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- Solve the subproblems and compose the solutions.
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- Transfer learning / continual learning:
- High-level transfer;
- Low-level transfer.
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Frameworks

- Several different frameworks:
- Feudal hierarchies (Dayan and Hinton, 1992);
- Hierarchical abstract machines (Parr and Russell, 1997);
- MAXQ decomposition (Dietterich, 1999);
- Options (Sutton, Precup and Singh, 1999).

- Several different terms for similar concepts:
- Task / subtask;
- Goal / subgoal;
- Option;
- Skill.
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Feudal hierarchies

- Results:
- Efficiency;
- Transfer.

- Problem
- Slow start.
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- Non-stationarity problem:
- Low-level pre-training (Carvalho and Sengupta, 2022);
- Two time scales.
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Feudal hierarchies: theory

- Convergence of feudal reinforcement learning (Carvalho et al., 2023):
- Assumption: uniform stopping time:

- Each level is a non-stationary MDP
- Despite, the MDPs converge
- Q-learning converges on convergent MDPs

- Conclusion: Q-learning converges on feudal  hierarchies.
- Each MDP is depends on the low-level policies;
- Each MDP is non-stationary (the policies change);
- As the policy converges, the MDP converges;
- Q-learning converges on convergent MDPs.
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- Convergence of feudal reinforcement learning (Carvalho et al., 2023):
- Assumption: uniform stopping time:

- Each level is a non-stationary MDP
- Despite, the MDPs converge
- Q-learning converges on convergent MDPs

- Conclusion: Q-learning converges on feudal  hierarchies.
- Each level is an MDP (with uniform stopping time);
- Each MDP is depends on the low-level policies;
- Each MDP is non-stationary (the policies change);
- As the policy converges, the MDP converges;
- Q-learning converges on convergent MDPs.
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Feudal hierarchies

- Benefits
- Simplicity;
- Efficiency;
- Interpretability;
- Flexibility.
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Feudal hierarchies

- Limitations:
- Domain knowledge;
- Sub-optimality;
- Non-stationarity;
- Theoretically under-explored.
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- Proto-actions;
- Macro-actions.
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Options: formalism

- An option is a triple
- Policy
- Initiation set 
- Termination condition

- A proto-action can also be an option:
- Policy
- Initiation set
- Termination condition  
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- Optimality equation:
- MDP

- SMDP
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- Q-learning:
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Options: intra-option learning

- We can also learn the options policies:
- Standard MDP 
- We need to define the option reward:

- For instance for reaching a goal state.
- Standard Q-learning:

- Execute action according to option policy
- Observe reward  
- Update Q-value

151

We can also learn both levels at the same time! 
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Options: end-to-end learning

- Q-learning:
- Select option
- Until option termination:

- Intra-option learning.
- Update values
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Options: desired properties

- State abstraction
- Can also be used at the option-level 
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Options: design choices

- What are the tasks?
- Are the option policies known?

- What is the option reward function?
- Primitive actions are options?
- Speed-up intra-option learning?
- Use state abstraction?

- Predefined or function approximation?
- Prevent non-stationarity?
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Task discovery

- Option-critic framework (Bacon et al. 2017)
- Similar to the actor-critic framework;
- Learn the hierarchical policy and termination functions for K options:

- Gradient descent.
- Limitations:

- Tendency to converge to a trivial policy;
- Not easy to interpret;
- Computationally expensive.
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- Take the k smallest eigenvectors
- Maximize the eigenpurpose
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Task discovery

- Eigenoptions (Machado et al. 2017):
- Based on the graph Laplacian
- Take the k smallest eigenvectors
- Maximize the eigenpurpose

- Limitations:
- Requires knowledge of
- Eigenvectors are specific of policy.
- Ignores reward;
- Expensive.
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Task discovery

- Covering options (Jinnai et al. 2019):
- Take the smallest eigenvector of the graph Laplacian,
- The option initiates at
- The option terminates at 
- Learn the option policy from
- Recompute the Laplacian with the new policy;

Repeat for k iterations.    
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Task discovery

- Covering eigenoptions (Machado et al. 2023):
- Iteratively add option from the smallest eigenvector of the Laplacian.
- Combines the benefits of:

- Covering options:
- Iterative;
- Lowest cover time;

- Eigenoptions:
- Dense reward;
- Broad initiation sets.
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Task discovery

- Deep covering eigenoptions for exploration (Klissarov and Machado 
2023):

- Pre-trained;
- Online.
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Task discovery

- Deep covering eigenoptions for exploration (Klissarov and Machado 
2023):

- Pre-trained;
- Online;
- Transfer;
- High-dimensions.
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Task discovery: option keyboard

- Introduced by Barreto et al. (2019);
- Combine options to new ones without additional learning.

- Approximate option policy, but still with benefits.
- Can be combined with eigenoptions (Machado et al. 2023).
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Conclusion
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Benefits
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Benefits

- Exploration;
- Transfer;
- Efficiency;
- Interpretability;
- Simplification.
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Success

- Minecraft competition (Lin et al. 2021)
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Limitations

234



Limitations

- Design choices;
- No unified terminology and framework;
- Not many big success stories;
- Few theoretical guarantees;
- No common benchmarks.
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Open problems
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Open problems

- Theory:
- End-to-end learning (non-stationarity);
- Optimality and efficiency;
- Trade-off optimality to abstraction;
- Unification of the frameworks.
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Open problems

- Application:
- High-dimensional / hard / real-world problem;
- Show that one approach achieves several benefits;
- Compare different approaches in several benefits;
- Define important hierarchical testbeds.
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Resources

- Classes:
- Hierarchical reinforcement learning, RL summer school 2023, Anders Jonsson;
- Hierarchical RL and skill discovery, Stanford computer science 2020, Karol 

Hausman.
- Surveys:

- Hierarchical reinforcement learning: a survey and open research challenges, 
Hutsebaut-Buisse et al. 2022;

- Hierarchical reinforcement learning: a comprehensive survey, Pateria et al. 2021.
- Seminal papers:

- Feudal reinforcement learning, Dayan and Hinton 1992;
- Between MDPs and semi-MDPs, Sutton et al. 1999.
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More recently

- Important papers:
- Feudal networks for hierarchical reinforcement learning, Vezhnevets 2017;
- Data-efficient hierarchical reinforcement learning, Nachum et al. 2018;
- The option-critic architecture, Bacon et al. 2017;
- Temporal abstraction in RL with the successor representation, Machado et al. 2023;
- Deep laplacian-based options for temporally extended exploration, Klissarov and 

Machado 2023.
- Also:

- Hierarchically structured scheduling and execution of tasks in a multi-agent 
warehouse environment, Carvalho and Sengupta 2022;

- Theoretical remarks on feudal hierarchies and reinforcement learning, Carvalho et 
al. 2023
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or abstraction in sequential decision making
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