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Adversarial Imitation Learning Reward Function Visualization
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(b) Learning Policy with Diffusion Rewards
Policy 7 learns to maximize the diffusion reward computed based
on the output of the diffusion discriminative classifier D, that takes
the state-action pairs from the policy as input.
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(a) Learning Diffusion Discriminative Classifier
Diffusion discriminative classifier learns to distinguish expert data
(5. a) from agent data (s,, a;) using a diffusion model b by
denoising expert and agent state-action pairs concatenated with a
reallexpert label c* or a fake/agent label ¢~
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Generalizing to more novel states/goals/tasks is required
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2024 TAAI Master’s Thesis Award
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Diffusion Model-Augmented Behavioral Cloning ou
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Diffusion Model- Augmented Behavioral Clonlng (DBC) Theoretical Motivation Ablation Studies

‘Goak Las how o perm  ask by abservng an exper's

Modeling Demonstrations
Modeling the conditional probabilty pfals)
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Common IPC methods

4 Common Multi-threading Pitfalls

1.File

2.FIFO (Named Pipe)
3.Signal
4.Semaphore
5.Pipe

6.Message Queue
7.Shared Memory
8.Socket

IPC
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1. Thread Safety Problem
- Data races and synchronization issues
2. Double Free Problem
- Freeing memory more than once
3. Busy Wait with Global Flag
- Stale flag caused by compiler optimization
4. Cache Line Problem
- False sharing slows down performance
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2nd Place, National Robotics Competition
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