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Embedding of “stick” in “Let’s stick to” - Step #1 Embedding of “stick” in “Let’s stick to” - Step #2
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Generative Adversarial Networks (GANSs)
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D(G(z)) near 0,
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D(G(z)) near 1
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Differentiable
function D
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Input noise z
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(Goodfellow et al., 2014)
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min max V (D, G)
G D

V(D,G) = ]Ex~p(x) [lOgD(x)] +
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Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k, is a hyperparameter. We used k = 1, the least expensive option, in our
experiments.

for number of training iterations do
for £ steps do

e Sample minibatch of m noise samples {z(1), ..., 2(™)} from noise prior p,(2).
e Sample minibatch of m examples {z(V),..., (™)} from data generating distribution

Discriminator

Pdata (:l:) :
updates e Update the discriminator by ascending its stochastic gradient:

Vo, L 3 [log D (a) + 105 (1~ D (6 (=9)))]

1=

L end for |
e Sample minibatch of m noise samples {z'"/,..., 2"/} from noise prior p,(z).
Generator e Update the generator by descending its stochastic gradient:
updates 1™ ©
Vo, 2108 (1-D (G ()
05— Z log(1-D (G (=
i=1
end for

The gradient-based updates can use any standard gradient-based learning rule. We used momen-_ g
tum in our experiments.
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1. Non-Convergence (AUZ8%) ;

I Generator Loss
B Discriminator Loss
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2| SRR BA IR KB EMRFRIA R HIERT
73,5, ATLAIIZ-GANAEEL VAE R A TS ERY

Loss
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Deep Convolutional GAN (DCGAN)

Generator & . Discriminator
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GAN, oFTERZERAIE ProgressiveGAN,
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— v
& ™ - Comeolution, w={3,3)d=2n,n) | [ | momsken e :
|' ¥ — Carmvolulion, w={3,3) d={n, n} 3ZwA2En Convolution, w=(3,3) d=(3n, In) ]
h J Convolution, w ]
n 11 Comsolulion, w3,3) d={n,3)
D Culpat inags Fully conneclesd (B8 3n, h)
(a) Generator/Decoder (b} Encoder

[ ] O @ @ Al DISCOVERY © (4] 2

Energy-based GANs Boundary Equilibrium GANs



Mode CollapseRIfiZRA (1)

@ ~ oscovery O—e—0O—e
X BRI EIRIPHE TS
A7 BRAIEREIIBR T maxmin B2 mode BERBEEAIE, UnrolledGAN SREHEMARLES

loss KR, BNMS, UnrolledGAN 7EE#rEEkssBTE#T k IREREE, &% R Loss A2 HE—IREY
loss, 2¥5IeS/EmE k KIEHY loss,
TR, ARSEEE K RERAEFTECHSE, RitE loss BFE#HEMEs. XM AT EELERM
s = SR T B k IRFBIEENZIER, BREAR mode Z[EJ#ESEAVRTAERIFIRL,
J
0,——{_ 0 J—{_ 1 }—{ s ]—»ES—-C[b—% (s }—6

I G 7 I G |'l—z G I*—z

8 6, 8

o
I

Unrolled GAN ] O @ @AIDISCOVERY G o C
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Mode CollapseRIfiZREZE(2)

IR LSERILHTFE(T)

@ Generator |
« Multi agent diverse GAN (MAD- |
GAN) REZMEREE, —MHIB) :

82| (REERE A FRE SRR, @ ' L

Generator ~j Discriminator | *D}
- FBEEFEIE GAN, Z7JUNERES, , ‘ * i
HT£ loss igitBEHR, AIA—IE :
M, ENGE R = @ - i——— (Xeeat ]
PNERRTE RN AI—EE,

MAD GAN

® O ] O @ Al DISCOVERY




Mode CollapseRIfiZREZE(3)

® ® @  oscovery O—e—0—@
» MRGAN WFRINT —P7FIBIEERE . 4 Y —
AR ZAREY mode collapse [a]R z Generator G(E(X)) |

o HINEER x BII— Encoder 4713
HERTTE E(x) , RERTER
Generator &14, IJI|ZBFBE =1 oss G(2)

Dy #1 R (BEMIRE) FTESEMK

real-like AYREZR, T Dp NIXT E(x) E(X) ’—( Encoder L X
1 z R AIREAHH TS J

____ —__
EIAR"EERAFEAERZ fake samples, FrLAXA MRGAN

¥R B AT M RO A R B RS,

® O ] @ Al DISCOVERY ( o a

EN2& I mode collapse,



Wasserstein GAN (WGAN)

® @ ~ oscovery O—e—0O—e
WGANRIR =

« WGANHERABERGANYIZARRERAR, FAEEEIVOFEEREEFIFIBIER0Y)5REE

- HEAXBRR T collapse modefIafR, IR TEMEARRNSZHEYE

o JIHIRFETE—MERXIE., ERERXFIEERENIZIIHE, XN E#H/IMUEERGAN]
S, ARENSETENEGREENS

o UE—IIRHEAFERIRITHIMNBEENE, RiERNSEEERMEH A LURE]

BT —RFSEZNEIC O, BELUATILR

- FlplsssE—EEEsigmoid

«  SEpkEEFIFBIEERYlossAENlog

o BREFHRISRNSH BT ENEESH BT — EEFE 2 C

- FERETHENMHEE . e e e T




Wasserstein GAN (WGAN)f#RA9a)gR

) @ ~ oscovery O—e—0O0—@
}?QAGANE’]EI_I B . FIBISSHREF, EpiesthE gtk ™E, Vanishing gradient strikes back again...
. RIERIAGANE Y HoIRISEloss, ATLUEEIRHEIR) o
E’%EI/JH:/:_EE ﬁ,ﬁrﬂ_ﬁﬁ#UbJﬁ%Eﬁ—F TL)\TEE&AGAN V(D,G) = Eyp [10gGD (x[))] +|E; g2 [log(l — D(G(z)))]
ENXHIE Rk =R 0ssTFHEN TR N TIMUEL DS ER
D ZARYSEUE. VoGV (D, G) = Vo Esqz) [log (1= D(6(2))]
. BREIEHIRIE, THSEEAR, BEmRS L
flossthit SR FRIMCESSSRMER Sz el r@ =T = e - o@= )
|EUE|/JJSﬂQF_ - Gradient goes to 0 if D is confident,i.e. D(G(z)) — 0
lﬂr@@'ﬁtﬂfbﬁi/ﬂsﬁ‘&)ﬁt o | o
ﬂﬂ%ﬁ \EZJEij-LTRL KA']EIJJ Sﬂ&}_‘_ﬂg_d\ * Minimize|-E,4(;)[log D(G(2))]| for Generator instead (keep Discriminator as it is)

{MJGJS’*&T MEERElIAnr, SRLURELE.

. L,U:Z‘ Wﬁ Mo BEENEZERE, ERENRM NN hTEREEENE D, BB TCIES
FIER D eI Z2HS, EliIRNISEEElog2

- £ (J&M) =IMABIEE T, JIMEEREEMossEM THRAMCESL D HEEZERISEE, mH
TEIVFARREREBRNES, ATTICE( BRI SEIEEEF, %ﬁ%@éﬁg%ﬁ@%ﬁ’ﬂ% o
B (E) 80, #BEEEK, ) ) “




Wassersteinf523(1)

@ ~ oscovery O—e—O0—e

GAN: minimize Jensen-Shannon divergence between px and pg(z

PX T PGz Px + PG(2)
JS(px|lpa(z)) = KL(px| ( ))+KL(pG(Z)H > )
WGAN: minimize earth mover distance between px and pgz)
EM(pX»pG(Z)) — inf E(m,y)w’y[l‘x — y”]

velllpx.rc(z))
WassersteinfEZE X IUEarth-Mover (EM) (EE, B EeTLIBEAEYIXD "BRENRK"
™EXH DL PR "E" PR “iEFE , MW(P.PYMRE "SILEBEL]"
TR "&/INBRE" , FrbAZ IUEarth-Mover (3EX#H) IEE. ol oo




WassersteiniBz3(2)

WassersteinfEEELLKLEE. JSEERIMEIEET, BIER I DMmSBES,
WassersteinfEE{37ABEHE I E( JRYITI,

EEDMPIFOP2, P1E&ERAB LSS, P2ELERCD LSS ST,
BTS00 LSS 2 fhEvmia

‘ B (400 HOAOD e
" _ Jlog2 fO0#0 om
C D JS(Py||Py) = {0 670 ()
g- W(P,,P) = |60] (F8)
A B ¥ %2 52 https://zhuanlan.zhihu.com/p/2507191 ® sioscon



https://zhuanlan.zhihu.com/p/25071913
https://zhuanlan.zhihu.com/p/25071913
https://zhuanlan.zhihu.com/p/25071913

[FIRGAN VS. WGAN

o @ ~ oscover ® 8
WGAN&D%H%*MDCGAN 854, EEJZI)%LE’Jx&%'iDCGANET %

.rjﬂ-:hﬂﬂl |

Z£3=Batch Normalizationfi§iE, DCGANARE EEZIE.%IH'

QD%WGANWEQAGAN%M@EE BEeiEzMEMLP, AHCNN, WGANRESTE
@x%)?!l‘*GANT NJEE“"‘%E% mBx E:I:.'f)uTcoIIapse mode, EI] = N

Q

O
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What | cannot create,
| do not understand

- Richard Feynman

GANRIEIEX, RAC(gEZFIRGEHILIEST, ELt, GANSEEHESEEAIM
BENSSRUTRATNIEE, LB, &%, BH. 80 ERMENLE, @MEM%

AZARZK, ENEHSAMSRIRZ, EEREBRZIAFIZIAL]L.
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GAN{FIE|(2)
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(IIRK{HESR A - La Comtesse de Belamy)
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Blurry to sharp Thermal to color Synthetic to real

Image to painting

. Bad weather to good
weather

. Greyscale to color

Day to night Summer to winter °
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HHECT GAN EEHRGUHAINA, GAN XA, EFTEBHNNAZRMRS, TEREEMA:

1. GAN 7ELURIER(ERA BP 8%, XFXA, EEXMEEEGE, GAN iREEZEEIBIR
B, REERERE—LLFEIA,

2. NITFRAIEmMIERR, BEM—HIE, KIIMFEEFINX N FIIEEEE, I GAN BEE

HFIBIEERIRAHEIRY. BRIEBAIETXIE— step #BRE— M FlBlss, XEAASTHE.

A TR EARR, BUFIPRIRIEEHE NE (Policy gradient ) #5|AZ GAN FHIF5
éE}iJZl\E.I@o """"""" G Next MC D

True dataf ._._H_..‘.‘m action search . E_l-L\)\JEH:_FinEEEEE\

Real World m Train D ,iati Reward i%ll:'jéEEE\ *ﬂ;%%%ﬂ

Sequence GAN Generate; - Reward FEEERESER

G — >0 0e00. Reward - , °

00000 5 T I' - O—— @ wosscovery —C

_______________

Policy Gradient
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EAE. EGFRIER. XAFRIE?

GANRYIRIE, GANRYSGH. GANRILNZF

BUFIME, REEAFS. BUFINA

L. FEEFEN

o O—@ &) G Al DISCOVERY

@)
(2]

O



3RICF SRR

i

INEIRAFES]

IRICF IHIN

O




BUFIE—XKE L 2IOTEVISSHN R AE8ANE RRERE—REZE BIAE=
i, WNBIRPFS, ReEME FE2TIXEENNGZE, XHE— 1 TEBRNFEITRE
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=, A SRR, WITHRE, B9
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- BIERFHRICEHIESD, Ko XTRAYTA,

TRAEFIHTAZESD, FRERESHTH

- BUFIBEELUSENE, XMSRIEES

RENXEIZSBERY
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« Reinforcement learning (RL) is an area of machine learning concerned with how software agents ought

to take actions in an environment so as to maximize some notion of cumulative reward.

METATE), LABSEXURTEEF=Z. 2R

- SBUFEIREZS PRI, SEEIEE T

ReRIFTOIEFPRTAENIEE, RIEHUARIMEITEIMELE T HIRRIEGEESTRIRIECTS , & AR
XTRIBBIFER, FERERERAF mAIIRIEITA.

&

Reinforcement
Learning

Apress:

Reinforcement
Learning

An Introduction
nd t

Richard S. Sutton and Andrew G. Barto

¢ s
:'*1' « 15.
k| L.H:L W

N ool

WIKIPEDIA

The Free Encyclopedia
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https://en.wikipedia.org/wiki/Machine_learning
https://en.wikipedia.org/wiki/Software_agent
https://en.wikipedia.org/wiki/Action_selection
https://zh.wikipedia.org/wiki/%E6%9C%BA%E5%99%A8%E5%AD%A6%E4%B9%A0
https://zh.wikipedia.org/wiki/%E7%8E%AF%E5%A2%83
https://zh.wikipedia.org/wiki/%E8%A1%8C%E4%B8%BA%E4%B8%BB%E4%B9%89

B'EﬂSaL_J VS. BEEFd, TEEFS
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. HEYS
- EFENATEIE. 52K, HFFE-R
« RENAERERSEFES

. FlESS
- ETENRTERESR B4 BEMTFAR
« AEENIEUE

.+ B
+ EERFERREIT —
- FIIREALSHNERE

internal state “reward

.

environment

+ EILIRURHER. RHEHRILE B e



One-short Decision VS. Sequential Decisions
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state — \;J — action
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“How are you”
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BCFINEFEE()
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- TRHEg (Policy)
o MWIKESRBIENER— PN IRSTREL, RE T AgentfJiT/

- 3Zf) (Reward Signal)
- B—HINEBAgentlR IS

- {EiF%% (Value Function)
«  Agent3IHEPAE FARKFTEEB RIS B hIRY IS

. {58 (Model, optional)
+ Agent3JFINERYEIR, Ak




B FINBEBPERE(2)

LS . O G IIIIIIIIIII

FE 7 AgentItEEy
. Sy -3
ﬁ,{ 9}&?‘5 La( o
. A S i i _
Action a,_; Reward 1y >tate 5 observation /j AL T e A action
Observation 0, = /1170 7 Ty () e
} 0 \ T At
t

*—

- RSS! WIREREIR, AL EERYEGESY
- FA: JJEREMTIRER, AgentBImNiES:

-

. EHER: RS Btx:

- HEIEP: —ROUMIRTS IS
: RAWKERTAEER (R

Q
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- TIEREE:
1. 5IRERE, FEHIER (= trial and error)
] )
So —> (11,81) — (12,85) — -+
2. FHReARAFEHITESY EREMNZEFEHR) , MHBEBITA (FI—1TEHMHIMNIRSEIE]
{ERIRRS) , HAEERAZRIEFEHREK

AR <\ 5 #
A f 2 7
S

Ez;i% : ® o O— @ nos O—e

REHEBIRERP (Ser1|S a)
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IRIRRY
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environment state S‘,’

WATES IR

< RIS RIRE
MIWERR, X
AgentA~a] I

- RE&SERILAZEE
[ —IRME R
FEE TR
E1E ][N | B

« Se2alIi
° Ot — Sta = Ste
- AIRBIRASREIFRRARKIIRE (MDP)

* BR53 Bl
+ AgentIEBAPIASR AR TFINERIRTS
=, BOSH + S¢

.« SARAgentB{TEN

- BT REHIEIESS




&% Policy

@ ~ oscovery O—e—O0—e

- EHEEARRYRES (policy) BUREREMIAIRIERRINGSSRRE N—21I50Fa, 18
CEIYSsws BNTETEE R
FREMERE: WASZEREMESERIBRETRELT: S—A
BEVUMERES . FrBEEREINSE, SReRaEE N FIEIRS

r(als) 2 p(a|s), 2 T(als)=1

ac .4
« BREBRT, BmUEI—REREIIERISREE, EAMTIERIEEGRZMR:
EFI AT LUEIT 5 | N\—EBE U B IF RIS
RIS RESE IR IE




21 Reward

@ ~ oscovery O—e—0O—e

- RRESRERT(als), BREMMIIME—/RIZ BIIAERIRRIRIRFRRFIFR /R R
T=1 T=1

(JI(T:] —_ Z 'rr_|_l —_ Z T‘{Hr.ﬂ-r. 3]&4_1;]

t=0 t=0

BIRINEFE— N ZMTHRNEZILIRE (terminal state) , HENALIERSE, —
BRETIIMNRRIZELIEMESR 1
X—RRXERIIIEFRA— RIS (episode) Biirlia (trial

- IRREFRBRIERT ((LZBFIRIEA) | BIT = o, FRAFEERUFIES,
HE AR AR K. N TERIXNERA, BILAS I A— MR E R R RIIRAVINE,

- FIERENS  c)= Y o

- Hepy € [0, 1130, érl_\; ErTO0RS, SR BEAERENER, mIay\WET1H, K . o .
HARIIRIEEEE,
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EE%{ Value-Function - SREEAITFE(E(T)

y 737#16—/\%&1&11 RYERZE (AN, BAVENXPMERE: ASERSFIAS-IFEERE
- NTEHEE

t=>0

T-1
._/P%H]%HEI\J/HH%@TEEL\J\Q%E% ET"'P [( (T ] — [E‘.*smp(-*sufl [Efmp(fj { Z ﬁ."r?‘r—l—l Tsyg — 5}]

— [E.*i-"‘-uj’llz.‘iu:l

v (s

o VT(S)FRIINSIERREN (state value function) , F"RMIKE

HRZR 2 Bl
- RIESREEXREVR(S) TR, fd—FRINTERRER:

4 ( }_ E:zmﬂ[:ﬂs}E?’mp[?’Hu} I: "" (, "';'I}

SR, PUTRERTEZIRY

ﬁr_. | 74 m {.‘5 / }]

- EEFRIRERTE, FrIFPRSHHERERILABY M MASHERETE
-« FRLA, ZRRESRERT, IASEERMIERpFIREIr, ATLUBTIA AR EV(S)



EE%{ Value-Function - SREEAUTFE(E(2)

||||||||||| O @ O S

y 7]714313—/\%%1 RYERZE[ENH, BENXFMERE: IRSERSAIAS-SFEE
- RET-TMEEEE

IREIEFRISB M HIZE RIS s Fi TaFa, SAEHRITREET SRIRYHAEER

B3R, FRIGIRS-EHEEEREL (state-action value function)
{Jﬂ(t’ ”"j - [E.‘:i'r""‘*-'j'.}(.‘ir|.‘i.ﬂ:| "J"(S. a, Sr') T VT ("'fj]

o WRE&-HEEREBEEFRAIQRREL (Q-function)

o IAEREVN(s)EQRAEIQN(S, a) X T o FalYHAE

V™(s) = Eqmr(als) @7 (s, a))
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Eﬁmﬁﬁifﬁ LRl

HETH 8RR E> (Model-based)
TSRERSEAZFS) (Model-free)

3 SRS BB A 22 2 5 % -

ETFMENEKEEFS (Value-based)
- EFiERAEMSES (Policy-based) (Policy Gradients)

SaMEFIT=ABIACE

¥ BB BT BRI L

(Q learning, Sarsa)

1Z(Actor Critic)

[E58E# (Monte-carlo learning, basic policy gradients)
BEEFH (Q-learning, Sarsa, Advanced policy gradients)

BREREZS:

EZ&%> (On-Policy)
BZ>) (Off-Policy)

(Sarsa)
(Q learning,

Deep-Q-Network)

O
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« BRAD=
- BT ERHEISE
(3afk2%3] ) - BETFRBEREEGA
T BT AT AT AL S S BT

(e %) (e it RE=~T
N N HYBEELERK, MHWSIEE—ES M, METR
(i k) (asbin) a3 Ghsmb) EEEREEYSATERES E T EINE L,
N | EEERNEREESEESELRK, LT
wrene] [N ROWKEE, SEUTERA, HEBKEIEH
EfIURE.
»  Actor-CriticEiRBIIGTRMITE, BUSHME,
BE B HIBELE.

| REINFORCE )

SARSA |
Q53

F.
actor-critic WL | |
LY -

b
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BHERRES VS. F#EEEES

@ ~ oscovery O—e—O0—e

- BHRRBRUFIRZEEXRTTNSHIZN FER BB B RAVER, ATLUERZFRISRIC

RIXEHER, BERSLIRAET, SEESIRSHNERISNEIFEZ, £®82E5S
RIS ERIEERRY.

- EIETREAES, REEAFIEENBERETREHE TRIRNEIS S

state (BURTEHENNESES) , HEERENNEDBLREaction,

- FRRFEIREN BB NR, AREZIRHFERRBIERMNERDIR, R

(EFRRIRERFUEEE AR EREREL.

a;

a;
b1! b2 ! i b3

y1 y2 y3




REFI VS, BEES
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- REFINEARBRELIZENINBEIIHELEER, HEREFE, EaHRN. Z2TK

PHBEERR, WRMERENIS IR, Bt REFIFAMNETFHEIREIFIRIE,

- BUFINEATBREIFANWEREAR (agent) MNMEFRGIFRTREE, LAFIEI=RE

trHYERUREE. ELGee I G AR IMIEFFE IR RES.

- BBEARHSAT KIERRE, TEORBSERNLHREST, FENA REFIRBIFIK

RN ZURAVSRIFRAL, FALRAEAIERITEREEIRRES), URERBRATRES.

[State & Reward}
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data




Q-learning&&21989F Watkins
RS, 20155 natureitSATIE
HAIDQNHEEQ-learningAYESRH,
EEERIA,

Q-learning 73 A% B R RIS FORTE]

=5,

- SRRE, RISIToREE (P&
TERUSRRR) FIEFEHIVRIEAZ
—NRHEK.

- WEEDTE, RiEFIRNEE
2 BiRREFTHE T HEREL.

s meﬂ Deep Q-learning Network

Deep Learning Is Making Break-through!

- &0

Historic Achievement: Microsoft
researchers reach human parity in
conversational speech
recognition

2016010 ), fAk6945-5100) 4 4o ie

B s EHAE L K #] T5.9%6) %

EATEE, AARIFBARMLY
Pk Y Y

_ B ok opE A E il
A T4 AR AL PR E AR -.ic A
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B T A KgAK

|
IMAGE
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Microsoft  Human
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22222

M EREMIFHRIK, IR
E)ERIRIA A ZEKF

5 camel AIRBHZIFIE

AR HE: 14 8§, RRTMHARIR
S5EESMARNMTARER, HALHH
BHFTAFETEANTERE NS &
newstest2017 BYP-RMIAE L, EETHEHS
ATEFRENKT; X2E NMEMEIREN
BIEREBHERELFTLILRB A TE#IFMNEIE
R,
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«  FT¥JAtari GamesH VB NMEZ=end-to-end=x=S]
o BINASHEREAIMITE5REZAER

- HIHEFTEERFER

o [EHREXINZHATRIIFE D EET L

32 4x4 filters 256 hidden units Fully-connected linear
output layer

|6 8x8B filters
4x84x84 Iﬁ_’
=y
Stack of 4 previous ) Fully-connected layer
frames Convolutional Iayer'_ Convolutional layer of rectified linear units
of rectified linear units of rectified linear units
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- B8R %&EE?‘%*SL—E EI’J/?FF_ Qlﬂé%q— 58

(s, a;68) = Q"(s,a)
- iKBir:
L(O) =E [(r +ymaxQ(s’,a’; 0) — Q(s, a; 9))2]

« Q-Learning #BE:

aL—(m =E [(r + 'yn}f}XQ(s', a';60) —Q(s,a; 9))

00

00(s,a;0)
06

«  FIFASGD{fAL
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B2, E%ﬂﬁ)%?%—/ﬁw%ﬂ%?iﬁ{ - ]:( gz | "““':[ e g:.qm]
5 QUE, MEIERNEHSE 0 STrE J wnss —
1, BET N B, HAATEREEN [ o [ ,-
S B ERR, TR LA Q (A
7 Q EZ A SRR B S S H, (s.0.75) =

[a] 7 1 7 g

- BREEMREIG)NJERIXERN, R
UEy Q (EfEEEELTSEASEERN, 18

= rREEREM.



DQNEI’Jif.%zE [ [a) R

o FPEAIDQNIRYEAY,, IRBHELEIK Q-value
* QXJI':I/_\EJ%§IJEIJ T
- THEZEBEER
Network

. REMTH

RIS 2N

- R E7

. HUIRIUS A N— MBI Y FI B — AR State Action
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+ FIEUERER, [EIFEEEIRFEDHIRIR
- MErEHILEREFFS
- BZAJIQ-Learning

LO)=E, ., . p [(r + }/H}IE,IXQ (s',a"0) —Q(s, a; 9))2]
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