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Recap: Policy Gradiant (REINFORCE)
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Recap: Policy Gradient

Vo J(0) = Er r, [R(7) Vglogmg(a; | se)]
Remind this:

~ Z r(t) Vglogmgy(as | s¢)

t=0

1. Sample trajectory t¢ from my (a, | s;)

-

2. Monte Carlo Estimation

Vo J(0) = _ZZVQ logﬂe(azt | Slt) Glt

=1t=
,where G;; = Z T(Sik, Ai k)

@ k=t

3. Gradient Ascent: § < 0 + aVyJ(0)
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Recap: REINFORCE

REINFORCE climbs the objective surface using stochastic gradient ascent.

i X T Maximize:
VoJ(0) ~ N > Y Vologme(aislsit)Giy O
i=1 t=1

J(0) = Err, [R(7)]

J(6)
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Why is this Problematic

: ; Entire Trajectory Return
1. Sample trajectory t! from mg(a; | s;) Required k])e foreyUp date!

@ (All actions receive the

same total return.
2. Monte Carlo Estimation )

Vo J(0) = szve log g (@i | Slt)

=1t=
T

@ ,Where|G; s = z r(Six Qi k)

k=t

3. Gradient Ascent: § < 6 + aVyJ(0)

High variance + Slow learning
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The Direction to Tackle REINFORCE

Same State-Action (s, a) — Different Trajectory Returns R(t) — Noisy Gradient Estimate

p— Sampled Trajectories .. .

(Same s¢, ay)

......... Trajectory 1

Trajectory 2

— a - TOI rlr ") R(‘T)= 5
Trajectory 3

el R s R3) =18

Trajectory 4

Different Returns R(t,)
— High Variance!

,‘ Gradient Estimate |

V,log m,(als) | R(;)

Noisy Gradients
(High Variance)

p— | riEffect on Update .. .

0 < 0+ avj(H)

Actual Update
(Average)

Unstable Direction!

— Slow & Inefficient Learning

Solution: Reduce Variance using Baseline V(s) = Advantage A(s,a) = R(t)-V(s)
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Actor-Critic Algorithm
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Can We Learn Step by Step?

1. Sample trajectory t* from gy (a, | s¢)

: Can we learn step by step?

2. Monte Carlo Estimation

Ve J(0) ~ —ZZ Vo logmg(a;, | s; t)

=1t=
T

; ,Where|G; ; = z r(Sik Qi k)

k=t
< @'

<.'.L'.>
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3. Gradient Ascent: 8 < 8 + aVyJ(0)

Git =1+ VYV (St41)




Introducing Actor-Critic Algorithm

Please tell me how good is

the policy is at an earlier stage?
He, my name is
Ms. Critic.
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will give you score
in every step!
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Bridge to Actor-Critic: Policy Gradient Theorem (Sutton, 1999)

N T
1
Vo J(0) = N 2 Vo logmg(aie | sit) Giy
i=1t=1 T
,Where G;; = Z r(Sikr Qi k)
k=t Replace

In REINFORCE, we approximate the action-value

function using the full return G;.

Q (Si,t ) ai,t)

According to the Policy Gradient Theorem,

the Monte Carlo return G; can be replaced by Approximation

the true action-value function Q™ (s, a;).

Q" (spe,ait)
Policy Gradient Theorem: Sutton et al., 1999.

https://proceedings.neurips.cc/paper files/paper/1999
/file/464d828b85b0bed98e80ade0a5c43b0f-Paper.pdf
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How to compute Q-value?

=2

T
1
Vo J(0) = N Z Vglogmg(a;; | Si¢) Git

t=

Il
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Vg J(0) = Vg logmg(a, | Si,t)[@ (Sit,Qir) }

How to get

action-value ,g
function Q? Go

y———— >
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Baseline Structure of Actor-Critic

Policy Net Critic Net

T
Z Vg log [ﬂe (ai,t | Si,t)} [@ (Sit ai,t)}

t=1

1
Vg J(6) ~N

l

N
=1
How to get action-value function Q?

Using another neural network
to approximate value function called Critic.
(That's why we call this network as "Actor-Critic")

Using Critic network, we can &
update NN step by step.
One more thing! -

We can introduce "Bias" ~ E

' L = E o T\ St At )|Si,t, At
REINFFORCE: low bias, variance: very high Qz, , 6[ ( ’ )] Lt ]
Actor-Critic: increase little bias, but reduce variance a lot t'=t
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Possible Critic Architectures

w:params of Critic

ﬁate—VaIue Function Critia Action-Value Function Ciritic Action-Value Function Critic

V(s;w) Q(s,a;w) Q(s,a;;w) -+ Q(s, ap; w)

i ! Pt

w w w w
\\ S / S a S
v' Simple v Exact Action-Value v" Exact Action-Value
v" Suitable for v" No need advantage v" DQN style
continuous actions | v~ Difficult to optimize in v" Proper to discrete
continuous action spaces action

In most modern Actor—Critic methods such as A2C and PPO, we use a value-function critic V(s).
The Q-function critic is mainly used in deterministic or continuous-action methods.
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Basic Architecture of Actor—Critic

Policy Net \' / Critic Net

N T
1 " .
Vo J(O) % ) ) Vo log[ne(ai,t | si,tﬂ[ v<st>} or (s, @)

= tﬂ//
ST MANS

T
Qit = Y Enolr(se,ar)]sis,ai]

t'=t

N\ \
X ‘zzg:”’ ‘\v Output
RS Approximate expected

g\ ™ future return!

Hidden Layers
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Advanced Actor-Critic (A2C)
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Idea of Baseline

Policy Gradiant

Vo J(0) = Erep, [V logmg(a; | s¢) Gy |
/ \

Randomness 1: Randomness 2:
Random Sampling Return: Highly Noisy

N/ This produces high variance!

Let's subtract "baseline” from G; to reduce variance

Vo J(8) = Errg [Ve log g (ay | St)(Gt — b(St))]
,Where b(s;) = V(s;)

Advantage: A(s;, a;) = Gy — V(sg)
Bridge to Advantage Actor-Critic!
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Again, Remind "Structure of Actor-Critic"

Policy Net Critic Net
1 N T
N\~
Ve J(0) = — E Volog mg(ais | sic) |A(Sie,aie)| — \/“MA\
N D b \N
i=1t=1 Inputs Q;\“)’é‘i’\»’\ Outputs
A
\\V//\\ Output Layer
This objective has lower variance but

Introduces bias compared to REINFORCE
due to TD bootstrapping.

Can we also subtract a baseline

to reduce the variance?

[m
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Idea of Baseline

Policy Gradiant

Vo J(0) = Erp,, [V logmg(a; | s¢) Gy |
/ \

Let Randomness 1: Randomness 2:
Random Sampling Return: Highly Noisy

X =Vglogmg(a; | s
6108 9( ¢ | t) This produces high variance
_— Gt then Var( XY) since trajectory stochastic.

If Var(Y) is high, Var(XY) become higher

>

Let's subtract "baseline b(s;) = V(s;)" from G, to reduce variance

Vg J(6) = Er~n9 [VH logmg(ay | St)(Gt — b(St))]

The resu%t. _ But why does the expected value remain
Expectation is even if Baseline is subtracted?
unchanged! (Go to next slide for more details.)
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Why Expected Value remains unchanged?

YICE [Er~n9 [VH logmy(a; | St)(Gt — b(St))]

,Where b is baseline

Errg [Vg logmg(a; | s)b(se)] =0
Because

Ex-ry [Vo l0g o (ac | 50)] = 0

Go to next slide for more details.
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Why Expected Value remains unchanged? (cont.)

Recap: log derivation trick!
Vomg(a; | s¢)
g (ac | St) Substitute

Vg logmg(a; | s¢) =

Just apply log derivation trick!

Erno [Vglogmg(a; | s¢)] = z mg(ae | s¢) [Veﬂe log(a, | St)}

a

Vomg(a; | s¢)
= mg(a; | s¢)

mg(a¢ | s¢)

[m

Ao #Lf Zol | =74 I | Hongik University
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Why Expected Value remains unchanged? (cont.)

]ET’VTL'_Q [VQ log Ttg (at | St)] =0

Since Policy is a probability distribution,

Eﬂe(at |s¢) =1

a

If both sides are differentiated by 6,

VQan(at|St)=V01=O > zveﬂe(at|5t)zo
a

a

Finally, we get E,.; ¢[Vglogmg(a;|s:)] =0
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The Role of Baseline?

Why is the variance reduced if we apply baseline?
PIC)E E; 70 [Ve logmy(a; | St)(Gt — b(St))]

,Where b is baseline

In Statistics, if subtract Mean from a random variable,
the variance is minimized!

E[G,V(log r)?
The optimal baseline:  b*(s) = [E[;(l(ogi)z]]
Approximation of baseline: V(s)
what we want know: But why?

=>» How much better than average
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BaselineO| expectation= HHEX| 2
- Variance Minimization =X £ Hgt

Variance Analysis of Baseline

Let simplify Policy Gradient Estimator as
g =XY
,Where X = Vglogmg(als),Y = (G; — b)

We want to minimize the variance of g, i.e., Var(g)

Elg] = E[Vg logmg(als) (G — b)]
Since we proved

p— Vo logmg(als) =0
Elg] = E[Vg logmg(als)G;] — E[Vglogmg(als)b] o logm(als)

The expected value is independent of baseline!

The definition of variance

E[g?] = E[(X(G, — b))?]

Var(g) = ~ ([Elg])? — E[X%(G, — b)?]

Variance minimization is reduced to
the problem of minimizing E[g?].

23 AZEQ0 O 29 | 7|4 W= | Hongik University




Deriving the Optimal Baseline

We want to minimize f(b)

f(b) = E[X*(G, — b)]

Differentiate f(b) regarding b:

af _

— = EIX?-2(b = G)]

Since it has to be zero
from the optimum point:

E[X?(b—G,)] =0

~~

bE[X?] = E[X2G,]

24

Therefore,
_ E[X?G]
") =
_ E[G,V(logm)?]
E[V(logm)?]

Mathematically possible,

Final approximation as:

b*(s) = b(s)
= E[G¢|s]
=V(s)
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Why is the variance reduced?

Vo J(0) = Err 6 [Vg logmg(a; | s¢) G |

.

Vg J(O) = Err g [Ve logmg(ay | St)(Gt — b(St))]

, : : | See previous slide:
We're not just subtracting the average! bE[X?] = E[X2G,]

We're subtracting a weighted mean of returns, weighted by X?!

Variance®| G 3| 2|o{ots MEZSEQ ¢ £ Q01| B
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Moving to Practical Implementation
(Advantage A2C)
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The role of components in A2C

The Objective can be modified for exploiting bias

z2 #sovp

—
[=]

Vo J(0) = N z Z Vg log al,t | Si,t) Q(Si,t ) ai,t)

\’—‘/ i=1t=
1 o — B RO Y0it O Z2 WEATL?
Vo J(©) =~ > > Volog mo(ase | sic) (Q(sic,aie) = V(siy))

i=1t=1

— Q" (s¢,at) = Z Er, [7(Ser g St al
How good the action we take from current state.

_< VT[(St) — ]Eat~n6(at|5t) [Qn(st) a’t)]

The average return when other agent face the same state.

— A"(se,ap) = QT (se,ar) —VT(se)
Advantage Function: reflecting how good action we have taken

compared to other candidates.
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Monte Carlo g4l

« Oj2§ TH| trajectory HR
Qn(st ) at) - Z IETL’@ [T(St,, at/) |St; at] *  episode Jl7r7?7§|cr(c))1|yout Ze

variance O $

How good the action we take from current state.

Vs

Q = immediate reward

+ future rewards V(St+1)
Q"(st,ar) =7r(spap) + z Er, [7(Ser Az St acl
t'=t+1
T
0 = IE[T(S,:’; atr) | 5¢, ;]
7 t+1
t'=t
o
@
()
@

V(st+1)
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Approximating the Action-Value Function

T
Q"(s¢,ap) =7(sp,ar) + Z Eﬂg[r(stn ac)|se, ael

t'=t+1

Since Eqr|Q"(S¢41,a)]

Q™ (st ae) =7(sp,ar) +yV(Sesq)

Bellman Equation

By approximation

Q" (s¢,ar) = r(se,ar) + vV (Sp41)
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Formulate Advantage

Q"(s¢,ar) =r(sg,ar) + vV (Seeq1)

AT (s¢,ar) = Q™ (s¢,ar) — VT(se)

By applying TD (Time Difference)

A" (s¢,a) = r(sg,ar) +yVTH(Ser1) — VT (se)

Derive TD error

6; = r(s,ap) + YV (se41) = V(st)

6y = A(sy,ag)
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Vanilla A2C does not explicitly learn a full Q-function

Q™ (s¢,ar) =1(se,ar) +

Q = immediate reward
+ future rewards

A" (s¢,ar) = 1(se,an) + VT(Sp41) —VT(St)

Actor-Critic does

4 I
T
z Er, [7(Ser, a)|Ser acl
t'=t+1
\ %

learn Q-function.

V(st+1)

We can just fit value function using TD error!
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Critic Net Training - Approach 1. Monte Carlo Evaluation

T

T
V7(sy) = z E[r(s,, a.r) | sg,ar] = z r(Ser, agr)

t'=t t'=t

Compute the loss

Generate multiple trajectories
by supervised regression

(Train Dataset)

T
1 ~
Sit 2 r(Si,t’» ai,t') L(¢) = Ez”ch(sl’) — yi”2
t’=t _ L

Vit CriticE A=
N supervised learningX & st&
AH| trajectory Z7HX| rollout SHA] P SR

returne label2 MM

AZEQ0 O 29 | 7|4 W= | Hongik University
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Critic Net Training - Approach 2. TD Evaluation

T
yi,t — Z IETL'Q [T(St’;at’) | St; at]

t'=t

~ r(sinaie) VT (Sier1) = r(Sie aie) + qubr(si,t+1)

critic A&l FE L2 2 bootstrap

Generate multiple trajectories Compute the loss
(Train Dataset) by supervised regression
(71T 1 ~ 2
(si,t 7 (Sie0 i) + Vg (si,t+1)) L($) = EZHVC;;(SL.) _—
Vit i

Oj2f S 7HK| 2X] 21

S criticO| O[2HE T4 Ol =
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A2C Algorithm

1. Take an action, then get one-step experience (s, a,s’, r)

2. Fit Value Function (Critic TD loss — Train Critic Net)

1 ()T 2 N
L(¢p) = §Z”V¢ (si) — Yi” ,where y; =1, +yV3 (s¢41)
[

3. Evaluate Advantage Function

A™(s¢,a;) = r(sp,a) + VV(;)T(St+1) — Véf(st)

4. Compute Policy Gradient (Actor Update)
Vg ] () = Vglogmy(als)A™ (s, a)

5. Update Policy Parameters
0«6+ aVyj(8)
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Overall A2C Architecture

state

r = Policy
Actor
TD
Critic error
Value
; Function
,/' A
reward

state

|

35

|

Vo J(6)
~ Vg logmg(a|s)A™ (s, a)

action

A" (s¢, at)
~ 1(Se, ap) + ¥V (Se1) — Vg (St)

[ Environment )<_J
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Network Architectures

hidden layer 1 hidden layer 2 hidden layer 3

input layer

é’ = AN
. . SRR ;, .\“ ‘, f'. — )9‘
B Two possible NN Architecures: '.,\,f\(%%:%?:% S0
X o N £ %

2 S 258X
O «\\5‘3.»" Y 1’:’ .‘4’*‘-"3’?,20@ = 2R
S = s 2 5 - Ze
e SNVAZS /
)ﬁ\\\\\\// \\5;\\ = K\tz

hidden layers

Q0O
& R g ~_ output layer
b o N Ny 4 v / \

/

r/

X
XA /

K
le’e
X AT HK

- Seperate [Policy] &‘ Critic ’NN

X

+ More Params input layer .

* More Stable in Training

\
\

STelelelele

Value Head

I i——»@ Value (V)

Input
(State) Conv/ FC Conv/ FC Conv / FC
Layer 1 Layer 2 Layer 3

-0

- Two-head Network

- Share Features

=\

- Less Params

E e N ey

Action
Probabilities (7r)

- Hard to find good coefficient

®— a

to balance Actor & Critic loss [ p—

o o ol S B S e, (e e
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AlphaGo: Seperate Network Architecture

B Monte Carlo Tree Search (MCTS) with Actor-Critic Algorithm

Training
)

[
Lightweight
policy used for
fast simulations
during MCTS.

A supervised learning
policy trained on human
expert games to imitate
strong moves.

A policy fine-tuned
through self-play using
policy gradient to surpass
human performance.

Rollout policy| | SL policy network| |RL policy network || Value network

P

=0t H 9| rollout

Po pp Vg
At7| Apl b Al &

=

Y10M38U |RINaN

’ ,0 —
OIZF T2 J|A} - -
i N policy gradient
7|20/ g%t N
X|Eahs 28l

ele(

Human expert positions Self-play positions

37

|
A network that predicts

the win probability of a
state to replace rollouts
and accelerate MCTS.

Policy network Value network

Pgp (als)

Critic
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AlphaGo Zero: Architecture

o &M nH WX (ETHA] ) HEH
NgE2sE N2 LHE

Bl Monte Carlo Tree Search (MCTS) with Actor-Critic Algorithm

B Shared ResNet Architecture

v" Remove human data, only self-play

4 s1
S| HhS
FEf
—
/
Shared
Network

Dtz 47t 30t
Hol=®E
||-II|I lll--l |III|I
D;: X SEfoM XF
Ussot) o T Tta 3
_‘ \, Z

updated after MCPS

38
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CH

Shared ResNet

\

7x7 conv, 64, /2

pool, /2

¥

3x3 conv, 64

3x3 conv, 64
¥

3x3 conv, 64

3x3 conv, 64
\ 2
3x3 conv, 64

3x3 conv, 128, /2
3x3 conv, 128, /2

3x3 conv, 128

!
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AlphaGo Zero: MCPS

oIl LEOM O dsS 18 O,
s prior p(als)= "

T o
- 237K BEE S

3. Backup (% m})
leafOl M ¥ L2 value vE FENX| ElE2 ELHEHA

- 2 WSO Et 7HK| @2 YE NS YHOIE

2. Expansion (&

II-)
= O

OfZl 53| SHRtE|X| U2 M LE =25
cAZILOE T LEQ| pyE OEBA EE

Selection

+u(P) d ma% Q + u(P)
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Problem in A2C: Correlation Issue

Structural Limitation

1. Take action, then get one-step experience (s,a,s’,r) POliCy Gradient algorithm is on-
2. Fit Value Function policy algorithm so that we
100 , cannot use replay buffer to solve
L(¢) = _z 77 (s;) — ; o
2 2 : ” ¢ (s1) y‘” correlation issue.

3. Evaluate Advantage Function ,
) _ (s,a,s’,7)
A" (s, a0) = r(sp, ) +yVg (Se41) — Vg (s¢) _ _
It is generated continuously.
4. Compute Policy Gradient (Actor Update)
Vg ](8) = Vylogmy(a|s)A™ (s, a) St ™ St+1 7 St42 7
5. Update Policy Parameters

0« 0+avVyj®)

[t will break i.i.d. assumption of SGD.

All training results will be collapsed.
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Solutions over Correlation Issue in Actor-Critic

Mini-batch Trajectory Update (A2¢) Parallel Environments (A3C)

« Collect multiple rollouts « Generate experience from multiple

« Perform minibatch-like updates environments simultaneously
instead of single-step updates * Reduce temporal correlation

between samples

PPO / TRPO GAE (Generalized Advantage Estimation)
« Stabilize policy updates « Reduce variance of advantage
« Prevent large, destructive policy estimates

shifts * multi-step TD

« exponentially weighted estimation

41 ATEQOf 20 22| | 7|4 W= | Hongik University




A3C (Google, 2016)

A3C (Asynchronous Advantage Actor-Critic Algorithm)
Why A3C introduced?

« Sequential Data — Strong Correlation

St 7 St+1 7 St+2 77

« On-policy — Difficulty of Replay Buffer (unlike DQN)

« Slow & Unstable Learning

« Solution:

"Asynchronous Methods for Deep Reinforcement Learning"
Mnih et al., Google DeepMind, ICML 2016
Paper link: https://arxiv.org/abs/1602.01783
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https://arxiv.org/abs/1602.01783
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A3C — Core Idea

Global Network

Core ldea:

 Instead of learning sequentially in a single environment, M

multiple environments are run in parallel.

Each worker: / f \ \

« Asynchronously updates a shared global Worker 1 Worker 2 Worker 3 Worker n
network | ] | |

« (Collects rollouts from its own environment

« Computes local gradients

How to Solve the Strong Correlation:

« Experiences are collected from different environments v Closer to the iid. Assumption

« Each environment has a different state distribution v No Need of Replay Buffer

« Each worker generates independent trajectories
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Applying n — step bootstrapping instead of 1-step
Ry =1 + ¥Tewr + V211 + o + YV (Spin)

Multiple Independent Workers

I\

Asynchronous Passion

Asynchronous
params updates

\

Global params u A%

M

ZtX} gradient A4t

~ A
H d

global params Z! ool E

— Lock-free async optimization!

SAl0= =4A, O2iLE GPU A[LHOf A

= = 1y

HiX| ZICIOIEOAM 2= =4 2

Pros Cons

[

More stable
Low Variance than Monte Carlo
Simple Implementation

v

v" Multi-core CPU Architecture
Inefficient GPU Batch Process due
to Asynchronous Passion

Ease of Parallelization
Able to Control Bias-variance Trade-off

AN NN
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Core Idea: OpenAl, Aug. 18th, 2017.

Blog link: https://openai.com/index/openai-
baselines-acktr-a2c

v" All workers first collect rollouts.

v Then they perform a synchronized update together at once.

collect batch — update — repeat

Multiple Independent Workers

Global params
get(s,a,s’,r)<—| I I I

update § +— H.to. BN

get(s,a,s’,r)«—l I I I

U.pdate updatee I ..
simultaneously I I I l v Much more popular‘

in practical fields!
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A3C vs. A2C

A2C keeps the parallel exploration of A3C
but replaces asynchronous updates
with synchronized batch updates

for improved stability and GPU efficiency.

Asynchronous Advantage Actor-Critic &%

> GPU 81 oFEd =4 &

= Synchronous version &%t

= 0|Z &0 A A2C (Advantage Actor-
Critic) 2t 227 &

> UM o= A2C2t1 SFHH “Synchronous

A2C"E 20|t

A3C A2C \
7 4
Update Asynchronous Synchronous Qo
Stability MIfEO 2 noisy O A ’
GPU usage =& ==
- e E A A
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Applications

Solving Rubik’s Cube with a
Robot Hand: Uncut (OpenAl)

https://youtu.be/kVmpOuGtShk

47

Training bipedal robots to play soccer
using deep reinforce learning
(Google DeepMind)

https://www.youtube.com/shorts/xfsOgtcaNFM

Google DeepMind training bipedal
robots to play soccer using deep
reinforcement learning.
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Practical Concerns in A2C

"“The devil is hidden in the details” :

lo_(o

=

A3C / A2C:

v Each worker must save n-step I - Value
trajectory (history mgnt.) Sl _,I

v During forward step, . / Nor-spetis
intermediate state cache ' '\ y
required (cache impl.) Skl D

/ Spatial
v" GPU memory T + RAM usage T '—" state e
representation

(memory mgnt.)

Minimap
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