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import autokeras as ak

clf = ak.ImageClassifier()
clf.fit(x _train, y train)
results = clf.predict(x _test)
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https://tykimos.github.io/

from keras.models import

model = Sequential()
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from keras.layers import Dense

model.add(Dense(units=64, activation='relu', input dim=100))
model.add(Dense(units=10, activation='softmax'))
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model.compile(loss="'categorical crossentropy’,
optimizer='sgd',

metrics=['accuracy'])
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Xception (88 MB, 126)
VGG16 (528 MB, 23)
VGG19 (549 MB, 26)
ResNet50 (99 MB, 168)
InceptionV3 (92 MB, 159)
InceptionResNetV2 (215 MB, 572)
MobileNet (17 MB, 88)
DenseNet121 (33 MB, 121)
DenseNet169 (57 MB, 169)
DenseNet201 (80 MB, 201)
NASNet
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bl

mean_squared_error
mean_absolute_error
mean_absolute percentage error
mean_squared_logarithmic_error
squared_hinge

hinge

categorical_hinge

logcosh
categorical_crossentropy
sparse_categorical_crossentropy
binary_crossentropy
kullback_leibler_divergence
poisson

cosine_proximity
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SGD
RMSprop
Adagrad
Adadelta
Adam
Adamax
Nadam
TFOptimizer
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SGD
RMSprop
Adagrad
Adadelta
Adam
Adamax

sgd = optimizers.SGD(1r=0.01, decay=le-6, momentum=0.9, nesterov=True)
model.compile(loss='mean squared error', optimizer=sgd)

VL ) Ic . (&l Wy Y ~

model.compile(loss;’mean_squared_efror', optimizer='sgd"')
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Generative Image Inpainting with Contextual Attention

CVPR 2018 Paper | ArXiv | Project | Demo | YouTube | BibTex
Update (Jun, 2018):

1. The tech report of our new image inpainting system DeepFillv2 is released. ArXiv | Project
2. We also released recorded demo video YouTube based on DeepFillvl (CVPR 2018), as well as video YouTube of
DeepFillv2. Best viewed with highest resolution 1080p.

3. DeepFillv1 is trained and mainly works on rectangular masks, while DeepFillv2 can complete images on free-form
masks with user guidance as an option.

e -

Example inpainting results of our method on images of natural scene (Places2), face (CelebA) and object (ImageNet).
Missing regions are shown in white. In each pair, the left is input image and right is the direct output of our trained
generative neural networks without any post-processing.
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Original Image:

Non-relational question:

What is the size of
the brown sphere?

Relational question:

Are there any rubber
things that have the
same size as the yellow
metallic cylinder?
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(Ref, DeepMind)

Visual Interaction Networke= A2t 2E1 S2|18 £2 259| F 7HX| HAHLIZLE 7N, A[ZH &H X2|= 22 0[2Hof| ofE o] Lo
=X 0SS £UE ASH AAE AE(GIE S0 22| AAH)S SESICD EHLICH SADEE SHEAIF|H, El2ld 7(dgke| 22| AITI0f S E

7IMILCE, Crefet &8 Al|E 7|thstiELICt

= O



" AlSenses People Throug ﬁm —

p learning
devices to
sense the pose offa person...




Given an input video...
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Super SloMo: High Quality Estimation of Multiple Intermediate Frames for Video
Interpolation

2 2

Huaizu Jiang1 Deging Sun® Varun Jampani Ming-Hsuan Yangs’2 Erik Learned-Miller! Jan Kautz?

TUMass Amherst 2 NVIDIA 3 UC Merced

Abstract

Given two consecutive frames, video interpolation aims at generating intermediate frame(s) to form both spatially and temporally
coherent video sequences. While most existing methods focus on single-frame interpolation, we propose an end-to-end convolutional
neural network for variable-length multi-frame video interpolation, where the motion interpretation and occlusion reasoning are jointly
modeled. We start by computing bi-directional optical flow between the input images using a U-Net architecture. These flows are then
linearly combined at each time step to approximate the intermediate bi-directional optical flows. These approximate flows, however,
only work well in locally smooth regions and produce artifacts around motion boundaries. To address this shortcoming, we employ
another U-Net to refine the approximated flow and also predict soft visibility maps. Finally, the two input images are warped and linearly
fused to form each intermediate frame. By applying the visibility maps to the warped images before fusion, we exclude the contribution
of occluded pixels to the interpolated intermediate frame to avoid artifacts. Since none of our learned network parameters are time-
dependent, our approach is able to produce as many intermediate frames as needed. We use 1,132 video clips with 240-fps, containing
300K individual video frames, to train our network. Experimental results on several datasets, predicting different numbers of
interpolated frames, demonstrate that our approach performs consistently better than existing methods.
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http://www.youtube.com/watch?v=MjViy6kyiqs
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A Ref Compare Compare
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Deep Learning the Physics of
b 64x64x1 (input
Transport Phenomena ) pszies onasmize seasass :
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Boundary Condition Deep Learning Ground truth Boundary Condition Deep Learning Model Ground truth
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Galileo was drawing sunspots as early as 1613.

400 YEARS <o

© 2013 Macmillan Publishers Limited. All rights reserved



Generation: the Carrington sunspot!

Carrington sunspot in 1859 Al-generated magnetogram
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Epoch 37/50
18750/18750 [

Epoch 38/50

18750/18750 [
Epoch 39/50
18750/18750 [

Epoch 40/50
18750/18750 [

Epoch 41/50
18750/18750 [

Epoch 42/50
18750/18750 [

Epoch 43/50
18750718750 [

Epoch 44/50
18750/18750 [

Epoch 45/50

18750/18750 [
Epoch 46/50
18750/18750 [

Epoch 47/50

18750/18750 [
Epoch 48/50
18750/18750 [

Epoch 49/50
18750/18750 [

Epoch 50/50
18750/18750 [:

[INFO] evaluating on testing set...

6250/6250 [

[INFO] loss=0.6029, accuracy: 67.3760%

] - 0s
] - @s
] - 0s
] - 0s
] - 0s
] - 0s
] - @s
] - 0s
] - 0s
] - 0s
] - 0s
] - 0s
] - 0s
] - 0s
] - 0s

loss: 0.5334
loss: 0.5305
loss: 0.5267
loss: 0.5192
loss: 0.5237
loss: 0.5159
loss: 0.5145
loss: 0.5073
loss: 0.5038
loss: ©.4987
loss: ©.4980
loss: ©.4922
loss: 0.4910

loss: 0.4877

acc

acc

acc

acc:

acc

acc

acc

acc

acc

acc

acc

acc:

acc

acc

: 0.7354
1 0.7354
1 0.7378
0.7466
1 0.7422
: 0.7458
1 0.7494
1 0.7557
: 0.7579
1 0.7629
: 0.7601
0.7664
1 0.7637

: 0.7686
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Faster R-CNN
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Faster R-CNN Model Architecture

Training Dataset

Label == Label M= Label M=
141 40 9-l 40 17-r 40
1-r 40 9-r 40 18- 40
2- 40 10-1 40 18-r 40
2-r 40 10-r 40 194 40
3- 40 11 40 19-r 40
3-r 40 11-r 40 20-I 40
4| 40 12- 40 20-r 40
4-r 40 12-r 40 21 40
51 39 13- 40 21-r 40
5-r 39 13-r 40 22-| 40

5 1 14- 40 22-r 40
6-1 40 14-r 40 X 39
6-r 40 15-1 40 X-r 19
7- 40 15-r 40 X 1

7-r 40 16-1 40 Y 20
8- 40 16-r 40

8-r 40 17-1 40 A 1838

Data augmentation

Hyper Parameter

& 4
O Vt; >
e 0
v
original 90° 180°
rotation rotation

a\'nél hﬁn

270°
rotation

Vertical Horizontal
Flip Flip

optimizer Adamax
learning rate 2e-3
beta_1 0.9

beta_2 0.999

loss function smooth L1













Training Deep Networks with Synthetic Data: Bridgaing the Reality Gap by Domain

Randomization

This paper comes from Nvidia and goes full throttle on using synthetic data to train Convolutional Neural Networks (CNNs). They
created a plugin for Unreal Engine 4 which will generate synthetic training data. The real key is that they randomize many of the

variables that training data can have including:

e number and types of objects

e number, types, colors, and scales of distractors

e texture on the object of interest, and background photograph
e location of the virtual camera with respect to the scene

e angle of the camera with respect to the scene

e number and locations of point lights

They showed some pretty promising results that demonstrate the effectiveness of pre-training with synthetic data; a result that
previously has not been achieved. It may shed some light on how to go about generating and using synthetic data if you're short on

that important resource.


https://arxiv.org/abs/1804.06516
https://arxiv.org/abs/1804.06516

Figure 1. Domain randomization for object detection. Synthetic objects (in this case cars, top-center) are rendered on top of a random
background (left) along with random flying distractors (geometric shapes next to the background images) in a scene with random lighting
from random viewpoints. Before rendering, random texture is applied to the objects of interest as well as to the flying distractors. The
resulting images, along with automatically-generated ground truth (right), are used for training a deep neural network.
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Classification : VGG-16
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Convolution 2D

T

Convolution 2D

Max Pooling Calculating focus for each object

Convolution 2D

U

Convolution 2D

Convoluton 20 Class Train Validation Test
MaxPooing | B 75,326 2,084 3,639
S 2 Non-TB | 155,661 39,495 68,966

Convolution 2D

Convolution 2D Total 230,987 41,579 75,326

Max Pooling

- | Model Sensitivity Specificity Accuracy Model Sensitivity Specificity Accuracy

e AlexNet-like 96% 84% 90% AlexNet-like| 100% 76% 88%
Convolution 2D VGG-16 84% 98.4% 97.7% VGG-16 100% 86% 93%

Convolution
e Test result with patch images Test result with slides

ik

Input






Branch #1 Image
]
J Slide
Branch #2
. Slide
T %
|
Branch #3 )
| Slide Slice Capture

A =2
Server . J y
o Annotation Tool
Image
: Result e
esu
=y
\ ‘~_‘ > 7 Z - 2
) Validation Correction

Laboratory #2

Inspa ce @ Laboratory #1

Test Slide

Test Slide

]
I

Data Server

Annotation | apel

Result

Web GUI

Web GUI

InBioDx InBioDx
! Model * Model

Server
Training Validation Tool

Server ‘













o 2 X

&
3
.
m
g
&

|
W
m

[2017-03-23 09:45:34]

za

#WGOPR0474.avi

a4z of
B shpsy  TIEE

L2

> =

DEE7 YR WY












=

&m Lazw

20 @ @~-81 D6 8




el e

Avygtgd

EEZas
{d9 s

gaassas
233333

L]



RetinaNet with ResNet50

ResNet FPN

RetinaNet 2 & 24

CE(p) = —log(p)
FL(p) = —(1 — p)” log(p)

min

2 =2 =2 =2 =2

[E SR
[

well-classified
examples

0 0.2 0.4 0.6

0.8

probability of ground truth class

Focal Loss &=
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S 1 2.25kg

B E1 2] : 8000mMAR(LiPo)
S2toll & & : 2.54cm(@400ft)
ME : RGB & NIR

=5 :23m/s

[=E]

2 : 1.160kg

HIE1 2] : 5200mAh(LiPo)
b0l 2tk A - 14008t
e : RGB

=G :15m/s

[E2

2 :1.242kg

HIE1 2] : 5200mAh(LiPo)
Jt0il 2t3k A - 14008t
e : RGB

=5 :15m/s
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RapidEye

Delivering the World

Mission Characteristic

Information

Number of Satellites

Spacecraft Lifetime

Over 7 years

Orbit Altitude

630 km in Sun-synchronous orbit

Equator Crossing Time

11:00 am local time (approximately)

Sensor Type

Multi-spectral push broom imager

Spectral Bands

Capable of capturing all of the following spectral bands:

Band Name Spectral Range (nm)
Blue 440 - 510
Green 520 - 590
Red 630 - 685
Red Edge 690 - 730
NIR 760 - 850
Ground Sampling Distance (nadir) 6.5m
Pixel size (orthorectified) 5m

Swath Width

77 km
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U-Net

2

16x112x112

RGB+P+

M+
indices ﬂ]hll?xlll
32 64 64
564){64:64

aMaxpoohng 64 128 128

Upsampling . .
i G 5128!32132
= Conv+BatchNorm+ELU 128 256

Concat
= Input

32112x112

3264 32

tﬁdxllhlﬂ

64 128 64 64

64x64x64

4

t 128x64x64

128 256

%,

128 128
128x32x32

256x32x32

256 128

azsexxexxs

tSlelleG
512 512

N N

Model Architecture

Binary classification accuracy

Pixel Accuracy 0.9480

Mean IOU 0.8035

Data Set info.

Type Satellite Image
Shape (256, 256, 5)
Total number of data 5,604
Ratio(Train,Val, Test) 7:2:1

Data capacity 3.78G

Hyperparameter info.

Activation Relu/sigmoid(last)
Padding Same

Batch_size 36

Epoch 100

Optimizer Adam

Loss func. Iou loss
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PolygonRNN++

This is the official repository for the Polygon-RNN++ project (CVPR-2018). For technical details, please refer to:

Efficient Interactive Annotation of Segmentation Datasets with Polygon-RNN++
David Acuna* Huan Ling* Amlan Kar* Sanja Fidler (* denotes equal contribution)
CVPR 2018

[Paper] [Video] [Project Page] [Demo]

vertices

CNN
Encoder

GGNN

polygon upscaling

polygon evaluation



PolygonRNN++ (with GT baxes) Human Annotator

576 clicks

539 clicks



http://www.youtube.com/watch?v=evGqMnL4P3E




Himawari IR 13/09/2017 13:10UTC |

COMMON DEVELOPMENTAL
PATTERNS

EACH SUCCESSIVE T-NUMBER IS ACCOMPA-
NIED BY ONE OR MORE OF THE FOLLOWING:

System center becomes defined in
rounder, tighter, or more dis-
tinctly curved banding.

Dense overcast and system center
become more closely associated.

« CDO becomes rounder or larger,

s . More overcast banding encircles
CF4 BFO “Large Eye" the central feature.

B | 10 120LC] 130C 140C 150C
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Dataset

1996 ~

Negative (N/A/B)
train 111,245

val 12,603

test 9,200

Positive (C/M/X)
train 140,710
val 16,852

test 6,595




Classification : VGG-16

2
g

|

Dropout

H

Dropout

H

Flatten

I

Max Pooling

Convolution 2D

(

Convolution 2D

T

Convolution 2D

Max Pooling
Convolution 2D

Convolution 2D

1l

it

Convolution 2D

Max Pooling
Convolution 2D ‘
Convolution 2D
Convolution 2D

Max Pooling

Convolution 2D

Convolution 2D
Max Pooling
Convolution 2D
Convolution 2D

Input

il

P
I Solar Events
—
‘\,

N [-Time h
| Class Meta “AR Label |l Label Binary Class Train Validation Test
| Extractor - Class / Marker ‘
% - J Not defined 99,569 5,763 4,360
( - AR A 56 0 0
SRS, ARMeta - Latitude Negative
] 7| Extractor - Longitude B 11,620 6,840 4,860
\ v
SUM 111,245 12,603 9,220
T CNN
1 Meta Extractor —» - ggelnfo. ‘ Model C 89,473 9,799 5,192
b B 44,398 5,295 1,244
Positive
‘ X 6,839 1,758 159
‘ Patch Extractor ‘—» ARiPatchImage
L /‘ SUM 140,710 16,852 6,595

i SOHO MDI
http://soi.st
I anford.edu/ magnetogram ,
-

Forecast Mechanism

We implement a forecast mechanism for our model by matching every magnetogram image and maximum X-ray peak flux within 24 hour for a given

active region.

€ M C)B
. v v S 2
AR#1 — M class AR#2 — C class

C C (M

v v

i j

AR#3 — C class AR#4 — M class

le—

[

A

A 4

AR#5 — Not defined
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Input Image
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grad-cam
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_magnetogram_predic.png
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- ma;'\etogfam_p dlr png
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Input Image grad-cam
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Magnetogram C, M, X Class Gif




Callisto Day/Night Map for 30 Nov 2017 10:07:20 (UTC), blue=no data, green=data two days ago, red=current data
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TensorFlow Speech Recognition Challenge




TensorFlow Speech Recognition Challenge

# 2. 24 74517/

model = Sequential()

model.add(Conv2D(32, (3, 3), activation='relu', input shape=(256, 256, 3)))
model.add(Conv2D(32, (3, 3), activation='relu'))
model.add(MaxPooling2D(pool size=(2, 2)))

model.add(Dropout (0.25))

model.add(Conv2D(64, (3, 3), activation='relu'))
model.add(Conv2D(64, (3, 3), activation='relu'))
model.add(MaxPooling2D(pool size=(2, 2)))
model.add(Dropout (0.25))

model.add(Flatten())

model.add(Dense (256, activation='relu'))
model.add(Dropout(0.5))
model.add(Dense(2, activation='softmax'))

# 3. 29 350ty HF57)
model.compile(loss='categorical crossentropy', optimizer='adam', metrics=['accuracy'])
ST I T T

46/46 [ ] - 500s - loss: 0.1304 - acc: 0.9484 - val loss: 0.1726 - val_acc: 0.9259
Epoch 12/15

46/46 [ ] - 506s - loss: 0.1416 - acc: 0.9382 - val loss: 0.1636 - val_acc: 0.9468
Epoch 13/15

46/46 [ ] - 475s - loss: 0.1228 - acc: 0.9436 - val_loss: 0.1997 - val_acc: 0.9444
Epoch 14/15

46/46 [ ] - 501s - loss: 0.1480 - acc: 0.9341 - val loss: 0.1869 - val_acc: 0.9213
Epoch 15/15

46/46 [ ] - 501s - loss: 0.1445 - acc: 0.9368 - val loss: 0.1693 - val_acc: 0.9306
-- Evaluate --

acc: 92.59%
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Reconstructed Magnetogram
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Kyung Hee University, Korea

Yong-Jae Moon and Solar/Space Weather Group
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Generation: the Carrington sunspot!

Carrington sunspot in 1859 Al-generated magnetogram
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Player : simulation: 500
Enemy : simulation: 375

Player Policy Network
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http://www.youtube.com/watch?v=O79_oQPfC1w
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http://www.youtube.com/watch?v=qXjPvUI9S_U






http://www.youtube.com/watch?v=yUY3-N-FQTk
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