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Motivation

SEUFESHEIGHE ZRYEE, 5l
® partial observability
® sparsity and delay in the environment feedback

® high-dimensional observations and action spaces

the cost of acquiring interaction samples can be prohibitive

® safety concerns in many real-world domains
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TL in DRL

BUFIFHIEBRFIEESR, BRIMEERBFRN—1 MDP F#%Z5—4 MDP
£, miX&4 MDP WTRERBRKESH.
HEZHAMANERIHE TG L SMIRHFES.

Definition 1. (Transfer Learning) Given a set of source domain
M and a target domain M,, Transfer Learning aims to learn
an optimal policy 7 for the target domain, by leveraging exterior
information Dy from Mg as well as interior information Dy from

Mt.'

7" =argmax Byt 0 [QR (5, a)],
s

where m = QsDL(Ds ~ MS,Dt ~ Mt)
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Related Topics

Imitation Learning
o —RFEIEERAFIERT R (D) BIFNR, 28T BRI (D) BIFEIR, fi
MITARERAREREEES
o F—LEFFEIEERMERET RN, wEET BRGNS, Gl
WES (fERIHAEFES)
® 5 Learning from Demonstrations (LfD) X Fll: LfD Z4# 5 RL FREREL
ZEIEFR, HENRETERET RN RSB
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Related Topics(cont.)

Lifelong Learning
* EXR agent ARENFEIE—NMEERTP, SOEE LHETE EHEXHES
ERFZI N FHNESZEAETETEHNES
o TiBL G TR R K IR EE B RIRE L AT BN AR B T S 4
R 2 B AT
° KBZEIFELBARTIREIERE
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Related Topics(cont.)

Hierarchical Reinforcement Learning (HRL)
* HRL FEMMES. SMERSZTEAFHITESEXNME, MNMEREEGTLEH
LR EE
o FEAREEEMTLUBIT SR EN, HRL (23 T BHESU R AR %
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Related Topics(cont.)

Multi-Agent Reinforcement Learning

® inter-agent transfer: reuse knowledge received from com-munication with another
agent, which has different sensors and (possibly) internal representations

® intra-agent transfer: reuse of knowledge generated by the agent in new tasks or
domains

® see: A Survey on Transfer Learning for Multiagent Reinforcement Learning
Systems
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Approach Categorization

What knowledge has been transferred?
o RIskB R AIRMERFIRE
o B PII—EERER. EREMOITHEENT, BETLEHHE B
MDP Ak FshEXT RER B R E
* MIREAFNE FMERZINT AR TL FENNEEE
* JRE: oracle REZIERRMHIALET
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Approach Categorization(cont.)

Where the transfer occurs?
e Y TL FEERT M, 1 M, HEMBR, ME—E&FEMNEITATEARR
MDP Z &% Z1iR
* M, 1 M; Z BHEREEF MR
o WRERNEZT EHERTHRSZBARE, Fli0 Atari
* AREREZEHERTMMEZ BIAR, GINER T HlZABEGHES
o WHEREZEFNEZTBEE, KREHBAE, 0 Sim2Real
* AREREZEFFEZEEE, reward K[E, FIEIAREH] skills
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Approach Categorization(cont.)

How to transfer knowledge between source and target MPDs?
* X} Ms 1 Mt B9 T 1+ AfRig
* M\ Ms 3| Mt ByBRET R FUE X HIE = B £ R H)
FIIRRMBPLAR RS, FlN, IR  MEIB YV, BEEREHNET
(X FEFEEM RL), ATIAMEBRENRPIK T

o XRETRY offline learning iA & online learning
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Approach Categorization(cont.)

What goal to achieve for the transfer learning approach?

° L BIRES: & D EERTARKESR, GIMNATIE Ds B policy FEHTHY
MDP EiR&E, ERRAERLFES

o JT{H$54R: initial /convergence/episodic performance
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Approach Categorization(cont.)

How applicable a TL approach is?
e TL &Ej%E policy-agnostic, i E2{kiFE ™ set of algorithms
o ELRTALLTERHPLEEIIR (D What knowledge has been transferred?)
o EETEMILE “ARF" EFF (M Where the transfer occurs?)
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Approach Categorization(cont.)

What is the accessibility of the target MDP?
o {EAEIA AR I 18] ZIIR AT A AR EE AR
* H-FB#R MDP RS RERA, agent AIEREE#IH B B4R MDP, H&ER
REAIEEAMRA MDP X H
* {5130 Sim2Real, FEEBMIZEEL LY, RFEFEA (FIWNBRAHRERN
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Approach Categorization(cont.)

How sample efficient the TL approach is ?
® Zero-shot transfer: RNEELFHIE MDP £ H
® Few-shot transfer: Hfr MDP 3z ER/D

 Sample-efficient transfer: (%5 HBEAFXAHH) BLAEEH MOP HEIIGHH
RER

5B#R MDP AL FIaRIJIZRAALL . TL FFiEEEAR agent EFEFHISEE
Bt (AEEBMRNIES TERBUS)
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Potential Differences Among Tasks

S (State-space)

A (Action-space)
R (Reward function)
T (Transition dynamics)

o (Initial states)

7 (Trajectories)
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Evaluation metrics

Jumpstart Performance (jp): ##aFRIMN

Asymptotic Performance (ap): SRR

® Accumulated Rewards (ar): 12 reward, FtR2 reward HZ T HETR

Time to Threshold (tt): iIEZIE A Threshold EZE /AT H]

Performance with Fixed Training Epochs(pe): % T Bl 2 #0A BB RN
Performance Sensitivity(ps): EikZEBSERIZ0H
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Evaluation metrics(cont.)

e Transfer Ratio: with TL 1 Without TL & Asymptotic Performance BJLL{E

* Required Knowledge Quantity (rkqt): h TIAEI—RRIMEEEMIE, TBEINE
MALIME, PINEASNNE. TREMUES BT SNMIEBIET
T ERME

* Required Knowledge Quality (rkal): ) TiAZI—FEMIMAEMIE, EHSIHEN
MEARE, B0 TL Bk R BRI R BN oracle MR, EAT KA
AR, TL A BaE T
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Reward Shaping

Reward Shaping F|R5EIAIRAEMBIR MDP RIRE S, MWXT agent HI1T Ak
BErERE

M = (Sa Av T,’)/,R)) - M, = (87“47 Ta’)/alR',)
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Reward Shaping(cont.)

Potential based Reward Shaping (PBRS)
F(s,a,d) =~® (s) — ®(s)
Potential Based state-action Advice (PBA)
F(s, a,s, a') =~d (s', a') —®(s,a)
Dynamic Potential Based (DPB)

F(s, t, s, t’) =~® (s', t’) — (s, 1)
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Policy Transfer

B AIRERBRESHER (BUW) K

Problem Setting. (Policy Transfer) A set of source tasks
My, My, ..., Mg are provided along with their expert (teacher)
policies: Tg,, TRy, ..., TE,. A student policy 7 for a target
domain is learned by transferring knowledge from each wg,, with
1<i<K.
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Policy Transfer(cont.)

e Transfer via Policy Distillation: {28 =F I TSR EHEZ BHES, BEFY
WA T — N ETRYEEY
® Transfer via Policy Reuse: B 5 FiRIg A R ES SRAAE B FRIBHI RBE
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Inter-Task Mapping

HEEREAREZ B S — MR EY, EEERW A E—E
© BRETFHHE AT TuE
© BRET I HUR WA F AR
R
Assumption. (Existence of Mapping) A one-to-one mapping exist
between the source and the target MDP.
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Reusing Representations

o RESEIEEZ TR
« SRELTNEREER, EAGEES REWESH
o ARBATIERER B LTS 2 AR

e {5]30 progressive network
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Learning Disentangled Representations

state space, action space, or even reward distribution space can be disentangled into
independent, orthogonal sub-domains

® successor representation (SR)

e universal value function approximating (UVFA)
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