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Continuous state and action spaces
State s = 𝑥, 𝑦 ∈ ℝ!

Action 𝑎 = 𝑣" , 𝑣# ∈ ℝ!

Ø Learn a policy to go from      to     ?

Ø Challenging task for RL even if robot 
dynamics are simple.

Ø Requires a lot of exploration.
Ø Can get stuck in a local optimum.

Ø Hierarchical RL is a promising approach 
for such problems.



Hierarchical RL
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Policy is decomposed into two policies1.

Ø A high-level policy 𝜋!:

Ø Maps a state to next intermediate goal,
𝜋! 𝑠 = 𝑠" ∈ 𝑆.

Ø A low-level policy 𝜋#:

Ø Maps a state and intermediate goal to 
an action,  𝜋# 𝑠, 𝑠" = 𝑎 ∈ 𝐴.

𝑠′

Continuous state and action spaces
State s = 𝑥, 𝑦 ∈ ℝ!

Action 𝑎 = 𝑣" , 𝑣# ∈ ℝ!



Hierarchical RL
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ADVANTAGES

Ø Decomposes the problem into two simpler 
RL problems.

Ø High level exploration is better.

SHORTCOMINGS

Ø Can get stuck in local optimum.

Ø Does not exploit structure of the problem to 
explore systematically.

𝑠′

Continuous state and action spaces
State s = 𝑥, 𝑦 ∈ ℝ!

Action 𝑎 = 𝑣" , 𝑣# ∈ ℝ!
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Abstract States
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Abstract states in grey

Ø Abstract states are disjoint from each other.

Ø Abstract graph indicates which abstract 
states are nearby.

Ø Domain expert provides abstract states and 
abstract graphs.
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Our Hierarchical RL Framework
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Given abstract states and abstract graph,

1. Learn policies to go from every abstract state to every adjacent abstract state.

2. Use high level planning to find a path from start to goal.

QUESTIONS

1. How to plan using learned policies?

2.   Under what conditions on the abstract states, is the learned policy provably good?



Value Iteration using Options
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An option is a tuple o = (𝜋, 𝐼, 𝛽) where

• 𝜋 ∶ 𝑆 → 𝐴 is a policy

• 𝐼 ⊆ 𝑆 is a set of states at which the option is available

• 𝛽 ∶ 𝑆 → [0,1] and 𝛽(𝑠) is the probability that the option terminates at 𝑠.

For options we can define rewards and discounted transition probabilities.



Value Iteration using Options
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An option is a tuple o = (𝜋, 𝐼, 𝛽) where

• 𝜋 ∶ 𝑆 → 𝐴 is a policy

• 𝐼 ⊆ 𝑆 is a set of states at which the option is available

• 𝛽 ∶ 𝑆 → [0,1] and 𝛽(𝑠) is the probability that the option terminates at 𝑠.

Value iteration using options corresponds to solving the Bellman equations,



Robust Abstract Value Iteration (R-AVI)
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For each edge in abstract graph                       we train an option o = (𝜋, 𝐼, 𝛽) where

• 𝜋 is trained to take the system from states in        to states in 

• 𝐼 =

• 𝛽 is given by 𝛽 𝑠 = 1 if 𝑠 ∈ ∪ {𝑐: 𝑐 ≠ 𝑠̃} and 0 otherwise.

We perform value iteration using these options.

For abstract states, define

𝑠̃ 𝑠̃′

𝑠̃ 𝑠̃′

𝑠̃
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Theoretical Guarantees
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We can show the following about R-AVI:

Ø R-AVI converges if 

Ø We have

Ø If <𝜌 is defined using <𝜌 𝑠̃ = 𝑎𝑟𝑔𝑚𝑎𝑥$ 𝑄%&'∗ (𝑠̃, 𝑜), then 

Define worst-case error in T and R,



Better Abstract States
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Theory suggests that all states in an abstract states should be similar.

Since they don’t have to cover the state space, call them subgoal regions.
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The subgoal regions in the second picture are bottlenecks!



Comparison to Best Policy
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If the following hold,

Ø

Ø The system is deterministic and has sparse rewards,

Ø The abstract states are bottlenecks.

Then we can show,



A Problem with R-AVI
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Ø R-AVI assumes worst case behavior of the options.

Ø Harder to train options to work well in worst case.

Ø We only have to train to work on states visited 
during execution!
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Alternating Abstract Value Iteration (A-AVI)
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Ø Suppose we have distributions 𝐷*̃ for every 
abstract state.

Ø We can train options to work on these 
distributions.

Ø Also define expected values of transition 
probabilities and rewards.

Ø Use these values for value iteration.
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Comparison of Abstract States
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Random Abstract States
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9 Rooms 16 Rooms



21

Thank You!


