/test.csy

— s

autom|-video-demo-data/hmdb_split]_mp4.csy BROWSE

CONTINUE




Datasets 3 CREATE DATASET
§ HName Objective Tatal videos Labeled videos Last updated Status
Mo AutobL video datasets created yet
€ untitled_1568526765835
IMPORT VIDEDS TRAIN EVALUATE TEST & USE
Importing videos

Thiz can take several minutes ar more. You will be emailed when impen is complete

IMPORT VIDEOS TRAIN EVALUATE TEST & USE
= Filter videos
All videos 5,062
Labeled 5,062
Unlabeled 0
= Filter labels :
Annotations ¥ golf(1)
brush_hair 100
cartwheel 100
catch 100
chew 100
pullup(1) stand(1)
clap 99




IMPORT VIDEOS TRAIN EVALUATE TEST & USE

Add more video segments before training

It is recommended that each label have at least 100 video segments assigned to it.
Fewer video segments can result in an inaccurate model. Learn more To add more video
segments, return to the Videos page.

Labels Video segments Train Test
brush_hair - 100 70 30
cartwheel - 100 70 30
catch - 100 70 30
chew - 100 70 30
clap - 99 70 29
climb - o7 70 27
climb_stairs - 100 70 30
dive | 100 70 30
draw_sword - 100 70 30




Train new model

Model name *
untitled_15685659_20190915073038

Data Summary

5062 videos
51 labels

Training budget

You only pay for hours used. If your model stops improving, training will stop. Training
pricing guide

START TRAINING CANCEL

Video Classification

untitled_15685659_20190915073038

Average precision: @
0.839

Precision: 81.18% @
Recall: 76.75% @

Madel 1D 9 VCN6035672323653107712
Created Sep 15,2019, 7:30:57 PM
Data 5062 videos

5062 annotations
51 labels

SEE FULL EVALUATION




All labels

Score threshold ]

Displaying nearest threshold: 0.48

Total Videos 5062
Total Annotations 5062
Train Videos 3544
Train Annotations 3544
Precision 81.2%
Recall 76.7%

All test videos are evaluated at the time of training. If you maodify
this dataset after training, those modifications will not be
reflected here.

Learn more about these metrics and graphs [2

100%

Precision

0%

0%
Recall

100%

Confusion matrix

This table helps you understand where misclassifications oceur (which labels get "confused”
with each other). The top three misclassifications per label are shown here.

True Label Correct Prediction
brush_hair 90%
cartwheel B6.67%
catch 96.67%
chew 90%
clap 89.66%
climb 100%
climb_stairs 73.33%

dive 76.67%

Confused with.

wave : 6.67%

flic_flac : 10%

jump : 3.33%
drink : 6.67%

throw : 6.9%

run :13.33%

climb : 10%

sit: 3.33%

handstand : 3.33%

eat: 3.33%

pick : 3.45%

walk : 6.67% climb : 3.33%

fall_floor : 6.67% somersault

13.33%




IMPORT VIDEOS TRAIN EVALUATE TEST & USE

- Madel
untitled_15685659_20190915073038 -

Test your model

Create a batch prediction request with a CSV. Each row in your CSV should be a Cloud Storage
file path to a video, and start/end time. Your model will sutput prediction results as a CSV.
Learn more

Batch prediction pricing is based on the compute resources used to generate your results.
See pricing guide

Input csv @
—— gl *
| automl-video-demo-data/hmdb_split1_test_gs_predict.csv BROWSE |

Results Bucket @

—— gaiff *
‘ authentica-de791-lem/videos/ BROWSE ‘

Where your prediction results are sent

GET PREDICTIONS




Confidence ———ifl)— 0.50 PREDICTON 1 SECOND INTERVAL SHOT SEGMENT
Predicted Results 00:00 00 [ 10D
M ride_horse 0.993 |

EKU Praduct SKU I Usage Cast Orve time credits Discounts 4 Subtetal

AutoML Content Classification Model Training Cloud Natural 41FE-T436- 3.32 hour 59.95 S0.00 $9.95

Operations Langeage AP BS0A

AutoML Tables Deployment Cloud AutobiL 3FEA-GEDT- 1.562,005,950 mebibyte S22 50,00 S22
SD9F second

N1 Pradefined Instance Core iumning in Americas Campute Engine ZEIT-AF TS 35.17 haur sin 40,00 1M
85CD

N1 Predefined Instance Ram running in Amernicas Compute Engine 6C71-E844- 131 B4 gibibyte how 50.56 50.00 5056
3EBC

Clazs A Request Regional Starage Cloud Storage ADBF-1B5F- 11,336 count $0.03 S0.00 S0.03
A415

AutoML Tables Online Prediction Cloud Autobl F664-8600- D hour 50.00 50.00 $0.00
FEEBE

Metviork Internat Egress frarm Americas to Ching Compute Engine GDES-9092- D gibibyte $0.00 5000 S0.00
B3BC

AutoML mage Classification Madel Training Firat Cloud Vision API BO18-CE2C- 1 eount $0.00 £0.00 S0.00

Compite Hours 10F5

AutoML Tables Training Cloud Autobil 3B5C-4F2Y- 1 hour &1 S0.00
B0z29

Clazs B Regueat Regional Storage Cloud Storage FETO-008- 641 count 50.00 50,00 S0.00

2763




k kernel5fb6788945 Draft saved

File Edit Insert Run Add-ons Help

+ 2 » | » Runal ® DraftSession (0m)
@o Secrets I

=r=

In[]: .
# This Python 3 enviro & Google Cloud Services alytics libraries installed

# It is defined by the ps://github.com/kaggle/docker-python
# For example, here's

import numpy as np # linear algebra

import pandas as pd # data processing, CSY file I/0 (e.g. pd.read_csv)
# Input data files are available in the "../input/" directory.
# For example, running this (by clicking run or pressing Shift+Enter) will list all files

import os
for dirname, _, filenames in os.walk('/kaggle/input'):
for filename in filenames:
print(os.path.join(dirname, filename))

# Any results you write to the current directory are saved as output.

Google Cloud Services b4

Add an account

Select the services you'd like to link:
D BigQuery
D Cloud Storage

AutoML (beta)

Link Account

EI Feedback

oox




Chapter 15: The Math Behind Deep Learning
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Chapter 16: Tensor Processing Unit

Layers TPUVI TPUVI
Name LOC Nonhn;ear Weights O‘E_'S / Batch %
function Weight Si Deployed
FC |Conv| Vector Pool Total Byte 1ze
MLPO 0.1kl 5 5 RelLU | 20M 200 200 61%
MLP1 1k | 4 4 RelLU SM 168 168 ?
LSTMO 1k | 24 34 sg | S1IBMOId, | 5o\ gy 64
tanh
sigmoid 29%
LSTM1|1.5k 37 19 56 gtanh 71 34M 96 96
CNNO | 1k 16 16 | ReLU &M 2888 8 50,
CNNI1 1k | 4 72 13 89  ReLU | 100M| 1750 32 ¢
- ‘ G Local Unified Buffer for Matrix Multiply Unit
= = o | i Activations (256x256x8b=64K MAC)
14 GiBls sg 14GiBls R o Systatie. B2t (64K oL le) (ol =-24 bk o
> § phig g % m per.cyc] 29% of chip
§ - ;] D Host ‘ Accumulators D
L 5 Interf. 2% (4Kx256x32b =4 MiB) 6% |
L 7 167 GiBls | M e — M
E::"x .‘=3j ‘ d dpgg * Ac:vatlonflp.elme 6% ; ggg
=l B = 3% le & interface 3% | = [Misc.Wo7% | L%
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Cloud TPU v3 Cloud TPU v2
420 teraflops 180 teraflops

128 GB HBM 64 GB HBM
(High Bandwidth Memory) (High Bandwidth Memory)
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203.5
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Full Cloud TPU v2 Pod more than
150.0 — EE—
H 200X faster than 1V100 GPU ki
& 100.0 Li—
59.9
50.0
- - 75 15.0
00 Yy = - — ==
1V100GPU 4V100 GPUs One Cloud 8V100 GPUs 1/16 Cloud 1/4 Cloud 1/2 Cloud Full Cloud
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Hardware Configuration




Notebook settings

Runtime type

Python 3 -

Hardware accelerator
TPU ~®@

E] Omit code cell output when saving this notebook

CANCEL SAVE

Cloud TPUs

This repository is a collection of reference models and tools used with Cloud TPUs.

The fastest way to get started training a model on a Cloud TPU is by following the tutorial. Click the
button below to launch the tutorial using Google Cloud Shell.

E OPEN IN GOOGLE CLOUD SHELL

Note: This repository is a public mirror, pull requests will not be accepted. Please file an issue if you
have a feature or bug request.

Running Models

To run models in the models subdirectory, you may need to add the top-level /models folder to
the Python path with the command:

export PYTHONPATH="$PYTHONPATH:/path/to/models"




&« (€] @ ssh.cloud.google.com/

Cloud Shell

cloudshell x cloudshell + -

To set your Cloud Platform proj in th ssion use 1
5 cloudshell open --repo_url "http i ). CO ensorflow/tpu" "shell" --tutoria
L.md"
oned this repo into directory tpu. Would you like to:
into that directory
into that di ory and ‘git pull”
git clone a new copy

Enter your choice [default 1]: 1
cd=-ing into tpu
a_gullifcloudshell:

ctpu quickstart

Introduction

This Google Cloud Shell tutorial walks through how to use the
open source ctpu [ tool to train an image classification model
on a Cloud TPU. In this tutorial, you will:

1. Confirm the configuration of ctpu through a few basic
commands.

2. Launch a Cloud TPU "flock” {a Compute Engine VM and
Cloud TPU pair).

3. Create a Cloud Storage [ bucket for your training data.

4. Download the MNIST dataset % and prepare it for use with
a Cloud TPU.

5. Train a simple convolutional neural network on the MNIST
dataset to recognize handwritten digits.

6. Begin training a modern convolutional neural network
(ResMet-50 [4) on a simulated dataset.

7. View performance and other metrics using TensorBoard .
8. Clean everything up!

Before you get started, be sure you have created a GCP Project
with billing_enabled 5. When you have the project ID [ in hand
(the "short name" found on the cloud console's main landing
page), click "Continue" to get started!




F Martin Gorner

¥ @martin gorner

Full Keras / TPU support coming in Tensorflow 2.1. One
line of code to get you model running on a TPU or TPU

pod.

() or custom training loops.
| am presenting this at TF World now but you can
already try with tf-nightly. Demo at




