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Exploration-Exploitation
in Reinforcement Learning
Part 3 — Scaling up Exploration to DeepRL
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Outline

Optimistic Exploration in Deep RL

Random Exploration in Deep RL

Website
https://rlgammazero.github.io
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https://rlgammazero.github.io

Exploration in DeepRL

these are easy

this is hard, almost impossible
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Why?

Random exploration sometimes work!

PONG GIF
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Montezuma with random actions!
Link
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https://www.dropbox.com/s/z31z40gnlw27xwf/MontezumaRevenge_random.mp4?dl=1

Montezuma's Revenge:

Graphical Game Solution

Montezuma's o B
Revenge T e

@ 1984 Parker Brothers
HPARKER BROTHERS
ATART® 2600™ s a registered
arar1® 2500™ trademark of the Atari
Solution: Level 1 . | Corporation

v B B
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The Four Ingredients Recipe

Build accurate estimators
Evaluate the uncertainty of the prediction
Define a mechanism to combine estimation and uncertainty

Execute the best policy
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The Four Ingredients Recipe

Optimism in face of uncertainty

Build accurate estimators
v

Evaluate the uncertainty of the estimators

By i(s,a) = {7‘\}1]‘.(5’.(1) — Bri(s,a), Thi(s,a) + Bri(s,a)

Bl(s,0) = {p([s,0) € AGS) + [Ip(ls,a) — (s ) | <

Define a mechanism to combine estimation and uncertainty

T
T = argmax max V;
T MeM; M

f;/{('&u)}
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The Four Ingredients Recipe

Posterior Sampling
Build accurate estimators

Evaluate the uncertainty of the estimators
VO, P(M* € ©|Hy, 1) = ue(©)  py updated using Bayes' rule
Define a mechanism to combine estimation and uncertainty

Tk = arg max Vj\l}k, My, ~
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“"Practical’ Limitations

Optimism in face of uncertainty

m Confidence intervals

B (s,a) o \/w Bt (s,a) o \/SIOg(Ntfs ,a)/9)

Ni(s,a)

= Solving

Ty = argmax max Vjy
T MeM,

Posterior sampling

m Posterior (dynamics for any state-action pair)
Dirichlet(Ny(s}|s, a), N¢(sh|s,a), ..., Ni(ss|s, a))

» Update/sample from a unstructured/non-conjugate posteriors
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History: Exploration in DeepRL
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Outline

Optimistic Exploration in Deep RL
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Count-based Exploration

General Scheme

Estimate a “proxy” for the number of visits N (s;)

Add an exploration bonus to the rewards

T =Tt =

N(st)

Run any DeepRL algorithm on Dy = {(s;,a;,7;, si+1) }
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Does it work?

No bonus With bonus
MONTEZUMA'S REVENGE
7000 .
6000 DoN
= optimistic
5000 Vi
o 4000
o
o 3000
bl 2000
1000
0
0 20 40 60 80 100

* figures from [Bellemare et al., 2016]
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What to Count?

We never see the same state twice (or it is very unlikely)!
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How difficult is to learn a state representation?
[Sun et al., 2019]

O0:V=627 O:V=614 A:V=617T A:V=616 V=44 OV =435
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How difficult is to learn a state representation?
[Sun et al., 2019]

<> I “%‘}& A

\’"’"’ .-.-,'..-;_._{_.'.
2 ot
s .v‘ 3
S, L & S
.O o,

O0:V=627 O:V=614 A:V=617T A:V=616 V=44 OV =435

facebook Artificia ntelligence Research Ghavamzadeh, Lazaric and Pirotta



Count-based Exploration
[Tang et al., 2017]

Algorithm 1: Count-based exploration through static hashing, using SimHash

1 Define state preprocessor g : S — RP

2 (In case of SimHash) Initialize A € R¥*P with entries drawn i.i.d. from the standard Gaussian
distribution A/(0,1)

3 Initialize a hash table with values n(-) =0

4 for each iteration j do

5 Collect a set of state-action samples { (S, am)}%=0 with policy 7

6 Compute hash codes through any LSH method, e.g., for SimHash, ¢(s,,) = sgn(Ag(sm))

7 Update the hash table counts Vi : 0 < m < M as n(¢(sp)) < n(P(sm)) + 1

)

M
Update the policy 7 using rewards {r(sm, am) + %} with any RL algorithm

m=0

m Use locality-sensitive hashing to discretize the input

® Encode the state into a k-dim vector by random project
small k& = more hash collisions

® Use the sign to discretize
small ¢(s) € {—1,1}"

m Count on discrete hashed-states
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Count-based Exploration
[Tang et al., 2017]

Algorithm 1: Count-based exploration through static hashing, using SimHash

1 Define state preprocessor g : S — RP

2 (In case of SimHash) Initialize A € R¥*P with entries drawn i.i.d. from the standard Gaussian
distribution A/(0,1)

3 Initialize a hash table with values n(-) =0

4 for each iteration j do

5 Collect a set of state-action samples { (S, am)}%=0 with policy 7

6 Compute hash codes through any LSH method, e.g., for SimHash, ¢(s,,) = sgn(Ag(sm))
7 Update the hash table counts Vi : 0 < m < M as n(¢(sp)) < n(P(sm)) + 1

)

M
Update the policy 7 using rewards {r(sm, am) + %} with any RL algorithm

m=0

m Use locality-sensitive hashing to discretize the input
® Encode the state into a k-dim vector by random project
small k& = more hash collisions
® Use the sign to discretize
small ¢(s) € {—1,1}"

m Count on discrete hashed-states

L) Difficult to define a good hashing function
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Count-based Exploration
[Tang et al., 2017]

Improve counts by learning a compression

% ) | ) @ x
96 x 11 x 11 96 x 10 x 10
96 x 24 x 24 96 x 24 x 24

1x 52 x 52 1 x 52 x 52 64 x 52 x 52

L(fsnh) = 3 [10gp(sa) = 3 2y min { (1 = bi(sa))? ,bi(sn)? }

= Entropy loss for the auto-encoder

= “Binarization” loss for the “projection”
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Count-based Exploration

[Tang et al., 2017]

Algorithm 2: Count-based exploration using learned hash codes

1 Define state preprocessor g : S — {0, 1}? as the binary code resulting from the autoencoder
(AE)
2 Initialize A € R**P with entries drawn i.i.d. from the standard Gaussian distribution A/(0, 1)
3 Initialize a hash table with values n(-) = 0
4 for each iteration j do
5 Collect a set of state-action samples {(s,,,, am)}f"l:[) with policy 7
Add the state samples {.s-,,,}f‘,{:[] to a FIFO replay pool R
if j mod jypdue = O then
Update the AE loss function in Eq. (3) using samples drawn from the replay pool
{sn}N_, ~ R, for example using stochastic gradient descent
9 Compute g(sy,) = [b(sm )], the D-dim rounded hash code for s,,, learned by the AE
10 Project g(s,,) to a lower dimension k via SimHash as ¢(s,,) = sgn(Ag(s.,))
11 Update the hash table counts Vm : 0 < m < M as n(¢(s,,)) < n(¢(sm)) + 1
M

RSN

12 Update the policy 7 using rewards {7'(3,,,,, am) + % } with any RL algorithm
mMeEm)) J =0

m Use all past history to update the AE

m AE should not be updated too often
we need stable codes!
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Count-based Exploration

[Tang et al., 2017]

10000,

19

= TRPO-AE-SimHash
PO

= TRPO-pixel-SimHash

o 00 700 300 700 500

(a) Freeway

w

00 200 300 700 500

(c) Gravitar

00 200 300

(d) Montezuma’s Revenge
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(f) Venture
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Count-based Exploration

[Bellemare et al., 2016, Ostrovski et al., 2017]

» Density estimation over a countable set X

pn(x) = p(z|z1,. .. 2n) = P[Xny1 = zlz1, ..., 2]

» Recording probability

o (@) = p(a|z1,. .., &0, 2) & P[Xypo =alz1,. .., 2n, Xng1 = ]
\_/ probability of x after
~ ~ bservin new r-
» Pseudo “local” and “total” counts N, (z) and N, (x) s.t. ?e:cey ofg; o
Nn(m) Nn<$) +1 / 7 Pn(x)(l - pl (x)) ~
— = ; —_— = = N = n =
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Count-based Exploration

[Bellemare et al., 2016, Ostrovski et al., 2017]

» Density estimation over a countable set X

pn(x) = p(z|z1,. .. 2n) = P[Xny1 = zlz1, ..., 2]

» Recording probability

o (@) = p(a|z1,. .., &0, 2) & P[Xypo =alz1,. .., 2n, Xng1 = ]
\_/ probability of x after
~ ~ bservin new r-
» Pseudo “local” and “total” counts N, (z) and N, (x) s.t. ?e:cey ofgla o
N (z) Na(@)+1 _ 5 pu(x)(1 = pr(2) _

) Any density estimation algorithm (accurate for images)
e.g., CTS [Bellemare et al., 2014] or PixelCNN [van den Oord et al., 2016]
) Density estimation in continuous spaces is hard
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Count-based Exploration

[Bellemare et al., 2016, Ostrovski et al., 2017]

periods without
200 salient events .
R
‘ °
w o
b= 150+ 0\)6
2 Qf,
8 \\oo —//‘/‘{‘/\
-$100- .
& 50 B " salient event
pseUdo_coun's
0 - | I

0 200 400 600
Frames (1000s)
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| |
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Count-based Exploration
Bellemare et al. [2016], Ostrovski et al. [2017]

Montezumal!
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https://youtu.be/0yI2wJ6F8r0

Prediction-based Exploration
Burda et al. [2019]

What we need is to know how accurate are our predictions.
uncertainty about the model parameters

proxy: prediction error

Sources of prediction errors
Amount of data &y
Stochasticity (e.g., noisy-TV) £}
Model misspecification £
Learning dynamics £
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Prediction-based Exploration
[Burda et al., 2019]

= Randomly initialize two instances of the same NN (target 6. and prediction ;)
fo. : S = R; fo:S—R

m Train the prediction network minimizing loss w.r.t. the target network
n 2
0, = arg meiH; (f@(st) - fe*(st))

m Build “intrinsic” reward

7“tI = )fe(st) - fG*(St)‘

) No influence from stochastic transitions
) No model misspecification (fy can exactly predict fy,)

) Influence of learning dynamics can be reduced
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Prediction-based Exploration
Burda et al. [2019]

4 6

0.10 A
0.08 A

Intrinsic reward
o
o
[o)]
1

0 500 1000 Steps 1500
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Prediction-based Exploration
[Burda et al., 2019]

General architecture
Separate extrinsic 7~ and intrinsic reward 7!
PPO with two heads to estimate V! and V¥
Greedy policy w.r.t. VI + V¥

“Tricks”
Rewards should be in the same range

Use different discount factors for intrinsic and extrinsic rewards
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Prediction-based Exploration

Burda et al 20101

Gravitar

4,000
3,000
2,000
1,000

0 05B 1B 15B 2B

Private Eye

Game Score

12,000
10,000
8,000
6,000
4,000
2,000

0 05B 1B 15B 2B
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8,000
6,000
4,000
2,000

3,600
3,000
2,500
2,000
1,500
1,000

Montezuma's Revenge

0 05B 1B 1.5B 2B

Solaris

2,000
1,500
1,000

500

0 05B 1B
Frames

1.5B 2B

Pitfall

W

|

0 05B 1B 1.5B 2B

Venture

0 05B 1B 1.5B 2B
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Prediction-based Exploration
[Burda et al., 2019]

Montezuma!

finds 22 out of the 24 rooms on the first level
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https://www.youtube.com/watch?v=40VZeFppDEM

. 29
Comparison
[Taiga et al., 2019]

Montezuma's Revenge

7000+
— CTS
6000 — pixelCNN
5000 NoisyNetworks
—  e-greedy ! \:\ C’C ,:
4000+ — RND
— ICM

Average Score
S
o
=

" ama's v

1 1

0 25 50 75 100 125 150 175 200
Millions of Frames
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Comparison: not all problems require same amount of exploration
[Taiga et al., 2019]

Venture GraVltar
20001
2500+ — €T
——  PixelCNN
v L — NoisyNetworks
5 1900 2000
O
%)
gIOOO— — TS 1500
© ~— PixelCNN
‘q', — NoisyNetworks 1000
> 500 —  cgreedy
< — RND 500
— IcM
° 50 100 150 200 50 00 50 200
Millions of Frames Millions of Frames
Asterix Seaquest
40000
50000 — CTS — CTS
PixelCNN 35000r __ PixelCNN
40000 NoisyNetworks 30000} — NoisyNetworks
— e-greedy —  e-greedy
_ 25000 oo
30000F 20000k — 1™ \
20000 15000
10000,
10000}
5000,
% 50 100 150 200 % 50 100 150 200
Millions of Frames Millions of Frames
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Go-Explore

[Ecoffet et al., 2019]

Issue of intrinsic motivated algorithms: detachment problem
Forget about promising areas they have visited

They do not return to them for further exploration

1. Intrinsic reward (green) is distributed 2. An IM algorithm might start by exploring
throughout the environment (purple) a nearby area with intrinsic reward
indicates areas where

Start
no intrinsic reward re-

.mains, and purple areas 3. By chance, it may explore 4. Exploration fails to rediscover
indicate where the al- another equally profitable area promising areas it has detached from

gorithm is currently
a _’

*mainly due to model-free nature
facebook Artificial Intelligence Research

Green areas indicate
intrinsic reward, white

Ghavamzadeh, Lazaric and Pirotta
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Go-Explore: Structure

[Ecoffet et al., 2019]

Exploration
® Select a promising state
Go to a state
® Explore locally (e.g., randomly)
® Store observations
® Repeat

Phase 1: explore until solved Phase 2: robustify

(if necessary)
Go to state Explore Upd?‘t‘-‘
from state archive

Run imitation learning
on best trajectory

* similar in spirit to [Lim and Auer, 2012]
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Go-Explore: Structure

[Ecoffet et al., 2019]

Exploration
® Select a promising state
Go to a state
® Explore locally (e.g., randomly)
® Store observations
® Repeat

- Builds an archive of observed states in latent space
- Archive is sorted by relevance (e.g., IM, novelty)

- Knows a policy to reach an observed state (e.g., by replaying)

Phase 1: explore until solved

Phase 2: robustify
(if necessary)

Go to state Explore Upd?‘t‘-‘
from state archive

Run imitation learning
on best trajectory

facebook Artificial Intelligence Research

* similar in spirit to [Lim and Auer, 2012]
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Go-Explore: Structure

[Ecoffet et al., 2019]

Exploration
® Select a promising state
Go to a state
® Explore locally (e.g., randomly)
® Store observations
® Repeat

- Builds an archive of observed states in latent space

- Archive is sorted by relevance (e.g., IM, novelty)

Robustification

- Knows a policy to reach an observed state (e.g., by replaying)

Phase 1: explore until solved

® Against noise
® Imitation learning on best
trajectories

Phase 2: robustify
(if necessary)

Go to state Explore
from state

Update

archive

Run imitation learning
on best trajectory

facebook Artificial Intelligence Research

* similar in spirit to [Lim and Auer, 2012]
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Go-Explore on Montezuma
[Ecoffet et al., 2019]

40
30
n
E
s
=}
-3
- State of the art
c 20
El
£
10
0
0.0 05 10 15 20 25 3.0
Emulator Steps 1e8
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35,000

30,000

25,000

5,000

Go-Explore

Human Expert .
RND'
.

Feature-EB

Avg._Human DQN-CTS | use

Duel. DQN e  Reactor o MPALA
AEC CTS

SARSA

.
Linear

2013

oo DDQN“ laac ADQN PRI 25

.
Gon\jﬂ BASSH hash o1
MP-EB Prior, DON

2014 2015 2016 2017 2018 2019
Time of publication
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Go-Explore on Montezuma
[Ecoffet et al., 2019]

Go-Explore
250 (no domain knowledge)
/ Go-Explore
// (domain knowledge)
“
S
200 Ve
7/
/
e v/
£ 150 f
2 /
= /
= /
5 &
] J
Y 100 f
50 ‘./
/
y State of the art
o
0o 05 10 15 20 25 30
Emulator Steps 1e8

Using domain knowledge for the state representation, Phase 1 of Go-Explore finds a 238 rooms, solves over 9

levels on average

Image Credit: Wikimedia Foundation
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Go-Explore on Pitfall

[Ecoffet et al., 2019]
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Pitfalll
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https://www.youtube.com/watch?v=mERr8xkPOAE&feature=emb_title

Optimistic Actor-Critic :

[Ciosek et al., 2019]

m Actor: decides which action to take

:> i
state f—w| ValLE action m Critic: estimates the goodness of an
7 action in a state
reward e Q

—‘ Environment i——/

Policy performance: J" = E, thﬁ]
L ¢

Policy gradient:

VJ™ =Egogr lz Vr(s,a)Q" (s, a)]
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Optimistic Actor-Critic
[Ciosek et al., 2019]

300

200

Average Value

mDQ-AC  -sTrueDQ-AC 100
== DDQN-AC -+~ True DDQN-AC 0
0.0 0.2 0.8 1.0 0.0 0.2

0.4 0.6 0.4 0.6 0.8 1.0
Time steps (1e6) Time steps (1e6)

(a) Hopper-v1 (b) Walker2d-v1

* image from [Fujimoto et al., 2018]

) Issues with LB and greedy

Q™. w(a)

m -
/\ ;(rJ'-"t“‘”}

i

! Teurrent = Tpast
(a) Pessimistic underexploration

facebook Artificial Intelligence Research

To limit overestimation (i.e., positive bias)
m use of two /dentical Q-functions

= train them independent

Qrs = min{Q1,Q2}

Q7 7la)

samples | samples
needed more | needed less

/\ Q7 (s.a)
1 ( |: . \
i ”J| B(s,a)
ﬂcu"l.'l“

(b) Directional uninformedness

Ghavamzadeh, Lazaric and Pirotta
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Optimistic Actor-Critic :

[Ciosek et al., 2019]

» Build an upper-bound to the true Q-value (optimistic Q-value)
Q(s,a) = pg(s,a) + fog(s, a)
with

(') +@(5,a), @ > 5 (Qis,a) ~ palsa))?

ie{l, 2}

N[ =

,LLQ(S, a‘) =

m Exploration policy by soft-update (for stability): 7 = N (g, Xg)

(ME? UE) = arg max EQNN(M,Z) [Q\(Sa CL):|
w2

st. KL (N (%), N(pr, Br)) <6

* for computational efficiency, they fit a linear model on Q
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Optimistic Actor-Critic :

[Ciosek et al., 2019]

Qw, T (CL [
samples | samples
needed more | needed less

’ W)
WA A

TE TT
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Optimistic Actor-Critic:

[Ciosek et al., 2019]

Ant-v2
I3
E
i
o
B
2
o
7
o
>
g
3
s
® 5000 — DDPG
0.0 0.5 10 15 20 25
million steps
Walker2d-v2
6000
£
5 5000
S
o 4000
°
2 3000
a
@
@ 2000
<3
I
@ 1000
s
5
0

0.0 0.5 1.0 15
million steps

facebook Artificial Intelligence Research

average episode return

average episode return

Experiments

Hopper-v2 Humanoid-v2
< 6000
3000 £ 5000
$ 4000
2000 3
‘2 3000
5
1000 — SAC & 2000
03 g 1000 OAC
0 — DDPG | ® — SAC
0
02 04 06 08 10 00 05 10 15 20 25

15000
12500
10000
7500
5000
2500

million steps

HalfCheetah-v2

Humanoid-v2 4 training steps

million steps

< 5000
E
2 4000
$
S 3000
g
2000
— sAC )
TD3 § 1000 OAC 4 training steps
—— DDPG © o —— SAC 4 training steps
0.5 1.0 15 20 25 0.0 1.0

million steps

0.5
million steps
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Outline

Random Exploration in Deep RL
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Randomized Exploration

General Scheme

Estimate the parameters 6 for either policy or value function
Add randomness to the parameters 0 = 0 + noise

Run the corresponding (greedy) policy

Remark: changing weights induces a consistent, and potentially very complex,
state-dependent change in policy over multiple time steps

— long-term exploration

= no dithering
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Randomized Exploration

General Scheme

Estimate the parameters 6 for either policy or value function
Add randomness to the parameters 0 = 0 + noise

Run the corresponding (greedy) policy

Remark: changing weights induces a consistent, and potentially very complex,
state-dependent change in policy over multiple time steps

— long-term exploration

= no dithering

A The randomness needs to represent “uncertainty”
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Least-Squares Value lteration

Estimate Q* from samples

H.k
Input: Dataset Dy = (Shi, Ghis Thi) 21 =1

Set @H+1(s,a) =0
for h =H, ..., 1 do // backward induction
Compute

Build regression dataset D% = {$r(Shi, ahi), Uni }i
Compute

=

Onr = arg 1110111 {E(Q, D8 .=
end

5 \H
return {Onr}r—1

Yni = Thi + max Qr+1,k(Sht1,i,0) =Thi + Vg1 k(Shi14), 1=1,..., k
a

k
Z (Yni — Qnr(shi, am‘|9))2}
i=1

Optimize L by gradient descent

facebook Artificial Intelligence Research
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Randomization on LSVI

How to force exploration
m Perturbe observed rewards

m Perturbe parameters (e.g., based on posterior uncertainty)

Randomized Value Function (R\/F) [Osband et al., 2019, 2018, Azizzadenesheli et al., 2018,
Lipton et al., 2018, Touati et al., 2019, Osband et al., 2019]

facebook Artificial Intelligence Research Ghavamzadeh, Lazaric and Pirotta
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RVF: Reward Perturbation

[Osband et al., 2018, 2019]

Hk
Input: Dataset Dy = (Shi,ahi,rm)h:lyi:l

Set @H+1(s,a) =0
for h = H, ..., 1 do // backward induction
Perturb rewards

D\

Thi = Thi +Whi, wihi ~N(0,07)

Compute

Uni = Thi + Hleaj\(Qthl,k(Sthl,h a) =Thi + Vagr1,6(Sht1,4), 2=1,...,k
a

Build regression dataset D'*8 = {(spi, ani), U }i
Sample 0 from prior
Compute

k
n . re 1 )
Oni = arg min {E (6,67, D ®) % Z Yni = Qhk(shuahzw» + R(6, 6)’)}

end
3 \H
return {Oni }—1
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RVF: Perturb Parameters

[Osband et al., 2016b]

H,k
Input: Dataset Dy = (Shi, @his Thi) 21 i—1 e — o
ootstrapping randomize

Set Qpya(s,a) =0 estimates
for h=H,...,1do // backward induction
Compute
Yni = Thi + mea}@hﬂ,k(shﬂ,i, a)=rni+ Vigrn(snini), i=1,...,k
a

Build regression dataset Dy, ° = {¢n(sni,ani), 7, }i
Sample 0 from prior
Compute

k
o . ~re 1 >
Onr = arg min {53(9, 0°,D"®) : =7 Z Uni — Qui(sniy anl))® + R (0, 0’)}

Sample & ~ N (0,5;,)
Set Onr = Oni + Enn

end
2 \H
return {Onr }—1

= E[9|D™8, prior], ' = Cov[f|D"E, prior]
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RLSVI as Regression on Perturbed Data

[Osband et al., 2018, 2019]
Bayesian Linear Regression (posterior structure)

» True parameter is 0* € R? = we want to estimate it
u Assume Gaussian prior N'(8, \I)
= Dataset D = (z;,7;)Y,, where

Y = x;re* +e& , € N/\/(O,a2)

Solve mgin £5(,6,D)
» Conditional posterior p,

9
* a1 ot 1~ 1
0*|D ~ 1, =N X X y+50), X
o A
1 1
Y= XTX+ T
o? + A
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RLSVI as Regression on Perturbed Data

[Osband et al., 2018, 2019]
Target perturbation

Perturbation
w; ~ N(0,02)

m Compute

R 1 2 1. ~
9=argmln—22(yi+ wj _m;r9> +X”H — 0113

g
o =1

Sample from prior
0 ~ N (0,

=0~ p,

) Computational generation of posterior samples for linear Bayesian regression
i.e., we can sample p, by fitting a least-squares estimate
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RLSVI as Regression on Perturbed Data

[Osband et al., 2018, 2019]
Target perturbation

Perturbation

w; ~ N(0,02)

m Compute

~ 1 A2 1, )
«9=arg9m1n—22(yi—|— Wi — 1) 9) + 510 - 013

[
=1

Sample from prior
0 ~ N(0,\I)

=0~

) Computational generation of posterior samples for linear Bayesian regression
i.e., we can sample p, by fitting a least-squares estimate

For linear models,
poster sampling = regularized least-squares on perturbed data

& For tabular MDPs, z; = e, , and 0 =
backward induction on randomized rewards = RLSVI (see Part 2)
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RVF: issues

Reward Perturbation

Minimize least-squares problem for any reward structure
e.g., by gradient descent

Not so easy to define the magnitude of the reward perturbation

Posterior Sampling
Posterior variance

easy for linear model
hard (almost impossible) for generic models

A lot of approximate schemas for computing the posterior
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Randomized Prior
[Osband et al., 2018]

Algorithm 1 Randomized prior functions for ensemble posterior.

Require: Data DC{(z,y)|z€X,y€V}, loss function £, neural model fop: X —Y,
Ensemble size K€N, noise procedure data_noise, distribution over priors PC{P(p)|p: X —Y}.
1 for k=1,..,K do
initialize 0r, ~ Glorot initialization [23].
form Dy = data_noise(D) (e.g. Gaussian noise or bootstrap sampling [50]).
sample prior function pr ~ P.
optimize Vgjg—o, L(fo + pr; Di) via ADAM [28].

6: return ensemble { fo, +pk}kK:1.

target Q online Q 2
/ /
Ly(0:07,p,D) =) | e+ ymax (fo- +p)(st,a') = (fo +p) (50, 00)

teD
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Posterior Distribution for Deep Neural Networks :

Bayesian DQN [Azizzadenesheli et al., 2018]

A Same tools as in linear bandit

Bayesian linear regression with given feature ¢(s) € RY

and given target vector for each action y,

Ha = ((I)I(I)a)ilq);—ya Yo = q);urq)a

Draw a weight vector at random w,, ~ /\/(/La, Z;l)

!
. . Input nodes Output nodes
Run the corresponding (greedy) policy

Hidden nodes
Connections

a; = argmax Q(sy, a) := arg max w, ¢(s;)
a a

Train ¢ with standard NN to estimate Q)
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Posterior Distribution for Deep Neural Networks

Bayesian DQN [Azizzadenesheli et al., 2018]

52

Game |BDQN DDQN DDQN™ Bootstrap NoisyNet CTS Pixel Reactor Human| SC | SCTt | Step
Amidar 552k 0.9% 0.7k 1.27k 1.5k 1.03k 0.62k 1.18k 1.7k [22.9M| 4.4M [100M
Alien 3k 2.9k 2.9k 2.44k 29k 19k 1.7k 3.5k 6.9k - [36.27M|100M
Assault 8.84k 223k 5.02k  8.05k 3.1k 2.88k 1.25k 3.5k 1.5k |1.6M |24.3M [100M
Asteroids 14.1k 0.56k  0.93k 1.03k 2.1k 395k 0.9k 1.75k 13.1k |58.2M| 9.7M [100M
Asterix 584k 11k  15.15k  19.7k 11.0 955k 14k 62k 85k [3.6M| 5.7M (100M
BeamRider 8.7k 4.2k 7.6k 23.4k 147k 7.0k 3k 3.8k 5.8k |40M| 8.IM |70M
BattleZone | 65.2k 23.2k 247k 36.7k 119k 797k 10k 45k 38k [25.1M]| 14.9M | 50M
Atlantis 3.24M 39.7k  64.76k  99.4k 79k 1.8M 40k 95M 2% [33M| 5.1M [40M
DemonAttack| 11.1k 3.8k 9.7k 82.6k 267k 393k 1.3k 7k 3.4k |2.0M | 19.9M | 40M
Centipede 7.3k 6.4k 4.1k 455k 335k 54k 1.8k 3.5k 12k - 42M |40M
BankHeist 0.72k 0.34k 0.72k  1.21k  0.64k 1.3k 042k 1.1k 0.72k | 2.1M | 10.1M | 40M
CrazyClimber| 124k 84k 102k 138k 121k 1129k 75k 119k 35.4k |0.12M]| 2.1M |40M
ChopperCmd | 72.5k 0.5k 4.6k 4.1k 53k 5.1k 2.5k 48k 99k |44M | 2.2M |40M
Enduro 1.12k  0.38k  0.32k 1.59k 091k 0.69k 0.19k 2.49k 0.31k |0.82M| 0.8M |30M
Pong 21  18.82 21 20.9 21 20.8 17 20 93 |12M| 24M | SM

facebook Artificial Intelligence Research

Ghavamzadeh, Lazaric and Pirotta



Posterior Distribution for Deep Neural Networks

BBQ-Networks [Lipton et al., 2018]
Uses variational inference to quantify uncertainty

Uses independent factorized Gaussians as an approximate posterior

MNF-DQN [Touati et al., 2019]
Leverages recent advances in variational Bayesian NN
Computationally and statistically efficient

Uses normalizing multiplicative flows (MNF) in order to account for the
uncertainty of estimates for efficient exploration
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Bootstrap DQN

[Osband et al., 2016a]

» Define multiple value functions Qy

m Update functions with different
datasets Shared network

m Share part of the architecture

another way of approximating a sample from posterior
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Bootstrap DQN

[Osband et al., 2016a]

Algorithm 1 Bootstrapped DQN

1: Input: Value function networks @ with K outputs {Qy}X_,. Masking distribution M.
2: Let B be a replay buffer storing experience for training.
3: for each episode do

4: Obtain initial state from environment sg

5: Pick a value function to act using k ~ Uniform{1,..., K}

6: for step ¢t = 1,... until end of episode do

7 Pick an action according to a; € arg max, Qk(st,a)

8: Receive state s;+1 and reward r; from environment, having taking action a,
9: Sample bootstrap mask m; ~ M
10: Add (s¢,ae, re41, St41,m¢) to replay buffer B
11: end for
12: end for

» M, determines the type of bootstrapping strategy

gf = mf (y2 — Qu(se, ar; 0)) VoQu(st, a, 5 0)

with target y; = ry + max Q(s¢41,a;07)
a
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Bootstrap DQN "
[Osband et al., 2016a] o

* 22000 episodes * < 2000 episodes

Bootstrapped DQN Bootstrapped DQN Bootstrapped DQN Bootstrapped DQN
(p=0.5, K=5) (p=0.5, K=10) (p=0.5, K=20) (p=1.0, K=20)
2000 - e ¢ 000 soe mammesn - o o . eoo
Q
E 1500~
g
g 1000 - I . .
Q J L S X o F
3 500 —— IS . -x‘..‘.‘\"'\ . .*‘.'-",
SNl N JUUBO0 S e PP
O -
2I5 5|0 7I5 100 25 5'0 7I5 100 2|5 5IO 7I5 1 (l)O 2|5 5‘() 7|5 1 (l)()
Chain length

Masking rule for samples in episode k: my ~ Ber(p)
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Bootstrap DQN

[Osband et al., 2016a]

* 22000 episodes * < 2000 episodes

Bootstrapped DQN DQN Ensemble DQN Thompson DQN
2000 -
g
.= 1500 -
&N
.£ 1000 -
£
S 500- sl
Qo - ° o0 NP .
— 0- __,-—-Mw PR o o u'.
25 50 75 100 25 50 75 100 25 50 75 100 25 50 75 100
Chain length

m Ensemble DQN: ensemble policy?

m Thompson DQN: resample at each step
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Bootstrap DQN "

[Osband et al., 2016a]

L
=
[}
]
o
(5]
& 0e+00 le+08 2e+08  0e+00 le+08 2e+08 0e-+00 le+08 2e+08 Algorithm
2 — Bootstrapped DQN
8 James Bond Montezuma's Revenge —DQN
o 50- - 15000 -
& 1000- 40-
;; 30- 10000 -

500- 207 5000 -

10- -
0- 0- 0-
0e+00 le+08 2e408  0e+00 le+08 2e+08 0e+00

Total training frames
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Noisy Networks

[Fortunato et al., 2018]

Normal NN layer y = wx + b

Double the parameters with mean and variance w — p*, 0"

and b — pP, o®

Whenever a layer is evaluated draw €%, ~ D

Evaluate the “random” layer as

y=(u’+o" oY)+’ +ob

®€b

Let ¢ = (u¥, 0™, ub, o°), define the expected loss

L(Q)

Gradient estimation

VeL(¢) = E[VeL(¢ )

facebook Artificial Intelligence Research

= Es [L(C7 5)]

ZVCL Cei)

y=wr+Db

| b
(v, e”)

w=u‘”+a‘”®5 //L
b, b

b=p +o oY

!

X

Ghavamzadeh, Lazaric and Pirotta

59



Noisy Networks :

[Fortunato et al., 2018]

Noise models

Independent noise ¢; ; for each weight i at layer j

Factorized noise ¢, j = f(g;) f(gj) (e-g., f(z) = sgn(z)V/x)
Independent noise for target and online networks

Yt =Tt + HLE},XQ(S;,CL’;(:J, C_)v Lt(CaE) = (yt - Q(St? ag; €, C))2
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Noisy Networks

[Fortunato et al., 2018]
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(c) Improvement in percentage of NoisyNet-A3C over A3C (Mnih et al., 2016)
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Comparison

[Touati et al., 2019]

Simple Chain domain

MNF-DQN BBON

NoisyDQN
2000 2000 2000 LL I ] 2000
1750
1500 1500 1500 . 1500
g 1250 Y Y 1 y
3 2 3 . 3
& 1000 2 1000 2 1000 . 2 1000
& 10 g ] o0 g
500 . 500 o 00 o ° o .~. ¢ 500
20 ~ ° o ”\“ﬂ e
| it Sonasect o P | e o~ o Taus SN * . N
20 ) 0 8 100 20 ) 0 80 100 2 0 80 100
chain length chain length chain length

%

20

62

e-greedy DQN

&0
chain length

Figure 1: Median number of episodes (max 2000) required to solve the n-chain problem for (figure from left to right)
MNE-DQN, BBQN, NoisyDQN and e-greedy DQN. The median is obtained over 10 runs with different seeds. We see

that MNF-DQN consistently performs best across different chain lengths.
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Comparison: Atari

[Touati et al., 2019]

Breakout Enduro Frostbite
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Comparison: Atari

[Touati et al., 2019]
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Remarks

m Exploration needs to account for uncertainty in the predictions
m Should account for long-term effect

Exploration at the level of (value/policy/model) parameters

Randomized explorations performs often better than optimism
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