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Introduction

• StarCraft Π is a ideal environment for reinforcement learning research 
due to complexity of states, diversity of actions, and long time horizon.

• Most existing reinforcement learning algorithms are still difficult to be 
used in such large-scale reinforcement learning problems.

• A hierarchical architecture is proposed to make intractable large-scale 
reinforcement learning problems easier to handle, and an effective 
training algorithm tailed to the architecture is also investigated.



Background

• Reinforcement Learning

• Hierarchical Reinforcement Learning
• Decomposing a complex problem into several sub-problems and solving 

each sub-question in turn.

• Curriculum Learning
• Training the agent from the simplest opponent to harder ones.



Method

• Hierarchical Architecture

• Generation of Macro-actions

• Training Algorithm

Overall Architecture





Method - Hierarchical Architecture

• The controller chooses a sub-policy in every 𝐾 time units

• Replay buffer 𝐷𝐶

• The chosen sub-policy makes a decision (picks a macro-action) in 
every time unit

• Replay buffer 𝐷𝑖



Method - Hierarchical Architecture

• Such a hierarchical structure can split the original huge state space into a 
plurality of subspaces corresponding to different policy networks.

• The hierarchical structure can also split the tremendous action space.

• The hierarchical architecture makes the design of the reward function easier. 
Different sub-policies may have different targets, thus they can learn more 
quickly by their own suitable reward functions.



Method – Generation of Macro-actions

• It always needs to do a sequence of raw actions to achieve one simple 
purpose.

• Thus we instead generate a macro-action space 𝐴𝜂 which is obtained 
through data mining from trajectories of experts.

• The original action space 𝐴 is replaced by the macro-action space 𝐴𝜂.



Method – The generation process of macro-actions



Method – Training Algorithm (PPO)



Method – Reward Design & Curriculum Learning

• Reward Design: It’s hard to learn a effective policy using Win/Loss reward. 
Thus we have designed reward functions for the sub-policies which combine 
dense reward (Blizzard score) and sparse reward.

• Curriculum Learning: Training on higher difficulty levels gives less positive 
feedback, making it difficult for agent to learn from scratch. 

model train lower level

model train higher level
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Experiments – three battle policy

• Combat Rule: It is a simple battle policy, and there is only one action in 
combat rule model: attacking a sequence of fixed positions.

• Combat network: Three actions and a position vector can be obtained from 
combat network. The position of attack and movement are specified by the 
position vector. These actions are: 
• All attack a certain position 

• All retreat to a certain position 

• Do nothing

• Mixture model: a combination of combat rule and combat network. 





Experiments – some results

• While replacing a sub-policy, the parameters of the controller network and other 
sub-policies are retained, only the parameters of the newly replaced sub-policy are 
updated, which can accelerate learning. (Fig. 3(b))

• When all the networks of the hierarchical architecture update at the same time, they 
are sometimes unstable. We can use an alternate updating strategy to address this 
issue. (Fig. 3(c) & Fig. 3(d))

• Curriculum learning (Fig. 3(a)) and module training (Fig. 3(b)) are effective. 

• Hierarchical architecture is effective.

• Both Win/Loss reward and handcrafted reward can achieve good results on low 
difficulty level, but fail on high difficulty level.

• Blizzard score and winning rate are sometimes not in a proportional relationship.

• ……
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flood level

Our approach makes the loss float around 
the flood level by doing mini-batched 
gradient descent as usual but gradient 
ascent if the training loss is below the 
flood level.

With flooding, the model will continue to “random walk” with the same non-zero training loss, and we expect it to 
drift into an area with a flat loss landscape that leads to better generalization.





Some Thinking
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Why we need a flat loss?

∆𝑥
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Adversarial Robustness? Common Robustness? Generalization
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