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« A number of impressive successes in the last
decade

Richard Bellman
1920-1984
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- AR
 Reinforcement Learning: Al

« Approximate Dynamic Programming: Optimization
 Predictive and Adaptive Control: Control Systems

Al/RL
Learning through
Data/Experience
Complementary
Simulation, Ideas

Late 80s-Early 90s
Feature-Based

Representations
Neural Nets

A*/Games/
Heuristics

VNI

S/

U 044,
0‘%0'
A

{90

Model-Free Methods | —-

Decision/
Control/DP

Principle of Optimality

Markov Decision
Problems

POMDP

Policy lteration
Value lteration

MPC
Optimal Control

Reinforcement
Learning

An Introduction
second edition

1998

Temporal-Difference
Policy Gradient

Richard S. Sutton
aka BtFI 2R

Q' DeepMind
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ICLR 2026 Keywords

« A TFEAIIAR, REZ— ~20k paper

« The Second RL Revolution — RL has
shifted from games to aligning LLMs
(DPO, GRPO, RLV-R), becoming the
backbone for model reasoning and

control.
nE BERTopicX @il E3 b s
0_pokcy_reinkorcamant_acton leaming anes 7
2 1_reasoning_ri_cot_lims ABEORASHEYS 1059 —_———————
2_attention_kv_cache_context Transformers2 iy : ZRNNMSAE 54 |
3_graph_node_graphs_gnns M2 (GNNs) 445 ——

https://github.com/zhihengli-casia/Al-Paper-Trends
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« From preface of Neuro Dynamic Programmlng, Bertsekas and
Tsitsiklis, 1996, E— };I%ERLHTE’JU

Our first impression was that the new methods were ambitious, overly optimistic, and
lacked firm foundation. Yet there were claims of impressive successes and indications
of a solid core to the modern developments in reinforcement learning, suggesting that
the correct approach to their understanding was through dynamic programming.

o

Three years later, after a lot of study, analysis, and experimentation, we believe that our
initial impressions were largely correct. This is indeed an ambitious, often ad hoc,
methodology, but for reasons that we now understand much better, it does have the
potential of success with important and challenging problems.

« BERSRL in LLMEEGEZELL?




SRATL]

Atari, AlphaGo, AlphaFold ChatGPT

Deep @) Iearning PPO, TRPO, GRPO AI%'%EQEEEEQ*E%@

4 Value-based RL 5 Policy-based RL

3 Value and Policy Iteration

BRI AIEES:

2 Bellman Equation




VNI

SRICFSIRIN AL

N,

U 044,
@.‘%0‘
A

Value-Based RL Policy-Based RL

Q) DeepMind &} OpenAl

Super-Human
Performance

At human-level or above
Below human-level

Best linear learner

Mnih, V., Kavukcuoglu, K., Silver, D. et al. Human-level control
through deep reinforcement learning. Nature 518, 529-533 (2015).
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=] il (-~ NS 7 W 1_'1 | soppp———" [ = —— AP THE INTERNATIONAL WEEKLY JOUANAL OF SCIENCE

-- 2002, Martin Muller
(winner of 2009 Go program competition)

2016: ; : <
ARTICLE N AN A

= can beat a champion Go player PagE 484

Mastering the game of Go with deep ALL S YS TEMS /GO

neural networks and tree search

David Silver'*, Aja Huang'#, Chris J. Maddison', Arthur Guez', Laurent Sifre', George van den Driessche’,
Julian Schrittwieser!, loannis Antonoglou!, Veda Panneershelvam!, Marc Lanctot!, Sander Dieleman!, Dominik Grewe!, CONSERVATION AESEARCH ETHICS POPULAR SCIENCE
John Nham?, Nal Kalchbrenner', llya Sutskever?, Timothy Lillicrap', Madeleine Leach', Koray Kavukcuoglu', SAFEGUARD WHEN GENES
Thore Graepel' & Demis Hassabis! AT A r > SP‘-\&ENCY \ ‘Q ‘l‘kl‘
pe s bac) D 4

O NATUREASIA.COM

PAGE 452




SRICF S HIN

* OpenAl o1
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Competition Math (AIME 2024)

ol-preview

ol

o1 pro mode

4/4 reliability percentile*
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Competition Code (Codeforces)

26

ol-preview

ol

o1 pro mode

PhD-Level Science Questions (GPQA Diamond)
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58

67

T4

ol-preview

ol

o1 pro mode

Figure: " Qur large-scale reinforcement learning algorithm teaches the model how
to think productively using its chain of thought in a highly data-efficient training
process.” Text/Image from: https://openai.com/index/introducing-chatgpt-pro/
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A

RUFSIHERS T *

= Interaction loop O¢, T
Observation and reward

Improve

Transition
Agent \/ Environment f,P

T Action
at

Goal: maximize reward over time (returns, cumulative reward)




RUFSIHERS T

. ~<~N
» Supervised learning - D = {(x(‘),y(‘))}izl
* Regression - y(i) €ER
-+ Classification - y® € {1, ..., C}

N

* Unsupervised learning - D = {x(i)}l.=1

* Clustering

* Dimensionality reduction

N
* Reinforcement learning - D = {(S(n),a(n),r("))}nzl




RUFSIHERS T

« BAN: (S,A PR)

< JRETNE], S = (s,

- sHE=E], A = {ax}i=,
o« BERERREN, P:SXA > S
« ZHEREL, R:SXA - R

- il RIg, S - A

AN %)
AT
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https://neptune.ai/blog/reinforcement-learning-applications




Gride-world Example

- NMEEEHRIREKIA targefYNE

Start-----foeeeeee- :

m forbidden

forbidden SRR R target




IRSZTNE, § = {Si}liv=1

- BeeNMENEPRINE

sl

s2

s3

s4

s5

s6

s7

s8

s9




tWEZI8], A = {ar}i-1

« B— IS FRYEE
- tban, ajp - [ EE

a4

s6




ReFBRREL, P:SXA > S

s BT, T I EZ RIS

a1 (upward) | as (rightward) | a3 (downward) | a4 (leftward) | as (still)
S1 S1 52 g4 oL 2l sl s2 s3
S2 S2 S3 S5 S1 S2
S3 S3 S3 S6 S2 S3
S4 S1 S5 S7 S4 S4
s4 s5 s6
S5 S2 S6 S8 S4 S5
S6 S3 S6 S9 S5 S6
S7 S4 Sg S7 S7 S7
s7 s8 s9
S8 S5 S9 S8 S7 S8
So S6 So So S8 So

« EILASE Stochasticil, Bip(s'|s, a)
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s BT IRE, WM aEZfRER

FIERZEY, R:SXA - R

sl

s2

s3

s4

s5

a1 (upward) | a2 (rightward) | a3 (downward) | a4 (leftward ) | as (still)
81 Tbound 0 0 Tbound 0
S2 Tbhound 0 0 0 0
83 Thound Thound Tforbid 0 0
S4 0 0 Tforbid Thound 0
S5 0 T'forbid 0 0 0
S6 0 Tbound Ttarget 0 Tforbid
S7 0 0 Tbound Tbound Tforbid
S8 0 Ttarget Tbound Tforbid 0
Sg9 Tforbid Thound Tbound 0 Ttarget

s7

s8

s9

- AJLAZStochasticH, Bip(r]s, a)
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By & (CROSCIl_ E B2 —1ERIS

a1 (upward) | a2 (rightward) | a3 (downward) | a4 (leftward ) | as (still)
81 0 0.5 0.5 0 0
S2 0 0 1 0 0
S3 0 0 0 1 0
S4 0 1 0 0 0
S5 0 0 1 0 0
S6 0 0 1 0 0
S7 0 1 0 0 0
Sg 0 1 0 0 0
Sg 0 0 0 0 1

Prob=0.5
i S - -
Prob=0.5 Y
— 1 - 1| l
— L——»—m—-—m@

S/

)
2
is2

kD)

O

$UD,




Sy/RAIREEEIMP (S, P)

REREHHIEFES TR 0.4

P (BEFE | &7 ) = 0.6

P (BAAM | £/ ) = 04 0.6 ) 0.8
P (BEFE | SFE) = 0.2
P (BBAFS | 7/ ) = 0.8 >
HESE KRR TRRES KR SEX

P (BAFE | ) = P (99R9 | &F6. WEFR) = P (B9 | 57, WERR . BUKM) =06
ZMRRDRAIKERE (Markov Property) , ANZTSHIFERNN: EATMITRSHSMET, Hk
RS ST FRSRMTH, SRR TARRIT SRR, TSZEINBERIRSTX.,

t + 1RZPRSIN S tRZIRSIEX




LyIRAIRGEREIMP (S, P)
O/Ruo]ksE (Markov Chain) :
WESD/RAIKMRNESETIERE, BRTMABHSRAIXEE. TESERFSIt=0,123, . FHRES
NS L £ = P R A7
® RFIRE: S={1.2,..., N}IFRTABMREZE, SAMEAEER

ROUNSHIEE, NARIKREINE, sOARFERTZIEERIR
GRS, BASH)ES

o EISIRERP, FTMNRSIBEE IR ROER, BD: 0.6

P;j =Pr {s(t+1)=j | {s(t)=i}
=Pr {s(t+1)=j | {s(t)=i, s(t-1)=k,..., s(1)=a }

EXSHIFHR, ZFRRETPS={EX, AKX}, N=2, tRBXH, SMSHETEENINEFRRDR.




B/ReJ XK ENIREMRP (S, P, R, y)

AT ERFFRRAPXI BT, ES/ReI KRBT AEAEZRA AN T 32RDHH

+ RBIRZIR: SXS » R, HFR(S;, Sev)TEIE 7 NBLSRSEERRSE ¢ + 15K
IRISIID

+ B FHIRRIRET, FERESZERVERTE T —FRIIAIRMR,, Ry, ), B
FRe+1 IR (St Se+1) EHEICIE,

+ SIARHH, XEFEAJUGEERFIIINSG, BIXFIIRRHEHITIH.

[ fRERNEARSEEmENEREFEY(1,1,0,0)51(0,0,1, 1),

BN SRS EL?
o o 1 1 K FERN
U = o[ 1 1 o o |
R, R; R3 4




S/Re]REENIFEMRP (S, P, R, y)

{55 A 2Z R AL 3 51 R SR A TV
¥RIESI(1,1,0, 0)51(0,0,1,1), BINFEFIREELF?

RIS
RIS

Ry Ry R; R3

Soésl_>52_>53__>"'

HERITER: SIAFINSIF ¥y =0.99

HINRBUNTIRS, HEERY
I 3 3ot 52 1in [E1 48 Y B ik s >

(1,1,0,0): Gy =1+ 0.99x1 + 0.99%2x0 + 0.993x0 = 1.99
(0,0,1,1): Gy =0+ 0.99x0 + 0.99%x1 + 0.993x1 = 1.9504

gig: (1,1,0,0) ERES, BEFHOERFS. <FARAET
MEHIEER, FHZBTZIBSMER, RLREIHLHIE T ERFRAWY




MR F S EAHEES

« L/RA[KSEREIMP(S, P)
 +REIFNITI0EF>S/RAI K FIIFEMRP(S, P, R, )
o« +EE->S/RAKARKIIIEMDP(S, A, P,R,Y)

T

- Hig £, rERUEIAITLRIAASREXRRARIE

- RES=E], S
- FE=E], A
o« LETZRREN, P
« ZFIREL, R
« IO, v




n Bellman Equation

=E




SR RARRIIE . WA SIMRACE

/\/\/\/m\

_>_>_>_>

ORI KRKIRZE T EHEASHRENRESR, X—REA LEEEHE. E
A, SBee MRS TR, IRIBSRIEHITINGEA,, BEIRmMER,, RINRSERE
S1, LAESSHE, TR, aIiEEI—1REFI(So, S, ), ZFFIIRRAME (trajectory) |
IS B AR TR, BAIUBEEIERESr. ISR FESK ISR 52
(episodic) [Afl, AERRIEKEHIEMIYFFEE (continuing) [AIf, ESERIAREF,
— MRS RIZ IR SRIZEZRNBFR A — 1N R ER (episode)

ARBWUIECHNEERSEEE, ERNERENFNRMICEANRSEINF, B
(SOJ AO' er Sl' AZ: RZr 52; ST);E]:ﬁ]\&_/I\H_Eﬁo




S/RAI KRR R TR REE S

O /RAI R ETIEMDP = (S, A, Pr, R,y )X ERB AT THIR, B4 S A infi SERE 3
EMRmEs? ek TREES
St ER 45 e % FEE 22 A 34

SHH: S, ARy

WMERENHY: (S,, ay,

AN—ZFEEFH: Pr
Rl'Sl’ al, Rz, "’,S'l')

o REFHAE . RIBAMZE 7 BEEMEIFNIERINEI. RESRE T SXA - [0,1],
(s, Q) RN BeMERSs TREGNMEaRIHER, RESREATIAZHMRMRY, LALIE

e, TRAERIE

IEREIEELEENSSBR T, RE— 1 FalEEHZERr (s, ) BUYE

A1, TRERRIERE, ATEUFS, 15a = n(s).
— NFRISRER R E N IZBENS (S B BEUMEXREN ¥ — &S Talfa 1SR HAERND,
RIS KUE—ITZIBEIRIEG: = Res1 + YRer2 + V*Reys + o MGHIENATA, G EIR

E—REE 7RISR I RS,




O RER R R RS

B 5 /RAI X%,
g = sl s R B el e TS A Py oy e | RRBPIRES NI
IMATEATRIEF S : —DNFRREEEISAPRS TR T —MTaGE, ZIToE pos5ygks
= - hg_ *B;; Et%*o
AR REI B A AR R T
Gt = Rey1 +YReyz + VP Reyz + -+ ///_/' %éﬁgﬁg’ﬁfﬁ
9T SR R B T, X Ll

o {{EEH (Value Function) V:S—» R, HEAV (s) = ]En[thf;/: s], BIESt LIRS A s,
RBRET{THEERKRARERIFENIE

o EE-N{EE B (Action-Value Function) ¢:S X A » R, HHq,(s,a) = E,[G|S; = 5,A; = a]
RRAEBLRTS s, RBRErREEMEaE, ERFKARERIGERNIAE

XA, REGFEIJIERAINTHALEIRTE
FHER— IR RET, WEEs € SEBV - (s)ERX




IRSMESTNE-IRSIME

IRE-IMEEREL (State-Value Function) V;(s) = Ex[Riy1 + VRes2 + VP Reps + - IS = s], BATEIRIRSINE. VIE
SE-IN{EEZ] (Action-Value Function) q,(s,a) = E;[Re+1 + YRrs2 + V2Ress + - |S; = s, Ay = a], BEFREMEME. qfE

Vi(s) = Ex[Rep1 + VYRea2 + ¥*Regz + -+ Sy = 5]
= Eqn(s,) | En|Re+1 + YRes2 + Y?Rey3 + - |S¢ = 5, A = al|

= Z (s, a) X q.(s,a)

A ELIEERE KB EdarmRAYEHREAE
=) (s, @5, 0)

ISMESHEIREXRER, RERET, EREr TAE MRS ERERASAT
BSHIBIRLAN EEAEREREXR. (SREXER)




IRSMESTNE-IRSIME

IKSINEEEL (State - Value Function) V,(s) = E,[R+1 + YRpsp + V2Ri1s + -+ |S; = 5], BEITEFRIRSINME V(B
SE-INBFEEL(Action-Value Function)  q.(s,a) = E;[Riy1 + YRit42 + ¥?Reys + -+ |S; = s, A, = a], BEFREHEME qlE

4r(5,a) = Ex[Rey1 + YReyp +V*Regz + -+ |Sp = 5,A; = a]
= Eg'ps, @) [R(S; a,5") + YEz|Res2 + VRp4z3 + o [Sp1 = S’]]
= 2 P(s'|s, @) X[ R(s,a,s") +¥X Ve (s ]

14 | —

€S
RS RTINS O KN AFBINEILR  (E BRER
= > P(s'ls,@) [R5, 0,5) + YV ("]

s'es

S

sE-IMEREEERFSHEIREXRER, MESEINREM T—ZHIRSHZNEEX.




IMERESIME-MERERIKER . LUASsIFTE A

Ve (s) = z 7(s,a)qn (s, @) q-(s,a) = Z Pr(s'|s,a) [R(s,a,s") + yVi(s")]
acA T
Ve(s1) = m(sy, £)qr(sq, ) Gr(s1, £) = Pr(s,ls;, E)[R(sy, £, 54) + ¥V (s4)]

+ 7'[(81, E)qn’(sli E)

q(s1, L) V(sy)

i
T[(*;lf J:) H Pr(séllsv—mﬂ

A
V(sl)n(:SI':E,; q(s1, A) q(sqt):::)V(sz)

Pr(sz|s1, )

A EIEE TR R IRZR NMERERRTEEBERNRIRER




W/RE5E

#WERreward

REMEZBEURESTE V() -0t 7Y PV (s)

AR ERES (7 EAEE SH BTN (5EEEEAE) AR

©  REMMEREHIN/REHIERA T RSIMERSNEHERR, ERREBAFIENEEREFR.

- Hr, MEREHIN/RES]

A 7 SRIRSMEREF RSN ERECERIXE, B

SRR MER ST ENRIEEIRVEAEIN L REUASHY (i) ({EREIRTHAE,

- £Lhr, FERITEEIRMRBLIESERMES RIS UTIEE— ARG &K(BIHRAYZE)
. RBENRBI—HGZREEZRBERMBONMERLSNENNONE-MERS. —BHET
RIMBIMEREEENE-IMEREL, BAMARBHE T WM AERIRE,

VUREFHE, XMEEHXIEE,

= LARichard Bellmanfp B 1Y, RIS HMX B P HEIPIRESKRZNGIE

LR R o) A LURBRETE S =B 2 A S N B, BB MR R AT R NI EERISSRE NS
BURREIRE, ATLLRASASHAXI G EKME. K—BERUARNEE, BEIUREHIEZNCAT RN
RRAVFE)EE, MMANEIRSH R IR R AT AR LIRS R IR R (—RR 5 ) [0 8UR PIXHOK R




W/RE5E

MEBSRNREBE  Ve(s) = Egongs) Bsropgisa)lR(, a5 + V(s
=1 (s)+ ¥ Sgres P(s' )V (s")

If there are four states, v; = rr + vPrv, can be written out as

vr(s1) | rz(s1) pr(s1ls1)  px(s2ls1)  pa(ssls1)  pa(sals1) vz (1)
on(s2) | _ | rels2) || palsilsn) pelsalsn) palsalsa) paCsalsn) | | exlsn) R
- / * Na = =
vx(s3) e (53) pr(silss) pa(salss) pa(salss) pasalsa) | | va(sa) ;ﬂfﬁh*ﬁf‘ﬂf
| vx(s4) 1 L rx(s4) | | pr(silsa) pa(selsa) pr(sslsa) pa(salss) | L va(sa) | ;ﬂ\jé/i-\zﬁ
N J \ J ~ -  \ J/ \El_ ~E
e o P. i \ Vﬂ(s)’%%ﬁ
PER. AT B
- - - - - T r - qﬁlj& (S]_, Sy,
Sxrz() sf,:l vr(81) 0 0O 0 1 0 vr(81) 53,8, ) —i2
vﬂ(32) _ 1 P 0O 0 O 1 ’1)71-(82) _i+§
vr(s3) 1 0O 0 0 1 vr(s3)
piria > v (84) 1 0 0 0 1 v (84)
! =1 - LT - L 4L .




W/RE5E

. U';%?;Ti T2 RN MR EF N AL Z ARV BN FEIRI T EMERZTRY
T o

e For finite state MRP, we can express V/(s) using a matrix equation

(vw) (Rw) (Pl 1 e (Wsﬂ)
= |+ 5 5
Vis) Risw) \P(51.|5N) e P(5N|5N)) Visn)

=R

V=R+yPV
V —-~vPV =R
(I —vP)V =R

V=(-~P)'R

o Solving directly requires taking a matrix inverse ~ O(N?3)
o Note that (/ — «P) is invertible




W/RE5E

 E—IRAKE A N ESSHLL

@ Dynamic programming
o Initialize Vp(s) =0 for all s

@ For k =1 until convergence
o Forall sin$

Vi(s) = R(s) +7 ) P(s'ls) Vi—1(s')
s'eS

o Computational complexity: O(|S|?) for each iteration (|S| = N)




Bellman Equation

« RSB Ve (s)Z2RES m £ s BINM{EHAZE

* IHE-IREINME R (s, ) Z2RES 7 1E s 18 a IHERUNMEHAZE

- BUCFINBIRRERINEH, () EPERA

- WURSTLERA 7RSI EREHNEHERR, SRZSERLITICHIEML



= % n PolicyflValuef9i&E(t



2 HMEEEFES

BIEGENFIRRIIEN: EE— T D/RAIRRFKLIFEMDP = (S,4,P,R,y), BUFEISTK
— N EERIET, ERE R MEEESIRTSs € SYMAYMEV,- (s) &K,

N T KBRMRE, FTEFPRR T —HEE: N\—MESRIREFR, BRitEiZRE K

SIMEV (SkaE-fiiEq) . AGHRIBNMERSRZESGERIEFEESER, AEhEAXMTEES
RIGULEL. B RIERTTEMEREEINIEISERIEITE (policy evaluation) , BII{MEREL
A RIBRUITIEIYHERAEIE (policy improvement) | SREGITLFIREELICIZEHITHIE
EIKEL EMUHERREIEN (Generalized Policy Iteration, GPI) ,

REGIRIL, WRIBV, i

/ \.
H{ERE % TR I eR 2
SR ZASAR I SRS 5 25 7 SN T s RASHRImeTE

THEAHNRINE —
REEVE, RB\tE,




\q>
JAIL)
oR

iER 5 WRERMATV

ET ISR BT, EEEEPRHASE "TIF E. SRS E R 5,
NN FERRTSs € S, BV(s) < Vy(s), BPARTLUANERE AL EREnE, I "B %
IEE— MRFXER.

ATLLERR, AEERAEREs € S, RS BRI &Mt

qn (5,7 (5)) = qr(s,7(s))
AN TFIZAIRLATRSs €S, B

Ve (s) = Vi (s)
RISREgT ALERESnE ., IXMEICFRIREEILEIE (Policy Improvement Theorem)

MER: qx(s, 7' () NB NHATRELRINSs MRER RIS TahRIEIRIE, TSRS
s MRIRSRES K En' (), BRRBMEBEX—1MUE (RELRSHEIEEARIBIRER
i) FrSRIRYEIREAEE,




NRERMATV

v=f (v) = max(r; +vP;v)

I GERRET EIE :

Theorem (Contraction Mapping Theorem)

For any equation that has the form of x = f(x), if f is a contraction mapping,

then
e Existence: there exists a fixed point x™ satisfying f(z") = z*. vE—1FE=
e Uniqueness: The fixed point ™ is unique. vEHE—/Y

e Algorithm: Consider a sequence {xi} where xr+1 = f(zr), then z — x~

as k — oo. Moreover, the convergence rate is exponentially fast.

ZER{ICIR B EAIE N AR




NREFRMANERVRINRES

Theorem (Greedy Optimal Policy)

For any s € S, the deterministic greedy policy

. 1 a=a"(s)
7 (als) = 1
(als) {0a7éa*(s) (1)

is an optimal policy solving the BOE. Here,

BOE: Bellman Optimality
Equation (IN/RE&MLTTE)

a*(s) = arg max g “(a, s),

BEEEqRARENEa, ZEEDRRENIE
where q*(s,a) := > p(r|s,a)r +v> . p(s'|s, a)v*(s’).

SIANG, TIRESsTRABIEFIENEa, FREEEZIRERAHILE 232/
it8qfE, TJLIEZHqERKINIMERISEEXINZIAS TRISMHNE




SRESILILHF

[B:E: BHEEBERITERSs,, BAT—SEXRN “"BLE
BEl—1hRE" iR "magi—15EE" ?

T EREs 1B RXE N A B EE D BIRTSME-HEREEE:

Gn(si 1) = Y B(s'lsy, B) [RGsy, bs) 4ytp(sy) 0D = > PG I3, A [R5y, 47,5 + yVa(s)]

s'es

= 1X%(0 + 0.99%0.4) + 0x --- = 0.396

s'es

= 1x(0 4 0.99%0.3) + 0X -+ = 0.297

Vie(sy) = 0.3 %H]%ﬁﬁ“ﬁ Vi(sy) = 0.3

1 > 1

Ve(sy) = 0.1 | Vr(s2) = 0.4 V(sy) = 0.1 | Ve(s2) = 0.4

1 - | 1




SR

BEYNAIERAr, RSN ERERE R SEMNNEERRY , EE-INMESHEE 9, .
BRI
@ @EMEI (Dynamic Programming, DP) T T p——
@ FIFRiZ (Monte Carlo, MC) A2
® BFEZE% ( Temporal Difference, TD ) ‘
BL4MBERYAIX—HIT
BFAEF?

REEPUIL: RIBV HALn

| : SER RAA, RITEERE
v P S iy ey

v B, MBI B
t /

REETE: R\t HEY,




REET G AL

BFSMIenERSEHR: ERENGEKRENREREH

#IRILV, KL

, qr(s, a)
BN
Hrzts € § =T
Vi(s) « Xaeam(s,a) Xgres Pr(s’|s, @) [R(s,a,s") + yVi(s)]
=E| Al
BV, (s)RE:
q (51, ) =1x(0+ 0.99%0.3) + 0x(0 + 0.99x0.4)
+...= 0.297

V.(sy) = 1xq,(sy, E) + 0xq,(sy, ) = 0.297

SRR 1. SRS ESTERSIERHRE (FEHIIMNIKIRER)
2, FTiREEINSEGR/NFTIRAYER

Vn-(S4,) == 03

1

V(s;) = 0.297

Ve(sz) = 0.4

1




AN %)
AT
o
M
of
N
¥
l’! -I-
Uy
Ox
H
P

| LI

SN EREIAS, IR RAEE TG, DO RIEA D
BIREEERE WS

R AR ;*g)’l f?é’\ﬂgj. AHIXIBHIRIRG, 6o G

T k i=1 Y1

39t TS e S W HE S bu
(51,584,587, S8, S9)
(S1,S2,53,54) Jo R R K%,
51 MR RIE(E S BI BISARST 2l 1 s | s
0 +¥X0 + -+ ¥3x1 = 0.970 i
0+ yx0+ yzx(—l) = —0.980 (K # A%42) \ ) P P
Etbi&it i I

1
V(sq) = 2 (0.970 — 0.980) = —0.005

RIBHIERITAOANIR, BHEJLIEIEARYERMGHEN, XIEERIGRIEHIE
(Monte-Carlo method) A9#%/(EE, BIAEEEEY: WFHIZESH (1ID)
FUMEAEURE, SEREB KRR, HEAFSEREIEEKE.




iy B FRESD
BEANLANMELY,, R
repeat N ERE
s — FIHERE it PHEERY,
repeat
a~ n(s,)

PITEMEQ, MEEFRAM T—NRESS'
V.(s) «V.(s)+alR(s,a,s") +yV,.(s") — V. (s)]

s« s
until sEZR IERES
until VU5

EHVa(s)894E: Vo(s) « (1= a)Vp(s) + a[R(s,a,s") +yVr(s)]

[=[:8] F315ERY
inMESRLE FiNESREIE




ERIFY: HEES

BV OBNB: V. (s) « (1 — )V (s) + a[R(s,a,s") + vV (s")]

IBRY F3SERY
iMESRLE FiNESREIE

HTEIIKERI TR, MSERAUBEANER, BINRNFEDZHRERXNMITHERESIL, M2
LA BN EFREZFHHGIHE, BHEIMEREEFH/IA — )i (s) + a[R +yVp(s)], FXANINFHHEI

AR

Ve(s) « Vi(s) + a[R + yVp(s") — Vi (s)]

R + vV (s RIS FED B \ TDAERLAES— P Z IR RIEE
R+ yVa(s") = Ve () AR FEDRE. R, MAFESFEENEEER

I FEDZIEE TS8R B RS T RESRIETINMERESEFR, BRINFEDEZFIFER
— A ERPRNRIDINSATTRHEASLEIRERERGUHMEREL, MERE T —DIRSHUNMERESRELT
XFRHEAR 7 REMENEHRETEERESAERKNAE, FEITtEYEE T RIFEEA.




MEHS . BFED 2

BEANLANMELY, R
repeat
s « YIIERTS
repeat
a ~ 1(s,") V.(s4) = 0.3
iTaNMEa, MBRERAMT—MRTSS'
Vi(s) « Va(s) + alR(s,a,5") + yVp(s") — Vi (s)]

\q>
JAIL)

s« s’
until sEZIERTES V.(sy) =0.1 | V.(sp) =04
until V485 .

0.199

ﬁiﬁi}k: 0.5, .iifﬁﬁ(sl)ﬂ%ﬁ:
T[(S ;') 5_\'% \ ?%:él L a = J: oy LM 4 =337 =1Hs A >
WPE(: 15, )FRSREEEEIT s = s, Eggﬁgﬁgiggggﬁxggiﬁg
Vi(s1) < Vi(sy) + a|[R(sqy, I, 84) + YV (54) — Vi (51)] ! E‘l el el =

= 0.1+ 0.5%[0 + 0.99x0.3 — 0.1] = 0.199 ZHHEREUEN AL,




SR 1

FEH AR tC RS T

repeat

FURSHEEL (ShRSIE P FIEHREE R) KM V, FHESHE
an(s2) = ) P(ls, DR(s,a,5) + V(s

q.(s,a) « Policy-Evaluatio
for eachs € S do
m(s) = argmax,q,(s,a)

end
until 7Y

n(r) // SREGWE, RIfEAEDP, MC, TDERX

HFIWEAISRIRLESFX: Policy-Iteration

F{ERYIA)RR

> Policy-EvaluationBEEARAR, HIBHITHE
> BEEEREINE, o, T AR\




MENERLRSREETHS S | BIMEIENEE

AETNTSARIREEIHEFED, (BISHARNEBETDRPRRRIEMESEBHEERN)

BRI R A — RS T REGVHE A SRER AL,
AREIMEERREE:

MIA: BIROJKRRIITIE MDP = (S,4,P,R,y)
it SRE&T

bRl

repeat

for eachs € S do
1(S) = argmax, g, (s, a)

end

until 7Z&

EHR X EE Policy-lteration

q.(s,a) « Policy-Evaluation(r) ﬂ/

BEH LRV,
repeat
for eachs € S do
Vi(s) « maxg Ygres P (s'|s,a) [R(s,a,s") + yVi(s')]
end
until VU6
n(S) := argmaxg ), .o P (s'|s,a) [R(s,a,s") + yV,(s")]

M{EE AR E X Value-lteration




M1EIEC (Value lteration) &%

FEH#ISR A,

repeat

for eachs € S do
Ve(s) & max, Syres P (s']5, @) [R(s,a,5") + yV(s")]
end
until V,, Y{Z&

m(S) := argmaxg ), .res P (s'[s,a) [R(s,a, s\) + vV (s')]
\

HA TR LB EmE, Bb:
n(s) « argmax,q,(s,a)

Va(s) « qr(s,(s))

HA, q,(s,a) =X P('ls,a)[R(s,a,s") + yVi(s)]e XD BIXTM T ZRERUICFD
RESTEAEFINNER, 1135')1:,—&153 3&%1_17—//\%IH%ﬁWGTﬂ—/ABEH%ﬁE




M1EIEC (Value lteration) &%

LI AS BRI 95, BRifMERERIWIEREIE R F, NZemk
BEEREZF—XINEERG, MEREHIENSANE R,

AAZS s 7 -
qn(sg; E)
Target
- Z /P(S,|58; E) [R(SSI E} S’) + yVTL'(S’)]
S
= 1x(1+ 0.99%0) + 0x:-- =1 37 58 >9 0 0 0 ° ' °
G (g, 12) se | ss | s 0 [ 0 | 0 0 [0 | 1
= Z ,P(Sll'SS) J:) [R(S8' J:’ S,) + YVT[(S,)] S1 So S3 0 0 0 0 0 0
S

= 1x(—1+0.99%0) + 0% --- = —1

V(sg) = max,q,(sg, a) = max{1,—1}

IR s FNMEREE /91, RERTEHR
HAPRSHIMEREZL




M1EIEC (Value lteration) &%

FB2LXINETRING FIXINEEIE EERINERIA G
099 | 1 | 0 099 | 1 | 0 099 | 1 | 0
0 099 | 1 0.98 | 0.99 | 1 0.98 099 | 1
o | 0 099 0 |0.980.99 -0.98 0.99
g fHEERAT, - | —
BRI £ 7. S8 %9
S, N N A
i (Sq,5S4,57,Sg Sg ) o Ts| T,
A A A

95




PolicyfNValuef9iEft:

7’

» WRERMATURA, Bl —EREETIEoTUKE

=4y PYNAN=AY

LL

s {LRAST"

At

%1:5.@3]1/'515(];'%&?:%”’(5) = argmax,qr(s, a)

« RILKRESERRFRKFS A
* PolicyixUITRISTHG B
o Valuels(VE— S EERIREIUFITAS

» R LT EEPURRI T HABERER P (s']s, a), FHEEIINHmodel-based 75
1RINE, HASH, WEIRITH EEFEmodel-freefl

- WFED (TD) BeErRREETHMEFHYAEREEAEL P (s']s, a)
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3 Value-Based RL: DQN




O
E
V]
i
i

BN BIRAIKRFEIIE MDP = (S,A,P,R,y)
i SREgn

N A —
BN SRR R S B SR D E T RIS
%ﬁwsmﬂt@w (on-policy) HRIEERFS
1 \
a~(s,)

WiToEa, MEREEIRFIT—1NASS'
BV (s) « V. (s) + a[R + yV,(s") — V()]

s« s
BHEsER IR
BEV Yk

A FiikBellman Equation
V(s) = r(s) + 7 3 P(s'|s)V(s)

'S




O
E
W
i
i

A BIREIKRREI

i SRi&n

1J3%E MDP = (S,A,P,R,y)

iR q, REL
(IZE2N
VI s RN
(N
a~(s,)

WiToEa, MEREEIRFIT—1NASS'
—%%L@*—I’L@—I—wb‘?—%—%@i- @ ~u(s')
ETECIR(S a) < CIn(S a) + a[R + )4 QH(S, a') — CIn(S a)]
BRI \ENTF TR
B#lq, e q:(s,a) « (1 —a)q;(s,a) + alR +y

Gr(s’,a’)]

BHECRMESREE- N {EER S g,, BIYSARSA (State-Action-Reward-State-Action)




O
E
\Y
i
i

WA SRAKREKIIE MDP = (5,4,P,R,y)

i SREgT BEEEEEIE! !
I g, R
RN
B s PHIRIRS
N

fmr a = argmax/q,(s,a’)
W70, WWERZRBRF F—" s’
—BRs )Vt tatR+rts—Vtst

F4n(s,0) < 4n(s5,0) + @ [R +y m3x 4(s', @) = 45, )|
ses \ FMTTH:

BIs2R IS o
E5q, Ié qr(s,a) « (1 —a)qgp(s,a) + a [R +y mpxqr(s’,a )]

QF I EEICHRINEMINE- BRS¢, MARNMEREV,, XERERARBIHERENNE-NMEREq,,
MRFALACRINEREV,, EANBERTEERERNER METiEKH .

F N FiitBellman Optimality Equation lll‘dX(”I'ﬂ- = pﬂ- '(’)




O
E
\Y
i
i

o [E(a)ZEEZNWIRIRES, HPa/bFRRIIRPLR
SHE-MERMNVERE, HE LGRS
q-(s, 1), #ERBbERq.(s, )

® [E(a)+ B/RBREZ IDIRZSINIFT BRI _ERIh{E-
MEREEN0.2, TBERARIIE-NMEREE
30,

LR, SR ERRAIAES BB
ALY, E(e) AR B ER R T XA
FES SIS

a/b3R7R: aRIRqy(s, L), bRRq.(s,B)

0.2/ 0.2/ 0/ 0.2/ 0.2/ 0/ 0.2/ 0.2/ 0/
/0 /0 /0 /0 /0 /0 /0 /
0.2/ 0.2/ 0.2/ 0.2/ 0.2/ 0.2/ 0.199/ 0.2/ 0.2/
/0 /0 /0 /0 /0 /0 / /
0.2/ 0.2/ 0.2/ 0.199/ 0.2/ 0.2/ 0.199; 0.2/ 0.2/
/0 /0 /0 /0 /0 /0 / / /
(a) (b) (©)
—0.4/ 0.2/ 0/
/ 0 / 0 / 0
0.199, 0.2/ 0.2/
/0 /0 /0
0.199/ 0.2/ 0.2/
0 0 0
(d) (©




QFIEX

El(a) PRI ESHEAR T EREAIRIFTtiINE. ME(a)/9t
&, EEIEBST, BeeEHMZELE, FUTIXTEIE, BRI
FIR =0, FANT—REs' =5, (Eb) , BT FEFHRINATY

S E-tHEREL:
Qr(s1, 1) < qr(sy, £) + a[R + ymax 4z (s', a') — q(s, a)]
= 0.2 + 0.5x[0 + 0.99x max{0,0.2} — 0.2] S I el
BEEEEIMTORNEEREEEQ), BECSIEW. X [, . .
ISR E— SIS ERRSIHE- N ERSESEPRSIITNE |, o, o,
MBI, E(b)-(C)EREEIIHRIET LS.
M BSATEE () P ERA TR s, , —MaBRE (BDEEN

6.10 QMM —AF BT IR

-1) g (s7, B)ZARIE, HERET(s)HN "HLBI—1HER"
TR T "AAEBS—1EE" . EREREARTR T —TRE (—X
SNETBIR) HIUBEHT.
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E
V]
i
i

0.4, 02/ 0; -0.4; ~0.4/ 0; -0.4 =04, | 0/
) 0 0 0.099 0 0 0,050 A5 0
0.199; 0.2; 0.2, 0.100; 0.2/ 0.2; 0.099; 0.2; 0.2/
qER%Y 0 0 0 0 0 0 0 ‘0 0
0.199; 0.2 0.2/ 0.198; 0.2/ 02/ 0.148; 0.2; 02;
0 0 () A () 0 0 ) 0
Siem
FAMNER FoANER FEARERE
episode 1 episode 2 episode 3

AERR T QEIFEZIIT="1episodefiTiE, NBZNMARERERINE, EIAEELFSY
B2 T IBEYILE(s1, S4, S7, Sg, So) BIX BFRIAS s BITRES, LR, RIALETHE-NMEREL
KRG, BHERIEEEASBEETHT.




RS R

ISR EE- MR EIAN1/—2, ke ‘
FEEEFE B EEREaE—AEE. | 2 2 0 2
IEXHAIASERE T, QEIPUTIRNEEF R | ' '
A EMEIEQE IS ELS, FrERIREm
(TSR BEEEAN S NITL BRIk sy, TIREE
L (51, 4, S7, Sq) W28 ATIRIA,

I SRR R R ., 4 BORDIATEAN,
S8 ABHRIR T 10— 1 2R B LA HERD S

SR

BENE R RAE. BRAINEBRIAIA B LAEN 2R A Bl Wbt

L EE RS IT—TMRERAIENTD.




RS R

¥RZE (exploration) F1FIF (exploitation) Z|BITZEXTIIKE

FERMITEMERAHEEY (exploitation)
REARINEZRERN SIMNEEH (exploration)

SL\('}TS
B moms




RS R

€Al (e-greedy) ZRHEE
. _ jargmaxqqn(s,a), LAl — eAUEER
c-greede() =B

et REl
370 Fetaly (e-greedy) ZRHEK
%ﬁms 1’%%& = argmax,’qr (Sr a’)

X

WITEEe, MBERRHIF—MASS
BHid(s,0) < 4r(s,0) + & [R+y maX gz (s’, @) ~ 4r(s, )|

s s
BIs2LRILIKE
B3l q, iy

EQFIP5|NIRZE (exploration) SFIA (exploitation) #lil. X—HHEIAAEeRAL (e-
greedy) ZREER(Ea = argmax,/q(s,a"), FHeRAL (e-greedy) KEEENIT: RS, KA1
— eBUERIEIFE TR ARIRAVIIE, BiE LAAVEZRSRREN ISR —1 sE,




RS R

A e RVBERHTHRREN Q F

BREL: EpsGreedy
BN RS s, SfE - MERE 0., S¥e
it 2 q

1 n~uniform(0, 1)

2 if n < € then

3 | a<M A PEEHIERE
4 else

5 | a<argmax,q,(s,a’)
6 end

EREL: Qlearning
BN D/RAJFREIIFE MDP=(S, A, P, R, y)
it RES 2

1 BEHVEDIAM ¢

2 repeat

3 s AR

4 repeat

5 a < EesGreedy(s, ¢,, €)

6 PATENIE a, TEZEH R FITF— RS S

7 (s, a)< (s, a)+a[ R+ymax,q.(s, a')—=q.(s, a)]
8 s s

9 until s B IPIKTE

10 until ¢, IKTE
11 7(s) : = arg max,q(s, a)

VNI

TUD4 "
.;\..‘mml S/
s

{90

1 1/ ~0.99/ ~1.00/ /
) /> 0/0 .78 ~10% %
1/ 1 1 0.12/ 99, 1/
qE R /=2 ) /AN /0.08 “o.50 /2
1 1/ 1/ 0.97/ 98/ 1
/-2 /=2 /-2 V.24 9%, )
e
Iy 1004l BEa

] € ZUOIRIIEATIRR N Q I M TIL R

M EERTR, BEiEEHNITT1000MNEERE, BRIT&53H,
R (sS4, S4, Ss, Sg, So) EIX BIRINSHITREE., AT A OKRIEES
R, REFNERHAAEREN, Basesig100
FERIBABEEEI— 1 &ENREE, BREEH BERIFELR
RBEWIRRNTAIRS ;. (BEEERERIEIIN, BERE
AR ERNATREth S BE1ENN, BiEAtE kS ca9E
e (EHE AR TIRE.




Q=& ESL CliffWalking2

State
. 4x12 5E6f%
- B, RETRES
- B MAEATAHALS
* [3, 1..10] & F—1TMA1-104& B =Pk

Reward
- B—HHSE/-1HER, BEEES-100
922 Al

=\
|
L1
[T]1

Action Space

Discrete(4)

State Space

Discrete(48)




SRR

Cliffwalking - SARSA/Q-learning

<

(

.

main.py <

agent.py =<

VNI

S/

U 044,
0‘%0'
A

{90

» Hyper Parameters

Training Process

~ Test Process

Q-Table ( pandas.DataFramc)
» Members {

~ Methods

<

Parameters

~ select_action() (¢-greedy )

learn() ( update Q-tablic)

~ save_q_table() / load_qg_table() (.csv)



on policy5off-policy

SARSA (on-policy) Choose A from S using policy derived from @ (e.g., e-greedy)

¥ SR AIT 9 R AR ]
o {THEB: e-greedy Choose A’ from S’ using policy derived from @ (e.g., e-greedy)
- ZIJ%RME: e-greedy Q(s", A')

Q-learning (off-policy)

2SR INITAERAE Choose A from S using policy derived from @ (e.g., e-greedy)
e 1THRME: s-greedy
- BIEEE: RAL QBH max, Q(5', a)




on policy5off-policy

Choose A from S using policy derived from @ (e.g., e-greedy)

Choose A’ from S’ using policy derived from Q (e.g., e-greedy)
Q(S", A')

SARSA (on-policy)

Q-Iearning (Off-pOllCY) Choose A from S using policy derived from @ (e.g., e-greedy)




Q75 3%RB——q_table

A B c D E
0 1 2 3
(36,{ -7.664356962 -1561342041 -7.694123283 -7.693071842
36 -7656120901 -17.01068437 -7.659941807 -7.658727695
24 -7488716169 -7.350782471 -7.490020202 -7.496968378
25 -7124733367 -6981376435 -20.07079396 -7.124786756
13 -6.990925399 -6.990341748 -6.991266523 -6.994217257
14 -6.700412009 -6.698190073 -6.698361808 -6.701212021
15 -6.368743485 -6.366565564 -6.366847847 -6.368627362
9 | 26 -6818439898 -6.600067902 -19.14250628 -6.822013243
P 10| 2 -6647001745 -6642155266 -6.642302783 -6.642862761
11| 3 -6353653141 -6351048334 -6350616203 -6.353741718
12| 16 -5999468946 -5997408597 -5999115369 -6.003915488
class Agent: 13| 28 -5892364933 -5759779413 -20.87596597  -5.90158946
def __init_ (self, ...): 14| 29  -539499125 -5288814012 -1373746685 -5423102958
self.q_tab_ = pd.DataFrame(columns=np.arange(self.act_dim_), dtype=np.floatl6) 15| 17 -559019319 -5585472918 -5586260222 -5.59006599
16| 18 -5131872579 -5128473004 -5129937568 -5128335551
17| 19 -4624321304 -4619684917 -4619560756 -4.627704493
def save_q_table(self, file path): 18| 7 -4811033117 -4809569618 -4.811106293 -4.809006624
19| 8 -4323064683 -4323760683 -4.323466425 -4331985324
20| 9 -3803057559 -3.796662609 -3.797573621  -3.79594759
21| 20 -4055526901 -4.050484874 -4.050587063 -4.051708733
) 22| 10 -3235079506 -3230451421 -3231130851 -3.231338969
def load_qg_table(self, file_path): 23| 22 -2709890911  -269918533 -2698955998 -2.707034012
print('loading Q-table from "{}"'.format(file_path)) 24| 21 -3421837274 -3412381131 -3412421987 -3.416055405
self.q_tab_ = pd.read_csvfile_path, index_col=0, header=0, names=[None, 0, 1, 2, 31]) 25| 32 -3.69280949 -3.523728955 -12.84052242 -3.717977642
print('Q-table loaded!") 26| 31 -4305954139 -4232710947 -1558826025 -4.278091061
27| 12 -7250527256 -7.250381854 -7.250166559 -7.253130957
28| 0 -7084272148  -7.08491206 -7.084840695 -7.085067153

O~ O O &= W N =

self.q_tab_.to_csv(file_path)
print('Q-table saved to "{}"'.format(file_path))

29 1 -6.894724797 -6.892134361 -6.891356756 -6.894451004
30 4 -6027327186 -6.022056629 -6.023548083 -6.027534686
31| 27 -6.409808373 -6.190936333 -2255240816 -6.423227557
32 5 -5662919678 -5.656870222 -5.657204925 -5657222938

33 6 -5255794839 -5252670062 -5.256256682 -5.252883592
34| 30 -4874706503 -4.761131626 -14.72340255 -4.851318103
35| 34 -2.005557554 -1.90175027 -12.0064864  -2.065439659
36| 33 -2.82488332 -2.716195212 -1837441519 -2.806121284
37| 11 -2658119135 -2.64477383  -2.644856005 -2.654422566
38| 23 -1951956828 -1.928866753 -1.903510316 -1940118114
39| 35 -1.234805735 -1.12032612 -1 -1.191239915
40| 47 0 0 0 0



FoRESHECFS]

e Q-learning KR _EBERFBILINE L. KELIEE— value-baseddV 7%
o ERHBUANEETZEFEINME-MERE, ABREMGITTHISHENE R BIRZENE.
o MRZBHEMERBHEIT, RIEHERASEFE.

BZ, mtEIaB%R, 2FIRMEKE.
Bor\rB—MrEE, TN LABRE M ERIIHEIATS,
EEMENIRTS, Bl SREg e ?

Softmax 0.2

'ES > > é. ﬂ% ).

—— ABERY% I %4 _ it 8 B —— ;}
S e f=n(]s;0)



bt

FREE, HITRRIESEHL

NS E T IRAT

RATEEF—akE (B4B) KIBRqEBHME

EWENE B RN RENRE L, RASRBHE TR
1. LRSI
MMEWRASBEmE LSRR, TR, RBNTEOLE
AR 55 HUARL

X SHBE R EGNTRE, TARBEHNERES.

pitn, —AB6AEBEOINE, HENXTHREMEEH

REGTE, XRFBREZEE— 1 SHERELSLTE.

2. BYERTSEE):

MBI XA LAMIES, SFERSZEMNGEEREE X
T ERVIE N ML .

Blan, —PM6EHRENIIHME, WREBIMXTHNAEMEEHFE
ik, PLARESZENEREZDR124 (6PMAEFMCMEE) -




DQN(Deep Q-learning)

 — M AEL M BVFR BRI S q R H

(il REWERLE)

o HBMARNSHAERRIK

o EMTENARMMELY, RIRFTHRA T B B AR ARAE

Miaitq, RBEISH0

B2
s s BAMIRIRTS
EEZ

Kifa ~ e—greedy,(s; 0)
PITEMEa, MEXFRMT—NRAS'

B (s, 0) < 4r(5,0) + & [R+y MAX (', @) ~ 4 (5, @)

s« s
HE|sRRIERTS
B3lq &




DQN(Deep Q-learning)

 — M AEL M BVFR BRI S q R H

(il REWERLE)

o HBMARNSHAERRIKA

o EMTENARMMELY, RIRFTHRA T B B AR ARAE

Miaitq, RBEISH0

B2
s s BAMIRIRTS
EEZ

Kifa ~ e—greedy,(s; 0)
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Value-Based RL: DQN
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3 Policy-Based RL: PPO
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- MRAFFRRAIERETIE, XPMEEHZREINFORCE

Pseudocode: Policy Gradient by Monte Carlo (REINFORCE)

Initialization: Initial parameter 6; v € (0,1); a > 0.
Goal: Learn an optimal policy to maximize J(6).

For each episode, do

Generate an episode {so,a0,71,...,87—1,a7—1,7rT} following 7(60).
Fort=0,1,...,T — 1:
Value update: q¢(st,at) = Zg:t-}—l yk—t—1p,

Policy update: 0 <— 0 + aVg Inm(at|st, 0)qt(st, at)




REg I E—— e F=(E)

XITFhENLoRRE T (als) = P(als; 0)

B EFAINIZ
» BT RBIEAME/ RV EHIRAVEEER
- IRETRERSME/RMEIENEL ISR
— B FEIERE A SHIIF

1. ¥)%R1L6 3. IRIEREREEE 0 5. IRIBREREEE 0
AERLER AEIER AL
TELEY Saldlonn Suloan
2. KEGNEA2 4. EEEHEA3

MR BIERIZZIN PSS e )




\qkr
AT
o
¥
Xt

—IEEUAEZE]

I I




i

SRS

10N

==|g]




Actor-Critic&
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Actor-CriticEx

RN FEDRIAEIRIT— RIS KA ?

B FSI P HREEN L. Actor-CriticEi%

-log(P)*td_error

Minimize to
adjust
parameters

R, §

Policy Value
A, Network Network

Actor Critic

| |

Minimize(td_error2)
to adjust parameters

- @R (actor) , AEINMEANEE, AFR

i——rpolicy network

-« MEREHGE—THER (critic) , TFMNHA

value network
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[Schulman et al., 2017] ¥&Actor-CriticiEZE 5B AIBLE S, BY  ImRFEIRIE (Proximal

Policy Optimization, PPO) &iZ%.

« PPOFZBEIRFIREEMIRE, NMESEERIREL.

« OpenAlYEELFPPOEXRTFRZ A Default Reinforcement Learning&i%, ENEZBMSHERZIR
i

Proximal Policy Optimization Algorithms

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, Oleg Klimov

OpenAl
{joschu, filip, prafulla, alec, oleg}@openai.com
N
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Abstract

We propose a new family of policy gradient methods for reinforcement learning, which al-
ternate between sampling data through interaction with the environment, and optimizing a
“surrogate” objective function using stochastic gradient ascent. Whereas standard policy gra-
dient methods perform one gradient update per data sample, we propose a novel objective
function that enables multiple epochs of minibatch updates. The new methods, which we call
proximal policy optimization (PPO), have some of the benefits of trust region policy optimiza-
tion (TRPO), but they are much simpler to implement, more general, and have better sample
complexity (empirically). Our experiments test PPO on a collection of benchmark tasks, includ-
ing simulated robotic locomotion and Atari game playing, and we show that PPO outperforms
other online policy gradient methods, and overall strikes a favorable balance between sample
complexity, simplicity, and wall-time.




Proximal Policy Optimization&%

Tip1:18I1— 1M EZ (baseline)

RREE S AEEIREE, EABEFHEENreward KAENERIAIEEER, i) \reward/)\gIER
BRHIMAUEHER, APNREM—ERNIEEAT? 1BI— 1 RERIELZ, itrewardB1IEGR. —ARIENN
HEZEFTAEREIRITIYE:

0 « 0 + nVﬁg It is possible that R(t™) is always positive.
N Tn

VRy ~ —Z Z(Rc:n) — b)Viogpe(alls?) b~ E[R(D)]

n=1t=

Itis proba bility ..
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Proximal Policy Optimization&%

Tip2:BEMREFE (importance sampling)

PPOREZHEI—IR KL IRIIGATBER , 1ERERIREUERT LA SR
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mq(x) (IHREBTETADM) XiF, XERNEREARRE? AEZEENEREERFRE, EpX)
MaX)RER, WXMEREGEFREAR, RZMEEXMEREEREHE.

Importance Sampling

x! is sampled from p(x)

N .
Ex-p[f(x)] = ;%IG@Q- We only have x' sampled
i=

from q(x) LB SRS/ | SR

= [ reoweoax = | f(x)p( g = B[ /

Importance weight




Proximal Policy Optimization&%

Tip3: clipFBIFELLEFRIEEEI X

FAIREOMO FREENTE, XHAARRSHIEANREEARS, MRk, WARFAIstate, WG
2RI BRI D A BEENIZ.
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K, WHT—EREERIRE, =RXIXEIREBEmIn, FHLETOEFHAIR,

LCLIP(g) = E, [min(rt(H)/it, clip(r¢(#),1 —€,1+ G)At)]
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Policy-Based RL: PPO
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What' s Next: BEB%54¢

https://vpg.cs.princeton.edu/
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Tesla's Optimus robots were serving drinks, handing out gift bags, and

dancing at the company's 'We, Robot' event
9 October 2024
https.//www.tesla.com/we-robot
https://www.youtube.com/watch?v=Q97e70SfZzE



https://www.tesla.com/we-robot
https://www.tesla.com/we-robot
https://www.tesla.com/we-robot
https://www.youtube.com/watch?v=Q9Ze7OSfZzE
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« Value-Based (SARSA->Q-Learning->DQN)

« Policy-Based (Actor-C

ritic->PPO)
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