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GENERATIVE ADVERSARIAL NETWORKS 
(GAN)

Ian J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, 
Sherjil Ozair, Aaron C. Courville, Yoshua Bengio, "Generative Adversarial Nets," 
Advances in Neural Information Processing Systems (NIPS), Dec, 2014.
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Adversarial Networks
• 𝐷 𝑥; 𝜃! : discriminator (NN with parameters 𝜃!)

– Probability that 𝑥 is from the data, not from the generator
• 𝐺 𝑧; 𝜃" : generator (NN with parameters 𝜃")

– 𝑝"(𝑥) : generated sample distribution
• 𝑧	~	𝑝#(𝑧) : prior

• Cost function
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Algorithm
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Analysis
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Analysis
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Convergence
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Experiments
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State-of-the-Art GANs
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[1] Phillip Isola, Jun-Yan Zhu, Tinghui Zhou, Alexei A. Efros , “Image-to-Image Translation with Conditional Adversarial Nets,” CVPR 2017.
[2] Karras, T., Aila, T., Laine, S., & Lehtinen, J. Progressive growing of GANs for improved quality, stability, and variation. ICLR 2018.
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GENERATIVE ADVERSARIAL IMITATION 
LEARNING (GAIL)

J. Ho, and S. Ermon, "Generative adversarial imitation learning," Advances in 
Neural Information Processing Systems (NIPS), Dec, 2016
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Inverse Reinforcement Learning
• 𝐸$ 𝑐 𝑠, 𝑎 = 𝐸[∑%&'( 𝛾%𝑐(𝑠% , 𝑎%)] : expected discounted cost
• 𝐻 𝜋 = 𝐸$ −log	𝜋 𝑎|𝑠 : discounted causal entropy

• Inverse Reinforcement Learning (MaxEnt IRL, dual form)

• Reinforcement Learning

• GAIL: Solves IRL without the RL step
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Dual for MDPs
• 𝜌$ 𝑠, 𝑎 = 	𝜋(𝑎|𝑠) ∑%&'( 𝛾%𝑃(𝑠% = 𝑠|𝜋) : occupancy measure wrt 𝜋

– 𝐸$ 𝑐 𝑠, 𝑎 = 𝐸[∑%&'( 𝛾%𝑐(𝑠% , 𝑎%)] = 	∑),+ 𝜌$ 𝑠, 𝑎 𝑐 𝑠, 𝑎
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Bellman flow constraint:

• 𝜓∗ is a convex conjugate of 𝜓, i.e., 𝜓∗(𝑥) = 	 sup
"
[𝑥#𝑦	 − 𝜓(𝑦)].

• This IRL formulation finds a policy which matches its occupancy measure to the occupancy 
measure of an expert.
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(convex 
 conjugate)

(minimax duality)



Generative Adversarial Imitation Learning (GAIL)
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connection to GAN !!!

GAIL:       min
!
max
"
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𝜙: strictly decreasing convex loss function
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MAXIMUM CAUSAL TSALLIS ENTROPY 
IMITATION LEARNING

Kyungjae Lee, Sungjoon Choi, and Songhwai Oh, "Maximum Causal Tsallis 
Entropy Imitation Learning", in Proc. of Neural Information Processing Systems 
(NIPS), Dec. 2018.
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Inverse Reinforcement Learning (IRL)
Maximum Entropy IRL

– Causal entropy regularization: 𝐻 𝜋 = 𝔼 ∑%&'( −𝛾% 	𝑙𝑜𝑔(𝜋 𝑎%|𝑠% )
– Feature expectation matching:  behave similarly to expert’s policy
– Dual problem of maximum causal entropy problem

Policy Learning: Soft MDP under cost 
− 𝜃#𝜙 or reward 𝜃#𝜙

Reward Learning: maximizing the performance gap 
between the learner and expert

max
#

min
!
−𝛼𝐻 𝜋 − 𝔼! 𝜃$𝜙 𝑠, 𝑎 + 𝔼!! 𝜃

$𝜙 𝑠, 𝑎

Ziebart et al. "Maximum Entropy Inverse Reinforcement Learning." AAAI. Vol. 8. 2008.
Michael Bloem and Nicholas Bambos. "Infinite time horizon maximum causal entropy inverse reinforcement learning." CDC, 2014.

max
!

𝛼𝐻(𝜋)

subject	to	 ∀	𝑠, 𝑎	 =
%

𝜋 𝑎 𝑠 = 1, 𝜋 𝑎 𝑠 ≥ 0

	 ∀	𝑠, 𝑎	 𝔼! 𝜙 𝑠, 𝑎 = 𝔼!! 𝜙 𝑠, 𝑎
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Maximum Entropy IRL
MaxEnt IRL

Optimal Solution of MaxEnt IRL
– 𝑟 𝑠, 𝑎 = 𝜃∗$𝜙 𝑠, 𝑎
– 𝑞 𝑠, 𝑎 = 𝑟 𝑠, 𝑎 + ∑'" 𝑣 𝑠( 𝑇(𝑠(|𝑠, 𝑎)
– 𝑣 𝑠 = log∑%" 𝑞 𝑠, 𝑎(

– 𝜋 𝑎|𝑠 = )
*
exp +(',%

")
/

• Drawbacks
• Not scalable
• Transition model is required
• Solving RL as a subroutine is computationally expensive

Solving a soft 
MDP

Compute 
Gradient of 𝜃 

Brian D. Ziebart, ”Modeling purposeful adaptive behavior with the principle of maximum causal entropy.” Ph.D. Thesis, CMU, 2010.

max
#

min
!
−𝛼𝐻 𝜋 − 𝔼! 𝜃$𝜙 𝑠, 𝑎 + 𝔼!! 𝜃

$𝜙 𝑠, 𝑎

Softmax
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Generative Adversarial Imitation Learning (GAIL)

Unifying View of IRL

• 𝜓 𝑐  is reward regularization, where 𝑐 = −𝜃,𝜙
• Many existing IRL methods can be interpreted under this framework

– Apprenticeship Learning: l2-ball regularization
– MaxEnt IRL: constant
– Gaussian process (GP) IRL: Hilbert norm regularization

Generative Adversarial Setting

– It does not require to solve MDPs or RL at every iteration
– Sample efficient: after sampling from policy, 

both discriminator and policy are updated
– Note the similarity to generative adversarial networks (GAN)

Jonathan Ho and Stefano Ermon. "Generative adversarial imitation learning." NIPS. 2016.

max
0
min
!
−𝛼𝐻 𝜋 + 𝔼! 𝑐 𝑠, 𝑎 − 𝔼!! 𝑐 𝑠, 𝑎 − 𝜓(𝑐)

min
!
	max
"

−𝛼𝐻 𝜋 + 𝔼! log𝐷 𝑠, 𝑎 + 𝔼!! log( 1 − 𝐷 𝑠, 𝑎 )
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Maximum Causal Tsallis Entropy Imitation Learning

Maximum Causal Tsallis Entropy Imitation Learning (MCTEIL)

• By setting regularization to 𝜓-.(𝜃)
         𝜓-. 𝜃 ≔ 𝔼$[𝑔(𝜃,𝜙(𝑠, 𝑎))] 

                   where 𝑔 𝑥 = F−𝑥 − log 1 − 𝑒
/ , 	 𝑥 < 0

∞, 	 𝑥 ≥ 0
• − log𝐷 𝑠, 𝑎  is the reward function

• Since the objective function has a unique saddle point,
we can update policy and reward simultaneously

𝜃𝜌

Real Fake Classification ProblemReinforcement Learning Problem

min
!
	max
"

−𝛼𝑊 𝜋 + 𝔼! log𝐷 𝑠, 𝑎 + 𝔼!! log 1 − 𝐷 𝑠, 𝑎



Experiments
• Multi-Goal Environment

• Simple 2D environment with multiple optima in the rewards
• Agent follows pointmass dynamics
• Verifying that the proposed method can learn multi-modal 

behavior 
• MuJoCo (Continuous Control)

• Four robotic control problems: Reacher, Half Cheetah, Ant, 
Walker2d

• Comparison with GAIL
• Object World and Highway Driving (Discrete Control)

• Control agents with discrete action space
• Omitted in paper
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Multi-Goal Experiments
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Rewards map and Demos

Average Return Reachability



MuJoCo Experiments (Continuous Control)
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More Experiments
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MCTEIL MCTEIL



MixGAIL: 
Autonomous Driving Using Demonstrations with Mixed Qualities 

• Uses both expert demonstrations and negative demonstration 

(e.g., accidents)

• Experimental results

• TORCS: Racing car simulator

• RC Car with a lidar sensor

• Learns faster and performs better

Training curve. 

Optimization Problem.
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Gunmin Lee, Dohyeong Kim, Wooseok Oh, Kyungjae Lee, and Songhwai Oh, "MixGAIL: Autonomous Driving Using Demonstrations 
with Mixed Qualities," in Proc. of the IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS), Oct. 2020.


