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What we have learned so far?

T

AR (x, »)
XN B, YRR

53] B AR 55 B HORET

X—>Y

AR B HE

~

/

O

This thing is an apple.

: N

BIE: x
XTI, TTRRE

FI B FILRR
TR ZEN

PRIT 55 Bk
ERETE

This thing is like
the other thing.

ZhEFY

fR2E. W

/

R ||

N~

()

==t
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B=Rt=F

-

Supervised
Learning

Data: (x, y)
x 1s data, y 1s label
xX—y

Examples:
Classification,

Qegression, etc.

Goal: Learn to map

3
-

)

O

This thing is an apple.

-~

Unsupervised
Learning

Data: x
x 1s data, no label

Goal: Learn
underline structure.

Examples:
Clustering, dim

Ceduction, etc.

~

)

®

This thing is like
the other thing.

Reinforcement
Learning

Data: state-action
pairs + rewards

Goal: Obtain

maximum reward
from environment.

Examples: Robot,

Game, etc.

.

J

<N
A
@

Eat this thing because it
will keep you alive.

Machine Learning: Lecture 17



A=

Reinforcement Learning
* B ER (MDP)

* Q Learning

* Deep Q Learning

* Policy Gradient

Machine Learning: Lecture 17



R FIRIIRLEE

Scenario: An AI player wants to learn how to play a game.

2

% How do | act (move/jump/attack) given different screens?

Machine Learning: Lecture 17



R FIRIIRLEE

Agent.— MU TEMEFBEZE IR EE
%I}YEI ronment: ZEEIRFTALAVAMNEE "tHFR" |, HEE(ReT ARG ELSREY

Machine Learning: Lecture 17 5



R FIRIIRLEE

Action: a;
ACTIONS

Action: a move the agent can make in the environment.
Action space A: the set of possible actions an agent can
make in the environment.

Machine Learning: Lecture 17



R FIRIIRLEE

STATES y

State changes: 5.+

Reward: r;

Action: a;

g ACTIONS

State: observations
Reward: feedback that scores the agent’s action.

Machine Learning: Lecture 17



R EIRAIENSE E

State changes: 5.4

Environment

7

Action: a;

g ACTIONS

Policy n: S — A: a function that maps from state to action

Machine Learning: Lecture 17



STEERII)RAHESS

—— & —

Agent
1) ool
Y,
Reward R, Action A,

I e—— mario.exe
States s, Environment

Thinking: What about other scenarios (e.g., baby, Atari, robotics,
go, autonomous driving, etc)?

Machine Learning: Lecture 17



SRAXRRIRE (MDP)
s DRRIR RIS R D RSO, E5 | AFHERERE

E"Jﬁiﬁmﬁﬁ I:Ijreward
SP: P[St+11St] = P[S¢41(S1, ) Stl /-$
O
MDP:  P[S¢41]St, Al an @
* MDPRHRITAHZRERD (S, A, (P}, 7, R): Y

S: a set of states

A: a set of actions|(e.g.,«<— 1—])
{P,}: probabilities of state transition
R: SxA— R: Reward function
v€[0,1]: the discount of future rewards

_________________________________

_________________________________

Machine Learning: Lecture 17 10
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RICFINFIB

* The agent finds a path in the state space that potentially
leads to the maximum long-term return R..

a] ! Cl2

v

. t+1 oOO

How to choose
action at each
state?

lp 7

() O Q] » ;) N (D ()
\ 1 / / A\ /N 1 7\
! \ / \\ : / \ : / N / \ / N

Actual long-term return following s: R, = Z(l?i =t g T

_ long-term return: R, = Z?O:tyfrl- = r Y e TVt .

Machine Learning: Lecture 17 12



Scoring (S, a) Pairs in MDP: Q-function

* The Q-function captures the expected total future reward

an agent in - I can receive by executing a certain - I
A

Q(Ia .) — ]E[Rt |St9 at]
1 [~
score(State, HEHON)

. <P
W /=
W /2

* Q-function implicitly defines the optimal policy n(s), for
inferring the best action to take at state s

m*(s)=arg max O(s, a)

\

The policy should choose an action
that maximizes future reward.

Machine Learning: Lecture 17 13



AT REQE ?

-

ERS AN

Use real return

/X

I EIESa)

next state

Use the value from the

/

Machine Learning: Lecture 17
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FE— : S4IFR&EFiERollout)

° %ﬁﬁﬁ%*l\%ﬁl]lugkg 1E(Value)
- ERMNERREFS

Ri= rityru ... ¥¥7rut ..

Y RITHR

F(mean return)

Q(lsta a,) = E[Rys, a;]
~ NZ&V R,

HAZE R 1132050
2L A

g

* ERISRESTUNRES S KN R ITEEAN R ERRYRTTERFIR,

- FHETYRITER), FHQ-score

Machine Learning: Lecture 17

15



BEZ  EUER
thz(l?ijyjri:rt_*_yrtﬂ SR G T

Q(s, a)) = E[Ry|s;, a;]
=E[r,+yrg ... Y7t Qs £ th +
_ _ core of the curren

=ry tymax,Q(S¢11, 341) U ) recursively on the next
state

Idea: recursively update Q score based on the estimation of the
next state

Q(Sy, a) € r +ymax, Q(Sy, )

More advanced update rules: Time-Difference (84 5 £ %) Learning

Q(S;, a;) € Q(S,, a;) + a [ r+ymax, Q(S;,q, aq) — Q(Sy, ay)]

SiE  MAME SRk

Machine Learning: Lecture 17 16




Q-Learning&i%

Build up a table of Q(s, a) scores as follows:

Initialize Q (s,q) arbitrarily
Repeat (for each episode):
Initialize §
Repeat (for each step of episode):
Choose a from s using policy derived from Q
Take action a, observe r, s’
Update
Q(s,a) « Q(s,a)+alr+ymax Q(s',a’) - Q(s,a)]
S5
Until s is terminal

Machine Learning: Lecture 17

17



Q-Learning#&{yl] : RJtSHR

L &

Use simple update rule (Q definition):

MDP
® Agent
e States
® Transitions
® Reward

Q(S, a) €& r+y max, Q(S, a’)

https://slideplayer.com/slide/16101998/

Machine Learning: Lecture 17

18



Q-Learning#&{yl] : RJtSHR

Reward r=-0.04 for every non-terminal state

|[O0

-.04

o

-.04

-.04

-.04

-.04

o

Machine Learning: Lecture 17
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Q-Learning#&{yl] : RJtSHR

* Initialize Q-table and first position

sl2|12]|2]|2]:¢? S da Q(s, a)
(1,1) 1 0
il2lzle]2]7?
(1,1) — 0
IEARARAEA L (1,2) 0 0
ol2212]|2]-~? (1.2) - 0
(1,2) ! 0
li:onaE o

Machine Learning: Lecture 17

20



Q-Learning#&{yl] : RJtSHR

* Move to the next step ...

N W A O

S a Q(s, a)
1717 (1,1) 1 -0.04
21 2] 1,1) — |0.0
. ? ? ? (1 ,2) T -0.04
S.O _ ? ? ?
2 ? 2
3 4 5
0
ar | I Q(so, @) &1 +y max,Q(sy,a’)
ot 5 —— 0 &-0.04+1 max(0,0,0)
1 &-0.04
So S1

Machine Learning: Lecture 17

21



e Continue

5|27
4|l0]o0
310]°7
218 | %
B R B

S a Q(s, a)
(1,1) 1 -0.04
(1,1) — 0.0
(1,2) 1 -0.04
(1,3) 1 -0.04
(1,4) — -0.04
(1,4) 1 0.0
(2,4) ! -0.04

Machine Learning: Lecture 17

22



* Terminal state, start over

N WA O

S a Q(s, a)
(1,1) 1 -0.04
(1,1) — 0.0
(1.2) 1
(1,4) —

(1,3) —
(14 — |-1.0
(1,5) 1 -1.04

Machine Learning: Lecture 17

23



* Start a new iteration

N @@ A~ O

S a Q(s, a)

(1,1) 1 -0.04

(1,1) — | 0.0+(-0.04)
(1,2) 1 -0.04

(1,3) 1 -0.04

(1,4) — |-0.04

(1,4) 1 0.0

(2,4) ! -0.04

(1,4) — |-1.0

(1,5) 1 -1.04

Machine Learning: Lecture 17

24



* After a few more iterations

0
04|-04]-04] 2 ﬁ

-04] ? 0 3 7

N W A~ O

-04] ? |-08]| ? ?

N W A~ O,

1[04l 0olofo] o q |-04]-04]-08]104 -1

1 2 3 4 5

Machine Learning: Lecture 17



* The algorithm summarizes a policy of actions under each
state (cell) based on the Q-table.

Machine Learning: Lecture 17
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Q-LearningBIRR : 4EERME

How about this scenario?

M\ [ [ ]

47248248,

o ®

S a Q(s, a)
1] {I}
* 14
6
{l} [ ]
| ;ﬂ
-+ -10
Infinite

Machine Learning: Lecture 17
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Q-LearningfIGPR : 4EEWM

And this S a Q(s, a)

12

15

Infinite

The states are usually intractable!

Machine Learning: Lecture 17
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FEQML (DON)
(R ML (ANCNN)E QL.

_________________________________________________________________________________

. input predict target

St \
I / —  Oy(s, ay) loss E(Rs;, a) .
- a;m 0 = 1ty max, Qy(S;+1, a)i

e JJIlZiITE:
o RIFEAgentty PATH L &%, HHQNLIHKI,
o FMEFZ:
o 5t AWK G REs, T H AT A HWENAUEL Q)(s, a) . EFRML
HAE a = argmax, Q, (s, a).

Machine Learning: Lecture 17 29



HIEFNF I BIR

o [S(Episode): 1I&z1TagentIR1EHILE(s,, a;, 1y, Sy, 8y, Tp,...ST, 7, I7)
A

5
e
t—

4*#__ _i_# Si+1

11!

o XHEREIANSs, 1 o, BTN —P QD £1Q0(s,» a). 2 r, NZITFEP Agent
SRIERIRED, s BAgentEAR T MRS, Wz EAgentHiEAIE
kﬁgﬁ;@ﬁj}]ﬁ ry + V maX,ea Q(St+19 Cl).

. i,? B BirEs/ IMEFuEF] BinMERZER, Bl &MU SRk
ZN(MSE):

t(0]s, a,r)=| (’”(" y max, Oy (St+19/a) — Oy(s, ay) |I?

Y Y
target predicted

Machine Learning: Lecture 17 30



LIEFNF I BR

o ZIEMINY: FAgentFITZNEISE, BITBHEEKE LR
EHREE: D = {(sD, aV), r, 5'D), .., (sOV, a®™, 4N, 5'M)}

(S, @t Moy Sten ) H

(St+1: at+1r rt+1; St+2)

0

(Str2s Ateas Tess St+3) -_— v —
(Stes» Acsr Trrar Seea) s AI4L
IR =N
ZI0MIEIESS (D) DQN

e For multiple (s, a,r,s") € D:

L (0 | D) = [EE(s,a,r,s’)~DI|| (\I" + Y max,: QQ(S,ach ’) o QG(Sa Cl) ||2]
Y H_J

Y
mini-batch Maximum possible Q-value  Current predicted
experience replay for the next state (=Q target) Q-value

Machine Learning: Lecture 17 31



IERI5E

L0 D) = Eqgageyolll -+ y max, 0(s".a: )~ (s, s O)
 HHEIBE:

VoL = E(s,a,r,s’)~D <r -+ y max O@s',a";0) — 0(s, a; 9)) VeO(s, a; 6)

\ )

Y
Q-target Tm; non—ﬂ«”ﬁ@
target?

o fi#RTIE: use some old, fixed parameters 6, as a fixed Q-
target (update every C steps)

Veth[E(S, a,r,s')~D (r + v n}f}X (s’ aA'; Oo1a) —0OCs, a;@t))Vth(S, a,0,)

\ J

Y
fixed, old Q-target

Machine Learning: Lecture 17 32



IE5I5E

Experience Replay
{307 ap,To, Sl}

> {Slaal,rlas2}

{ISt, at“Tt, 3t+1]

{s2,a2,72, 53} \
Q Network Target Network
Every T iterations copy Q network
weights into the target network. %% L. %] %% R %]

Train the Q Loss Function Target Q Value
network MSE St, at), q G =re + maxQ(s41,0)

Sample Data
}

Machine Learning: Lecture 17 33



The Algorithm

Algorithm 1 Deep Q-learning with Experience Replay

Initialize replay memory D to capacity N
Initialize action-value function Q with random weights
for episode=1,.... M
Initialize state s,
fort=1,....T

With probability € select a random action a, Sampling
otherwise select a; = max, O*(s;, a; 0)

Execute action a, and observe reward r; and state s,

Store transition (s, a;, 1, Si+1) in D

Sy < St4

Sample random minibatch of transitions (s, a;, 1y, Si+1) from D
Set y; = rj + y max, Q(s¢:1, a’; 0) if sy 1s non-terminal else r;
Perform a gradient descent step on (y; — O(sy, aj; 0))* | Training

end for
end for

Machine Learning: Lecture 17
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' v"'w"‘@"a @

Time for Coding

https://www.kaggle.com/code/dsxavier/dqn-openai-
gym-cartpole-with-pytorch

CartPole

balance a pole on a mHving cart

I
!

Machine Learning: Lecture 17 35



Reinforcement Learning Algorithms

-

~

/

Policy Learning

Find n(s)
Sample a ~ n(s)

~

Machine Learning: Lecture 17
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Policy Gradient: Key Idea

DOQN: Approximate a Q-function and use it to infer the

optimal policy 7*(s)
e Q(s, a;) =20 -
N

1> Qls,a) =3 » 5 n*(s) = argmax, Q(s, a)

.
Q(s,a3) =0

Policy Gradient: directly optimize the policy n(s)

P(aIQZ 0.9 -
% ]/’P(Clz‘ 0.1 = 1*(s) ~P(als)
T~ P(a3 —

State, s DNN

Machine Learning: Lecture 17 37



sRENILE

o KFIREARZMEZTTNRES .

_______________________________________________________________________________

A TE BinE
Sy 7 — — my(ayds,) error arg maxXy; 7 R; !

e Train:

e Estimate the parameters 6 in the my(als) network using
agent play experiences.
o Test:
e choose a ~ my(a | s).

Machine Learning: Lecture 17
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SIEFNF I BR

* Episode: run a policy ny until termination, record the
trajectory © = (sq, a;, 11, S, A, Fay. ooy ST, A7, I'p)-

(S1,a1,I1)

* The reward for 1 1s:

R(7) = rtyr t+1+72’" T, VT_t’" T

\_

T Is stochastic, therefore R(1) is
stochastic

Machine Learning: Lecture 17

39



HIEFNF I BR

o IRRATRER 7, Z1TAgentETEIG |, FRIEZSTIIL «1, @), ..,
™™ ~ 7o(als)

* The expected accumulated reward following the policy =

J() = B, R(x) = ZR(T)py(0)
e Our goal 1s to find # that maximize J(6). Vo J(6)

A

0— O+nVJO) | VO ]

Machine Learning: Lecture 17 40



HIEFNF I BR

ESEHERRBNEEE
VpJ(0) = ER@Vpy1) =% R(x) pylx) Z?pe ?i?

- ZTR(T) Po(t)Vlog pe(t) = E.yo[R()VIog py(T) ]
L 1 D, (I
= 2y ROVlog py(e?) = Ly BTy RO Vlog my (a,” Is;”)

!

T 1S a stochastic process wi 0
Pol0)=p(s ;)”e(aﬂs DP(sals1, apmy(aglsy)p(ssls,,a,). ..
) \/

deterministic and
assigned by the
environment

Machine Learning: Lecture 17 41



The Algorithm

KRASEEE17. 3 REINFORCEE X (Williams 1992)

KA : RIE L K Bny(als) it B AREXREFZTET A,

KB BB {(20,.., N},

TTE SRR . X T i KA B By 28 10);
Lot B T F AR A-Z0ERT (5,9, aD) 3T BOBE

log 7:9( (1)

(1))

2. A E—F WAL R R K KT 540 5% Z

(1))

Vglogmg | a ( (1)

3. K it H e B R UL — I E,

. R(tD),

PN E A E LA G E

MEEF: ER I E e R e E R S A
0 — 0+nVyJ(O)

BEEHBIZ3, HI|FEBRIY

Machine Learning: Lecture 17
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TIME for Coding

Tutorial: CartPole

balance a pole on a moving cart

https://www.kaggle.com/code/abedsultan/cartpole-balance-with-reinforce-policy-
gradient-rl

Machine Learning: Lecture 17 43



‘B FIE R B EA ctor-Critic
s BIERIEFEIMEES

Actor: predicts the action at under each state s,

Critic: estimates the long-term return E(R,|s.a,) for the actor

N il F b7 |
’ = 5 ' ERs: . i
| Szl j% Po(aysy) | «+—— =(Q’:|(itt CC:)) ISti
T . 5 T o
/# R (actor) 48 K (critic)
UM =1 ML ENENME

Machine Learning: Lecture 17 44



YIIE5K A ctor-Critic

5% (B 175) R &

Policy Gradient: J__, ((9) =2 Rlog ne(at|st)

|

Actor-critic: S (0) =2, Q(s,, a)log my(ayls,) Q Actor-Critic
Q(sy, a;) have large values
Let’s subtract its average, V(s

Jact (‘9) - 2t [Q(Sta at)'V(St) ]IOg ”e(at|5t) TD Actor-Critic
Vvimms

Machine Learning: Lecture 17 45



Advantage Function (£ %% %)

SIANUERZEL , TR ERXS NI FRUEE -
A™(s,a) = Q™ (s,a) — V™(s)
. A"(s,a) > 0, #LAAIEatb-F3HK-F4F, A “IF
27, AfFEE) CEhmig 1 BEER) ,

. A™(s,a) < 0, BLEASIEatb-F3HKTF £, Si%E L
(FARZANAE IR

FTHI B PREREL -

V@](H) = ET~TL'9

T
Z Vg logmg (at|s¢)A™ (s, ar)

t=0

Machine Learning: Lecture 17 46



IRSEFITDIR

y iﬁﬁ-ﬁﬁliﬁm 2B T Agent{EMERE IR STE UL Bt
2.

de
score(state)

Vr(s) KR V(s) B/
. Temporal-difference error

Vi(sy) = ;‘ + W”(fm)

smaller variance may be biased

0=1+YWSy) - Vi(s)

Machine Learning: Lecture 17 47



AIFEESRESCRB R

Actor: AERISEE | FHEAZRRIIRIRATDIRE

J(0) =L [0(s,, a)-V(s) Jlog my(ayls) gmffp24812% (TD Error, 8,)

eI R R EA™ (s, a) I —
=X [rtpV(s,)-V(sy) llog my(ays,) /hﬂﬁ?)%q'ﬁﬁ- ! S

TDIRZE &
VJ (0) =%, b, Vlog my(ays,)

Critic: Z&{L1Q-learning /F{E[A]!3
L(p | D) =Essy-nlll (" +yV(s”s ) = Vis; @)II°]

l7gotL=IE(S,r,S’)~D(r + V(s (Pold)_V(S:'(Pz))V(ptV(S"(Pt)
\

)

fixed, old V-target

Machine Learning: Lecture 17 48



The Algorithm

HETFUBREEIActor-CriticEi% ( A2C)

1. 4% Hactor P 25 my(a|s) e critic 4 25V (s)

2. for episode =1 to M do:

3. MAIEREAERSs,

for t=0 to T do:
Actor iR 4 % A 3K B K A I AT 51 1Fa~my(als,)
P35 3R [8] BB 2 e T — B 2K ASsy
T HTD H #7(Target): y, = 1+ YV (Sg41)
i #TDix Z(Advantage): 8=y,-V¢(s¢)
¥ HreriticZ Ko (/MM 7 1% £): min,, 52
¥ Fractor 240 (1 E L 7): 00+ nVylog[my(as,)]-ot
St€St+
end for
end for

X N0k

Machine Learning: Lecture 17
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BILFISKIESIRE

Machine Learning: Lecture 17
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LLM AgentfiMDPigE

an BE:

R |

RPAT 2

o= o =
IRIg=

ANE

AR IR SO r=+1
R R UK =1

&

L

L iz J
F %%APTHE% j

J:

st
LLMIZREEES

5= OHE 7 5, B 8 -TF3L,
HEALSTUA

Tl Q. EW EEH RS

X148 1 S
IRV}

| fFa: | LLMSTHOIRIE

— eaEm - T2EA
Tl

ap: I R SAPT C “ big” )

ar: AR “4RRAH

({ 0K )

n
>

N

|

| (s 5] J

7
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Phasel: Create a Reward Model

LLM
finetuned
In stepl

&
Exmai’hemoon Sample prompt

landing to a 6 year old

(A (&)
Collect model responses
o e
) ES ) B
v
@ Human ranks | Time & labor
responses intensive
0-0-0-0 4
\J

RM

A, Train reward model

Y (Another LLM)
0-6-0-0

Machine Learning: Lecture 17 52



Phase2: Finetuning via RL

rrompts betese! Finetune the SFT model using RL
based on the reward scores from the
reward model.

x: A dogis...
N\ /" Tuned Language )
Initial Language Model Model (RL Policy)
Reinforcement Learning
Update (e.g. PPO)
%
6« 60+ VoJ(0)
N
PO®® RLHF ~ ®®®® Reward (Preference)
BaseText o0 ®® Tuned Text ®®®® Model
y: a furry mammal y: man’s best friend > 2 g O§O \O -
N S 2
\ \X\</ 4 “ \O @’
= 3 l
— ML Dk (7ppo (¥]2) || Thase(y]z)) Sy
V4
KL prediction shift penalty
ro(y|z)
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Proximal Policy Optimization (PPO)

Proposed by OpenAl in 2017

Actor-Critic

PPO

/ B> \

o 2 % B
F | g | = o
o AMBTHLE]: Frak R

o HFIETT VAT ]
o T HRIEH]HTE F ek

. \ R 34k j

Machine Learning: Lecture 17
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Proximal Policy Optimization (PPO)

1. BRSNS
71 NTE R &y 4(als), B2 B AR B 1B SR eg R SR it 44 3R

2. $RIESREZIIFT -
AN S / ro> 1 AEN T IF SR NE, 7 5 e
(8) mg(az|se) %@ﬁﬁﬂ:z’quvgst—l:%ﬂﬂij
g B Ato

T[Q()ld (at |St)

3] AARIZ B AR 4 s (a0
LEP1(8) = Eq[r(8)A] | B AMLAMRAE Lr A8 K
T SR A ) % 1 )

3. &Rt El -

LCMP(9) = E¢[min(r.(8)A,, elip(r:(0),1 — €,1 + €)A,)]

clip (x, min, max) J& — N BTEARAE, HRATI4 A BxlBITE[1 — 6,1 + €]
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Proximal Policy Optimization (PPO)

le, Sts
L[ RERmER) e
EI("* Tgoia(@ls)
i — Bl
HiEsE 24 o s .
= i W B 4V,
' |
, > Jopo(6)
T =
S Actor 1(0) %
| G Hﬂuﬂﬂﬂﬂu t
— ne(als)
E—
O
S,ay, I, Sts S
{svau oSt t@ V(s) )
Sur | PR T A
» L1p
W% R ATV L
Machine Learning: Lecture 17 56




PPOHZLRIE

A7 48 o mg(als) A critic P 25V )
for 1=1 to K do:

/I x4 W & B B
RAF 4’ B Actor 5K # 5 4 0,40

R 1B g, RS E AT %, R EAEEE s, a1, 520 s
{8 A Critic 1 4 V()11 5 5 #3801 40 B AR O 0 70 60 25 B BB B 1EA, o

/] P 4 BT O B
for epoch =1 to N do:

MW AR FRAALITEL, X4 4 #& T4~/ k& (Mini-batch).
X 4N HEB= {5,818 } AT

S A _ ﬂe(at|5t)
IRARLE ) = s
1t 5 Actor i & T 5 P BRI 40«
LActor(g) = ] Z min(rA,, clip(r, 1 — €, 1 + €)A,)
it S CriticBy M E 1 K (7 1% £):

LCritic(¢) = I_:’)IZ (r + YV (Sts1) — Vg (St))z

ST, ar, I} o

T L A R A LLACOT(0) B H70; AT A TS ML LTS () F g,

end for

LI LUL

Machine Learning: Lecture 17
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GRPO

PPO

-

-

~

RIS

T2 Y %C0ritic

FE4A A X SR B 4L (Group Relative Policy Optimization)

GRPO

~

/ RIS

IR K&Critic
(AR %) , B
“EfLA N LAY AR T EE

[ 26 1P 45 K SR

/

57 R SR 2

N /

Machine Learning: Lecture 17
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