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I Background

Problem: Exploration and Exploitation
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> higher immediate reward & local optimum

> sacrifice immediate reward & wider space
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I Classic exploration methods ParN.C

1.e-greedy : Select greedy action with probability of (1-¢)
Select action randomly with probability of €
¢ decreases with the increase of the agent step

2.Boltzmann distribution : Select action according to the Boltzmann distribution of Q-value (softmax)

, Int
3.Upper confidence bounds(UCB) : AtUCB:ngjX {Qﬁc N:l(a)}

N, (a) : The number of aciton a selected before time ¢

4. Thomson Sample : posterior sampling

(1)Set up Q-value distribution estimates for each action

(2)Sample randomly from each distribution to get Q-value,and select the action with
the maximum Q-value

(3)Update distribution parameters based on reward
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I Benefits of posterior sampling ParN.C

® The upper regret bound is reduced

Regret(T, M) = 2({{_1 Ear |V (s10) — ZhH:(} Tlh

® The randomness in posterior sampling could yield positive bias, which boosts optimistic behaviors

® the property of temporal extended exploration(deep exploration)



I Randomized least-squares value iteration (RLSVI) FEIFNP_E

Algorithm 2 RLSVI with greedy action
Input:|Features ®g,... Py _1]10>0, A>0

1: for(=0.1,..do

2:  Compute ém,..gé;ﬁ_l using Algorithm 1

3 Observe sy
4 for h=0....H—1do
5 Sample a;, €argmax, ¢ 4 (‘I)héih) (Sip,0x)
6: Observe 7y, and s; p+1
7
8
0:

end for
Observe r; g
end for

Stepl: Given initial value of 6 (1=0)

Step2: Q-value comes from ®8,and select action
with greedy strategy

Step3: Update 6 according to Bayesian regression
Step4: Repeat steps 2 and 3 for each episode
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Algorithm 1 Randomized Least-Squares Value Iteration
Input: Data ©¢(s;0.ai0),7i0,-Lr—1(Simr—1.0irr—1)."if:
i < L, Parameters A\ >0, >0
Olltpllt: ég[):..,égtg_l

1: forh=H—-1....1,0do

2:  Generate regression problem A€ R!*X  he RE:

[ Dy, (S0m,a0R) -‘
A+ )

|_ @y (81-1,1,01-1,1) J

b Tih +Mmax, (@h_,.lég__h_,_l) (sint1,c0) ifh<H-—1
' Tih 70 h41 ith=H-—1

3:  Bayesian linear regression for the value function

-1
O — (LQATAJFM) AT
a

a

-1
St (%ATAM\I)
a

4:  Sample O, ~ N(0;,,211,) from Gaussian posterior
5: end for
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I Bayesian Linear Regression PHFNP_E

conditions:y = <0*, x> +w”, w*va(O,afJ prior distribution po(e*) NN(E 02) Dataset D = {(:I:Z,yz)} N

PP

According to Bayes formula:

p(D107)po(8")
p(D)

Conjugate prior: For some likelihood functions, its prior and posterior have the same distribution

p(07|D) = = p(07|D) <p(D]0")py(0") = p(D|0") =p(Y]6",X) ~N(X0",02

Multi — dimensional gaussian distribution:

f(z) = %exp {—%(X—,u) Tyt (X—,u)}, 3: Covariance matrix
(2m) *[3)?

So we can assume that the distribution: p(0*|’D) ~N(,X)

For an ordinary multidimensional Gaussian distribution:

—%(X—,u) Ty (X —p) =- %(XTE1X—XT21,LL—MT21X—|—MT21,U,)
* * * 1 * * 1 * - * —
p(’D|9 )cxp(D\Q )po(e )mexp{—p(YT_e TXT>(Y—X9 )}exp{—ﬁ(ﬁ —Hp)T(e —QP)}

:exp{—ﬁ(YTY—G*TXTY—YTXH*—|—9*TXTX9*) — #(9*—51,)%0*—51,)}
w b

:exp{—#(YTY—a*TXTY—YTXQ*+9*TXTX9*) —2(0"-7,) T(e*—ép)}

w

:exp{—% (077 (0 2 XX +0,21)0"] + % 1077 (02X "Y +0,%0,) + (YT X0 2 +0,70,2)0"] -I—c}

Therefore =0 X"X+0,’T p=(cX"X+0,1)(c’X"Y +0,%0,)
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I Problem in extending to DRL PHFNP_E

Algorithm 2 RLSVI with greedy action

> Provided feature ® > |Input: Features @[):..?{PH_1;|O'>U, A>0

1: for[=0.1,.. do

2:  Compute ég[)?..,ég _H—1 using Algorithm 1

3 Observe s;

4. for h=0,...H—1do

5 Sample a;;, €argmax, ¢ 4 (‘I’héjgh) (sip,0x)
6: Observe 7y, and s; 41
7

8

9

end for
Observe r; g
- end for

Features @ Q
» The computational complexity

fixed p: Pp = Px_1 + d(rx)d(rk)’  with®g =0,
K K-1
changing ¢i: g := Z@K(xg)qb;{(xg)T, Dp_q = Z dx—1(ze)dr_1(zg) ",
=1

=1
Q Covariance matrix



I Hypermodel

0

|

X;——|  model

—’fG(Xt) ~ Yip

(a) base model

BIURAISHEITERFE

FAttern Recognition and NEuwral Computing

ParN_.C

hypermodel — 6 = g, (2)

l

Xt—l'

model

fgy(z)(Xt) ~ Y;,—l—l

(b) hypermodel

Theorem 1 Let p, be the unit Gaussian distribution in RE. Foralle > 0,8 >0, B> 0, and
probability measures |1 over Lo (X, B), there exists a transport map H from p, to p, a neural
network fo : X — R with a linear output node and ReLU hidden nodes, and a linear hypermodel
gy 2 Z +— RN such that

Hng(Z) - f*”OO <€,
with probability at least 1 — 6, for some v € RNv, where f* = H(2).

A linear hypermodel can represent essentially any distribution over functions



I HyperDQN

p(2)

random vector
z —
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ParN.C

E— Opredict = fl/ (Z)

fy : p(epredict )

value function

st§te Hidden Predict M Qe S a)
Layers Layer

¢9h1dden predlct

!

® in RLSVI 0 in RLSVI



I Loss function PEIFNP_E
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D)= [30)] ¥ (oo For@)’ + Z LI | @)

(e.5:€)€D o (® L
(c)
4.1)
2
: 2 O
I/I(Ié)l.lll /p(Z) [ Z (Qtarget(sla Z) + UwZTﬁ — Qprediction('sa a, Z)) + ; ny(Z)HZI (dz)a
»Vhidden ,J » (s,a’ragjsf)ep p
(4.2)
where
Qprediction(sa a, Z) — + Qé?hidden,fy (z) (Sa (I),
/ (4.3)
Qtarget(s ,Z) =7r—+ ’YH}?X -+ ] .
p(2):Gaussian distribution Generate x ~ N (0,])
¢:a random vector independently sampled from the unit hypersphere
o z" &is an artificial noise term exerted on the label y Normalize x
2
O-W

) H fo (2) H 2.3 regularization term
o
p
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I Theorem PEIFNP_E

2
L(viD) = p(z)[ (y+ 00T~ F (@)’ %ny(z)n?](dz),
/Z (:c,:s%eb h(;:’)_/ N ~- g \_1‘2’ ,

(b) ©)

@.1)

Assumption 1. Suppose the data generation follows y = z' 0* + w*, w* ~ N(0,02) and the prior
distribution over 0* is N'(0,,,021). Furthermore, assume the base model is linear; i.e., gy, (»)(x) =

z' f,(z) and gy,

prior

fu (Z) - Vw 2+ and ff"prior(z) — thurior—rz + Vgrior; V= (Vw; Vb) and Vprior = (Vipuﬁor’ Vl[))rior)-

(@) = a' f,,..(2). Moreover, assume the hypermodel is also linear, i.e.,

Theorem 1 (Formal statement). Under Assumption I, set vP"" = opl and ng”r = 6'_p. Let
v* = (v, v}) be the optimal solution of (4.1) conditioned on specific realizations of £ , then

0 := fupn(2) + fur (2) ~ N+ v, (W00 + ) T (VB + %)) with
V}grfr)r+ Vb* _ E{Q* ‘ ‘D}} (Vprzr)r+y )T(yprzr)r+ U ) — COV{Q* ‘ D} + err( )
where

L) * 1 *
err(Z) := Cov[0* | D] —~ > €T T + +— > (@ +¢&xT) | Cov[e* | D]
Y (28)#(2 £)ED TP (@ep

Furthermore, the error term satisfies Ez[err(Z)] = 0.
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I Noise choice PEIFNP_E

1.4 posterior sample
hypermodel(zT&)
1.21 hypermodel(w)

1.0 L.

0.6 ¥, WIS
¥ y >
0.4

0.2

0.0 r r - -
5.8 59 6.0 6.1 6.2 6.3

z-dependent noise Is indispensable
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I Algorithm PEIFNP_E

Algorithm 2 HyperDQN

1: agent step n < 0, train step ¢ < 0.
2. for episode £ =0,1,2,--- do

3: generate a random vector z ~ N (0, T). > Sampling
4: instantiate the ()-value function Qy(s, a, z).
5: for staget =0,1,2,--- ;T — 1 do > Interaction
6: observe state s;.
7: take the greedy action a < argmax, Qg (s¢, a, 2).
8: receive the next state s;11 and reward 7(s¢, a;).
9: sample ¢ uniformly from unit hypersphere.
10: store (s¢, at, 1, &, S¢+1) 1nto the replay butier D.
11: agent stepn <— n + 1.
12: if mod (agent step n, train frequency M) == 0 then > Update
13: sample a mini-batch D of (s, a,r, &, s") from the replay buffer D.
14: sample N random vectors z}: Z = {2/} ¥ ..
15: optimize v and Bpjggen Using the empirical loss function (A.6) with D and Z.
16: train step ¢ < ¢ + 1.
17: end if
18: if mod (train step ¢, target update frequency G) == 0 then
19: update the target network.
20: end if
21: end for
22: end for

D| | L >
) D e O e LR Iy Ol

1
‘Z‘ 265;-; ‘ (s,a,T,&,s’)Eﬁ

(A.6)
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I Experiment PEIFNP_E

Atari

Table 2: Comparison of algorithms on Atari in terms of the median over 49 games’ maximum
human-normalized scores. Note that the performance of DQN is based on 200M training frames
while other methods are based on 20M training frames.

DQN 200M) | OPIQ OB2I BootDQN NoisyNet HyperDQN

93% 37%  50% 82% 91% 110%
—— HyperDQN Q'bert
NoisyMNet —— HyperDQN
o —— BootDQN HyperDQN(with epsilon-greedy)
O 40% A - @ .
s} — 0B2I S 80w NoisyNet
w = [&] o
o — OPIQ \/ o —— BootDQN
N — DQN ) ¥ — OB2I
= N
E S OPIQ
S £ —— DQN
c ~r [@]
S <
® c
of J
£ 20% & 40%
- =0
- L
@ c
=] ©
s 3
/ - f- = p—
Y, = e
B ___ﬂ#———'_
0% 4 F— : : 09 et . : :
0 5 10 15 20 0 5 10 15 20

Frame (millions) Frame (millions)
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I Experiment PEIFNP_E

Su perM ari 9] B oS Table 3: Comparison of algorithms on SuperMarioBros in terms of the raw scores by the best policies
with 20M training frames.

DQN OPIQ OB2I BootDQN NoisyNet HyperDQN
SuperMarioBros-1-1 1,070 7,650 4,457 7,009 12,439 7,924
SuperMarioBros-1-2 2,883 5,515 4,695 5, 665 6, 347 8,267
SuperMarioBros-1-3 667 2,053 1,583 1,609 1, 587 6,047
SuperMarioBros-2-1 | 10,800 21,654 14,226 26,415 14,017 23,047
SuperMarioBros-2-2 813 1,630 1,588 1,092 1,808 1,984
SuperMarioBros-2-3 3,373 4,718 4,402 5, 108 6,490 9,980
SuperMarioBros-3-1 2,560 3,700 3,251 3,862 11,310 48. 385
SuperMarioBros-3-2 | 11,633 20,872 26, 508 20, 955 33,489 41,140
SuperMarioBros-3-3 1,007 2,440 3,009 2,650 5,886 5,H68
Deep Sea L2 3 LN " b
S % 1400 mmm BootDQN
! @ AN %1200
2 1000
2 ) _ ‘~'§300
v y T 600
3 ) k - = [ - % 100 I I
o ' 200
. < | .‘ 0 — | -. . .
— ) y -y 10 15 20 25 30

Deep Sea
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