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This is an implementation of Mask R-CNN on Python 3, Keras, and TensorFlow. The model
generates bounding boxes and segmentation masks for each instance of an object in the
image. It's based on Feature Pyramid Network (FPN) and a ResNet101 backbone.
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for andrew, the distance is 1.
the distance is 0.89

. the distance is 0.551

ebastiano, the distance

bertrand, the distance Is
r kevin, the distance
‘ for felix, the distance
camera_0. >0 or benoit, the distance
for arnaud, the distance
the distance

younes

217



Fralibese Aok

ANILTHFIBEIC & B AE Y R
(3DFFA Z1{E/)



EEREENSD 3 RTHHEK .

e DBAAT STV M zETEIFRAMHOSIEZLUE
BEH (#+#LlLE) #a>E1—S0NEB LT, I

t I —t ﬁE
. ‘
G IMG_0170.JPG IMG_0171.JPG IMG_0172.JPG IMG_0173.PG IMG_0174.PG
= — B %
PG IMG_0176.JPG IMG_0177.JPG IMG_0178.PG IMG_0179.JPG IMG_0180.JPG
L)
IMG_0183.JPG IMG_0184.JPG IMG_0185.JPG /
MG_0189.JPG IMG_0190.JPG IMG_0191.JPG

AT 0 NEFR412AME

AN Y5 1=

z -
&

=

8

3§ 4

l

£ £
Im Im
= 2 .
@© o0
& ~
g g
g - .
z z
IO Icn '
2 ]
8 & ‘
~ o
g &
b o
() @

z = 2

. Ionp lllm[

2 2 2

® = ‘w

3 = &

. “1‘7 5 5
a o

A E1—STOIE(C K
D, 3RTT—H&18D29



XGaaRIR

human(hanako).
human(taro).

think(X) :- human(X).

Prolog 0705 I

Falibese Aok,

human(X).

X = hanako
X =taro

I

A

“ human(X). RBEL\ebht

ad>Ea3—4an
HEGRZITLY,
TOER=Z1BD

30



Fiadibise Lok

Sale)

Qu

ATIHBETCESD L

- BASEUIE . =S5EIEA% - BIER

o EREREK :  PDIRRANOBAEY G

« Brnoak . BARADNFIERC UPTERORITED
« T TRAPCEBRREDZIE

» BENEEDIEFL SR \° B ENEFR AN /R EDISAN

ANBOVEREZBHODD TEDLIT TR, FFEPAE—
VANT=1 I w1 b AN N A 23 L



5-3 AL XgedDiE%E

32



AT HIEEDIERE

Falibese Aok,

s A
T—HZBAVWTBES5FETES
AT AHNAE

ATARE e IT SZFA

ABEDEWZIL—ILPOHIEZ
WC., BRIREEEAERZIT
D AN TLKIEE

33



AT HIEEDIERE

Falibese Aok,

s A
T—HZBAVWTBES5FETES
AT AHNAE

F-RESXTEBEELDHIET,
£ U ERICTFHOMTDARATES &5 (C

ATHIgE

MR IT S A5 A
ARDEWZIL—IL ORI Z
WC. RRREVPHEERZIT
> NI 8E

ANEAEETO S LT 5= BT
BV ZFEMECNAEIENWEEZZ S AD
34




FEEEN T _
H&ECT—4
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Which dataset Which

do you want to properties do

use? you want to
feed in?

Ratio of training

S EQ1—AICHFHAALTHE,
5 X TCEEBIED

O Epoch Learning rate Activation Regularization Regularization rate Problem type
4|

0007000 0.03 Y Tanh s None g 0 ¥ Classificatio

+ — 2 HIDDEN LAYERS OUTPUT
Test loss 0.493
R = oo = Training loss 0.514
4 neurons 2 neurons
/‘ é

-0
to test X12 D \ The outputs are

data: 50% mixed with varying

o weights, shown by
X22 the thickness of
the lines.
Noise: 0 7o
o X1X2 \ This is the output
from one neuron. |
Batch size: 10 Hover to see it 0
® larger.
sin(X1)
Colors shows
REGENERATE ) data, neuron and ! —
sin(X2) -1 0 1

weight values.
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, unicode_literals

VAR RN

fron _future_ impart absolute_import, division, print_function
inport tensorflov-compat -v2 =s i

inport tensorflow_datasets as tfds

inport numpy 2s np

inpart matplotlib.pyplot as plt

Snatelotlib inline

inport warnings

warnings.filteruarnings (Cignore’)  ff Suppress Matplotlib warnings
tf-enable_v2_behavior ()

fron tensorflon.keras inport backend as K

K.clear_session()

print{tf. _version_J
mnists anist_info = tfds.load(nist’, with_info = True, shuffle_files=True, as_supervised=True, batch size = -1)

ds_train, ds_test = wnist["train’], mnist['test’]

de_train = (ds_train[0].numpy () .astype (" loat32”) / 255., ds_train[1]}
de_test = (ds_test[0].numpy(}.astype("f loat32”) / 255., ds_test[I])

weort tensarflow as if
tensarf lon.keras.nodels inport Sequential
tensarflow.keras. lavers inport

Dense, Act ivation

L1 .karas.nodel s . Seauant ial ([
-keras. |
-keras.

tf.keras. |avers.Denselunit
n

| n.connile(loss=tf.keras. losses.sparse_categorical crossent rony,
netrics=[sparse_categorical_crossentropy’, ‘accuracy’],

optinizer=tf.keras.optinizers.Adan(learning_rate=0.001))

EPOCHS = 20

history = m.fit{ds_train{0], ds_trainll],
epochs=EPOCHS ,
walidat ion_data=(ds_test[01, ds_test[11),
werhose=1)

m.predict (ds_test [0]).argnax(axis=1)

Bon-ER

tf.Tensor([2 0 4 ... 8 0 &], shape={10000,), dtype=intB4)
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move(x, y, r):
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(itertools.product(seq, repeat-nsteps)):

i j:
X, ¥, success - move(x, y, i)
( (success)):

(itertools.product(seq, repeat-nsteps)):

:
move(x, y, i)

X, Yy, success
( (success)):
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SurfelGAN: Synthesizing Realistic Sensor Data for Autonomous Driving
Zhenpei Yang, Yuning Chai, Dragomir Anguelov, Yin Zhou, Pei Sun, Dumitru Erhan, Sean Rafferty,

Henrik Kretzschmar
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EnlightenGAN: Deep Light Enhancement without Paired Supervision
Yifan Jiang, Xinyu Gong, Ding Liu, Yu Cheng, Chen Fang, Xiaohui Shen, Jianchao Yang,
Pan Zhou, Zhangyang Wang

48



JUL\EIER DEEROER (Z1—X)

Efdv_jc,\ Bz, TELUTC, EtalcaE

=
h

3] 94
B0
’“OII

Large Scale GAN Training for High Fidelity Natural Image Synthesis
Andrew Brock, Jeff Donahue, Karen Simonyan, https://arxiv.org/abs/1809.11096v2
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Generative Adversarial Networks, lan J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu,
David Warde-Farley, Sherjil Ozair, Aaron Courville, Yoshua Bengio, https://arxiv.org/abs/1406.2661
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@ [Start Drawing] #2Uw/ * */
+

AutoDraw

Fast drawing for everyone.
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https://magenta.tensorflow.org/sketch-rnn-demo

O X2Z0O0-)I LT,
DD [Vvariational Auto-Encoder| *iFE 9

@ [Variational AutoEncoder
DemOJ %g I_J \\J g Variational Auto-Encoder

The model can also mimic your drawings and produce similar doodles. In the Variational Autoencoder
Demo, you are to draw a complete drawing of a specified object. After you draw a complete sketch
inside the area on the left, hit the auto-encode button and the model will start drawing similar sketches
inside the smaller boxes on the right. Rather than drawing a perfect duplicate copy of your drawing, the
model will try to mimic your drawing instead.
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http://affinelayer.com/pixsrv/index.htm]
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