Reinforcement Learning: Basics
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o IMBIRTS (state) BIRSEEFS v/

o A[{HHITHIENME (action)

o RIS Im (reward). RUKES (return)
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MDP

A Markov decision process is a 5-tuple (S, A, P.(-,-), R.(-,-),7), where

ARS8 o S is a finite set of states,

1=423)g) o Ais a finite set of actions (alternatively, A, is the finite set of actions
available from state s),

5E785E1E o P,(s,s’) = Pr(syy1 = 8’ | 8¢ = s,a; = a) is the probability that
action a in state s at time ¢ will lead to state s’ at time ¢ + 1,

K% o Ry(s,s')isthe immediate reward (or expected immediate reward)
received after transmonlng from state s to state s’, due to action a

FMETF e v € [0,1] is the discount factor, which represents the difference in

importance between future rewards and present rewards.

https://en.wikipedia.org/wiki/Markov_decision_process



Return

o HG: R t R RRIAAE H#RIENEE (return)
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o INZZEN: total discounted reward

o N+ E discount?



POMDP and Belief States

TEBRIESRE: Partially Observable

Observation and observation function

Belief state: 5.2 BB belief. action. observation 5%

A belief state AIRIRIRZE, 50 MDP



511

observation PN , || “= )  action

R '- * v
Ay A \ -
| - ;
0 "! { =7y : - - " § = A
y . N e _— 4 -
¢ fa A K . t




Agent

=TEE:
e Policy
e Value function

e Model



Policy TVt it 2R agent @0l A~

Policy

ik
AX

m(als) = Pr(a; = alsy = s)

e EX T agent BI1TH
e 7£ MDP R, R H AT E)FXK
o ATEAREKE, MDP REMIKSAVEAEE return BRI T

r—1

A



Value function

(A7 policy 1, JRSHEYINME state-value function B X HULERHAEE

vr(s) = Ex|Gelst = s

K, SHEEIM{E action-value function EX ¢

qﬁ(s,a) — {l*';r[Gt‘St = S,y = a]
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Model
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: Q Learning
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(Deep) Q-Learning &%

o IMIGMTREIN % E Bellman 51z:

q¢*(s,a) =Ey |r+ymaxqg®(s’,a’)|s,a
a’' €A

o SEDIER target, EISEIRKRE, FTREHAARE TRE:

Li(0;)=L {fr + Y max Q(s',a’;0;) — Q(s,a;@i)}



Experience Replay

S X fome A . /
SEBAEMEAN—MTTA: (s,a,s,7)

RN M . BRG] correlation EE0)||GATEE

MEEBRIZI BN (s, a, s ,7) ~ U(D)
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e Double DQN: TS HITMERMES

Li(0;) =L [r +~Q (s’, argmax Q(s’, a’; 0;); 9;) — Q(s,a;0;)

e Dueling Network: % action-value B9{& TR RN ITIKESEE
HEMXEEM INMHMERZ BEYETT <

Q(s,a) =V(s)+ A(s, a)

 Prioritized replay: RIEHFEARAVIZER/NRIFE



: Policy Gradient Descent
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Policy-based RL: — = | = <
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stochastic policy

o AIFI]HEYNEREE (stochastic policies) < EEFTENERTEEX
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Policy Gradients

o BHIRREL (LA return 3l)
J(@) — Uny (31) — 4:7T9 [QWQ (317 CL)]
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5% w(a|s;0) - VoJ(0) = Er, [Velogm(als; 0igr,

gl a =7(s;0) » VoJ(0) = E,,




Actor-Critic Algorithm

e Actor-Critic Value. policy IJRBHEMBIS:

- Critic Q(S, a, w) — (r, (8, CL) +policy evaluation

- Actor 7T(CL|S; (9) a = 7T(S; 9) «policy gradient ascend
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Asynchronous Advantage Actor-Critic (A3C)

VoJ(0) =E,, [Vglogm(als;0)q.,(s,a)l
=E,, [Vglogm(als; 0)( + Ar,(s,a))]
)

=K., [Vglogm(a s;HWQ(s,a

Advantage

IELCERAR M LERE:
Vi(s;v) = Vi (5), Q(s,a;w) = Qr, (s, a)
o T[EHIZIF return BB{E Q BY{GIT




Asynchronous Advantage Actor-Critic (A3C)

Global Network
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Deterministic & Continuous: DDPG

Deep Deterministic Policy Gradient Algorithm:

o Critic EFfRAHZELL DQN VA -

loss = L [7“ +yQ(s", (5507 );w™) — Q(Svmwi)}

o Actor RIEZEZ(EIREZEY policy gradient BEif




Model-Based

e Model EA1HT=ER I (20E1H)

e Model 7RAl: 218
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o FXRVE)RE: BIRWEZBABTZIERIITE

: Where are you going? (1)

: I’'m going to the restroom. (2)
: See you later. (3)

: See you later. (4)

: See you later. (5)

: See you later. (6)

o> W > W

: how old are you? (1)

:I'm 16. (2)

: 16?7 (3)

: I don’t know what you are talking about. (4)
: You don’t know what you are saying. (5)

: I don’t know what you are talking about . (6)
: You don’t know what you are saying. (7)

> we W

RL S¥FNUFHOXTIE (auieit. SEM. M. SaEE)

. FE: F

Deep Reinforcement Learning for Dialogue Generation



https://arxiv.org/abs/1606.01541
https://arxiv.org/abs/1606.01541
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— X 1E R IER IMDP:

e State XiEFH ¥, B LSTM encoder i IER state

e Action £ p{—0)1FE

e Reward Stfpifazet. <EXYE, EIEE]
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e Policy LSTM encoder-decoder Z5#4, a3

e JJllZ: policy gradient descend



URITEL

Baseline mutual information model (Li et al. 2015)

Proposed reinforcement learning model

A: Where are you going? (1) A: Where are you going? (1)
B: I'm going to the restroom. (2) B: I'm going to the police station. (2)
A: See you later. (3) A: I’'ll come with you. (3)
B: See you later. (4) B: No, no, no, no, you’re not going anywhere. (4)
A: See you later. (5) A: Why? (5)
B: See you later. (6) B: I need you to stay here. (6)
A: T don’t know what you are talking about. (7)
A: how old are you? (1) A: How old are you? (1)
B: I'm 16. (2) B: I'm 16. Why are you asking? (2)
A: 16?7 (3) A I thought you were 12. (3)
B: I don’t know what you are talking about. (4) B: What made you think so? (4)
A: You don’t know what you are saying. (5) A: T don’t know what you are talking about. (5)
B: I don’t know what you are talking about . (6) B: You don’t know what you are saying. (6)
A: You don’t know what you are saying. (7)




A: What’s your name ?

B: Daniel.

A: How old are you ?

B. Twelve. What’s your name ?
A. Daniel.

B: How old are you ?

A: Twelve. What’s your name ?
B: Daniel.

A: How old are you ?

B ..
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o State t NZIRSRARARFTFH—ERXFHEART

e Action t BYZIFIEI{EN—IR bid

e

e Reward &)X bid #Y;#F;EH

e Value Function {£F CNN NZZ1EN{H1ERER

o JlIZk: XEIRTAY DQN B9FH & hk

LADDER: A Human-Level Bidding Agent for Large-Scale Real-Time Online Auctions



https://arxiv.org/abs/1708.05565
https://arxiv.org/abs/1606.01541
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