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Imitation learning (IL,LfD)

• MDP Formulation: <𝑆, 𝐴, 𝑇 𝑠′ 𝑠, 𝑎 , 𝑟 𝑠, 𝑎 , 𝑢, 𝛾>

• An agent policy: 𝜋(𝑎|𝑠)

without reward
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• MDP Formulation: <𝑆, 𝐴, 𝑇 𝑠′ 𝑠, 𝑎 , 𝑟 𝑠, 𝑎 , 𝑢, 𝛾>

• An agent policy: 𝜋(𝑎|𝑠)

• Instead, a set of expert’s demonstrations:
𝐷 = 𝜏1, … , 𝜏𝑚 = 𝑠0, 𝑎0, 𝑠1, 𝑎1, … ∼ 𝜋𝐸(𝑎|𝑠)

• State-action or state-transition distribution of a policy 𝜋:

𝜌𝜋 𝑠, 𝑎 or 𝜌𝜋(𝑠, 𝑠′)

• LfD goal: learning a policy of agent from expert demonstrations

without reward



Imitation learning from observations (LfO)

• Given a set of expert’s observations:
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without actions
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Imitation learning from observations (LfO)

• Given a set of expert’s observations:
𝐷 = 𝜏1, … , 𝜏𝑚 = 𝑠0, 𝑎0, 𝑠1, 𝑎1, …

• Advantage：

• To save demo collection effort.

• Learning from internet videos.

• Human imitation never know what expert 

actions exactly are.

without actions

Video



Divergence minimization perspective on IL

Seyed & Zemel, CoRL’19
Ho & Ermon, NIPS’16,
Fu, Finn, ICLR’18, ICML’16

GAIL or AIRL:
min
𝜋
𝐷𝑓(𝜌𝜋(𝑠, 𝑎)||𝜌𝐸(𝑠, 𝑎))

• 𝐷𝑓 could be KL or JS divergence.

• Adversarial training for divergence minimization.
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Divergence minimization perspective on IL

Seyed & Zemel, CoRL’19
Ho & Ermon, NIPS’16,
Fu, Finn, ICLR’18, ICML’16

GAIL or AIRL:
min
𝜋
𝐷𝑓(𝜌𝜋(𝑠, 𝑎)||𝜌𝐸(𝑠, 𝑎))

• 𝐷𝑓 could be KL or JS, … divergence.

• Adversarial training into divergence minimization.

Intuitively generalize to LfO
𝐷𝑓(𝜌𝜋(𝑎|𝑠, 𝑠′)||𝜌𝐸 𝑎 𝑠, 𝑠′ ) = 𝐷𝑓(𝜌𝜋(𝑠, 𝑎)||𝜌𝐸 𝑠, 𝑎 ) − 𝐷𝑓(𝜌𝜋(𝑠, 𝑠′)||𝜌𝐸 𝑠, 𝑠′

GAIfOGAILIDD

𝜌(𝑎|𝑠, 𝑠′): inverse dynamic model
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• Inverse dynamic model disagreement (IDD):

• The gap between GAIL and GAIfO

• GAIL is a upper-bound of GAIfO



IDD = GAIL - GAIfO

• Inverse dynamic model disagreement (IDD):

• The gap between GAIL and GAIfO

• GAIL is a upper-bound of GAIfO

• IDD vanishment:

• If the dynamics model 𝑇(𝑠′|𝑠, 𝑎) is an injective mapping,

𝐷𝑓(𝜌𝜋(𝑠, 𝑎)||𝜌𝐸 𝑠, 𝑎 ) = 𝐷𝑓(𝜌𝜋(𝑠, 𝑠′)||𝜌𝐸 𝑠, 𝑠′ .

GAIfOGAIL



Inverse dynamic disagreement minimization(IDDM) 
• The overall objective is:

IDD ≔ 𝐷𝑓(𝜌𝜋(𝑎|𝑠, 𝑠′)||𝜌𝐸 𝑎 𝑠, 𝑠′ ) ≤ −ℋ𝜋 𝑠, 𝑎 + 𝑐𝑜𝑛𝑠𝑡.GAIfO
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• The overall objective is:
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Inverse dynamic disagreement minimization(IDDM) 

Demo Case A Case B

better

min
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• The overall objective is:

Mutual information neural estimation
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• Toy navigation



• Quantitative performance (original reward)

OpenAI-Gym tasks



• More learning curve, num of demos and ablation experiments can 
be found in our paper and supplementary.
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