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Automated Image Captioning (2014-)

Andrej KarpathyStanford Computer Science Ph.D. student

Automated Image Captioning with ConvNets and Recurrent Nets
https://www.meetup.com/ja-
JP/sfmachinelearning/events/219842815/?eventld=219842815&chapt
er_analytics_code=UA-57800518-1

Automated Image Captioning with ConvNets and Recurrent Nets
http://cs.stanford.edu/people/karpathy/sfmltalk.pdf

(RIEEER 201787A218)

"construction worker in orange
safety vest is working on road.”

‘man in black shirt is playing
guitar.”

N

o B

"black and white dog jumps over

"girl in pink dress is jumping in
air.” bar.”

"two young girls are playing with
lego toy."

"young girl in pink shirt is
swinging on swing.’

"boy is doing backflip on
wakeboard."

‘man in blue wetsuit is surfing on
wave.’
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% : Generating Images (2015.12-)

Elman Mansimov et. al: “Generating Images from
Captions with Attention”, Reasoning, Attention,
Memory (RAM) NIPS Workshop 2015
http://www.thespermwhale.com/jaseweston/ram/sl
ides/session1/gen-captions-elman-mansimov.pdf

A very large commercial A very large commer-
plane flying in blue skies. cial plane flying in rainy
skies.

Elman Mansimov et. al: “Generating Images from Captions with Attention”,
Reasoning, Attention, Memory (RAM) NIPS Workshop 2015
http://www.thespermwhale.com/jaseweston/ram/papers/paper_13.pdf
p. 3, Fig.3

A herd of elephants walk- A herd of elephants walk-

ing across a dry grass 1Ing across a green grass
field. o field.

Elman Mansimov et. al: “Generating Images from Captions with Attention”,
Reasoning, Attention, Memory (RAM) NIPS Workshop 2015
http://www.thespermwhale.com/jaseweston/ram/papers/paper_13.pdf 8

-3, Fig.3 UTokyo Online Education i {fflizEE 2016 #XEZ CCBY-NC-ND

A stop sign flying in
blue skies.
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Elman Mansimov et. al: “Generating Images from Captions with
Attention”, Reasoning, Attention, Memory (RAM) NIPS Workshop

ﬁ?tlpsz//www.thespermwhale.com/jaseweston/ra m/slides/session1/ /
gen-captions-elman-mansimov.pdf
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Elman Mansimov et. al: “Generating Images from Captions with Attention”, Reasoning, Attention, Memory (RAM) NIPS Workshop 2015
http://www.thespermwhale.com/jaseweston/ram/slides/session1/gen-captions-elman-mansimov.pdf
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HADEISERE EEOHSRE

Netatmo. Deep LearningZ{§i->1=
B\ AERNASZEFHTE(2016/1/5)

EEEFDAREIZKY.
ClICTHEASNTULW=E®ZHIBRLELT

HrxJ=Za1—X
TechCrunch
CES 2016: D H—XT— 3> MNetatmo,
BORERIATEREK

20165 1H5H

http://jp.techcrunch.com/2016/01/05/20160
104netatmo-makes-outdoor-security-
cameras-suck-less/

ZRIEFDEEIZEKY.
CCIZHEASh TV -EBEHEIBRLELT

HrJ=a1—X
TechCrunch
Placemeter(EHTE#ZEHAIL . EHF DI /\—
DIVEFZEELT
2015598 24H
http://jp.techcrunch.com/2015/09/24/placemeter-
measures-retail-shop-conversion-rates/
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AR ITT—AREELLEDHSD

Apple, BERBEDAIT EEmotient®
§1%(2016/1/8)

TA—T 53—V T DN AR E
[ AR &Y E. #Enlitic (2016/1/5)

Z1RIEFDHEEICEKY.
CZITRASN TV -EBZHIBRLELT-

HrJ=a1—X
IT Media News
Apple, REXIEERFHDAI (N TEIEE) £ EEmotientZz &
¥ —Wall Street Journal ¥&
201651 A8H
http://www.itmedia.co.jp/news/articles/1601/08/ne
ws093.html

Z1RIEFDHEICEKY.
CZITRASN TV -EBZHIBRLELT-

HrJ=a1—X
B #ZBP ITPro
TA—T5—=U T OB AREBERIFIABEY L.
AA—kT7 97 D KEnlitic
20165 1A5H
http://itpro.nikkeibp.co.jp/atcl/column/15/06150014
8/122400043/?ST=bigdata&P=2
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e CNN
e RNN
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Convolutional Neural Network

CS231n: Convolutional Neural Networks for Visual Recognition
Convolutional Neural Networks (CNNs / ConvNets)
http://cs231n.github.io/convolutional-networks/

The activations of an example ConvNet architecture.

RELU RELU  RELU RELU/ RELU RELU
CONV comvl CONV Cowvl comvlcowv

0| -—
-

v

4
-
-
i
-
-
.
-
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CNNDFEER

Hubel & Wiesel,
1959

RECEPTIVE FIELDS OF SINGLE
NEURONES IN
THE CAT'S STRIATE CORTEX

1962

RECEPTIVE FIELDS, BINOCULAR
INTERACTION

AND FUNCTIONAL ARCHITECTURE IN
THE CAT'S VISUAL CORTEX

1968...

Ue

Neurocognitron
[Fukushima 1980]

ot @—3 L ;@Pxf

CS231n: Convolutional Neural Networks for Visual
Recognition

Convolutional Neural Networks (CNNs / ConvNets)
http://cs231n.github.io/convolutional-networks/
The activations of an example ConvNet architecture.

2N

Stimulus

E 5 & 2 2
-

Neural response (spikes/sec)

o

-0 20 0 2 w0
Stimulus orientation (deg)

“sandwich” architecture (SCSCSC...)
simple cells: modifiable parameters
complex cells: perform pooling

i

ke — visual area ——— < associalion area
P o : o _. lower-order __ higher-order _ , ___grandmother
retina —= LGB —simple — complex hyper. Pl compler™ cull
i [ e 1 Pt A . | PSR e i ey
L I % (S O [ LA
Uo ! 'US1 *Uey T "Usz *Ue, 72U UcaT 24
L — ——d [ . —— —— e e e G i 4
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Fast-forward to today:ConvNets are everywhere

ZEEFDEEIZELY.
ZZICHEASh TV -EGZEIBRLELT-

Shaoging Ren, Kaiming He, Ross Girshick, and Jian Sun,
"Faster R-CNN: Towards Real-Time Object Detection
with Region Proposal Networks"
https://arxiv.org/pdf/1506.01497.pdf
p. 4, Figure 3: Right: Example detections using RPN
proposals on PASCAL VOC 2007 test.

ZEIEFDHEHEIZEKY.
ZZICEASh TV =BG ZEIBRLEL:

clement.farabet.net
Scene Parsing
http://www.clement.farabet.net/research.h
tml#parsing

Fast-forward to today: ConvNets are everywhere

self-driving cars

NVIDIA Tegra X1

NVIDIA
BHENEERER T Al EEavE1—4—
http://www.nvidia.co.jp/object/drive-

px-jp.html

25
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CS231n: Convolutional Neural Networks for Visual Recognition

o cs231n antor CONVOLUTION
http://cs231n.stanford.edu/syllabus.html

Lecture 27 Jan Convolutional Neural Networks:
architectures, convolution / pooling layers
Case study of ImageNet challenge winning ConvNets

http://cs231n.stanford.edu/slides/2016/winter1516_lecture?. activation map

__— 32x32x3 image
5x5x3 filter

-

V
—0 -

convolve (slide) over all
spatial locations

A

32 28
3 1
Single depth slice
A
x 1112 4
max pool with 2x2 filters
5 6 7 8 and stride 2 6 8 CS231n: Convolutional Neural Networks for

o Visual Recognition
g Convolutional Neural Networks (CNNs /

3 2 1 0 3 4 ConvNets)
http://cs231n.github.io/convolutional-
networks/

Pooling layer downsamples the volume
1 2 3 4 spatially, independently in each depth slice

of the input volume.

P

y n ) 26
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CS231n: Convolutional Neural Networks for Visual Recognition
Schedule and Syllabus
http://cs231n.stanford.edu/syllabus.html

Lecture 6 Jan 25

7. d: -EF: 5 i < L \ < C; 5 ':79:0 T: 75\ http://cs231n.stanford.edu/slides/2016/winter1516_lecture6.pdf
ETE LD Leaky Rel.U

max(0.1x, x)
Sigmoid
o(z)=1/(1+e*) A

i o Maxout max(w{z + b, wjz + by)

tanh tanh(x)

-----

b ife >0
ELU flz) = {n (exp(z) —1) ifz <0

ReLU max(0,x)

X\

ReLUMMEIHON B LS T T=D A KELY,
2000 IIRESNT=M . 202F AL EHLNAELIIZH-T=,
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HESELNEKSIZTEEoT=HY: Batch Normalization (2015)

o AFENHEL. BERIEFRIZKLT. A ZYR DRSS
— NTIFEAERIZLLGELT KL=,
o NYFZELIZEFRILT S, ZD=-HDEFAND,

Batch Normalization [loffe and Szegedy,2015]

1. Compute the empirical mean and variance
independently for each dimension.
2.Normalize

€ () — E f £ (k)-l
War[ . ® ]

'a;(k) =

f[Z%,. Normalization Propagation(2016), Weight Normalization(2016)%:& .
WBLEAENIRREIREINTILNS,

UTokyo Online Education S {ifi#zEE 2016 #2EZE CCBY-NC-ND
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HEDIFELN KT > T=HY: Dropout

SR LIZ(05DFERT) Za—OVEEIESETIET 5,

7__ X I\ H# ‘: [j: -~ é Ii:lll-‘ %O N ‘ : L/ -C '??5 o Nitish Srivastava et al., "Dropout: A Simple Way to Prevent

Neural Networks from Overfitting"

~ - N - = J | of Machine L ing R h 15(2014) 1929-1958
] E 75\ é*l' \ T__ ournal of Machine Learning Researc
E < 7,‘d~ 6 — & h 20 10 — 5 b '] A -C L ~ O http://dl.acm.org/citation.cfm?id=2670313&CFID=914288649

&CFTOKEN=84775229

p. 1930, Figure 1: Dropout Neural Net Model.

(a) Standard Neural Net (b) After applying dropout. [Srivastava et al., 2014]

(EADETILDT YT ILICHES TSI EN BRI RSN T,

UTokyo Online Education 2 1ii{ffi;83& 2016 #AE= CCBY-NC-ND
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1998%

E ) Convolutional Network (LeCunis)

Z1RIEFDHEEICEKY.
CZITRASN TV -EBZHIBRLELT-

Yann LeCun, "Gradient-based learning applied to document recognition"
Proceedings of the IEEE ( Volume: 86, Issue: 11, Nov 1998 )
Page(s): 2278 - 2324
http://ieeexplore.ieee.org/document/726791/
p. 2283, Fig. 2. Architecture of LeNet-5, a convolutional NN, here used for digits
recognition.

72 DCNN,
==L, BB+ SsVMEFEE X EDHLEM ST,
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02F I KRELELEZXITI-ETIL:

ILSVRC2012@Dwinner

Case Study: AlexNet

Krizhevsky, A., Sutskever, ., Hinton, G.: “ImageNet Classification with Deep Convolutional
Neural Networks”, NIPS 2012
https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-
neural-networks.pdf

p. 5, Figure 2: An illustration of the architecture of our CNN, explicitly showing the
delineation of responsibilities

between the two GPUs.

[Krizhevsky et al. 2012]

Full (simplified) AlexNet architecture:
[227x227x3] INPUT
[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer
[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOL2: 3x3 filters at stride 2
[13x13x256] NORM2: Normalization layer
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOL3: 3x3 filters at stride 2

[4096] 4096 neurons

[4096] 4096 neurons

[1000] 1000 neurons (class scores)

| |
— &
- oo g, A L |
= il ]
\, ! Wil \d
[¥]] \/ 20 '-.:{-' P B el
y
S/ P
L] dansa | [dense|
k]
H Max L}
M peoling 207 -

Details/Retrospectives:

- first use of ReLU

- used Norm layers (not common anymore)
- heavy data augmentation

- dropout 0.5

- batch size 128

- SGD Momentum 0.9

- Learning rate 1e-2, reduced by 10
manually when val accuracy plateaus
- L2 weight decay 5e-4

- 7 CNN ensemble: 18.2% -> 15.4%

e RelU. Dropouth\fEhHr 1=,

o 8[Z(CONVM5E L. Fully ConnectedEHY3/E)
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ILSVRC2014 @D winner

EEEFDREIZKY.
CZICHEAShTUWV-EEZZHIBRLELT

Christian Szegedy et al., "Going deeper with convolutions"
2015 IEEE Conference on Computer Vision and Pattern Recognition
(CVPR)
http://ieeexplore.ieee.org/document/7298594/

p. 4, Figure 2: Inception module
(b) Inception module with dimensionality reduction

FEHDETE DConvolutionBEHEET=EF5MKLH B,
FCEBZLSL T, INSA—#AEREEL L=,
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ILSVRC2015@M Winner

EZEEZFDESICEKY.
ZZICHBASINTUL-EEFHIBRL
*L7=

Kaiming He, Xiangyu Zhang,
Shaoqing Ren, Jian Sun
"Deep Residual Learning for Image
Recognition”
https://arxiv.org/abs/1512.03385
p. 4, Figure 3. Example network
architectures for ImageNet.

NETIEX.BEERDGERENELSHZE
NépoT=,

INGA=APNEZ | FHERIED L <L BT=8,
Z_T.a—rhybgHaxroiarzxEoT=,
DIEKEBLELFT LAY,

EEEFDREIZKY.
ZCICHEASN TV -EBFHIBRLELT=

kaiminghe.com

ICML 2016 Tutorial on Deep Residual Networks
tutorial slides
http://kaiminghe.com/icml16tutorial/icml2016_tutor
ial_deep_residual_networks_kaiminghe.pdf

33

UTokyo Online Education S {ifi#zEE 2016 #2EZE CCBY-NC-ND


http://creativecommons.org/licenses/by-nc-nd/4.0/

ERED BEEEBD

EZEEFDESICEKY.,
ZCICTHEASNTUL-EGRZHIBRLELT-

HREDHULIZDONTDT ST
kaiminghe.com
ICML 2016 Tutorial on Deep Residual Networks
tutorial slides
http://kaiminghe.com/icml16tutorial/icmI2016_tutori
al_deep_residual_networks_kaiminghe.pdf

HRED AU, BAETETFELLGE-TLVS,
201638 IZ1%. 3.06%DET JLELH = Human Error ~5.1%.,
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RNN

e 19801KH\i5
o FIATIE.LSTMELNDSETILAMEONALSZEHT=ZEMKELY,

®
[

®)

hi|= fW(ht—la.wt) [le I l
new state | old state input vector at

&

Y
v

some time step
some function

T
A
with parameters W (’g

CS231n: Convolutional Neural Networks for Visual Recognition An unrolled recurrent neural network.
Schedule and Syllabus

http://cs231n.stanford.edu/syllabus.html

Lecture Feb8

®
I
A
6

Recurrent Neural Networks (RNN), Long Short Term Memory (LSTM)[slides]
@ ® ()
F 3 T
A e A
colah's blog
l Understanding LSTM Networks

@ @ @ http://colah.github.io/posts/2015-08-Understanding-
; LSTMs/

An unrolled recurrent neural network (RNN-unrolled)
The repeating module in a standard RNN contains a single
layer (LSTM3-SimpleRNN)

(R#EEH 2017878218)

The repeating module in a standard RNN contains a single layer.
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colah's blog

Understanding LSTM Networks

http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Unfortunately, as that gap grows, RNNs become unable to learn to
LST IVI connect the information. (RNN-longtermdependencies)

The repeating module in an LSTM contains four interacting

layers.(LSTM3-chain)

(RHEEEH 2017878218)

h 4

&—>—@

A4

GRS

hd

&—1>—®

A4

®
)

e Long-Short Term Memory
— Hochreiter & Schmidhuber (1997)
« 3207 —k
— Forget gate, Input gate, Output gate
« Long-term dependencyhM X 5N D
o Llf=&S%ZFEIZ GRU: Gated Recurrent Unit (2014)HIRESINTLVS,

®
:
®

&> —@

1 ! 1

~ N N (O n
— —@——® > —»

Gan>
A o E A
o g

— > —+

\ J J 7\ y,

&) ® &

The repeating module in an LSTM contains four interacting layers.
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RNNAMa[Z=ZF & L TLVSh

e  Wikipedia®D X EH, LinuxDHA—RILELSTMTEE
— TOUSL% XFITEDV—HUREB>TEESES,
— 6,206,996 characters

° %*L%?*L O) Cell 75§1E‘|'€ ﬁ L/"C L \ é 0) 75\& E.I-*E,'“:j—é o €5231n: Convolutional Neural Networks

for Visual Recognition

S o) Schedule and Syllabus
— N # Y B i
[ a %) t E E \ t?ﬁ\ ’E é *l z \é http://cs231n.stanford.edu/syllabus.html
~ ll — % l’ (o) Lecture Feb8
Recurrent Neural Networks (RNN), Long

Short Term Memory (LSTM)[slides]

gquote detection cell
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_ CS231n: Convolutional Neural Networks

for Visual Recognition

Schedule and Syllabus
http://cs231n.stanford.edu/syllabus.html
Lecture Feb8

Recurrent Neural Networks (RNN), Long
Short Term Memory (LSTM)[slides]

code depth cell
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quote/comment cell

if statem
UTokyo Online Education AT {iF
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%
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CS231n: Convolutional Neural Networks
for Visual Recognition

Schedule and Syllabus
http://cs231n.stanford.edu/syllabus.html
Lecture Feb 8

Recurrent Neural Networks (RNN), Long
Short Term Memory (LSTM)([slides]
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RNN[Z ., SESFEFLETHWSAZIENTES,

one to one one to many many to one many to many many to many

\ e.g. Image Captioning
. CS231n: Convolutional Neural Networks
|mage - Seq uence Df wurds for Visual Recognition

Schedule and Syllabus
http://cs231n.stanford.edu/syllabus.html
Lecture Feb8

Recurrent Neural Networks (RNN), Long
Short Term Memory (LSTM)[slides]
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RNN for Image captioning

e CNNTHHEEZXHLT.RNN(STM)IZANS,

Distribution
over vocab
d1 d2
EI_"’O—’M—}hQOQQ
Image: Features: Hidden state: * *
HxWx3 D H v y2
First Second
word word

CS231n: Convolutional Neural Networks for Visual Recognition
Schedule and Syllabus

e ontordedu/sflabus i H L7=L V3 : A bird flying over a body of water.

Recurrent Neural Networks (RNN), Long Short Term Memory (LSTM)[slides]
42
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Soft attention for captioning

o BEREARZRDICAATEIDTIEIERLDELY,
o HE.EBROZRIAMEIZT T IVvENTONGELD

CS231n: Convolutional Neural Networks for Visual Recognition
Schedule and Syllabus
http://cs231n.stanford.edu/syllabus.html

stribution

er  Distribution

;chttrrrree:fzzjral Networks (RNN), Long Short Term Memory (LSTM)[slides] L Iocatlons OVer Vocab
al a2 d1 a3 d2
CNN el | h0 h1 e o o
Featyres
Image: L x _
HxWx3 Weighted

_ features: D | 21 | | V! 22 | |y

Weighted
Xu et al, “Show, Attend and Tell: Neural Combi nation Fl rst WOI'd

Image Caption Generation with Visual

Attention”, ICML 2015 of features
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AttentionD T8 A&

o BEEBEDTIVIFADEH, NETFET S,

CS231n: Convolutional Neural Networks for Visual Recognition
Schedule and Syllabus
http://cs231n.stanford.edu/syllabus.html

Lecture Feb 24 _ Soft attention:
Recurrent Neural Networks (RNN), Long Short Term Memory (LSTM)[slides] . .
Summarize ALL locations
z=patpb+pc+pd
a b
d Derivative dz/dp is nice!
| © | Train with gradient descent
| TR Grid of features
Image: (Each D-
HxWx3 dimensional)

Context vector z
(D-dimensional)

Sample ONE location
From P, | P, / according to p, z = that vector
’. | J

Hard attention:

RNN: ) .

P. | Py With argmax, dz/dp is zero
Distribution over c 3!:‘103" eVec:}'Wft'Zfe t
i i antuse gradient aescent,

Xu et al, “Show, Attend and Tell: Neural grld |Ocat|0n3 d . fg t | .
Image Caption Generation with Visual p.+ pb+ p.+p.= 1 neea reinrorcement iearning

Attention”, ICML 2015 a ¢ c
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Show, Attend and Tell: Neural Image Caption
Generation with Visual Attention (2015)

*  Microsoft COCOT—421zvb:82,783E&. 5B DX
¢ FIICkrg k/30k 7__\ _gt‘y I\ : 8,000/30,000*&0) FE”%\ 51@ 0) jc Kelvin Xu, Jimmy Ba, Ryan Kiros, Kyunghyun Cho, Aaron Courville, Ruslan
~ N - ~ =k Salakhutdinov, Richard Z |, Yoshua Bengio, "Show, Attend and Tell:
. EfgELONWDE XA TLaVEBETHESESICS, Neural Image Caption Generation with Visual Attention”
https://arxiv.org/abs/1502.03044
p. 2, Figure 3. Examples of attending to the correct object

s
T e e

S Y

A stop sign is on a road with a
mountain in the background,

T e =

A little girl sitting on a bed with A group of people sitting on a boat A giraffe standing in a forest with
a teddy bear. in the water. trees in the background.
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Show, Attend and Tell: Neural Image Caption
Generation with Visual Attention (2015)

e Microsoft COCOT—4At vk :82,783E{&. 5E DX

¢ FIler8 k/30k 7__\\_9_&“} I\ : 8'000/30'000*£0) E{%” 51@ 0) I Efe]i;l\::, );:tend and Tell: Neural Image Caption Generation with Visual
¢ E{%gl'\hét‘ ;\:’V70>3>§ a EJ—GHjﬁéctal:fd:éo :’:’:;;jl?;vinxu.github.io/projects/capgen.html

A( 0 . 9 7) A( 0 . 99) The model in action
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Neural Machine Translation

e |lya Sutskever, Oriol Vinyals, Quoc V. Le (Google), Sequence to Sequence
Learning with Neural Networks (2014)

— WMT’14 English to French # X2 T, 34.81 (BLEU score)

EFEFDEREIZLY.,
CCISHBASN TV -ERZRIBRLELS:

llya Sutskever, Oriol Vinyals, Quoc V. Le, "Sequence to Sequence Learning with Neural

Networks"

Proceeding NIPS'14 Proceedings of the 27th International Conference on Neural Information

Processing Systems
Pages 3104-3112
http://dl.acm.org/citation.cfm?id=2969033.2969173
https://papers.nips.cc/paper/5346-sequence-to-sequence-learning-with-neural-networks

p. 2, Figure 1: Our model reads an input sentence “ABC” and produces “WXYZ"” as the output

sentence.

* Neural Machine Translation by Jointly Learning to Align and Translate (2015)
— BengiobDHFE, Attention| TIEWLMEEAZANT. FFEEX LEIF TS,
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Neural Machine Translation

e GoogleMNMT, 201659 A M5,
o HAREOERZBICHLIIAMNSGEAINT, T,
e 8 Mbi-directional RNN, attention D=, 5000 GPU?

EFEFOATICELY.,
CCISHBAShTW-EBZRIBRLELT:

Google Research Blog
A Neural Network for Machine Translation, at Production Scale
https://research.googleblog.com/2016/09/a-neural-network-for-
machine.html
Data from side-by-side evaluations, where human raters compare the
quality of translations for a given source sentence. Scores range from 0 to

6, with 0 meaning “completely nonsense translation”, and 6 meaning

“perfect translation.”

(BREDER)IZVIFE AREROBILFEE . ENICEDSFRAETILE
HAEHEINTREVD T, FERYDOFERTIE LD, Lo ENDIEFT,
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Deep reinforcement learning (deep RL) has been
successful in learning sophisticated behaviors
automatically; however, the learning process requires a
huge number of trials. In contrast, animals can learn
new tasks in just a few trials, bene- fiting from their
prior knowledge about the world. This paper seeks to
bridge this gap. Rather than designing a “fast”
reinforcement learning algorithm, we propose to
represent it as a recurrent neural network (RNN) and
learn it from data. In our proposed method, RL2 , the
algorithm is encoded in the weights of the RNN, which
are learned slowly through a general-purpose (“slow”)
RL algorithm. The RNN receives all information a typical
RL algorithm would receive, including observations,
actions, rewards, and termination flags; and it retains
its state across episodes in a given Markov Decision
Process (MDP). The activations of the RNN store the
state of the “fast” RL algorithm on the current
(previously unseen) MDP. We evaluate RL2
experimentally on both small-scale and large-scale
problems. On the small-scale side, we train it to solve
randomly generated multi-armed bandit problems and
finite MDPs. After RL2 is trained, its performance on
new MDPs is close to human-designed algorithms with
optimality guarantees. On the largescale side, we test
RL2 on a vision-based navigation task and show that it
scales up to high-dimensional problems.

FEOERIEEE GRUVRD) (X, RESN-1T8Z B EM
[CZEITBHDICHRLTULET, LML, ZETO+EX
[CIXEKREATHIVETT , S EIEIZ, B
[FHFICDODWTOLFIORMEBNSBEFZIT. HT
MNEEITTHLIMESEZE /T HENTEFT
DR—/\—[L,. ZOF v TFEBHESELTLET,

ERIRIEFE7IIYXLEZERAT D TIELEL,
FhEVALUA=Za—F LR yrT—S(RNN) EL TR
HL,. ZNET—IDLEETHEFRELEFT 1B
BEINT-AERLTIE, 7ILT) X LIZRNND EH(Z
FEIeEh, RNNIZRA (MEWL DRL7Z LT X LI
o T KYFEEEINS, RNNIL., EREZ, 1TEh. #REN.
BEURTISTZECHREMNLGRIZILIYX LN
(TEAT R TDIEHRERIET S, TNIEXFTEDTI/LO
TRETOER(MDP) IZEWLWTIEY—REKIZhH
> TEDIREZHREFT D, RNNDFEHEIL, IRED
(LRI RZGEM>1=)MDPED "&3&E"RL7 LT X
LDIRREFERIET D, B4 (L. RL2EZ/NMRIEFBIEEK
REBBO@AIC DOV TERERMIZEEET 5, /NMRIE
HETIE., BIEAICERSIN-EHREDZIEE
EBEBRDOMDPERRRT HEIIZENEELET . RL2ANEN
BEnf-%. HLLIVMDPTOMEREIL. B EA RIS
N ABAEZRETLE7ILT) X LIZELSEYET , K8
BRAAIE T, RREZESIVR—ZADFES —Lari
AITTA, BRTDBEETARATY—ILTYTT S
—&EFRLET,
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CNNARNNIZ LD T,
FEEITEVNEMAEEFINTLS

o FAT«7BRIIHAILHBHED
— HE#O/NNIJ—OKIEEAL
— HMANIERKDOHERR

« CNNLRNNG, SERMNEYLTES:
- FRAR-ZEARICE—MZRELT, /IX\5A—E3ZHL5T,
— 5% —5F[Z: CEC (Constant Error Carousel) = Batch Normalization
— WHERECETREITS ResNetDEZH = ISTMDEZ A

e CNNARNNZTAOYIELTRWT, FENBEINDLSIZHE-TE,
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Deep Belief Deep Boltzmann
Network Machine

EEAERETIL

o EEBHERTET /L (deep generative model)
- BEZEHDEBIESEETIL
— FUEHLGETILEEETLHIENTESD. ® ® D v O e ®
e Deep belief network (stacked RBM) [Hinton+ 2000 - Ruslon Slskhutdinov, Geoffrey Hiton,

"Deep Boltzmann Machines"
. —_ Proceedings of the Twelfth International
- Deep Lea rni ngd) E*ﬂ Conference on Artificial Intelligence and
Statistics

—_ %ﬁ;g% ug* [iﬁ I-EJ 7\‘57’ %%g% [i% I-EJ 7\\570)7‘57,{jj}l/:E7_:)[/ April 16-18, 2009, Clearwater Beach,

Florida USA, Vol. 5:448-455.

e Deep Boltzmann machine [Salakhutdinov 2009] e aktmouos e on o
Y — A — — f
— éfd)%h‘%ﬁa 770)7 77,{jj}l/:E7—)[/ p. 451, Figure 2: Left: A three-layer Deep

Belief Network and a three-layer Deep

. ZO®RBESNL T
— BRIFEBIINGLARY, HEHYFENERIC.
o LML2014FEND, BUERETILAEBSINSKIICGT:.
- THNITELETHELGLZELEE.
s REDEBEMETILIERD2DOMNRKEKM
— Variational autoencoder (VAE)
— Generative adversarial network (GAN)
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KEZHECEVVY—FOEKOBEZFHTS

e Learning Visual Predictive Models of Physics for Playing Billiards (ICLR2016)
o EVV—FOHOEZTEMEBEETILEZEHLTID)FEET D,

i CN N (Alexnet) + 2 l/’r’v_ 0) LSTM Katerina Fragkiadaki, Pulkit Agrawal, Sergey Levine, Jitendra Malik, "Learning Visual
e Predictive Models of Physics for Playing Billiards"
— Alexnet (j: | magenet'@% ] ?%‘ L,'C 3’3 < https://people.eecs.berkeley.edu/~katef/papers/Physics.pdf

p. 5, Figure 2: Network architecture.

e 4TL—LPDDEENAN,200L—LEETFTRIT S,
e 1AYVTITEE, T—21EL3IaL—3 TS,

N = Ee o &
3 g8 28 8
(m]
l-j_j—)o o o
o = NS o e
o+ P == ? 0
= O O =
N © KON O B
CODCQ
0o T o T o o ol BE-A - B
000000_)~—~3:‘——
3 : : :E 5 7 5
] P S M ~ B = <L BN 5
= = = =
X—>» 0 5 2 T & ° = =l
—M' E & £ 't £ &
o B N O W B
P o = N X L r
-~ o u v v &N
N x X 9 x K ® g
= wh X u x X
O = kP = w B
> - >
< =
w =
w = —
1 I B Alexnet + 2L A X—@DLSTM

Figure 2: Network architecture. At each time step ¢, for each object, the network is provided with
the previous four glimpses centered on the object’s position, as well as the agent’s applied forces
F; = (F?,FY) and the hidden states of the LSTM units from the previous time step. The output is
ball displacements u;x = (Azyyk, AyYi4x) for k = 1--- h in the next h frames.
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KEZHECEVVY—FOKOBEZFHTS

Katerina Fragkiadaki, Pulkit Agrawal, Sergey Levine, Jitendra Malik, "Learning Visual
Predictive Models of Physics for Playing Billiards"
https://people.eecs.berkeley.edu/~katef/papers/Physics.pdf

p. 8, Figure 6: Visual Imaginations generated by our model.

Figure 6: Visual Imaginations generated by our model. (Top) shows the trajectory of the ball gener-
ated by our model by iteratively rendering the next world image using the predicted ball velocities
and feeding this rendered image as input to the model. The imagined ball trajectory is color coded
to reflect the progression of time. Change in color from dark to light blue indicates moving forward
in time. (Bottom) shows the respective ground truth trajectories. Force on the ball is applied at the
first time step and the force vector is shown by the orange arrow. The figure shows that our model
learns the dynamics of balls and collisions and is successfully able to image collision events.

® . ".T P r ]
A eoe P Q-'-- oo
. .‘.- b
. ¢ r'.J F ‘."-o ‘ o® ’
o:.* #‘
° PO g ® [ r )
":-;;1 |G (3 o

Figure 8: Illustration of the method for determining the force required to push the cue ball (the ball
with the arrow) to a target location (shown in green). The agent runs multiple simulations of the
world (i.e. visual imagination) by applying different forces (shown by red arrows). Each grey box
shows the results of simulations performed by the agent. The position of the ball closest to the target
location is shown in pink in each of the simulations. The agent chooses the force that leads to a ball
location that is closest to the target location (simulation in yellow box).

& https://www.youtube.com/watch?v=98qgfuYdVnLw 54
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Deep Predictive Coding Networks for Video Prediction
and Unsupervised Learning (2016)

e Predictive CodingZ. CNNELSTMTCEIRLI=1 D,
e ITL—LDFHETDHREETFAHILETILEERD,
e 2DMT—AEYNTEER: ERT—2. EFEDM{E

William Lotter, Gabriel Kreiman, David Cox, "Deep Predictive Coding Networks for Video Prediction and
Unsupervised Learning"
https://arxiv.org/abs/1605.08104

* p. 2, Figure 1: Predictive Coding Network (PredNet).

CjHl

i Prediction

+,- RelLU

Yy Representation subtract

input
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William Lotter, Gabriel Kreiman, David Cox, "Deep Predictive Coding Networks for Video Prediction and
Unsupervised Learning"

https://arxiv.org/abs/1605.08104

p. 5, Figure 2: PredNet next-frame predictions for sequences of rendered faces rotating with two degrees
of freedom.

16,000 D & RLEIR, 100 — L5,
XAD27L—LTRYNFRITES,
FEWEBDRILY., ARGEDMEMNLGREZI—T 427 LTVS

Predicted

Actual

Predicted

Actual = & . % " q' g' g, g,‘
Predicted | : | 1; g' q. ,' “ m

time —

Figure 2: PredNet predictions for sequences of rendered faces rotating with two degrees of freedom.

Faces shown were not seen during training.
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[ —— S3E . =
- REEL-LEF . 1, &
e LEE L

Pre

Coxlab PredNet

https://coxlab.github.io/prednet/

PY KITTI 7_—\\_9—&\\/ I\ 41 0000) 7 l/_A h\ ro $ %‘ ° NeExt frargs predictions on the Caltech Pedestrian [12] dataset

(Z#REER:2017F78218)
o RDIL—LZEFATH, 10— L=1F ALLVY—DETIL,
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Coxlab PredNet
https://coxlab.github.io/predn
et/

Next frame predictions on the
Caltech Pedestrian [12] dataset
(RIEEEH 201787821
B)

Predicted
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Coxlab PredNet

https://coxlab.github.io/prednet/

Multi-timestep ahead predictions can be made by recursively feeding predictions back into the model.
Below are several examples for a PredNet model fine-tuned for this task.
(RAREEH:2017478218)

KYUFLEDEKREZEZ TR, 5T7L—L(0.5FR)ITHEDE, POIFPLITTS,
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Generating Videos with Scene Dynamics (NIPS2016)

o INIIELOFEMNG, BNEZRH (T2 EEBEERMR(REFR) OmMAITEZLZLS—
UEAFIHOREFEET B,

e CNNIZLBEZEHENDEHAHAHF+GANEF-T,. BREFEZTYLITS,

e 1HETOEWVETAZIILIL—LTERTES,

Foreground Stream /'
3D convolutions
ww%
i Foreground
> ‘J'i Tanh
g, Iv&“’v “ oy, “, &
, o, ) Aoy, gy \
Noise ' _—
100 dim mof{(l mr)ob
e,
Mask .
— sigmoid Generated Video
By Mg 5 ~ Space-Time Cuboid
g » —
2y Replicate aver Time
Background Stream %
2D convolutions g, Background

4 Tanh

Figure 1: Video Generator Network: We illustrate our network architecture for the generator. The
input is 100 dimensional (Gaussian noise). There are two in¢ Background Foreground Generation Background Foreground Generation
"Generating Videos with Scene Dynamics" NIPS 2016

pathway of fractionally-strided spatio-temporal convolutic

fractionally-strided spatial convolutions, both of which up-sa I
http://web.mit.edu/vondrick/tinyvideo/
p. 3, Figure 1: Video Generator Network Figure 3: Streams: We visualize the background, foreground, and masks for beaches (left) and golf

to create the generated video using a mask from the motion
- 6, Figure 3: Streams: (right). The network generally learns to disentangle the foreground from the background.

and the number of channels in parenthesis.
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Carl Vondrick

Generating Videos with Scene Dynamics
http://web.mit.edu/vondrick/tinyvideo/
Video Generations

e mANDIL— Af—h“'a‘% RD1FD ’&_&._md'é_tb\véé
e 2008 D EYE (Flickr) D) 550008 B 9 DT —42TEE, 61
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Chelsea Finn, lan Goodfellow, Sergey Levine, "Unsupervised Learning for Physical
Interaction through Video Prediction

" 30th Conference on Neural Information Processing Systems (NIPS 2016), Barcelona,
Spain.
https://papers.nips.cc/paper/6161-unsupervised-learning-for-physical-interaction-
through-video-prediction.pdf

p. 3, Figure 1: Architecture of the CDNA model, one of the three proposed pixel
advection models

p. 5, Figure 2: Robot data collection setup (top)

e Unsupervised Learning for Physical Interaction through Video Prediction (2016)
o SAXRDAORYCDAUZT0 30 ETEME) OHETLES,
e CNNIZ. ARYbDT I3 ZRPTANT, RADEBRZFAT S,

. 5x5 5%5 conv  5x5conv  5x5conv  5x5conv  5x5 conv 5x5 conv 5X5 conv Ix1 compositing
RGB input convl LSTM1  LSTM2  ISTM3  LSTM4  LSTM5 LSTM 6 LST™M 7 conv 2 masks
Ii 4
32¢c 32¢ 32c 64c 64c 128¢ 64 c 32¢c lic hannel
channe
softmax L
. |
stride stride stride deconv deconv deconv  S—
2 2 2 2 2 2
64x64x3 32x32 32x32 32x32 16x16 16x16 & 8x8 16x16 32x32 64x64 e 64x64
c 10¢ ] -
o © compositing
B > tile § convolve _
2"y © 25, (i) 7@
3 =1 fully connected, m St .
o & reshape & 10 5x5 64x64 .
normalize
8x8 CDNA kernels 10 64x64x3 RGB It

transformed AW—

images

Figure 1: Architecture of the CDNA model, one of the three proposed pixel advection models. We
use convolutional LSTMs to process the image, outputting 10 normalized transformation kernels
from the smallest middle layer of the network and an 11-channel compositing mask from the last
layer (including 1 channel for static background). The kernels are applied to transform the previous 62
image into 10 different transformed images, which are then composited according to the masks. The
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ERCET LB S AL —EA

EUVY—FDR—ILDEIE

— Learning Visual Predictive Models of Physics for Playing Billiards (2016)

— T[RE A (visual imagination) 1, —a—r D AEXEZHENTLSDITTHEELDI(Z, R—ILH
ESERNOMNFETESL EVV—FT.REDEERE. NMTEANLRDIL—LEFAT D,
AlexNetE4TL—LDISTMTHR—ILD I EZE T,

T—LDIL—LFH

— Action-Conditional Video Prediction using Deep Networks in Atari Games (2015)

— ATARID T —LTIL—LEFHNTE, 7OaveEHAA— I -5 (HBHVIEVALUME
BAEA—FIO—3) T RIYBBELZIL—LDFTRINTES, NSWAT O IMIEF,

LSTMIZ K HBR1E T I

— Unsupervised Learning of Video Representations using LSTMs (2015)

— ISTMZEES>THEBORTEZETH, OLENDIE. A—PIoa—4F—LRXEFAFDES
ETIL, HEIOHBE DN DEETLELALHT IENTE,

Deep Predictive Coding Network
— Deep Predictive Coding Networks for Video Prediction and Unsupervised Learning (2016)

— UALURRYNT—JICEDERBRICEDANDFRE REDANZELERLT,. EDESHH
hEnd, T.ENDFLFREND,

XL, HRZ 2L —2F LGN EWNTEMNST=2D Y,
CNNAORNNDFAEHE T, T—AEANSFEZEB L TEN B LSITH-TETULNS,
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Deep Q Learning

« 2013F MDeep MindDEHX ., TN . NatureFI(Z,

e CNN+QFHE
e ATARIDY —Lhn, &iFIX3IDDYT —LIZ,

EFEFDOEREICKY,
CCICEASNTL=EZRZHIBRLELS

Leonardo Araujo dos Santos, Artificial
Intelligence
Deep Q Learning
https://leonardoaraujosantos.gitbooks.io/ar
tificial-
inteligence/content/deep_q_learning.html

KSAE >4 https://www.youtube.com/watch?v=0xo1Ldx3L5Q&feature=youtu.be
SE1)2 X https://www.youtube.com/watch?v=nMR5mjCFZCw&feature=youtu.be
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T7ILID7E

e 19X 19 X 48MFeature mapMET—H, ZALIZ13EDCNN
o« ZEMHYFEEZEFHEAELL. policy network, value network
o EUTHILOEREBEAENHLESD

ZEEZFDESICEKY.
CZICHEASN TV -EBZEIBRLELT

FILID7EIZHITHCNNDIER
74 IL3—DEREK
KHFHEHDOR—UAELS5Z%F
AIHIBEL Y =7 Meet UpMDAlphaGol 2B 9 55 EE FHI T (Natureim X fiE S D
—BzEE ),

BEEAl “AlphaGo” [FEERLNDAI~TA—T53—=2F | EVTAHILOKEFEE. 1t
3 ~
http://home.q00.itscom.net/otsuki/20160415AlphaGopublic.pdf
&IEEE B : 20170425
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Value Iteration Network (2016)

o EEBIZTSOZUTEMAS,
 Reactive Policy= [T TIEHOFEHLIETEZLY

>
2

anedftalo g8

on
ability

2
=
=4

By Aviv Tamar

http://technion.ac.il/~danielm/icml_slides/Talk7.pdf
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o TIUZUTDEDA—IVEMRD
o« BIFS57LTAIZ, AttentionZE K TAHI ET. Reactive Policy 23589 5,

Aviv Tamar, Yi Wu, Garrett Thomas, Sergey Levine, Pieter Abbeel, "Value Iteration Networks"
Advances in Neural Information Processing Systems 29 pages 2154--2162, 2016
https://papers.nips.cc/paper/6046-value-iteration-networks

p. 4, Figure 2: Planning-based NN models. Left: a general policy representation that adds value function V1 Module
features from a planner to a reactive policy. Right: VI module — a CNN representation of VI algorithm. '
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REVWTYTTHLRNT 5 GRBRIRY)

Evaluation:

- Action prediction error (on test set)

- Success rate - reach target without hitting obstacles

Results:
Domain VIN CNN FCN
Prediction | Success | Pred. | Succ. | Pred. | Succ.
loss rate loss rate loss rate
8 x 8 0.004 99.6% 0.02 97.9% 0.01 | 97.3%
16 X 16 0.05 99.3% 0.10 | 87.6% 0.0/ 88.3%
28 x 28 0.11 97% 0.13 714.2% 0.09 76.6%
VINs learn to plan! By Aviv Tamar

Strategic Attentive Writer for Learning Macro-Actions (2016, DeepMind)%
FI#RIC. ¥OBDT I T H T LA EIREL TS,
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AERIEFE  KUMEBNLGFE . FYRBDITEIA

« FIRFHX:DON
— Human-level control through deep reinforcement learning (2015)
— Natureifi3, Deep Q-Learning

e Experience replay
— Prioritized Experience Replay (2016)

- ERDOARETHFRIEIBYTLAERSLIITREDTD, (BICBILI=FiEE, 500%
DIFTENIZE DA EE ) TERLESE 106,

e Double Qlearning
— Deep Reinforcement Learning with Double Q learning (2016)
— EBMETRICLEA > THEBLTLESF8. T8I0 RIREF LB TDmaxd <L —
23 ER TS, TNDDANIR, /AT A—EH 2 YMIG S,
e Dueling network
— Dueling Network Architectures for Deep Reinforcement Learning (2016)

— REE(MERSER L. IREEC LD 1TEIH FI|BI 4L (state-dependent action advantage function), B
FIBAEL(Z. Q(s,a)DBV(s)ZB LD T, EDLGWERBIIZBEFLEFNERLTLNS, B
HIAHEBIG, 2DDFCEZEY. TNoAEERENEEFIBERERT .

oA BHNIERMATO, REBREFENEHSN TS,
Tz EBELIZLHTLVS,
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MXVSEE D A R Generating Images (2015)

mEE=
SEEE O =

A very large commercial A very large commer-
plane flying in blue skies. cial plane flying in rainy
skies.

Elman Mansimov et. al: “Generating Images from Captions with Attention”,
Reasoning, Attention, Memory (RAM) NIPS Workshop 2015
http://www.thespermwhale.com/jaseweston/ram/papers/paper_13.pdf
p. 3, Fig.3

A herd of elephants walk- A herd of elephants walk-

ing across a dry grass 1Ing across a green grass
field. o field.

Elman Mansimov et. al: “Generating Images from Captions with Attention”,
Reasoning, Attention, Memory (RAM) NIPS Workshop 2015
http://www.thespermwhale.com/jaseweston/ram/papers/paper_13.pdf 74
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Elman Mansimov et. al: “Generating Images from
Captions with Attention”, Reasoning, Attention,
Memory (RAM) NIPS Workshop 2015
http://www.thespermwhale.com/jaseweston/ram/sl
ides/session1/gen-captions-elman-mansimov.pdf

A stop sign flying in
blue skies.
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- I
Elman Mansimov et. al: “Generating Images from Captions with Attention”, Reasoning, Attention,
Memory (RAM) NIPS Workshop 2015
http://www.thespermwhale.com/jaseweston/ram/papers/paper_13.pdf

p. 2, Figure 1: alignDRAW: Generative model of images conditioned on captions.

« S i&[dBi-directional RNN (2/EDLSTM)

e [E{&[ZDRAW(2015): VAE+RNNIZKAEEDERKETIL

wowow

align er , PX|y,Zv1)
- ) write Twnte wnte
- AR N
- ST AREL T
Qp.-=" fg.- ot Moy ct5‘~-..‘~ g L 5 Generative Generative Generative i
[t ey e et i E— F{NNHw B FiNNhWl HNthu Generative {F’}
H H " " n n ' 1 2 'y
e H e H R H S H R E el F
: hy :: h2 :: h3 :: h4 :: hﬁ : hE HERN- ’
: T i i i 55 : Latent (z) | | [Latent (z) L) Latent (z)
: " ! i " " : piZi) V| plEalE) : plZr|Zir-1)
. i it i " " : R [ ... - [ N
Hixd x4 ixd Hid Hird F 4 B . : i ! .
e e et fa e ] e | Inference + | Inference ] Inference
. " n N n n : . RNN ) RNN RNN
' ¥ i H ] H ' H Wy [kl sk
T T T T T T ' read read T read :  [nference (Q)
a person sking down mountain :

Y W Y2 Ya Y4 Ys Ya

P

Figure 2: AlignDRAW model for generating images by learning an alignment between the input captions and
generating canvas. The caption is encoded using the Bidirectional RNN (left). The generative RNN takes a
latent sequence z:.7 sampled from the prior along with the dynamic caption representation s;.7 to generate
the canvas matrix ¢, which is then used to generate the final image x (right). The inference RNN is used to

compute approximate posterior ¢) over the latent sequence.

ND
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RFICLHEE

— EWMEBMIZIEEDRIICEBREINDSDH

— EDQXIIEFZEBRAOERENZLITHION

EEORIFICELT

— Learning to Communicate with Deep Multi-Agent Reinforcement Learning
(2016)

- BHOI -V b RIRPTHATOMRAZRKNIET HHE, BIEDT
ORaLFZFIELEW0EWNFEWD, BT — o FESEE (RIAL) & 05 AT RE
I—I 2 MEZEE DAL ZRE, SEEDRIREVVSEKRTIIEmA LRI,
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Photo by Nobu Tamura From Wikimedia Commons
https://commons.wikimedia.org/wiki/File:Opabinia_BW
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