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Background

2

Human-in-the-loop (HIL) imitation learning enables agents to better align 

with human preferences and directly enhances training-time safety.

(a) Imitation learning from 
human intervention.

(b) Human supervises the driving agent, and 
provide real-time corrections when necessary. 



Motivation

Challenge 1: 

As the policy improves, its trajectory 

Distribution Shifts. Cannot treat 

them equally.

Challenge 2:

Trajectories can be flawed due to 

Human Reaction Delays.

Cannot be imitation objective.



Key Idea
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• Solving Distribution shifts: we claim that learning from human 

intervention problem is fundamentally an online learning problem.

• Solving human reaction delays: we focuses on imitating the human 

expert policy while excluding bias from agent-generated trajectories.



Method
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Faithful Imitation Objective with Behavior Trajectory
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We focus on faithfully imitating only the human expert, while still 

leveraging novice data for data efficiency.

• Faithful imitation objective: 

• Reformulate the objective into a tractable optimization over a value function : 
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Faithful Imitation Objective with Behavior Trajectory

We focus on faithfully imitating only the human expert, while still 

leveraging novice data for data efficiency.
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• Extract the policy using weighted behavior cloning: 



Method

7

Dynamic Imitation Learning with Dynamic Regret Minimization
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We employ an ensemble learning framework of FTPL-D+ designed for 

non-convex online learning to optimize for dynamic regret..

• At each round, policy is updated using FTPL:

• We use a meta algorithm to adaptively assigns weights to each learner:



Experiments
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We achieve the best performance in MetaDrive-Keyboard and CARLA-Wheel! 



Experiments

9Qualitative comparison of agent trajectories.

Ablation Study

• We conducted ablation studies to assess 

effectiveness of  key components.

• Qualitative comparison also shows that 

our method produces the smoothest and 

safest trajectories.
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Conclusion

• We proposed Faithful Dynamic Imitation Learning framework, 
FaithDaIL, that first formally formulates learning from human 
intervention as an online non-convex learning problem.

• We propose an unbiased objective for faithful human expert imitation 
from mixed data, and achieve it by using proxy rewards.

• Extensive experiments to assess the outstanding performance of our 
method, which closely matching expert performance.
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Thank you!

Code: https://github.com/William-island/FaithDaIL
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