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> This work is released under a Creative Commons License with the following terms:
> Attribution

> The licensor permits others to copy, distribute, display, and perform the work. In return,
licensees must give the original authors credit.

> Non-Commercial

> The licensor permits others to copy, distribute, display, and perform the work. In return,
licensees may not use the work for commercial purposes — unless they get the licensor’s
permission.

> Share Alike

> The licensor permits others to distribute derivative works only under a license identical
to the one that governs the licensor’'s work.
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» Last class:
> Model-Based RL

» This class:
> Model-based RL

1.
2. State Abstraction
3.
4

Recap: Model Free vs. Model Based

DeepMDP
Model-based deep reinforcement learning with theoretical guarantees

» Next class:

> Inverse reinforcement learning
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Recommended reading

> Chapter 8,9 in S. Sutton, and G. Barto, Reinforcement Learning: An
Introduction, MIT Press, 2018.

> Gelada, Carles, et al. "Deepmdp: Learning continuous latent space models for
representation learning." arXiv preprint arXiv:1906.02736 (2019).

> Luo, Yuping, et al. "Algorithmic framework for model-based deep reinforcement
learning with theoretical guarantees." arXiv preprint arXiv:1807.03858 (2018).
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Motivation

Motivation

Can We use neural networks to learn our model in Dyna-style RL?
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Recap:Model Free vs. Model based
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Figure: Dyna Architecture
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How does learning a model help learning?

1. When does using a model help? [6]

2. if state space is easily compressible, then doing the policy on an abstract model
space helps (remember DQN)

3. if dynamics are "easy" to learn, then we can "learn" a simulator and then learn
our policy on that with much less real samples

4. even if not, if horizon is small, small model errors might not hurt too much
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So what makes a "good" model?

. State abstraction => what can we ignore without losing information moment to
moment?

. Bisimulation metrics => what abstractions lead to the same behaviour in the
long run? [2]
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State Abstraction

Figure: Atari
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State Abstraction

e A state abstraction is a mapping ¢ that maps the original (or primitive/raw) state
space S to some finite abstract state space; for brevity we use ¢(S) to denote the
codomain of the mapping. Intuitively, if s(M and s(2) are mapped to the same
element, that is ¢ (s<1>) =¢ (5(2)) , they are treated as the same state.

1. Policy irrelevant: ¢ is an e,x-approximate 7w*-irrelevant abstraction, if there
exists an abstract policy 7 : ¢(S) — A such that HV]& - VX/}M H < epr
oo

2. Q irrelevant: ¢ is an eg+-approximate Q*-irrelevant abstraction if there exists an

abstract Q-value function f : ¢(S) x A — R, such that ||[f]M - QR{HOO < egx.

3. Model irrelevant: ¢ is an (eg, € p)-approximate model-irrelevant abstraction if for

any s and s() where ¢ (s<1>) =9 (5(2)> ,Va € A

|R (5(1),(1) —R (s(2>7a)| < €R, H<I>P (s(1>7a) —oP (s(2>,a> Hl <ep
e When ex, e+, €r,ep = 0, it is exact abstraction without losing anthying.
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State Abstraction

e For the given (egr,ep) of abstraction ¢, we can bound the loss.

2eRp Yep Rmax

Tl-vy (1-9)?

*
My,

VICI - V]\/I

[e o]

e Abstractions for Model-Based RL: Our goal is to choose an abstraction h from a
candidate set H so as to minimize the loss of the optimal policy for Mg And [4]
shows this loss can be bounded.

*
T
Mmh

Loss(h, D) = ||Vay = Vo, © (Appr(h) + Estm(h, D, §))

ST

e}
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State Abstraction

e The bounding the loss of state abstraction should follow the Rate—distortion theory.

R(D) = min I(X; X
(D) p(z|x)=|ld(z,%)|<D ( )

Achievable

Unachievable

Distortion

Figure: RD lower Bound

e The information bottleneck method extends RD theor to prediction. The IB defines
relevant information according to how well a random variable Y can be predicted from
each & € X, which implies the optimal trade off between compression and
performance.[1]

Lp(&|2)] = 1(X;X) - BI(X;Y)
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State Abstraction[1]

a

A

(a) The Four Rooms Domain

(b) ¢ with f =1, S| = 4

© ¢with 8 =2,1S4| =5
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State Abstraction

DIBS: Rate-Distortion Trade-Off
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So how can we actually learn these using neural networks?[3]
P
9(s)=>- P(1(s),a)
Lp(s,a) " $P(ls, a)

o}

P
S,G/ﬁ P(.|s, a)

¢

¢(s)—7€> R(¢(s), a)
o (s,
s,a —R> ’R,(s., a)

Figure: Diagram of the latent space losses

DIBS is one example, DeepMDP another. L, L5 attempt to induce representations
which allow learning of approximately-bisimilar transition and reward dynamics in the
latent space w.r.t. the true MDP,i.e. "learning what matters".
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Model-based Deep Reinforcement Learning

Q:Now that we can learn good models, are we guaranteed a good policy?
A: Difficult question when using deep RL with deep representations!
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Model-based Deep Reinforcement Learning[5]

1. Iterative lower bound: =N
voMT >y M DM, )

2. Neighborhood of a reference policy .. f
VoMt > ymM o S(M,7), Vst d(m mer) <6 (R1)
3. Vanished discrepancy bound
M = M* = Dﬂ'ref(]/\jv 7[') = 07 v7“77I-ref (R2)
Dﬂref(]v[,ﬂ) is of the form E [f(]\7[,7r,7')} (R3)

T Tpef, M*

where f is a known differentiable function.
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Model-based Deep Reinforcement Learning

Algorithm 1 Meta-Algorithm for Model-based RL
Inputs: Initial policy mo. Discrepancy bound D and distance function d that satisfy equation (R1)

and (R2).
Fork=0toT":
Thr1, Myy1 = argmax V™M — D (M, ) (3.3)
well, MEM
s.t. d(m,m;) <6 3.4)

Figure: Model-based iterative algorithm

Theorem 3.1. Suppose that M* € M, that D and d satisfy equation (R1) and (R2), and the
optimization problem in equation (3.3) is solvable at each iteration. Then, Algorithm/I|produces a
sequence of policies Ty, . . . , T with monotonically increasing values:

Yo, M* < yrLM* <. < yrrM* (3.5)

* » * - . .
Moreover, as k — oo, the value V™M converges to some V"M, where 7 is a local maximum of
* o .
V™M in domain IL

Figure: Monotonical lteration
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