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'. REIRILFS]: AlI=DL+RL

B B{FS (RL) 22— MHTREHIE (decision-making) HIERIEZR:
O RLE%—}U—/\*”%‘EVK (agent) FSRIFIT—LEZE (action)
B 5" action#SENNEBERRIRIINES
B AH—rEXE (reward) KEEMINSE
B Hix: 1&FE—FSactionsSE AR IAZ[R]

B REZS (RL) 2—MNMEITERIFS (representation-making) BIER
EZR:
O QA —/\Eﬁ\bl £

B FERLUAEIB R
O EE%ME@])\EF'?SJ
B EER/DAITTHAIR



U REEM%S: AI=DL+RL

B IS Kk— N Eeereets i BRI ARES:
B RLEN B
B DUERRHEGENS (FIERRES)
B ERAATERE=RL+DL
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* NIPS 2013, DeepMind, Playing Atari with Deep Reinforcement Learning,
https://arxiv.org/abs/1312.5602

* Nature cover paper 2015, DeepMind, Human-level control through deep
reinforcement learning, www.nature.com/articles/nature 14236

* Nature cover paper 2016, DeepMind, Mastering the game of Go with deep
neural networks and tree search, www.nature.com/articles/naturel 696 |

DeepMind
= . L L C ‘ Human-level
o] o control through
o] Bi/m i\ i deep reinforcement
P-oesi:o: (e learning 9 9
of ] B\ 7/
. ' letter
[ af §
- Deep Q-

Learning

At last — a computer program that
can beat a champion Go player Pace 484

ALL SYSTEMS GO
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Al research in the real-time strategy game StarCraft || & DOTA 2
) oo ollowing

The wait is over. Introducing SC2LE - an RL O o
environment based on StarCraft || from
DeepMind and @Blizzard_Ent

Our Dota 2 Al is undefeated against the
world's best solo players:

Dota 2

We've created a bot which beats the world's top professionals at
1v1 matches of Dota 2 under standard tournament rules. The bot
leamed the game from scratch by self-play, and does not use ...

2349rcwees 5470k AR Q@ HO®-<-OO

137 T1 23k @ 51K

986 etvicers 14661kes (D D GP QL POE S P

Q 25 11 986 ¥ 15k ™~

Image courtesy: (L) 502
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B ETRIRRYTGE (Policy-
based) :
B RBIEREL
B 3R
m ET{ERYEE (Value-based) Value Fungtion  Policy
B FIPEE (T reward)
I Egg;%%mgﬁ% _- Value-Based Policy-Based |
m Actor-Critic: | /
B ZFS){EHREL
B F3RHS
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Sorta Insightful Reviews Projects Archive Research About [

In a world where everyone has opinions, one man...also has opinions

Deep Reinforcement Learning Doesn't
Work Yet

Feb 14, 2018

June 24, 2018 note: If you want to cite an example from the post, please cite the paper which that
example came from. If you want to cite the post as a whole, you can use the following BibTeX:

@misc{rlblogpost,
title={Deep Reinforcement Learning Doesn’ t Work Yet},
author={Irpan, Alex},
howpublished={\url {https : / fwww. alexirpan. com/2018/02/14/r1-hard html }},
year={2018}

This mostly cites papers from Berkeley, Google Brain, DeepMind. and OpenAl from the past few years,
because that work is most visible to me. I'm almost certainly missing stuff from older literature and other
institutions, and for that | apologize - I'm just one guy, after all.

https://www.alexirpan.com/2018/02/14/rl-hard.html



https://www.alexirpan.com/2018/02/14/rl-hard.html

U FERAESIWMER: B

B EHIEAR BEERIERTR.
B RESRIRZSIHEA TR,
B DRLAGTIAIRERE AT —NFAISREIREL (

reward function) , PAMIXAPRFIFEIEER
MEIRLT

B SEPRU/ARZEMFIE] (exploration vs. exploitation) Y

SN,
_IPUEZ N NIUE
B RREME,




" FRESREFIMWIR? No! Keep Working!
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B AJ9IN—LE
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http://www.zhuanzhi.ai/
FEEFERMAEFES2018: https://www.bilibili.com/video/av24724071/

https://github.com/jgvictores/awesome-deep-reinforcement-learning

https://github.com/tigerneil/awesome-deep-rl

https://github.com/aikorea/awesome-rl

https://github.com/wwxFromTju/awesome-reinforcement-learning-zh

https://deepmind.com/blog/deep-reinforcement-learning/

Deep Reinforcement Learning: An Overview
(https://arxiv.org/abs/1701.07274 )
https://zhuanlan.zhihu.com/p/25239682

https://simoninithomas.github.io/Deep_reinforcement _learning_Course/

https://icml.cc/2016/tutorials/deep rl_tutorial.pdf

http://rail.eecs.berkeley.edu/deepricourse/



http://www.zhuanzhi.ai/
https://github.com/jgvictores/awesome-deep-reinforcement-learning
https://github.com/jgvictores/awesome-deep-reinforcement-learning
https://github.com/tigerneil/awesome-deep-rl
https://github.com/aikorea/awesome-rl
https://github.com/wwxFromTju/awesome-reinforcement-learning-zh
https://deepmind.com/blog/deep-reinforcement-learning/
https://arxiv.org/abs/1701.07274
https://zhuanlan.zhihu.com/p/25239682
https://simoninithomas.github.io/Deep_reinforcement_learning_Course/
https://icml.cc/2016/tutorials/deep_rl_tutorial.pdf
http://rail.eecs.berkeley.edu/deeprlcourse/
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Human Brain

* Human cortex can universally perceive different senses

Auditory cortex Visually responsive auditory cortex

Normal Rewired

Visual cortex WVisual cortex

LGN LGN

i Inferior colliculi

GN MGN



n Intelligent Machines

* A universal learning pipeline

data > G o ; > prediction

< Loss(prediction, label)
back-propagation



n Intelligent Machines

 Particular basic model for different task/data

convolution

Iearmng
R D..,o processung

oL processed
B?&"Eﬁﬁ'ﬁmmNLP § Siagg

mguusblcs - EY- %g
i anguagem'*fmmberaclilonE 3

cloud @ m,ms stabistical

S

LSTM, GRU,
convolution, self-
attention,

graph networks



Universal Basic Models for
Intelligent Machines?
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Relation Networks: Towards Universal Basic Models

similar things: graph neural networks, self-attention, ...

graph neural networks

out feat for

weighted sum J
“player” (_[
piay 7 N

similarity set feat set

AN

L query embed ] [ key embed “ value embed ]

f t1

Nplayerﬂ

(self)-attention



.. Attention is All You Need

Scaled Dot-Product Attention

i

 (query, key, vale) =7z

SoftMax , o
A e AR IR B
Mask (opt.)
Scalo - keyFqueryi@id Ik
: i ] BINE, REIBNEM
MatMul -
1 - ut valueftFa3ciE 25 H
Q K V

Attention Is All You Need. NIPS 2017



.. Non-local Neural Networks

Non-local Module zf TxHxWx 1024

IxIx]

I'sHxWx512

softmax

THWxTHW

THWx3]2 S 2x THW THWx3512

IxHxWx3512| IxHxWx312 I'xHxWx512

0: 1x1xl ¢: I1x1x] g IxlIxl

1 1 T

U TxHxWx 1024

[1] Xiaolong Wang, Ross Girshick, Abhinav Gupta, Kaiming He .
Non-local Neural Networks. CVPR 2018
[2] https://zhuanlan.zhihu.com/p/33345791



Z TxHxWx1024
}<?> I

softmax

1x1x1

xHxWx512

THWxTHW |

&

THWx512

THWx512 512xTHW THWx512
TxHxWx512| TxHxWx512 TxHxWx512
0: 1x1x1 ¢: 1x1x1 g: Ix1x1
I TxHxWx1024

HiXE]: mFERISIE, )

hlIERS

Key, Query, Value 79I NIZ:
TR

iTE Key #1 Query (G848
M softmaxiftfFI3—,

55 Value 152N EERE

FER#: SPREETEE
U, IFEREF

Non-local Neural Network, CVPR 2078



.. Dual Attention Networks for Scene Segmentation
CVPR 2018

Posmon Attention Module
(HXW)x(HxW)

reshape l

CxHxW

CxHXW

reshape

reshape
| reshape P -
‘ convolution layer 5
‘ | CxHxW
ﬁ Spatial attention matrix CxHxW
h | i i
E Channel attention matrix Channel Attention Module
Spatial matrix operation Channel matrix operation &) Matrix multiplication D Element-wise Sum

Figure 2: An overview of the Dual Attention Network. (Best viewed in color)

- RERZFERB IR

: ; Instifﬁté of Automation, Chinese Academy of Sciences
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Object Context Network for Scene Parsing, 2018

MDANet [F]E Hlnon-local >kAliE 33|, BMETE—F. HXANTAER
FIFH T spatialf5 2., FFHEIN T 2 R EAH

X fkey (X)
7
y

ﬁ Reshape

] \@ y Key CNN \ o

i j 7 N Query CNN ﬁ . \ C

v faery %) ﬂ]“esha"e m
X $(X) j

@ Tensor Addition m N vy BB Reshape ﬂ]

® Tensor Product

=" Microsoft | fERIEMERFTRE
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CCNet: Criss-Cross Attention for Semantic Segmentation
2018

H+W-1 H+W-1

i i

(b) Criss-Cross Attention block



1x1 Conv
o

Affinity

. |

CCNet REZITEENMEER
FTERITEYFRGEERZERN

1x1 Conv
= |

L s

1x1 Conv

RE

EF]UGEREM: LHERME
RiE=20?

I BTXTER, BT
BENE=as THAETIIGSE
BIEE, BSTFHER T 2R

context

H+W-1 H+W-1

(b) Criss-Cross Attention block




.. CARAFE: Content-Aware ReAssembly of FEatures, 2019

MMLab A9 CARAFE, RS THE EREE., HitEAX L ERTFONGE
PASAENIN Y, BNk ET, BFIMNAIINERFSIIHRA, &
IEXHEFES R, pixelshuffle_ESRAEEFNIEEIT—EZ.

Kernel

Prediction Module (o @ Example Location

; Plasas ol Q @ Reassemble Operation
o \ Content = Kernel
| Encoder R 2 i
| Ku? Normalizer
| Ja
- ‘/‘-' w o‘L
_ c“\ V:'\\'

W ] oW 3
Channel
| Compressor l
Content-aware _
Reassembly Module D\ \\E
_ < S :7 .-... Lj
=S k, BOOCE
[ [oimisl
H X 18 ]
= K,
oy = -/(; = o N \
ENEE EEAEE

\ HEES (IS
\ HEEEN @ BOOON = =
N1 EECEN -

A EN 'En
N(xu. kup) Wy



.. Expectation Maximization Attention Networks for
Semantic Segmentation , ICCV 2019 Oral

EMNetiFF= 7 E2E RIS NERRE, RmEdHE&EXML (EM)
BREAEH—ERENE, EXEE LETES O, ANMAKREE TS
*E. Hf, ELEMEENE, M ZEHMXERE. E. M BT,
Z A FREERHIEEL., ZIKS'ZTE',JL_—M%JHA)\IHZ%EP s T E H ZSCIRY
EMA Unit, £ MENXZEIEESE LEUS TREHEE

Bases u )
1 x 1 Conv |
- / E Predictor

Attention maps Z

Output
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Jie Hul, LiShen?, Gang Sun?

IMomenta 2 University of Oxford

CVPR 2017 MDAMEN‘TA
OXFORD
tH7SAYSENetEV BB E

Momenta 2—ZxX Bl E /. F]




%Uﬂl:i

SENet, F&E(], BE LHNEEIFFE

Fo, (W)
X U F,, () ~ D
/ 1x1%C 1x1%C \
' F

| w

Fig. 1. A Squeeze-and-Excitation block.
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CBAM: Convolutional Block Attention Module,
ECCV 2018

4 X
i) Channel Attention Module

—> 7
‘ |< e I @0-=
E ChannelMI::ttentch

Shared MLP
k Input feature F

[ Spatial Attention Module \

conv
layer

Channel-refined [MaxPool, AvgPool] Spatlal Attention
\ feature F’ )
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GCNet: Non-local Networks Meet Squeeze-

Excitation Networks and Beyond

Context Modeling

i conv (1x1) E W
|| LayerNorm, ReLU |
| Cirx1x1y |

<~ conv (1x1) i Wo

_________________

Transform




Cross-modal BRYiESE &




L

BXbli—T, 42 VQA?

[What's|in|the |background|?]

Joint embedding

—=» CNN —

—3» [ RNN —V

)

(

P 4
A

Classif.

RNN

mountains | LOP answers in a

sky predefined set

clouds

Variable-length sentence generation

| A] snow|covered|mountain|range|
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Image Captioning

a group of zebras standing in a field [Vinyals, CVPR15]

a group of zebras grazing on grass [You, CVPR16]

a group of zebras grazing in a field [Yao, ICCV17]

a group of zebras and a rainbow in the sky [Peter, CVPR18]
a group of zebras grazing in a field with a rainbow in the
sky [Yao, ECCV18]

25—k, ARG ILIE S iR
F IR 22 2B 7V 3 B8 N 154E
H 45

18Uk RV Eregion Z A% KR,
] LA R N =E E 6




Image Captioning

FEEEREM2018F IR, AIJFFIaXIE attention, 1ZHEEIGR. XABERIXER

¢ Template-based

+ [Yang, EMNLP11]

* [Kulkarni, TPAMI13]
Dataset

+ [Flickr8k, JAIR13]

* [Flickr20k, ACL14]
* [MSCOCO, ECCV14]

Before ) 2015 ) 2076 ) 2017 ) 2018

" CNN + RNN

* [Xu, ICML15]

* [Vinyals, CVPR15]
* [Karpathy, CVPR15]
* [Donahue, CVPR15]

Spatial Attention

¢ Attributes

* [Wu, CVPRI16]
Semantic Attention
* [You, CVPR16]
Novel Object

* [Hendricks, CVPR16]
Dense Captioning

* [Johnson, CVPR16]

®

Region

* [Fu, TPAMIT7]
Attributes

* [Yao, ICCV17]
Adaptive Attention
* [Lu, CVPR17]
Policy Gradient

* [Rennie, CVPR17]
* [Liu, ICCV17)
Novel Object

* [Yao, CVPR17]

* [Peter, EMNLP17]

" Relation

* [Yao, ECCV18]
Region

* [Peter, CVPR18]
Attention Fusion
* [Jiang, ECCV18]
Convolution

* [Aneja, CVPR18]
Novel Object

* [Lu, CVPR18]

» Attention on Attention

* [Huang, ICCV19]

Hierarchy Parsing
* [Yao, ICCV19]

Language Navigation _ x_| inear attention
* [Wang, CVPR19] « [Ours, CVPR20]
Scene Graphs Vision-language

+ [Yang, CVPR19] pre-training

Novel Object + [Zhou, AAAI20]
« [Li, CVPR19] + [Su, ICLR20]



1 " F Vl\\.r—‘f\-\ =
Image Captioning leaps - pend
Policy Gradient \ \
Optimization .11 softmax ,“ softmax
[Rennie, CVPR17; Liu, ICCV17] 1 1
‘ L N
]
1
1
e mmm—————— : [Vinyals, CVPR15; Karpathy, 1
! CNN Rep. : CVPR15; Donohue, CVPR15; I
i : Mao, ICLR15] _r..' LSTM ces LSTM
.| Attributes | | (Wu, CVPR16; Yao, ICCV17] ! f 1
i i )
[ ; : : | ! : | [Xu, ICML15; You, CVPR16;
i Learning visual representation by CNN | E i E_U?CVPW —l-b LSTM cese LSTM
: : : : | - -
I ! i ! —I-"'...‘- _-::—l— -—---—_
; R B T B
| G Of | ”JI Y | [Fu, TPAMI17; Peter '
= 'CVPR1S] \ voe
: i 1 1 \ \
I 1 1 1
————————————————————————— - | [Yao, ECCV18] \ \
I | #start L N W dog W frisbee
E E[Yao, IcCV19] [,0,0...0] [0,1,0, ..., 0] [0,0,1, ..., 0] [0,0,0,...1]
e e e e e o o o o 1
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| Key = Value : B[{& 1) X I 1A (*ﬁ

SoTtMax. 7= ffaster rennf2 U LA XI5, SR A&
' Linear | XA ERIE )
—f

Tanh

H

| Bottom-Up and Top-Down Attention for
Linear Image Captioning and Visual Question
T T Answering,

Q KV CVPR2018 20184E/EVQA B ELIFE

[
[ Linear ]
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B co-attention, 2019 VQAESERBE

3 LONG BEACH
CALIFORNIA

MCAN: Deep Modular Co-Attention Networks

for Visual Question Answering

Team MIL@HDU with members
Zhou Yu, Jun Yu, Yuhao Culi, Jing Li

Media Intelligence Lab (MIL),
Hangzhou Dianzi University, P.R. China
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XRIEXEE(E

BT Transformer BB, it 7/

attention &R
— Self-Attention (SA),

Z
1l

Add & LayerNorm
Feed Forward

Add & LayerNorm

Multi-head
Attentlon

(a) Self-Attention (SA) (b) Guided-Attention (GA)

T

Add & LayerNorm
Feed Forward
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Multi-head
Attention

7
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11 Do
Y X

5
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EI]]]
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§ZZI:
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ACL 2018 )— 1N T.A4F, HHaa5I AN T transformer

v
_t ] .
Linear Multi-head Attention
Concat
Sharma, ACL 2018
\MatMuI |
(Softiviax]

MatMul

[ﬂ Lin;ar l[ Linlear [ Linear ]‘

T T T

Q K V
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Image Captioning

ACL 2018f9—ATHE
(8| \T transformer)

T

Feed
Forward

a

dog

leaps

[ Softtmax ] (Softtmax ) ( Softtmax ]

( Linear ) ( Linear ) ( Linear )
Q 3 B

|
Linear

-

.

(Add & Norm}*y (Add & Norm)*y (Add & Norm J~
Feed | Feed ) Feed )
Forward J Forward J Forward )
— =) )
[Add & Norm)‘w (Add & Norm)’\ (Add & Norm)ﬂ
Multi-Head ) j-Head | Multi-Head )
i tion J i
—,_4
orm |°~
Multi-Head Multi-Head Multi-Head
Attention Attention Attention
;J =, T ) T =5

Feed
Forward

Multi-H.ead

Multi-Head
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e
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( embed ) ( Embed ) [ Embed )

#<tart
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]

dog
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.. ICCV 2019 Attention on Attention for Image Captioning

ACL 2018

B —1 GLU £

. (Gated Linear
Units, Eg?%\eig
LB o A FE

5 ZE)

VA ErEin
attention _- X 1]

7 — attention

[ﬂ Linlear ],[ Lin;ar lﬂ[ Linear ]J [ Linlear [ Lin;ar lﬂ[ Linear J

T T T = T T

Q K V Q K V
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HEhk1 . tnEEURAINGES aesd
B WEAREMIEEY S =

Real

Discriminator

Generator [——{ Sample

Latent random variable
O

Dual Learning

Of e, Yingce X3, Tao Qin, Liwei Wang, Nenghal Ye, Tie-van Ly, 3nd Wei-Ying M3,
Real iegmeg for Maching Tranglation, NIPS 2016

PrimalTask f: x = y
/ \ Agent

Unlabeleddata x

Feedback signals during the loop: Predicted label
* R(x, f,g) = s(x,x"):reconstruction error. y = f(x)
* L(y) and L(x): Likelihoods.

- \:\\ /
T — Dual Task g:y —= x

Algorithms like policy gradient can be used to improve both primal

and dual models according to feedback signals

Fake

5507




Y FEFIMKE: BB

Hhik2: KiRBEAGEETDSE LIER
BUG2: PREREIK

Original Compressed Compression Original Compressed

Network Size Size Ratio Accuracy  Accuracy

98.36% — 98.42%

KNGkl 1070KB — 27KB

LeNet-5 1720KB — 44KB 39x 99.20% —> 99.26%
AlexNet 240MB — 6.9MB 35x 80.27% — 80.30%
VGGNet 550MB — 11.3MB 49x 88.68% —* 89.09%
eLLLIEN e 28VMB — 2.8MB 10x 88.90% — 88.92%

SLUEEY N Ed 48MB — 0.47MB 10x 80.32% — 80.35%



N FERSMRR: 6%

HEE3: KitEBBRSONE, MENE
a3 SHMOBHGIT, Hikgit. Rgugit

5 SEEBMIIWFE (20170 a1

EE el | PR SeE
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U FEESMkk: 8%

k4 AMTERA—HEMDEF 'ﬁﬁ?&ah_.l?
254 iE+iiR, FEFISHRESE. ZiEiEE.
FSFEIEES

Stewart, Russell, and Stefano
Ermon. "Label-free supervision
of neural networks with physics
and domain knowledge."
AAAI2017.

TUHEBERE - FIBEYIEHLR (YL ) IR
(AAAI 20173—1115 X)
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% RRE WL

R A2 o 4% N

BRE ML
£
kv)\ d 2012
g / CNN 2020
T ( —{ ) ’ = Winter?
! N ///v / Ay
‘:: i1 1986 2006
T VA BP DBN
/' . \\/_;K
1982 F<itS 1995
Hopfield
1958
Perceptron 1969

IR “Al Winter”

1940 1950 1960 1970 1980 1990 2000 2010 2020
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