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Background
. Reinforcement Learning

– State s 2 S
<latexit sha1_base64="qbSN10VJtBWnDH6oPes86vupx/s=">AAACGXicbVDLTgIxFO3gC/GFutRFI5i4gcxgjC6JblxikEcChHQ6HWjodCbtHRMyYeNv+ANu9Q/cGbeu/AG/ww6wUPAkTU7Oua8eNxJcg21/WZmV1bX1jexmbmt7Z3cvv3/Q1GGsKGvQUISq7RLNBJesARwEa0eKkcAVrOWOblK/9cCU5qG8h3HEegEZSO5zSsBI/fxxqYTrQIDhosZdLnE3IDCkRCT1SbGfL9hlewq8TJw5KaA5av38d9cLaRwwCVQQrTuOHUEvIQo4FWyS68aaRYSOyIB1DJUkYLqXTH8xwadG8bAfKvMk4Kn6uyMhgdbjwDWV6Y160UvFfz1PpwMXtoN/1Uu4jGJgks6W+7HAEOI0JuxxxSiIsSGEKm7ux3RIFKFgwsyZYJzFGJZJs1J2zssXd5VC9XoeURYdoRN0hhx0iaroFtVQA1H0iJ7RC3q1nqw36936mJVmrHnPIfoD6/MHCxWfjw==</latexit>

– Action a 2 As
<latexit sha1_base64="gDOVOaBN99AxDnXJO1862bQqZnc=">AAACHHicbVDLSsNAFJ3UV62vqEsXDraCm5akIrpsdeOygn1AE8JkMm2HTiZhZiKU0KW/4Q+41T9wJ24Ff8DvcNJmoa0HBg7n3NccP2ZUKsv6Mgorq2vrG8XN0tb2zu6euX/QkVEiMGnjiEWi5yNJGOWkrahipBcLgkKfka4/vsn87gMRkkb8Xk1i4oZoyOmAYqS05JnH1Sps4ozDCoIO5dAJkRphxNLm1JMVzyxbNWsGuEzsnJRBjpZnfjtBhJOQcIUZkrJvW7FyUyQUxYxMS04iSYzwGA1JX1OOQiLddPaRKTzVSgAHkdCPKzhTf3ekKJRyEvq6MrtSLnqZ+K8XyGzgwnY1uHJTyuNEEY7nywcJgyqCWVIwoIJgxSaaICyovh/iERIIK51nSQdjL8awTDr1mn1eu7irlxvXeURFcAROwBmwwSVogFvQAm2AwSN4Bi/g1Xgy3ox342NeWjDynkPwB8bnD0CPoLg=</latexit>

– New state s0 2 S
<latexit sha1_base64="UEfurA2gZl9vulnkC+4LdTiqilY=">AAACHnicbVDLTgIxFO3gC/GFunRTRaMbyYzG6JLoxpXBKI8ECOmUizZ2OpP2joZMWPsb/oBb/QN3xq3+gN9hB1goeJImJ+fcV48fSWHQdb+czNT0zOxcdj63sLi0vJJfXauaMNYcKjyUoa77zIAUCiooUEI90sACX0LNvztL/do9aCNCdY29CFoBu1GiKzhDK7Xzm/v79AIeqEGGQLfNLm0KRZsBw1vOZHLV327nC27RHYBOEm9ECmSEcjv/3eyEPA5AIZfMmIbnRthKmEbBJfRzzdhAxPgdu4GGpYoFYFrJ4Ct9umOVDu2G2j6FdKD+7khYYEwv8G1leqMZ91LxX69j0oFj27F70kqEimIExYfLu7GkGNI0K9oRGjjKniWMa2Hvp/yWacbRJpqzwXjjMUyS6kHROyweXR4USqejiLJkg2yRPeKRY1Ii56RMKoSTR/JMXsir8+S8Oe/Ox7A044x61skfOJ8/c2+hUg==</latexit>

– Reward r
<latexit sha1_base64="b6UggT6/jKCjNRcvv3cn2xesHW0=">AAACG3icbVDJSgNBFOxxjXGLehSkMRG8JMxERI9BLx6jmAWSEHp6XpImPQvdb9Qw5OZv+ANe9Q+8iVcP/oDfYWc5aGJBQ1H13qum3EgKjbb9ZS0sLi2vrKbW0usbm1vbmZ3dqg5jxaHCQxmquss0SBFABQVKqEcKmO9KqLn9y5FfuwOlRRjc4iCCls+6gegIztBI7cxBPk+bCA84PpUo8IbJDdwz5dGcyg3bmaxdsMeg88SZkiyZotzOfDe9kMc+BMgl07rh2BG2EqZQcAnDdDPWEDHeZ11oGBowH3QrGYcP6ZFRPNoJlXkB0rH6eyNhvtYD3zWTPsOenvVG4r+ep0cHZ9Kxc95KRBDFCAGfhHdiSTGko6KoJxRwlANDGFfC/J/yHlOMo6kzbYpxZmuYJ9ViwTkpnF4Xs6WLaUUpsk8OyTFxyBkpkStSJhXCySN5Ji/k1Xqy3qx362MyumBNd/bIH1ifP3XfoX0=</latexit>

Agent
<latexit sha1_base64="3k96E1pZr23zlmplnQyg6FFznBo=">AAACBHicbVDLSgMxFL1TX7W+qi7dBIvgqsxURJdVNy4r2Ie0Q8lkMm1okhmSjFBKt/6AW/0Dd+LW//AH/A4z7Sy09UDgcM49uZcTJJxp47pfTmFldW19o7hZ2tre2d0r7x+0dJwqQpsk5rHqBFhTziRtGmY47SSKYhFw2g5GN5nffqRKs1jem3FCfYEHkkWMYGOlh14QoasBlaZfrrhVdwa0TLycVCBHo1/+7oUxSYXNEo617npuYvwJVoYRTqelXqppgskID2jXUokF1f5kdvAUnVglRFGs7JMGzdTfiQkWWo9FYCcFNkO96GXiv16osw8Xtpvo0p8wmaSGSjJfHqUcmRhljaCQKUoMH1uCiWL2fkSGWGFibG8lW4y3WMMyadWq3ln1/K5WqV/nFRXhCI7hFDy4gDrcQgOaQEDAM7zAq/PkvDnvzsd8tODkmUP4A+fzB7FEmIk=</latexit>

Environment
<latexit sha1_base64="YAFbZBrTMt4wuWxq7fttgz6EmvE=">AAACDHicbVDLSsNAFL3xWeujUZduBovgqiQV0WVRBJcV7APaUCaTSTt0Mgkzk0IJ/QV/wK3+gTtx6z/4A36HkzYLbT0wcDjnnrmX4yecKe04X9ba+sbm1nZpp7y7t39QsQ+P2ipOJaEtEvNYdn2sKGeCtjTTnHYTSXHkc9rxx7e535lQqVgsHvU0oV6Eh4KFjGBtpIFd6fshuhMTJmMRUaEHdtWpOXOgVeIWpAoFmgP7ux/EJM2zhGOleq6TaC/DUjPC6azcTxVNMBnjIe0ZKnBElZfND5+hM6MEKIyleUKjufo7keFIqWnkm8kI65Fa9nLxXy9Q+YdL23V47WVMJKmmgiyWhylHOkZ5MyhgkhLNp4ZgIpm5H5ERlpho01/ZFOMu17BK2vWae1G7fKhXGzdFRSU4gVM4BxeuoAH30IQWEEjhGV7g1Xqy3qx362MxumYVmWP4A+vzB1zxm5w=</latexit>

Learn policy ⇡̂
<latexit sha1_base64="ykJ5onrNMXoYJ3sDbfMtgjZTBsQ=">AAACFXicbVC7TsMwFHV4lvIKsCCxWLRITFVShGCsYGFgKBJ9SE1UOa7TWnUcy3aQoqj8Bj/ACn/AhliZ+QG+A6fNAC1HutLROff6+p5AMKq043xZS8srq2vrpY3y5tb2zq69t99WcSIxaeGYxbIbIEUY5aSlqWakKyRBUcBIJxhf537ngUhFY36vU0H8CA05DSlG2kh9+/CWIMmhiBnFKax6I6QzT9BJtW9XnJozBVwkbkEqoECzb397gxgnEeEaM6RUz3WE9jMkNcWMTMpeoohAeIyGpGcoRxFRfja9YAJPjDKAYSxNcQ2n6u+JDEVKpVFgOiOkR2rey8V/vYHKH5zbrsNLP6NcJJpwPFseJgzqGOYRwQGVBGuWGoKwpOb/EI+QRFibIMsmGHc+hkXSrtfcs9r5Xb3SuCoiKoEjcAxOgQsuQAPcgCZoAQwewTN4Aa/Wk/VmvVsfs9Ylq5g5AH9gff4ApLae7Q==</latexit>

Reward functions are often difficult to describe
in complex tasks.

. Imitation Learning

– State
s 2 S

<latexit sha1_base64="qbSN10VJtBWnDH6oPes86vupx/s=">AAACGXicbVDLTgIxFO3gC/GFutRFI5i4gcxgjC6JblxikEcChHQ6HWjodCbtHRMyYeNv+ANu9Q/cGbeu/AG/ww6wUPAkTU7Oua8eNxJcg21/WZmV1bX1jexmbmt7Z3cvv3/Q1GGsKGvQUISq7RLNBJesARwEa0eKkcAVrOWOblK/9cCU5qG8h3HEegEZSO5zSsBI/fxxqYTrQIDhosZdLnE3IDCkRCT1SbGfL9hlewq8TJw5KaA5av38d9cLaRwwCVQQrTuOHUEvIQo4FWyS68aaRYSOyIB1DJUkYLqXTH8xwadG8bAfKvMk4Kn6uyMhgdbjwDWV6Y160UvFfz1PpwMXtoN/1Uu4jGJgks6W+7HAEOI0JuxxxSiIsSGEKm7ux3RIFKFgwsyZYJzFGJZJs1J2zssXd5VC9XoeURYdoRN0hhx0iaroFtVQA1H0iJ7RC3q1nqw36936mJVmrHnPIfoD6/MHCxWfjw==</latexit>

– Actio
n a 2 As

<latexit sha1_base64="gDOVOaBN99AxDnXJO1862bQqZnc=">AAACHHicbVDLSsNAFJ3UV62vqEsXDraCm5akIrpsdeOygn1AE8JkMm2HTiZhZiKU0KW/4Q+41T9wJ24Ff8DvcNJmoa0HBg7n3NccP2ZUKsv6Mgorq2vrG8XN0tb2zu6euX/QkVEiMGnjiEWi5yNJGOWkrahipBcLgkKfka4/vsn87gMRkkb8Xk1i4oZoyOmAYqS05JnH1Sps4ozDCoIO5dAJkRphxNLm1JMVzyxbNWsGuEzsnJRBjpZnfjtBhJOQcIUZkrJvW7FyUyQUxYxMS04iSYzwGA1JX1OOQiLddPaRKTzVSgAHkdCPKzhTf3ekKJRyEvq6MrtSLnqZ+K8XyGzgwnY1uHJTyuNEEY7nywcJgyqCWVIwoIJgxSaaICyovh/iERIIK51nSQdjL8awTDr1mn1eu7irlxvXeURFcAROwBmwwSVogFvQAm2AwSN4Bi/g1Xgy3ox342NeWjDynkPwB8bnD0CPoLg=</latexit>

– New
stat

e s
0 2 S

<latexit sha1_base64="UEfurA2gZl9vulnkC+4LdTiqilY=">AAACHnicbVDLTgIxFO3gC/GFunRTRaMbyYzG6JLoxpXBKI8ECOmUizZ2OpP2joZMWPsb/oBb/QN3xq3+gN9hB1goeJImJ+fcV48fSWHQdb+czNT0zOxcdj63sLi0vJJfXauaMNYcKjyUoa77zIAUCiooUEI90sACX0LNvztL/do9aCNCdY29CFoBu1GiKzhDK7Xzm/v79AIeqEGGQLfNLm0KRZsBw1vOZHLV327nC27RHYBOEm9ECmSEcjv/3eyEPA5AIZfMmIbnRthKmEbBJfRzzdhAxPgdu4GGpYoFYFrJ4Ct9umOVDu2G2j6FdKD+7khYYEwv8G1leqMZ91LxX69j0oFj27F70kqEimIExYfLu7GkGNI0K9oRGjjKniWMa2Hvp/yWacbRJpqzwXjjMUyS6kHROyweXR4USqejiLJkg2yRPeKRY1Ii56RMKoSTR/JMXsir8+S8Oe/Ox7A044x61skfOJ8/c2+hUg==</latexit>

Agent
<latexit sha1_base64="3k96E1pZr23zlmplnQyg6FFznBo=">AAACBHicbVDLSgMxFL1TX7W+qi7dBIvgqsxURJdVNy4r2Ie0Q8lkMm1okhmSjFBKt/6AW/0Dd+LW//AH/A4z7Sy09UDgcM49uZcTJJxp47pfTmFldW19o7hZ2tre2d0r7x+0dJwqQpsk5rHqBFhTziRtGmY47SSKYhFw2g5GN5nffqRKs1jem3FCfYEHkkWMYGOlh14QoasBlaZfrrhVdwa0TLycVCBHo1/+7oUxSYXNEo617npuYvwJVoYRTqelXqppgskID2jXUokF1f5kdvAUnVglRFGs7JMGzdTfiQkWWo9FYCcFNkO96GXiv16osw8Xtpvo0p8wmaSGSjJfHqUcmRhljaCQKUoMH1uCiWL2fkSGWGFibG8lW4y3WMMyadWq3ln1/K5WqV/nFRXhCI7hFDy4gDrcQgOaQEDAM7zAq/PkvDnvzsd8tODkmUP4A+fzB7FEmIk=</latexit>

Environment
<latexit sha1_base64="YAFbZBrTMt4wuWxq7fttgz6EmvE=">AAACDHicbVDLSsNAFL3xWeujUZduBovgqiQV0WVRBJcV7APaUCaTSTt0Mgkzk0IJ/QV/wK3+gTtx6z/4A36HkzYLbT0wcDjnnrmX4yecKe04X9ba+sbm1nZpp7y7t39QsQ+P2ipOJaEtEvNYdn2sKGeCtjTTnHYTSXHkc9rxx7e535lQqVgsHvU0oV6Eh4KFjGBtpIFd6fshuhMTJmMRUaEHdtWpOXOgVeIWpAoFmgP7ux/EJM2zhGOleq6TaC/DUjPC6azcTxVNMBnjIe0ZKnBElZfND5+hM6MEKIyleUKjufo7keFIqWnkm8kI65Fa9nLxXy9Q+YdL23V47WVMJKmmgiyWhylHOkZ5MyhgkhLNp4ZgIpm5H5ERlpho01/ZFOMu17BK2vWae1G7fKhXGzdFRSU4gVM4BxeuoAH30IQWEEjhGV7g1Xqy3qx362MxumYVmWP4A+vzB1zxm5w=</latexit>

Expert
<latexit sha1_base64="OwX3FAeqUM2777T92Bn53J0j3z8=">AAACBXicbVDLSsNAFJ34rPVVdelmsAiuSlIRXRZFcFnBPrANZTK5aYdOJmHmRiyla3/Arf6BO3Hrd/gDfofTx0JbD1w4nHNfnCCVwqDrfjlLyyura+u5jfzm1vbObmFvv26STHOo8UQmuhkwA1IoqKFACc1UA4sDCY2gfzX2Gw+gjUjUHQ5S8GPWVSISnKGV7ttBRK8fU9DYKRTdkjsBXSTejBTJDNVO4bsdJjyLQSGXzJiW56boD5lGwSWM8u3MQMp4n3WhZaliMRh/OPl4RI+tEtIo0bYU0on6e2LIYmMGcWA7Y4Y9M++NxX+90IwXzl3H6MIfCpVmCIpPj0eZpJjQcSQ0FBo4yoEljGth/6e8xzTjaIPL22C8+RgWSb1c8k5LZ7flYuVyFlGOHJIjckI8ck4q5IZUSY1wosgzeSGvzpPz5rw7H9PWJWc2c0D+wPn8AbRLmRw=</latexit>

Expert policy ⇡⇤
<latexit sha1_base64="dBBB1z+uMfo7h7CEKAA7Qs2Vs/c=">AAACEnicbVDLSsNAFJ3UV62vqLhyM9gK4qIkFdFlUQSXFewD2lgmk2k7dJIZZiZiCP0Lf8Ct/oE7cesP+AN+h5M2C60euHA45744vmBUacf5tAoLi0vLK8XV0tr6xuaWvb3TUjyWmDQxZ1x2fKQIoxFpaqoZ6QhJUOgz0vbHl5nfvidSUR7d6kQQL0TDiA4oRtpIfXvv6kEQqaHgjOIEVnqC3h1X+nbZqTpTwL/EzUkZ5Gj07a9ewHEckkhjhpTquo7QXoqkppiRSakXKyIQHqMh6RoaoZAoL52+P4GHRgnggEtTkYZT9edEikKlktA3nSHSIzXvZeK/XqCyhXPX9eDcS2kkYk0iPDs+iBnUHGb5wIBKgjVLDEFYUvM/xCMkEdYmxZIJxp2P4S9p1aruSfX0plauX+QRFcE+OABHwAVnoA6uQQM0AQYpeALP4MV6tF6tN+t91lqw8pld8AvWxze1zp1M</latexit>

Mimic
<latexit sha1_base64="m2P4b2Eaqdh/IXdCV+3BQPzymU0=">AAACD3icbVDLSsNAFJ34rPUV69LNYBFclaQiuiy46UaoYB/QhjKZTNqhM5MwMxFLyEf4A271D9yJWz/BH/A7nKRZaOuBgcM5994zHD9mVGnH+bLW1jc2t7YrO9Xdvf2DQ/uo1lNRIjHp4ohFcuAjRRgVpKupZmQQS4K4z0jfn93kfv+BSEUjca/nMfE4mggaUoy0kcZ2bVTcSCUJsvSWcoqzsV13Gk4BuErcktRBic7Y/h4FEU44ERozpNTQdWLtpUhqihnJqqNEkRjhGZqQoaECcaK8tMjN4JlRAhhG0jyhYaH+3kgRV2rOfTPJkZ6qZS8X//UClR9cStfhtZdSESeaCLwIDxMGdQTzcmBAJcGazQ1BWFLzf4inSCKsTYVVU4y7XMMq6TUb7kXj8q5Zb7XLiirgBJyCc+CCK9ACbdABXYDBI3gGL+DVerLerHfrYzG6ZpU7x+APrM8fq9ydfA==</latexit>

Learn policy ⇡̂
<latexit sha1_base64="ykJ5onrNMXoYJ3sDbfMtgjZTBsQ=">AAACFXicbVC7TsMwFHV4lvIKsCCxWLRITFVShGCsYGFgKBJ9SE1UOa7TWnUcy3aQoqj8Bj/ACn/AhliZ+QG+A6fNAC1HutLROff6+p5AMKq043xZS8srq2vrpY3y5tb2zq69t99WcSIxaeGYxbIbIEUY5aSlqWakKyRBUcBIJxhf537ngUhFY36vU0H8CA05DSlG2kh9+/CWIMmhiBnFKax6I6QzT9BJtW9XnJozBVwkbkEqoECzb397gxgnEeEaM6RUz3WE9jMkNcWMTMpeoohAeIyGpGcoRxFRfja9YAJPjDKAYSxNcQ2n6u+JDEVKpVFgOiOkR2rey8V/vYHKH5zbrsNLP6NcJJpwPFseJgzqGOYRwQGVBGuWGoKwpOb/EI+QRFibIMsmGHc+hkXSrtfcs9r5Xb3SuCoiKoEjcAxOgQsuQAPcgCZoAQwewTN4Aa/Wk/VmvVsfs9Ylq5g5AH9gff4ApLae7Q==</latexit>

• Behavior Cloning

– Supervised learning;

– Mismatch in training and testing;

– Poor generalization.

• Inverse Reinforcement Learning

– Learn a reward function;

– Bi-level optimization;

– Computationally inefficient.

Generative Adversarial Imitation Learning
. R-distance

dR(π, π′) = sup
r∈R

Eπ[r(s, a)]− Eπ′ [r(s, a)].

• π, π′: evaluation policies;

• R: a symmetric class of reward functions;

• Eπ[r], Eπ′ [r]: expected average rewards.

Special examples:

• Wasserstein distance: R = {1-Lipschitz function};

• Total variation distance: R = {±1A}.

. Generative Adversarial Imitation Learning (GAIL)

π̂ ∈ argmin
π

max
r∈R

dR(π, π∗n)

= argmin
π

max
r∈R

Eπ[r(s, a)]− Eπ∗n [r(s, a)].

• Eπ∗n [r(s, a)]: expert empirical average reward;

• π̂ minimizes its discrepancy with π∗n under the R-
distance.

Questions

• Is π̂ close to π∗ under the R-distance? =⇒
Generalization theory;

• Can π̂ be obtained efficiently? =⇒ Compu-
tation theory.

Generalization of GAIL

Assumption 1 (β-Mixing). Expert demonstrations (st, at)
T−1
t=0 forms an exponentially β-mixing Markov chain, i.e.,

sup
m

E
B∈σm0

sup
A∈σ∞m+k

|P(A|B)− P(A)| ≤ β0 exp(−β1kα),

Assumption 2 (Bounded Feature Vectors). There exist feature vectors ψs ∈ RdS and ψa ∈ RdA for every s ∈ S and
a ∈ A, respectively, satisfying ‖ψs‖2 ≤ 1 and ‖ψa‖2 ≤ 1, for all s ∈ S and a ∈ A.

Assumption 3 (Bounded Reward). The reward function class is bounded, i.e., ‖r‖∞ ≤ Br for any r ∈ R.

Theorem 1 (Generalization of GAIL). Suppose Assumptions 1-3 hold, and π̂ satisfies dR(π∗n, π̂)− infπ dR(π∗n, π) < ε.
With probability at least 1− δ over the expert demonstrations {(a(i)t , s

(i)
t )T−1t=0 }ni=1, we have

dR(π∗, π̂)− inf
π
dR(π∗, π) ≤ O

(
Br√
nT/ζ

√
logN

(
R,
√

ζ
nT , ‖ · ‖∞

)
+Br

√
log(1/δ)

nT/ζ

)
+ ε with ζ = (β−11 log β0T

δ )
1
α .

ζ accounts for the dependence in the expert demonstrations.

. Reproducing Kernel Reward Function

r(s, a) = θ>g(ψs, ψa), with θ ∈ Rq, ‖θ‖2 ≤ Bθ and g being ρg-Lipschitz, g(0, 0) = 0.

Corollary 2. With probability at least 1− δ over the joint distribution of {(ait, sit)T−1t=0 }ni=1, we have

dR(π∗, π̂)− inf
π
dR(π∗, π) ≤ O

(
ρgBθ√
nT/ζ

√
q log

(
ρgBθ

√
nT/ζ

)
+ ρgBθ

√
log(1/δ)

nT/ζ

)
+ ε.

. Neural Network Reward Function

r(s, a) = W>Dσ(WD−1σ(· · ·σ(W1[ψ>a , ψ
>
s ]>))), with Wi ∈ Rdi×di−1 , ‖Wi‖2 ≤ 1 and Lipschitz activation σ.

Corollary 3. With probability at least 1− δ over the joint distribution of {(at, st)T−1t=0 }ni=1, we have

dR(π∗, π̂)− inf
π
dR(π∗, π) ≤ O

(
1√
nT/ζ

√
d2D log

(
D
√
dnT/ζ

)
+

√
log(1/δ)

nT/ζ

)
+ ε with d = max

i
di.

dR(π̂, π∗) ≤ inf
π

dR(π, π∗) + generalization gap

R NOT too largeR NOT too smallclass of π NOT too small V.S.

Trade-off

Computation of GAIL
We consider kernel reward function rθ(s, a) and policy parameterized by ω. A regularized GAIL objective function:

min
ω

max
‖θ‖2≤κ

F (θ, ω) = Eπω [rθ(s, a)]− Eπ∗ [rθ(s, a)]− λH(πω)− µ

2
‖θ‖22 , with λ, µ tuning parameters.

. Alternating Stochastic Gradient Descent Ascent

θ(t+1) = Πκ

(
θ(t) + ηθ

1
qθ

∑
j∈M(t)

θ

∇θfj(ω(t), θ(t))
)

and ω(t+1) = ω(t) − ηω 1
qω

∑
j∈M(t)

ω
∇ω f̃j(ω(t), θ(t+1)),

• ηθ, ηω: learning rates; • M(t)
θ ,M(t)

ω mini-batches; • ∇fj ,∇f̃j : independent stochastic approximations of ∇F .

Assumption 4 (Unbiased and Bounded Stochastic Gradients). There are two positive constants Mω and Mθ such that

Unbiased : E∇fj(ω, θ) = E∇f̃j(ω, θ) = ∇F (ω, θ),

Bounded : E‖∇ω f̃j(ω, θ)−∇ωF (ω, θ)‖22 ≤Mω and E‖∇θfj(ω, θ)−∇θF (ω, θ)‖22 ≤Mθ.

Assumption 5 (Bounded and Smooth Regularizer). There exist constants BH and SH such that

H(πω) ≤ BH and ‖∇ωH(π̃ω)−∇ωH(π̃ω′)‖2 ≤ SH ‖ω − ω′‖2 .

Theorem 4 (Computation of GAIL). Suppose Assumptions 1-5 hold, and certain regularity conditions on πω. With
properly chosen ηω and ηθ, for any given ε > 0, alternating stochastic gradient descent ascent converges to a fist-order
stationary point in at most

N = η(C0 + 4
√

2ρgκ+ µκ2 + 2λBH)ε−1

iterations. Here C0 depends on the initialization, η depends on ηω and ηθ, and the mini-batch size is Õ(1/ε).

Empirical Convergence of GAIL
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