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IReward Shaping
B The idea

The idea of shaping is to provide the learner with supplemental rewards that
encourage progress towards highly rewarding states in the environment.

Rp(s,a,s") = R(s,a,s') + F(s,a,s")
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I Potential-Based Shaping

Ng, Russell and Harada. “Policy Invariance Under Reward Transformations: Theory And
Application To Reward Shaping.” ICML, 1999.

F(s,s") = y®(s") — ®(s)
B Proof of sufficiency

Qir(:0) = Eam) | RGs,0) + ymax Qo)

Qi (s, a) — ®(s) = E R(s,a,s") 4+~ max Qu (s’ a’)J — ®(s)
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I Potential-Based Shaping

B Proof of sufficiency

define  Qpyr(s,a) = Qis(s,a) — (s).

~

QM'(S,G,)
=Es |R(s,a,s") + F(s,a,s') + Y max Qe (s, a')]

=Ey |R'(s,a,s") —I—fymaszMf(s',a')]
a' €

such. We see that if ®(s) = V;;(s) (with ®(sg) = 0
in the undiscounted case), then Equation (4) tells us
that the value function in M’ is V};,(s) = 0 — and
this is a particularly easy value function to learn; even




I Intuition

B The Goal

Learn a potential function ¢(s) : § - R capable of effective reward shaping
on tasks sampled from the distribution to accelerate their learning.

m Optimal Potential Functions Vi (s) =Var(s) — @(s),
Consequently, if we choose ®(s) = V37 (s), then V', (s) =
0, and “all that would remain to be done would be to learn
the non-zero Q-values” (Ng et al., 1999).

R'(s,a) =Ey R'(s,a,s")
=Ey [R(s,a,5") + 7V (s) — Vi (s)]
:QE/[(Sa CL) - IIl(?X QEJ(SD CL)
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I The Method

B Meta Learning
meta-training set {T;}}.; and meta-testing set{ﬁ}y;yﬂ, both drawn from the
same task distribution p(T).

® Model-Agnostic Meta-Learning, which meta-learns an versatile
initialization 6 of model parameters by:

— meta-learning

Qﬁi <—9 — OKVQE’E (fg), MAML 9 ---- learning/adaptation
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I Method

B Meta-Learning Potential Function Prior

The optimal shaping function V. (s) is task-specific without a universal

optimum for all tasks T. Inspired by MAML' s idea to learn a proper
prior capable of fast adaptation to the task-posterior.

minEr |%(s; 0) — Vi, (5)|°

Dueling DQN Qur, (s,a) = Vi (s) + Aly, (s, a)

For identifiabilit
O?I;/I a?\rcll Xa i Q‘-f"i (S’ a') — Vt.l"*i (g) + Atﬁ*a‘ (Sa a‘) - H}:;X Atﬁ}i (S: (I-f).

£7§(Q¢¢) — HR‘I?(S: a, Sf)_|_7 H?’X Qﬁm (Sfa a’f)_beq: (Sa G)HQ



I Method

Algorithm 1 Meta-learning potential function prior

Input: p(7): a distribution over tasks
Input: o, [3: step sizes

: 2
Output: Learned prior 6 o ET[Qo(s,a) — Qq,(s,a)|".

Randomly initialize parameter @ for prior
formeta_iteration=20,1,2...do

Sample a batch of tasks 7; ~ p(7T) temporal difference (TD) error

for all 7; do L, (quz) = || Ri(s, a, S’)_’J}/ max Qg (S’: a’)—ch@; (s, a)”z
Initialize replay bufter D; a
Collect experience {sq, ag, g, - - - } with e-greedy

using Qg (s, a) and add to the replay buffer D,

Evaluate VoL (Qp) using samples from D; (L

defined i Eqn. (5))

Compute adapted parameters with gradient descent: . . .

¢i =0 —aVeLr,(Qp) Potential function prior ®(s)

end for
Update 0 < 0 — BV oEr ||Qo(s,a)—Qy,(s,a)||* with
previous samples from all D;

end for




I Method

B Meta-Testing with Potential Function Prior

Find the optimal policy on newly sampled tasks T; with reward shaping
by the learned potential function prior

® Shaping only Vj(s)

® Adaptation with advantage head

Jointly adapt Vy;. (s) to the task-posterior and find the optimal policy
efficiently within a few updates, initializing the whole ¢; as 6



I Method

Algorithm 2 Meta-testing (adaptation with advantage head)

Input: 7;: new task to solve
Input: ¢;: task-posterior parameters, initialized as

_ o Update Ay, (s, a) with sampled data from replay buffer:
learned prior 6

Output: adapted task-posterior ¢ ¢j = b5 — aVy, [|Rj(s,a,8") +ymax Ag, (s, a")
Initialize replay buffer D — Ay, (s,a)|% (8)
for gradient _step =0,1,2... do ,
Collect experience {so, ao, 70, - - - } with e-greedy us- o Update V. (s) with sampled data from replay buffer:
ing Ay, (s,a) and add to replay buffer D ¢; < ¢; —aVy. ||Vy. (s) — stop_gradient
Update A, (s,a) with Eqn. (8) with samples from D max Ag, (s,a) + Vi, (s))>. (9

and current potential function V;, (s) for shaping
Update V, (s) with Eqn. (9) with samples from D
end for
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B Discrete and Continuous CartPoles
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I Experiment

B Grid Games with Clean Maps

w/ Advantage Head, w/o Obstacles w/ and w/o Shaping, w/o Obstacles
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I Experiment

B Grid Games with Obstacles
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IQ-VaIue Initialization
Wiewiora. “Potential-based shaping and Q-value initialization are equivalent.” JAIR,
2003

m He Proved
A reinforcement learner with initial Q-values based on the shaping
algorithm’ s potential function make the same updates throughout learning

as a learner receiving potential-based shaping rewards.
Q(Sﬁa’) :QO(S,&) T_I_F(Sﬁsf)

¢(s) is Static

Qy(s,a) = Qo(s,a)+ P(s) r



	幻灯片编号 1
	幻灯片编号 2
	幻灯片编号 3
	幻灯片编号 4
	幻灯片编号 5
	幻灯片编号 6
	幻灯片编号 7
	幻灯片编号 8
	幻灯片编号 9
	幻灯片编号 10
	幻灯片编号 11
	幻灯片编号 12
	幻灯片编号 13
	幻灯片编号 14
	幻灯片编号 15

