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Reward Shaping

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

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

 Proof  of sufficiency



Potential-Based Shaping

 Proof of sufficiency

define



Intuition

 The Goal
Learn a potential function 𝜙𝜙(𝑠𝑠) ∶ 𝑆𝑆 → 𝑅𝑅 capable of effective reward shaping 
on tasks sampled from the distribution to accelerate their learning.

Optimal Potential Functions



The Method

Meta Learning
meta-training set 𝑇𝑇𝑖𝑖 𝑖𝑖=1

𝑁𝑁 and meta-testing set 𝑇𝑇𝑗𝑗 𝑗𝑗=𝑁𝑁+1
𝑁𝑁+𝑀𝑀

, both drawn from the 
same task distribution 𝑝𝑝(𝑇𝑇).

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

Potential function prior

Task-posterior

MAML



 Meta-Learning Potential Function Prior

The optimal shaping function 𝑉𝑉𝑀𝑀𝑖𝑖
∗ (𝑠𝑠) is task-specific without a universal 

optimum for all tasks 𝑇𝑇. Inspired by MAML’s idea to learn a proper 
prior capable of fast adaptation to the task-posterior.

Method

Dueling DQN

For identifiability
of V and A



Method

Potential function prior

temporal difference (TD) error



 Meta-Testing with Potential Function Prior

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

Method

 Shaping only 

 Adaptation with advantage head

Jointly adapt 𝑉𝑉𝑀𝑀𝑗𝑗
∗ (𝑠𝑠) to the task-posterior and find the optimal policy 

efficiently within a few updates, initializing the whole 𝜙𝜙𝑗𝑗 as 𝜃𝜃



Method



Experiment

 Discrete and Continuous CartPoles



Experiment

 Grid Games with Clean Maps



Experiment

 Grid Games with Obstacles



Q-Value Initialization

Wiewiora. “Potential-based shaping and Q-value initialization are equivalent.” JAIR, 
2003

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.

𝝓𝝓(𝒔𝒔) is Static
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