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Motivation

* The tradeoff between exploration and exploitation has long been a major challenge
in Reinforcement Learning (RL).

 Self-supervised exploration: extrinsic rewards are entirely unavailable.

* Previous methods becomes unstable when the states are noisy, e.g., containing

dynamics-irrelevant information.

Bandit Problem
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Method

* We propose a Dynamic Bottleneck (DB) model, which generates a dynamics-

relevant representation Z; of the current state-action pair (S¢, A¢)through the

Information-Bottleneck (IB) principle.

* DB acquires dynamics-relevant information and discards dynamics-irrelevant

features simultaneously.

* We maximize the MI term I(Z;; S¢1) , and minimize the MI term I ([S¢, A¢]; Z¢)

min I ([St, A¢l; Z)

Y™

St -At S .‘AZ{‘ 'Sjt—i—l

oA

max I(Zt, St+1)
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Method

* Maximize the MI term I(Z;; S¢41)

* Predictive objective with Momentum encoder

Ipred = Ep(zt,st+1) [lOg Q(St+1 |zt; ¢)] y

* Contrastive Objective

exp(h(z¢, St4+1))
ZSJ' ES—USt+1 exp(h’(zt’ 8.7))

A
— Ince-

I(Zt; St-l—l) > ]Ep(zt,st+1)ES_ log

bilinear function as the score function

h(zt7 3t+1) — ff(Q(zt;¢))TWf£(St+1)a
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Method

* Minimize the MI term I([S;, A;]; Z;)

* minimizing a tractable upper bound

p(2¢|s¢, at)

] :Ep(shat)[ 1) ] — Dxr [p(2t)llg(21)]

S ]Ep(st,at) [DKL[P(Zt|St, at)”g(zt)]] = Iuppera

p(zt|st, at)
P(Zt)

I([Sta At]; Zt) — ]Ep(st,at) [

* a standard spherical Gaussian distribution q(z) = N (0, I) as the approximation
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Architecture

The final loss for training the DB model

LDB — allupper — a2Ipred - aSIncea
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* observation encoder , representation posterior, prediction head, projection heads

Observation Encoder ~ Representation Posterior
(CNN, 512d) (FCN, Gaussian, 128d)

I

Prediction Head
(FCN, Gaussian, 512d)

Projection Head

St

at

Z sample

Upper-Bound
Calculation

z)

Momentum Head

___________________________________

Prediction
Objective

mean

Q¢(3t+1 |Zt) -

Score Function

Contrastive
Estimation
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Method

* Exploration based on DB
 The DB-bonus rdb(s;, a;) £ I(@; (8¢, ay, S’t+1)|1)m)1/2
1/2
[H((Staa’tast+l)|pm) _H((Shatast-i-l)'@)Dm)] .

* Connection to UCB-bonus in linear MDPs and visiting count in tabular MDP

Bo/v/2 - Tbe < I(Wy; (8¢, ay, St+1)|Dm)l/2 < Bo 'Tvltmb’
V' |S|/2
| |/ — BO'Tcount(St,at)

V/Ns,a, + A

db(

(s, ar) =

* Empirical estimation

- 1/2
rdb(St,at) > H(Q(St,at,5t+1)|pm) - H(Q(St,at,5t+1)|@,pm)] £ T’Zib(St,at),

/2

— EoDxw[g7 (2elst, as; )l g™™] /*

'r'zib(st,at) _ :H(gmargin) _ ’H(gz(st,at; ¢))] 1
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Experiment

* Analyze the robustness of SSE-DB to observation noises

e Distractors for the observations

ETTECEE
e Random Box noise
* Pixel-level noise

Normal Observation Random-Box Noise Pixel Noise

—+— SSE-DB —¥— SSE-DB with Random-Box noise ~ —e— ICM —¥— |ICM with Random-Box noise
Alien Breakout TimePilot

ode

400

sic Reward per Epis

Extrin
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Experiment

* Representations align temporally-consecutive movements

* Each segment of a curve corresponds to a semantic component

(a) DB representations with Random-Box (b) ICM representations with Random-Box
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* DB-bonus encourages the agent to explore the informative transitions

* Gopher

* DB-bonus correspond to scenarios that the gopher makes a hole to the surface
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Thanks for your attention!



