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Lecture 8
Deep Reinforcement Learning
& Advanced Q-Learning



Deepmind Deep Q-learning on Atari

[Mnih et al. Human-level control through deep reinforcement learning. Nature, 518(7540): 529-533, 2015]




Eye of agent: Deep learning

a powerful architecture for image analysis

differentiable
require a lot of samples to train

Convolution Pooling Convolution Pooling Fully Fully Output Predictions
Connected Connected

dog (0.01)
cat (0.04)
boat (0.94)
bird (0.02)




Deep reinforcement learning

= deep model + reinforcement learning:
deep model as the function approximation / policy model

How to fit deep neural networks?
stability?
data?

network structure?



Deep Q-Network

D Q N [Mnih ef al. Human-level control through deep reinforcement learning. Nature, 518(7540): 529-533, 2015]

- using €-greedy policy

store 1 million recent history (s,a,r,s’) in D

sample a mini-batch (32) from D

calculate Q-learning target =~

update CNN by minimizing the Bellman error (delayed update)

Z(T_Fﬂyn}?x@(slaal) _Qw(saa))Q_ |
DQN on Atari

learn to play from pixels

NNNNNNN

4 frames
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Deep Q-Network

effectiveness
Game V\!ith replay, _With replay, Wit_hout replay, V\_Iithout replay,
with target Q without target Q with target Q without target Q
Breakout 316.8 240.7 10.2 3.2
Enduro 1006.3 831.4 141.9 29.1
River Raid 7446.6 4102.8 2867.7 1453.0
Seaquest 2894 .4 822.6 1003.0 275.8
Space Invaders 1088.9 826.3 373.2 302.0



AlphaGo

A combination of tree search, deep neural networks
and reinforcement learning

ﬂ\@ P ﬂ ﬂ ﬂ'\
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/ \I p h a G O Policy network Value network

Py (@ls) vy (8)

policy network: a CNN output T(s,a) ki

value network: a CNN output V(s)

Feature # of planes  Description

Stone colour 3 Player stone / opponent stone / empty
Ones I A constant plane filled with 1
Turns since 8 How many turns since a move was played
Liberties 8 Number of liberties (empty adjacent points)
Capture size 8 How many opponent stones would be captured
Self-atari size 8 How many of own stones would be captured
Liberties after move 8 Number of liberties after this move is played
Ladder capture I  Whether a move at this point is a successful ladder capture
Ladder escape I  Whether a move at this point is a successful ladder escape
Sensibleness I  Whether a move is legal and does not fill its own eyes
Zeros I A constant plane filled with 0
|

Player color Whether current player is black




AlphaGo

policy network: initialization

supervised learning from human v.s. human data

Architecture Evaluation
Filters Symmetries Features Test accu- Trainaccu- Raw net AlphaGo Forward
racy % racy % wins % wins % time (ms)

128 1 48 54.6 57.0 36 53 2.8

192 1 48 55.4 58.0 50 50 4.8

256 1 48 55.9 59.1 67 55 7.1

256 2 48 56.5 59.8 67 38 13.9
256 4 48 56.9 60.2 69 14 27.6
256 8 48 57.0 60.4 69 5 55.3
192 1 4 47.6 51.4 25 15 4.8

192 1 12 54.7 57.1 30 34 4.8

192 1 20 54.7 57.2 38 40 4.8

192 8 4 492 53.2 24 2 36.8
192 8 12 55.7 58.3 32 3 36.8
192 8 20 55.8 58.4 42 3 36.8




AlphaGo

policy network: further improvement

reinforcement learning

4 environment A
Py, (@ls) P, (@ls)
a
> LT H
H ® :ﬂ.\/?‘? ‘ ‘
1?1 18%e:
S,I
<
an old policy
L a randomly picked policy in previous iterations )

ak.a. self-play
reward:

+1 -- win at terminate state
-1 -- loss at terminate state



AlphaGo

Mean squared error

value network: supervised learning from RL data

on expert games

| Fast rollout policy

1--- sL policy network
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Dueling network architecture

Q(s,a;0,0,6) = V(s;0,8) + A(s, a; 0, )

VALUE ADVANTAGE

VALUE ADVANTAGE



Dueling network architecture
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two versions of multi-solutions elimination:
Q(s,a;0,a,8) =V(s;0,8) + Q(s,a;0,0,8) =V (s;0,8) +
(A(sa,é’a)—maXA(s,a,H a)) (A(sa@oz —mZAs,a,9a>
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Dueling network architecture

Atlantis
Tennis

Space Invaders
Up and Down
Phoenix
Enduro
Chopper Command
Seaquest
Yars' Reven%e
Frostbite
Time Pilot
Asterix

Road Runner
Bank Heist
Krull

Ms. Pac-Man
Star Gunner
Surround
Double Dunk
River Raid
Venture

_ . Amidar
Fishing Derby
Q*Bert

Zaxxon

Ice Hockey
Crazy Climber
entipede
Defender
Name This Game
Battle Zone
Kung-Fu Master
Kangaroo
Alien
Berzerk
Boxing
Gopher
. Gravitar
Wizard Of Wor
Demon Attack
Asteroids
H.E.R.O.

Skiin
Pitfalll
Robotank

on

Montezuma's Revenge
Private Eye

Bowling

Tutankham

James Bond

Solaris

Beam Rider

Assault

~ Breakout

Video Pinball
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The overestimation problem of Q-learning

G S steps
reward:

S goal: +5

max (.5, a)

Number of steps Number of steps

non-goal: -12 or +10 randomly

Q
Double Q

F - -
10} \




The overestimation problem of Q-learning

ideally: Q" (s,a) = E[Zj_l rt|s, al
)y = 0, initial state
for =0, 1, ...

a = Te(s)

s’, r = do action a

¢ =a(s)

Q(s,a)+=a(r +vQ(s',a’) — Q(s,a))
w(s) = arg max Q(s,a)

s =8

end for

Qi11(8¢t, as) = Qi(st, at) + ae(se, ag) (Tt + 7 max Q¢ (st41,a) — Q¢(st, at))




Single estimator

pi(D) = |L1)—,.| ZdeD,- d
|D| = 2000, |D;| = 1000, | D»| = 1000, X;, Xo ~ N(0, 1)
B E{X;} =0,E{X} =0 = max; E{X;} =0
m If u1(D) = 0.01, up(D) = —0.01, then max; (D) = 0.01 > 0

average is an unbiased estimator of expectation
but max is not

E{max; nj(D)} > max; E{Xi}



Double estimator

m Double estimator divides the sample set D into two
disjoint subsets, DY and DY

m It uses
pa+ (D)
to estimate max; E{X;}, where a* € argmax; u¥(D)

Example: 2-arm bandit

ID| = 2000, | D;| = 1000, |Ds| = 1000, X; ~ A(0.01,1), Xo ~ N(0, 1)
IDY| = |DY'| = 500,|D5'| = | D | = 500

m If (D) = —0.01,u5(D) = 0, then max; (D) = 0,8 = 2
m E{uY(D)} = EX) < E{X)

m E{u) (D)} < max; E{X;} (underestimation)
m Double estimator is unbiased when the variables are i.i.d.



Double DQN

m It stores two Q functions, QY and QY, and uses two
separate subsets of experience samples to learn them

m Update rule of QY:
QY(s,a) + QY(s,a) + aY(s,a)[r +vQ" (s, a*) — QY(s, a)]

where a* < argmax, QY(s/, a)
m Underestimation of action values:

E{QY(s',a")} = E{Q(s,a")} < maxy E{Q(5, &)}

T T _— Q
10_f i \_ -~ Double Q

max (S, a)

Number of steps Number of steps



Variants

Q-learning [Watkins, PhD Thesis 1989]
Single estimator, overestimation

Double Q-learning [van Hasselt, NIPS 2010]
Double estimator, underestimation

Weighted double Q-learning [Zhang et al., IJCAI 2017]
Weighted double estimator, trade-off between overestimation and
underestimation

QU’WDE(S’, a*) _ BUQU(SI, a*) 4+ (1 . 6U)QV(3/, a*)
where
QV(s,a") — QY(s, a)|
c+|QY(s,a*) - QY(s, aL)l

Bias-corrected Q-learning [Lee and Powell, AAAI 2012]
Single estimator - a bias correction term

BY «

Weighted Q-learning [D’Eramo et al., ICML 2016]
Weighted estimator, a weighted mean of all the sample means
(normal distributions)



Variants

3 x 3 Grid World

-20 '
0 5000 10000
Number of actions
5 x b Grid World
10 '

0 5000 10000
Number of actions

4 x 4 Grid World

0 5000 10000
Number of actions

0 5000 10000
Number of actions



A state-of-the-art: REDQ

Algorithm 1 Randomized Ensembled Double Q-learning (REDQ)

1: Initialize policy parameters 6, N Q-function parameters ¢;, ¢ = 1,..., [N, empty replay buffer
D. Set target parameters @rarg ; < @5, fori =1,2,..., N
2: repeat

3 Take one action a; ~ my(-|s;). Observe reward r;, new state s; 1.
4 Add data to buffer: D <— DU {(s¢,a¢,7¢,S¢+1)}

5 for GG updates do

6: Sample a mini-batch B = {(s, a,r, s’)} from D

7: Sample a set M of M distinct indices from {1,2,..., N}

8 Compute the Q target y (same for all of the NV Q-functions):

v=r+7 (mia Q. (,8) —alogme @ | ), @ ~m(]9)

9: fori=1,...,Ndo
10: Update ¢; with gradient descent using
1 2
V¢® > (Qe(s,a) — )
(s,a,r,s’)EB
11: Update target networks with ¢targ i = PPrarg,i + (1 — p) @i
12: Update policy parameters 6 with gradient ascent using

N
Vors > (% > Qo (5:a0(s)) — alog <ae<s>|s>> () ~mol-| 9

[Xinyue Chen, Che Wang, Zijian Zhou, Keith Ross. Randomized Ensembled Double Q-Learning: Learning Fast without a Model. ICLR
2021]



Prioritized experience replay

In DQN, replay memory is key to stabilize training
many transitions have small errors, a few have large errors

D: (s,a,r,s’)
Prioritizing with TD-error

. 2
k 'k

where p; is the TD-error or its variants on sample ¢

Annealing weight on TD-error:

B
1 1
;= : with beta approaching 1 from O
v (N P(i)) PP o
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A solution to the prioritized exp. replay

min () = n(me)
s.t. Q= axgn;in E,[wi(s,a) - (Q-B*Qr_1)°(s,a)]
1 ,d™(s,a) . *
wi(s,a) = — ( (2 - mi(als)) exp (= |Qk - Q[ (5,0)) |Qk = B*Qi1| (5,0) + ex(5,0) )
Z p(s,a) J § N g N - R
@ T @ (d) () ()

® (d): Closer value estimation to oracle

® (a): Normalization term. [K t al., 2020]
umar et al., :

® (b): Importance sampling term

[Sinha et al., 2020]. ® (e): Higher hindsight Bellman error

[Kumar et al., 2020].

® (c): Less action probability. ° (f): E t
. Error term.

[Xuhui Liu, et al. Regret Minimization Experience Replay in Off-Policy Reinforcement Learning. NeurIPS 2021]



