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Preliminaries: Reinforcement Learning

Agent

Environment

State
Reward Action

Goal: Find policy π that maximize rewards



Preliminaries: Imitation Learning

Learning from Demonstrations

● Expert provides a set of demonstration trajectories: a sequence of states and actions
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● Imitation Learning is useful when it is easier for the expert to demonstrate the desired 
behavior rather than:
○ Specifying a reward that would generate such behavior (rewards are hard to define),
○ Specifying the desired policy directly



Preliminaries: Imitation Learning



Preliminaries: Inverse Reinforcement Learning (IRL)

Expert

Environment

State
Reward Action

Goal: Find reward function that expert is implicitly optimizing



Preliminaries: Inverse Reinforcement Learning (IRL)

● Learns the reward function from expert trajectories
that prioritizes entire trajectories over others, then derives the optimal policy

● Expensive to run (inner loop has an RL iteration)
● Indirectly learns optimal policy from the learned reward function (using RL)

Source

https://www.researchgate.net/figure/a-Reinforcement-learning-and-b-inverse-reinforcement-learning-35_fig6_342493738


Proposed Model: Generative Adversarial Imitation Learning (GAIL)

Contributions

● Directly extracting a policy from data as if it were obtained by RL + IRL
● Bypassing any intermediate IRL step
● Draws an analogy between imitation learning and generative adversarial networks (GAN)
● Derive a model-free imitation learning algorithm with significant performance improvement 

and low sample & computational complexity



Inverse Reinforcement Learning

Maximum causal Entropy IRL (MaxEnt)

● Try to find a cost function c∊C that assigns low cost to the expert policy πE and high cost 
to other policies π

● Using RL procedure, we can find the expert policy based on the cost c

● Inner loop has RL; thus, slow



Generative Adversarial Imitation Learning: Proposed Framework

● Use the largest possible set of cost functions

● Use Gaussian processes or neural networks to find the best cost function c among the 
large cost function class C

● To avoid overfitting, we use a “convex” regularizer for the cost function

● With ψ, IRL procedure can be written as

● Let  c̃ ∈ IRLψ(πE)
● we are interested in π given by RL(c̃) = π 
● RL( IRLψ(πE) ) = π 



Generative Adversarial Imitation Learning: Occupancy Measure

● For a policy π ∈ Π, define its occupancy measure ρπ : S x A → ℝ as

● In words, occupancy measure ρπ is the distribution of state-action pairs with policy π

● The set of valid occupancy measure can be written as:

● Note that there is 1-1 correspondence between Π and D
● πρ to denote the unique policy for an occupancy measure ρ



Generative Adversarial Imitation Learning: Convex Conjugate

● For a function f: ℝSxA → ℝ ∪ ∞, its convex conjugate f *: ℝSxA → ℝ ∪ ∞ is

● Then, RL(c̃) can be written as 



Generative Adversarial Imitation Learning: Overview

convex conjugate form

(finding a cost function that makes the expert policy uniquely optimal) → (find a policy that matches the expert’s occupancy measure)



Generative Adversarial Imitation Learning: proposed regularizer ψ

Low penalty when x is far from 0; High penalty when x is close to 0.



Generative Adversarial Imitation Learning: proposed regularizer ψ

Low penalty when x is far from 0; High penalty when x is close to 0.

The above equation is the optimal negative log loss of the binary classification problem of distinguishing between state-action pairs of π and πE 
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Generative Adversarial Imitation Learning: proposed regularizer ψ
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Generative Adversarial Imitation Learning: proposed algorithm

● We find the saddle point (π, D)



Generative Adversarial Imitation Learning: proposed algorithm

● Initialize the policy πθ, and a discriminator Dw : S ✕ A → (0, 1) 
● Alternatively update w and θ:

○ Adam for gradient step on w to increase

○ TPRO step on θ to decrease

● Discriminator network is a local cost function providing learning signal to the policy
● Taking a policy step that decreases expected cost w.r.t. c(s, a) = logD(s, a)



Generative Adversarial Imitation Learning: proposed algorithm



Generative Adversarial Imitation Learning: Experiments

● Settings
○ Run on OpenAI Gym
○ Low-dimensional control tasks: (e.g. Cartpole, Acrobat)
○ High-dimensional tasks: (e.g. 3D humanoid locomotion)

● Procedures
○ Use env where reward is known
○ Generate expert behavior for these tasks by running TPRO on the true cost functions to 

create expert policies
○ Run GAIL and other benchmarks on the generated expert policies
○ Evaluate imitation performance w.r.t. sample complexity of expert data

● Benchmarks
○ Behavior Cloning
○ Feature expectation matching (FEM): with linear cost function
○ Game-theoretic apprenticeship learning (GTAL): with convex cost function



Generative Adversarial Imitation Learning: Results



Generative Adversarial Imitation Learning: Results
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