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Reinforcement Learning

Artificial intelligence: Google's
AlphaGo beats Go master Lee Se-dol
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Imitation Learning

Artificial Intelligence (Al) playing Minecraft and exploring the
world to find caves after being trained on only a few videos of
human players, using our new approach (1Q-Learn). Many
approaches have difficulty doing anything in an open-world
Minecraft map, but IQ-Learn can navigate the world with ease.
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I1Q-Learn on Atari. Our trained agent reaches human
performance in all games (using 20 expert demos).


https://arxiv.org/abs/2106.12142

Imitation Learning

* Sun et al. (2017)! shows that, with access to an optimal expert, IL can exponentially lower sample complexity.
* The performance of our policy is limited by the performance of the expert, which is often sub-optimal.

» Data Aggregation(DAgger) (Ross et al., 2011)? and Aggregation with Values(AggreVaTe) (Ross & Bagnell,
2014)° can only guarantee a policy which performs as good as the expert policy.
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The Value Function
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Cost Reshaping

Given the original MDP M and any potential function, we can reshape the cost as follows:

d(s,a) = c(s,a) +yP(s") — @(s), & ~ Py

We can use the cost-to-go oracle V¢ as a potential function.

A¢(s,a) = c(s,a) + YEBgop. [VE(s)] — VE(s)

This means we can find the optimal policy as the following optimization problem:

-
7 = arg miulE[Z YA (5¢, a)|s0 = s,a ~ 7).
m
=0
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Main Idea:
Combine IL and RL through the idea of Reward Shaping (Ng et al., 1999)°.

The cost-to-go oracle can serve as a potential function for cost shaping.
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Previous work:
Chang et al (2015)* attempted to combine IL and RL by stochastically interleaving incremental RL and IL updates.

Ng (2003)!7 considers the setting where the potential function is close to the optimal value function

Contributions:

Attemps to unify IL and RL by varying the planning horizon from 1 to infinity, based on how close the oracle is to
the optimal value function.

A lower bound analysis of AGGREVATE with an imperfect oracle, which is missing in Ross & Bangell (2014)3
Suggests a way to understand previous IL appraches throught reward shaping.

A model-free, actor-critic style algorithm that can be used for continuous state and action spaces.
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Main Results

Theorem 3.1. There exists an MDP and an imperfect oracle V¢(s) with |V¢(s) — Vi, n(8)| =

o~

€, such that the performance of the induced policy from the cost-to-go oracle T*
arg min, [c(s, a)+vEsyp., [Vﬂ(s’)]] is at least Q2(~ve /(1 — v)) away from the optimal policy 7*:

J(7*) — J(x*) > Q (1 ETE) . (3)

E[¢/(s,a)] = [¢(s, @) + YEwnp, VE(s) = VE(s)]
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k
With the k steps we have: E ’ Z vl (s, a3)|s1 = s;a ~ .
i—1

k
E[Z’Fi_lﬂ(ﬁmﬂi) + A5V (spy1) — VE(s1)|s1 = s;a ~ |, Vs € S.

1—1

With the main result being:

Theorem 3.2. Assume 7w* minimizes Eq. )r every state s € S with k > 1 and |1}€(5) —V*(s)| =
O(€),Vs. We have :

J(7) — J(1*) <O ( L f) (7)

] — vk
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THOR

We start by defining the k-step truncated value function and action-value function:

k
I’;:Llh(“]' E|Z“ﬁL lif’l[”h{lr}l-“'t Syt~

t—1

k—1
Quk (s, @) — E[¢(s,) + 37 (51, a0)lsi ~ Paay s ~ m(s)].

i=1

I:|-
min K, . []J"_’,[ v (55, a;)|a ~ }r}] .

a1l .
i—1

We can use gradient-based uupdate procedures (Stochastic Gradient Descent, Natural Gradient (Kakade, 2002°;
Bagnell & Schneider, 20037)) in the policy’s parameter space.
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THOR

After taking the derivative with respect to the policy’s parameters we have:

SN
Es-pr, [ . [L Vo Inm(a;|s;;0) {Lﬁﬁ ErT) ]

2 B por [TFJTM,H" [E Vo Inm(a;|s;; H}Ql}f{si, rj.;j]]
i—1

By replacing the expectation by empirical samples from m,,, replacing Q;\f,'k by a critic approximated by Generalized
disadvantage Estimator (GAE) /ﬁ@k (Schulman el al., 20163 we have:

k
Esrpr,. [Eﬂmwﬂ [Z Vo Inm(a;|si; 0)Q (54, a ]]]
i—1

|7

me(Z?aln (aclse; )AL (51, ”t})f
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THOR

ETH:z(rich

Algorithm 1 Truncated Horizon Policy Scarch (THOR)

I: Input: The original MDP M. Truncation Step k. Oracle V*.

2: Initialize policy my, with parameter & and truncated advantage estimator Afﬂ',
3 forn  0,..do
4: Resct system.

Execule Ty, o generate a sel of rajectories {;} Y

f—

5 .
6:  Reshape cost /(sy,a,) — e(sg,a,) + VS (8001) — Vo(s), forevery £ € [1,|7;]] in every

trajectory 7;, i € [N].
7:  Compute gradient:

L
Z Z Vol(lnmg(ag|s))o—e, Ay (5 04)
Ti t
8:  Update disadvantage estimator Lo .a;l;jk using {7; }; with reshaped cost ¢

9. Update policy parameter to fl, | .
10: end for

(8)
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Experiments

THOR was evaluated on robotics simulators from OpenAl Gym (Brockman et al., 2016)°.
The baseline is TRPO-GAE (Schulmann et al., 2016) 8 and AggreVaTeD (Sum et al., 2017) !

For all methods the statistics (mean and std deviation) are from 25 seeds that are 1.1.d. generated. k was the only
tuned paramater
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Discrete Action Control

All simulations have sparse rewards.
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Continuous Action Control
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Conclusions

* Anovel way to combine IL and RL
* Theoretical results on the connection between IL and RL
* Performance bound on AggreGaTe and THOR

* Strong performance
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Thank you for you attention!



