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Logistics

● Midterm course survey

● Project milestone report (Oct 21)
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Today’s Agenda

● What is Robot Decision Making?

● Mathematical Framework of Sequential Decision Making

● Learning for Decision Making

○ reinforcement learning (model-free vs. model-based, online vs offline)

○ imitation learning (behavior cloning, DAgger, IRL, and adversarial learning)

● Research Frontiers
○ compositionality, learning to learn, …



CS391R: Robot Learning (Fall 2021) 4

[Levine et al. JMLR 2016] [Bohg et al. ICRA 2018][Sa et al. IROS 2014]
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Act

Act
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Robot Learning is to close the perception-action loop.
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What is Robot Decision Making?
Choosing the actions a robot performs in the physical world…

Assistive Robots (Companions) Outer Space (Explorers) Autonomous Driving (Transporters)
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What is Robot Decision Making?
Choosing the actions a robot performs in the physical world…

• Behaviors can’t be easily programmed

• Safety and robustness under uncertainty

• Imperfect sensing and actuation

[Source: Boston Dynamics]
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Robot Decision Making vs. Playing Games
Robot decision making is embodied, active, and environmentally situated.

[Source: Boston Dynamics] [Source: DeepMind’s AlphaGo]
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Before We Dive In…

● This lecture is intended to provide a high-level, bird-eye 
view on (robot) decision making.

● The goal is not to go through all technical details:

○ We will re-visit them through paper reading in the following weeks.

○ Study the parts that you are less familiar with from online resources.

● Take related courses and read textbooks to learn this 

subject in depth (see the last slide).
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Mathematical Framework: Markov Decision Processes

A Markov Decision Process is defined by a tuple M = hS,A,P,R, �i

<latexit sha1_base64="UGPCm8FQBtob6fJA7liEs4eoWaY="></latexit>

S

<latexit sha1_base64="FywXp2+qoAPEXh6BbgVeq4gZKgw=">AAAB8nicdVDLSsNAFJ34rPFVdelmsAiuQlIs7UYsuHFZ0T6gDWUynbRDJzNhZiKU0M9w40KRbt37H27Ev3GSKKjogQuHc+7lnnuDmFGlXffdWlpeWV1bL23Ym1vbO7vlvf2OEonEpI0FE7IXIEUY5aStqWakF0uCooCRbjC9yPzuLZGKCn6jZzHxIzTmNKQYaSP1BxHSE4xYej0fliuuU6033LoHc+J5tYK4tRr0HDdH5fzFPosXb3ZrWH4djAROIsI1ZkipvufG2k+R1BQzMrcHiSIxwlM0Jn1DOYqI8tM88hweG2UEQyFNcQ1z9ftEiiKlZlFgOrOI6reXiX95/USHDT+lPE404bhYFCYMagGz++GISoI1mxmCsKQmK8QTJBHW5ku2ecLXpfB/0qk63qnTuHIrzSooUAKH4AicAA/UQRNcghZoAwwEuAMP4NHS1r31ZC2K1iXrc+YA/ID1/AFCQ5Td</latexit>

: state space

A

<latexit sha1_base64="pvU12GU1dDG1BShnHUIzAeZ3O6M=">AAAB8nicdVDLSsNAFJ34rPFVdelmsAiuwqRY2o1YceOygn1AG8pkOmmHTiZhZiKU0M9w40KRbt37H27Ev3GSKKjogQuHc+7lnnv9mDOlEXq3lpZXVtfWSxv25tb2zm55b7+jokQS2iYRj2TPx4pyJmhbM81pL5YUhz6nXX96mfndWyoVi8SNnsXUC/FYsIARrI3UH4RYTwjm6cV8WK4gp1pvoLoLc+K6tYKgWg26DspROX+xz+LFm90all8Ho4gkIRWacKxU30Wx9lIsNSOczu1BomiMyRSPad9QgUOqvDSPPIfHRhnBIJKmhIa5+n0ixaFSs9A3nVlE9dvLxL+8fqKDhpcyESeaClIsChIOdQSz++GISUo0nxmCiWQmKyQTLDHR5ku2ecLXpfB/0qk67qnTuEaVZhUUKIFDcAROgAvqoAmuQAu0AQERuAMP4NHS1r31ZC2K1iXrc+YA/ID1/AEm6ZTL</latexit>

: action space

P

<latexit sha1_base64="m2zP/jMubcdRPaHpYCksETvGRPs=">AAAB8nicdVDLSsNAFJ3UV42vqks3g0VwFSbF0m7EghuXFewD0lAm00k7dJIJMxOhhH6GGxeKdOve/3Aj/o3TREFFD1w4nHMv99wbJJwpjdC7VVpZXVvfKG/aW9s7u3uV/YOuEqkktEMEF7IfYEU5i2lHM81pP5EURwGnvWB6ufR7t1QqJuIbPUuoH+FxzEJGsDaSN4iwnhDMs/Z8WKkip9ZoooYLc+K69YKgeh26DspRvXixz5PFm90eVl4HI0HSiMaacKyU56JE+xmWmhFO5/YgVTTBZIrH1DM0xhFVfpZHnsMTo4xgKKSpWMNc/T6R4UipWRSYzmVE9dtbin95XqrDpp+xOEk1jUmxKEw51AIu74cjJinRfGYIJpKZrJBMsMREmy/Z5glfl8L/SbfmuGdO8xpVWzVQoAyOwDE4BS5ogBa4Am3QAQQIcAcewKOlrXvryVoUrSXrc+YQ/ID1/AE9tJTa</latexit>

: transition probability

R

<latexit sha1_base64="i+E65M1i3gjNnzJeIYbguafpo1s=">AAAB8nicdVDLSsNAFJ34rPFVdelmsAiuQlIs7UYsuHFZxT6gDWUynbRDJzNhZiKU0M9w40KRbt37H27Ev3GSKKjogQuHc+7lnnuDmFGlXffdWlpeWV1bL23Ym1vbO7vlvf2OEonEpI0FE7IXIEUY5aStqWakF0uCooCRbjC9yPzuLZGKCn6jZzHxIzTmNKQYaSP1BxHSE4xYej0fliuuU6033LoHc+J5tYK4tRr0HDdH5fzFPosXb3ZrWH4djAROIsI1ZkipvufG2k+R1BQzMrcHiSIxwlM0Jn1DOYqI8tM88hweG2UEQyFNcQ1z9ftEiiKlZlFgOrOI6reXiX95/USHDT+lPE404bhYFCYMagGz++GISoI1mxmCsKQmK8QTJBHW5ku2ecLXpfB/0qk63qnTuHIrzSooUAKH4AicAA/UQRNcghZoAwwEuAMP4NHS1r31ZC2K1iXrc+YA/ID1/AFAvpTc</latexit>

: reward function

�

<latexit sha1_base64="JpD9q9Jvp09IkN0chWQ+ZK5PxIY=">AAAB7XicdVBNSwMxEM3Wr1q/qh69BIvgadktLe2x4MVjBfsB7VJm02wbm2SXJCuUpf/BiwdFvPp/vPlvTLcVVPTBwOO9GWbmhQln2njeh1PY2Nza3inulvb2Dw6PyscnXR2nitAOiXms+iFoypmkHcMMp/1EURAhp71wdrX0e/dUaRbLWzNPaCBgIlnECBgrdYcTEAJG5YrnVhtNr+HjnPh+fUW8eh37rpejgtZoj8rvw3FMUkGlIRy0HvheYoIMlGGE00VpmGqaAJnBhA4slSCoDrL82gW+sMoYR7GyJQ3O1e8TGQit5yK0nQLMVP/2luJf3iA1UTPImExSQyVZLYpSjk2Ml6/jMVOUGD63BIhi9lZMpqCAGBtQyYbw9Sn+n3Srrl9zmze1Squ6jqOIztA5ukQ+aqAWukZt1EEE3aEH9ISendh5dF6c11VrwVnPnKIfcN4+AfOgj1w=</latexit>

: a discount factor � 2 [0, 1]

<latexit sha1_base64="5iAfSjFxJW77S24c+E2zRXg95AA=">AAAB9XicdVDLSgMxFM3UV62vqks3wSK4kGFSWtplwY3LCvYBM2PJpJk2NMkMSUYpQ//DjQtF3Pov7vwb04egogcuHM65l3vviVLOtPG8D6ewtr6xuVXcLu3s7u0flA+PujrJFKEdkvBE9SOsKWeSdgwznPZTRbGIOO1Fk8u537ujSrNE3phpSkOBR5LFjGBjpdtghIXAAZO+d4HCQbniudVG02sguCAI1ZfEq9chcr0FKmCF9qD8HgwTkgkqDeFYax95qQlzrAwjnM5KQaZpiskEj6hvqcSC6jBfXD2DZ1YZwjhRtqSBC/X7RI6F1lMR2U6BzVj/9ubiX56fmbgZ5kymmaGSLBfFGYcmgfMI4JApSgyfWoKJYvZWSMZYYWJsUCUbwten8H/Srbqo5java5VWdRVHEZyAU3AOEGiAFrgCbdABBCjwAJ7As3PvPDovzuuyteCsZo7BDzhvn/YQkiQ=</latexit>

(st 2 S)

<latexit sha1_base64="jGRosKYE5dgsYh5U1uEh78GwnDA=">AAAB/nicdVDLSsNAFJ34rPUVFVduBotQNyWJLW13BTcuK9oHNKFMppN26GQSZiZCCQV/xY0LRdz6He78GydtBBU9MHA4517umePHjEplWR/Gyura+sZmYau4vbO7t28eHHZllAhMOjhikej7SBJGOekoqhjpx4Kg0Gek508vM793R4SkEb9Vs5h4IRpzGlCMlJaG5nFZDhV0KYduiNQEI5bezM+HZsmqOHbNqTXhkjQvclKtQ7tiLVACOdpD890dRTgJCVeYISkHthUrL0VCUczIvOgmksQIT9GYDDTlKCTSSxfx5/BMKyMYREI/ruBC/b6RolDKWejrySyj/O1l4l/eIFFBw0spjxNFOF4eChIGVQSzLuCICoIVm2mCsKA6K8QTJBBWurGiLuHrp/B/0nUqdrXSuK6WWk5eRwGcgFNQBjaogxa4Am3QARik4AE8gWfj3ng0XozX5eiKke8cgR8w3j4BpBSVRg==</latexit>

(at 2 A)

<latexit sha1_base64="9mN0evEAmmW6HidnbyBTqbhwcRE=">AAAB/nicdVDLSsNAFJ34rPUVFVduBotQNyGJLW13FTcuK9gHNKVMppN26GQSZiZCCQV/xY0LRdz6He78GydtBBU9MHA4517umePHjEpl2x/Gyura+sZmYau4vbO7t28eHHZklAhM2jhikej5SBJGOWkrqhjpxYKg0Gek60+vMr97R4SkEb9Vs5gMQjTmNKAYKS0NzeMyGiroUQ69EKkJRiy9nJ8PzZJtuU7VrTbgkjQuclKpQceyFyiBHK2h+e6NIpyEhCvMkJR9x47VIEVCUczIvOglksQIT9GY9DXlKCRykC7iz+GZVkYwiIR+XMGF+n0jRaGUs9DXk1lG+dvLxL+8fqKC+iClPE4U4Xh5KEgYVBHMuoAjKghWbKYJwoLqrBBPkEBY6caKuoSvn8L/Sce1nIpVv6mUmm5eRwGcgFNQBg6ogSa4Bi3QBhik4AE8gWfj3ng0XozX5eiKke8cgR8w3j4BbAqVIg==</latexit>

Pa
ss0 = Pr[st+1 | st, at]

<latexit sha1_base64="47fJjpAaSDkG5CZij9cVsTrtsLM="></latexit>

r(s, a) = E[rt+1|s = st, a = at]

<latexit sha1_base64="Pnkf2aWKD9BYQ2qZKVRM674ymOg="></latexit>
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Mathematical Framework: Markov Decision Processes

A Markov Decision Process is defined by a tuple M = hS,A,P,R, �i

<latexit sha1_base64="UGPCm8FQBtob6fJA7liEs4eoWaY="></latexit>

S

<latexit sha1_base64="FywXp2+qoAPEXh6BbgVeq4gZKgw=">AAAB8nicdVDLSsNAFJ34rPFVdelmsAiuQlIs7UYsuHFZ0T6gDWUynbRDJzNhZiKU0M9w40KRbt37H27Ev3GSKKjogQuHc+7lnnuDmFGlXffdWlpeWV1bL23Ym1vbO7vlvf2OEonEpI0FE7IXIEUY5aStqWakF0uCooCRbjC9yPzuLZGKCn6jZzHxIzTmNKQYaSP1BxHSE4xYej0fliuuU6033LoHc+J5tYK4tRr0HDdH5fzFPosXb3ZrWH4djAROIsI1ZkipvufG2k+R1BQzMrcHiSIxwlM0Jn1DOYqI8tM88hweG2UEQyFNcQ1z9ftEiiKlZlFgOrOI6reXiX95/USHDT+lPE404bhYFCYMagGz++GISoI1mxmCsKQmK8QTJBHW5ku2ecLXpfB/0qk63qnTuHIrzSooUAKH4AicAA/UQRNcghZoAwwEuAMP4NHS1r31ZC2K1iXrc+YA/ID1/AFCQ5Td</latexit>

: state space

A

<latexit sha1_base64="pvU12GU1dDG1BShnHUIzAeZ3O6M=">AAAB8nicdVDLSsNAFJ34rPFVdelmsAiuwqRY2o1YceOygn1AG8pkOmmHTiZhZiKU0M9w40KRbt37H27Ev3GSKKjogQuHc+7lnnv9mDOlEXq3lpZXVtfWSxv25tb2zm55b7+jokQS2iYRj2TPx4pyJmhbM81pL5YUhz6nXX96mfndWyoVi8SNnsXUC/FYsIARrI3UH4RYTwjm6cV8WK4gp1pvoLoLc+K6tYKgWg26DspROX+xz+LFm90all8Ho4gkIRWacKxU30Wx9lIsNSOczu1BomiMyRSPad9QgUOqvDSPPIfHRhnBIJKmhIa5+n0ixaFSs9A3nVlE9dvLxL+8fqKDhpcyESeaClIsChIOdQSz++GISUo0nxmCiWQmKyQTLDHR5ku2ecLXpfB/0qk67qnTuEaVZhUUKIFDcAROgAvqoAmuQAu0AQERuAMP4NHS1r31ZC2K1iXrc+YA/ID1/AEm6ZTL</latexit>

: action space

P

<latexit sha1_base64="m2zP/jMubcdRPaHpYCksETvGRPs=">AAAB8nicdVDLSsNAFJ3UV42vqks3g0VwFSbF0m7EghuXFewD0lAm00k7dJIJMxOhhH6GGxeKdOve/3Aj/o3TREFFD1w4nHMv99wbJJwpjdC7VVpZXVvfKG/aW9s7u3uV/YOuEqkktEMEF7IfYEU5i2lHM81pP5EURwGnvWB6ufR7t1QqJuIbPUuoH+FxzEJGsDaSN4iwnhDMs/Z8WKkip9ZoooYLc+K69YKgeh26DspRvXixz5PFm90eVl4HI0HSiMaacKyU56JE+xmWmhFO5/YgVTTBZIrH1DM0xhFVfpZHnsMTo4xgKKSpWMNc/T6R4UipWRSYzmVE9dtbin95XqrDpp+xOEk1jUmxKEw51AIu74cjJinRfGYIJpKZrJBMsMREmy/Z5glfl8L/SbfmuGdO8xpVWzVQoAyOwDE4BS5ogBa4Am3QAQQIcAcewKOlrXvryVoUrSXrc+YQ/ID1/AE9tJTa</latexit>

: transition probability

R

<latexit sha1_base64="i+E65M1i3gjNnzJeIYbguafpo1s=">AAAB8nicdVDLSsNAFJ34rPFVdelmsAiuQlIs7UYsuHFZxT6gDWUynbRDJzNhZiKU0M9w40KRbt37H27Ev3GSKKjogQuHc+7lnnuDmFGlXffdWlpeWV1bL23Ym1vbO7vlvf2OEonEpI0FE7IXIEUY5aStqWakF0uCooCRbjC9yPzuLZGKCn6jZzHxIzTmNKQYaSP1BxHSE4xYej0fliuuU6033LoHc+J5tYK4tRr0HDdH5fzFPosXb3ZrWH4djAROIsI1ZkipvufG2k+R1BQzMrcHiSIxwlM0Jn1DOYqI8tM88hweG2UEQyFNcQ1z9ftEiiKlZlFgOrOI6reXiX95/USHDT+lPE404bhYFCYMagGz++GISoI1mxmCsKQmK8QTJBHW5ku2ecLXpfB/0qk63qnTuHIrzSooUAKH4AicAA/UQRNcghZoAwwEuAMP4NHS1r31ZC2K1iXrc+YA/ID1/AFAvpTc</latexit>

: reward function

�

<latexit sha1_base64="JpD9q9Jvp09IkN0chWQ+ZK5PxIY=">AAAB7XicdVBNSwMxEM3Wr1q/qh69BIvgadktLe2x4MVjBfsB7VJm02wbm2SXJCuUpf/BiwdFvPp/vPlvTLcVVPTBwOO9GWbmhQln2njeh1PY2Nza3inulvb2Dw6PyscnXR2nitAOiXms+iFoypmkHcMMp/1EURAhp71wdrX0e/dUaRbLWzNPaCBgIlnECBgrdYcTEAJG5YrnVhtNr+HjnPh+fUW8eh37rpejgtZoj8rvw3FMUkGlIRy0HvheYoIMlGGE00VpmGqaAJnBhA4slSCoDrL82gW+sMoYR7GyJQ3O1e8TGQit5yK0nQLMVP/2luJf3iA1UTPImExSQyVZLYpSjk2Ml6/jMVOUGD63BIhi9lZMpqCAGBtQyYbw9Sn+n3Srrl9zmze1Squ6jqOIztA5ukQ+aqAWukZt1EEE3aEH9ISendh5dF6c11VrwVnPnKIfcN4+AfOgj1w=</latexit>

: a discount factor � 2 [0, 1]

<latexit sha1_base64="5iAfSjFxJW77S24c+E2zRXg95AA=">AAAB9XicdVDLSgMxFM3UV62vqks3wSK4kGFSWtplwY3LCvYBM2PJpJk2NMkMSUYpQ//DjQtF3Pov7vwb04egogcuHM65l3vviVLOtPG8D6ewtr6xuVXcLu3s7u0flA+PujrJFKEdkvBE9SOsKWeSdgwznPZTRbGIOO1Fk8u537ujSrNE3phpSkOBR5LFjGBjpdtghIXAAZO+d4HCQbniudVG02sguCAI1ZfEq9chcr0FKmCF9qD8HgwTkgkqDeFYax95qQlzrAwjnM5KQaZpiskEj6hvqcSC6jBfXD2DZ1YZwjhRtqSBC/X7RI6F1lMR2U6BzVj/9ubiX56fmbgZ5kymmaGSLBfFGYcmgfMI4JApSgyfWoKJYvZWSMZYYWJsUCUbwten8H/Srbqo5java5VWdRVHEZyAU3AOEGiAFrgCbdABBCjwAJ7As3PvPDovzuuyteCsZo7BDzhvn/YQkiQ=</latexit>

(st 2 S)

<latexit sha1_base64="jGRosKYE5dgsYh5U1uEh78GwnDA=">AAAB/nicdVDLSsNAFJ34rPUVFVduBotQNyWJLW13BTcuK9oHNKFMppN26GQSZiZCCQV/xY0LRdz6He78GydtBBU9MHA4517umePHjEplWR/Gyura+sZmYau4vbO7t28eHHZllAhMOjhikej7SBJGOekoqhjpx4Kg0Gek508vM793R4SkEb9Vs5h4IRpzGlCMlJaG5nFZDhV0KYduiNQEI5bezM+HZsmqOHbNqTXhkjQvclKtQ7tiLVACOdpD890dRTgJCVeYISkHthUrL0VCUczIvOgmksQIT9GYDDTlKCTSSxfx5/BMKyMYREI/ruBC/b6RolDKWejrySyj/O1l4l/eIFFBw0spjxNFOF4eChIGVQSzLuCICoIVm2mCsKA6K8QTJBBWurGiLuHrp/B/0nUqdrXSuK6WWk5eRwGcgFNQBjaogxa4Am3QARik4AE8gWfj3ng0XozX5eiKke8cgR8w3j4BpBSVRg==</latexit>

(at 2 A)

<latexit sha1_base64="9mN0evEAmmW6HidnbyBTqbhwcRE=">AAAB/nicdVDLSsNAFJ34rPUVFVduBotQNyGJLW13FTcuK9gHNKVMppN26GQSZiZCCQV/xY0LRdz6He78GydtBBU9MHA4517umePHjEpl2x/Gyura+sZmYau4vbO7t28eHHZklAhM2jhikej5SBJGOWkrqhjpxYKg0Gek60+vMr97R4SkEb9Vs5gMQjTmNKAYKS0NzeMyGiroUQ69EKkJRiy9nJ8PzZJtuU7VrTbgkjQuclKpQceyFyiBHK2h+e6NIpyEhCvMkJR9x47VIEVCUczIvOglksQIT9GY9DXlKCRykC7iz+GZVkYwiIR+XMGF+n0jRaGUs9DXk1lG+dvLxL+8fqKC+iClPE4U4Xh5KEgYVBHMuoAjKghWbKYJwoLqrBBPkEBY6caKuoSvn8L/Sce1nIpVv6mUmm5eRwGcgFNQBg6ogSa4Bi3QBhik4AE8gWfj3ng0XozX5eiKke8cgR8w3j4BbAqVIg==</latexit>

Pa
ss0 = Pr[st+1 | st, at]

<latexit sha1_base64="47fJjpAaSDkG5CZij9cVsTrtsLM="></latexit>

r(s, a) = E[rt+1|s = st, a = at]

<latexit sha1_base64="Pnkf2aWKD9BYQ2qZKVRM674ymOg="></latexit>
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Mathematical Framework: Markov Decision Processes

A Markov Decision Process is defined by a tuple M = hS,A,P,R, �i

<latexit sha1_base64="UGPCm8FQBtob6fJA7liEs4eoWaY="></latexit>

A policy maps states to actions

Goal of (robot) decision making

Choose policy that maximizes cumulative reward

⇡ : S ! A

<latexit sha1_base64="wDC/QFkHJ+FxtPclWknuvFubNKU=">AAACEHicdVDLSsNAFJ34rPUVdelmsIiuQlJaWlxV3LisaB/QhDKZTtqhk0yYmSgl5BPc+CtuXCji1qU7/8ZpWvGBHrhwOOde7r3HjxmVyrbfjYXFpeWV1cJacX1jc2vb3NltS54ITFqYMy66PpKE0Yi0FFWMdGNBUOgz0vHHZ1O/c02EpDy6UpOYeCEaRjSgGCkt9c0jN6Yn0A2RGmHE0svMFXQ4UkgIfvMln2Z9s2Rb5VrdrjkwJ45TnRG7WoWOZecogTmaffPNHXCchCRSmCEpe44dKy9FQlHMSFZ0E0lihMdoSHqaRigk0kvzhzJ4qJUBDLjQFSmYq98nUhRKOQl93Tk9Uf72puJfXi9RQd1LaRQnikR4tihIGFQcTtOBAyoIVmyiCcKC6lshHiGBsNIZFnUIn5/C/0m7bDkVq35RKTXK8zgKYB8cgGPggBpogHPQBC2AwS24B4/gybgzHoxn42XWumDMZ/bADxivH9f0nbw=</latexit>

⇡⇤ = argmax
⇡

E[
X

t�0

�tr(st,⇡(st))]

<latexit sha1_base64="BxIznK8tD/2t7nlMrojjSY3Jxd4="></latexit>
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Mathematical Framework: Markov Decision Processes

We define two functions given a policy 

Value function: the expected cumulative 

discounted reward when acting according to 

the policy from a given state

⇡

<latexit sha1_base64="Vm+X3RfZmuAxM+H7kXJIttGzqKQ=">AAAB6nicdVBNS8NAEJ3Ur1q/qh69LBbBU0hiS9tbwYvHitYW2lA22027dLMJuxuhhP4ELx4U8eov8ua/cdtGUNEHA4/3ZpiZFyScKe04H1ZhbX1jc6u4XdrZ3ds/KB8e3ak4lYR2SMxj2QuwopwJ2tFMc9pLJMVRwGk3mF4u/O49lYrF4lbPEupHeCxYyAjWRroZJGxYrji259a8WhOtSPMiJ9U6cm1niQrkaA/L74NRTNKICk04VqrvOon2Myw1I5zOS4NU0QSTKR7TvqECR1T52fLUOTozygiFsTQlNFqq3ycyHCk1iwLTGWE9Ub+9hfiX10912PAzJpJUU0FWi8KUIx2jxd9oxCQlms8MwUQycysiEywx0Sadkgnh61P0P7nzbLdqN66rlZaXx1GEEziFc3ChDi24gjZ0gMAYHuAJni1uPVov1uuqtWDlM8fwA9bbJ69bjgs=</latexit>

V ⇡(s) = E
⇥X

t=0

�tr(st,⇡(st)) | s0 = s
⇤

<latexit sha1_base64="R4yDJ86It7MM8asPooegrzKF8D8="></latexit>

Q function: the expected cumulative 

discounted reward when acting according to 
the policy from a given state and taking a 

given action

Q⇡(s, a) = r(s, a) + �
X

s02S
P (s0|s, a)V ⇡(s0)

<latexit sha1_base64="RbpDiy13DI8Yh/AUxM3TeWs8tSs="></latexit>
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Mathematical Framework: Markov Decision Processes

We define two functions given a policy 

Value function: the expected cumulative 

discounted reward when acting according to 

the policy from a given state

⇡

<latexit sha1_base64="Vm+X3RfZmuAxM+H7kXJIttGzqKQ=">AAAB6nicdVBNS8NAEJ3Ur1q/qh69LBbBU0hiS9tbwYvHitYW2lA22027dLMJuxuhhP4ELx4U8eov8ua/cdtGUNEHA4/3ZpiZFyScKe04H1ZhbX1jc6u4XdrZ3ds/KB8e3ak4lYR2SMxj2QuwopwJ2tFMc9pLJMVRwGk3mF4u/O49lYrF4lbPEupHeCxYyAjWRroZJGxYrji259a8WhOtSPMiJ9U6cm1niQrkaA/L74NRTNKICk04VqrvOon2Myw1I5zOS4NU0QSTKR7TvqECR1T52fLUOTozygiFsTQlNFqq3ycyHCk1iwLTGWE9Ub+9hfiX10912PAzJpJUU0FWi8KUIx2jxd9oxCQlms8MwUQycysiEywx0Sadkgnh61P0P7nzbLdqN66rlZaXx1GEEziFc3ChDi24gjZ0gMAYHuAJni1uPVov1uuqtWDlM8fwA9bbJ69bjgs=</latexit>

V ⇡(s) = E
⇥X

t=0

�tr(st,⇡(st)) | s0 = s
⇤

<latexit sha1_base64="R4yDJ86It7MM8asPooegrzKF8D8="></latexit>

Q function: the expected cumulative 

discounted reward when acting according to 
the policy from a given state and taking a 

given action

Q⇡(s, a) = r(s, a) + �
X

s02S
P (s0|s, a)V ⇡(s0)

<latexit sha1_base64="RbpDiy13DI8Yh/AUxM3TeWs8tSs="></latexit>

V*(s) = max_a Q*(s, a) * means optimal
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Mathematical Framework: Markov Decision Processes

We define two functions given a policy 

Value function: the expected cumulative 

discounted reward when acting according to 

the policy from a given state

⇡

<latexit sha1_base64="Vm+X3RfZmuAxM+H7kXJIttGzqKQ=">AAAB6nicdVBNS8NAEJ3Ur1q/qh69LBbBU0hiS9tbwYvHitYW2lA22027dLMJuxuhhP4ELx4U8eov8ua/cdtGUNEHA4/3ZpiZFyScKe04H1ZhbX1jc6u4XdrZ3ds/KB8e3ak4lYR2SMxj2QuwopwJ2tFMc9pLJMVRwGk3mF4u/O49lYrF4lbPEupHeCxYyAjWRroZJGxYrji259a8WhOtSPMiJ9U6cm1niQrkaA/L74NRTNKICk04VqrvOon2Myw1I5zOS4NU0QSTKR7TvqECR1T52fLUOTozygiFsTQlNFqq3ycyHCk1iwLTGWE9Ub+9hfiX10912PAzJpJUU0FWi8KUIx2jxd9oxCQlms8MwUQycysiEywx0Sadkgnh61P0P7nzbLdqN66rlZaXx1GEEziFc3ChDi24gjZ0gMAYHuAJni1uPVov1uuqtWDlM8fwA9bbJ69bjgs=</latexit>

V ⇡(s) = E
⇥X

t=0

�tr(st,⇡(st)) | s0 = s
⇤

<latexit sha1_base64="R4yDJ86It7MM8asPooegrzKF8D8="></latexit>

Q function: the expected cumulative 

discounted reward when acting according to 
the policy from a given state and taking a 

given action

Q⇡(s, a) = r(s, a) + �
X

s02S
P (s0|s, a)V ⇡(s0)

<latexit sha1_base64="RbpDiy13DI8Yh/AUxM3TeWs8tSs="></latexit>

𝛑*(a|s) = arg max_a Q*(s, a)
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Solving MDPs with Known Models
When we know the model of the MDP   M = hS,A,P,R, �i

<latexit sha1_base64="UGPCm8FQBtob6fJA7liEs4eoWaY="></latexit>

Value Iteration Policy Iteration
1. Estimate optimal value function 1. Start with random policy

2. Compute optimal policy from optimal value function 2. Iteratively improve it until convergence to optimal policy

Use ideas from
Dynamic Programming

using modelusing model
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Solving MDPs with Known Models
When we know the model of the MDP   M = hS,A,P,R, �i

<latexit sha1_base64="UGPCm8FQBtob6fJA7liEs4eoWaY="></latexit>

Optimal Control (LQR)

A special case: exact solution     is easily to solve

Assume linear transitions and quadratic reward functions

Sampling-based Planning
Evaluate outcomes of sampled actions with models

Choose the action that leads to the best (predicted) outcome⇡⇤

<latexit sha1_base64="WD1KV0FU/uObB/zzjPii9X9gs8U=">AAAB7HicdVBNS8NAEJ3Ur1q/qh69LBaheAhpKTS9Fbx4rGDaQhvLZrtpl242YXcjlNDf4MWDIl79Qd78N27TCir6YODx3gwz84KEM6Ud58MqbGxube8Ud0t7+weHR+Xjk66KU0moR2Iey36AFeVMUE8zzWk/kRRHAae9YHa19Hv3VCoWi1s9T6gf4YlgISNYG8kbJuzuclSuOHa96bitJspJq+GsiOvWUc12clRgjc6o/D4cxySNqNCEY6UGNSfRfoalZoTTRWmYKppgMsMTOjBU4IgqP8uPXaALo4xRGEtTQqNc/T6R4UipeRSYzgjrqfrtLcW/vEGqQ9fPmEhSTQVZLQpTjnSMlp+jMZOUaD43BBPJzK2ITLHERJt8SiaEr0/R/6Rbt2sN271pVNrVdRxFOINzqEINmtCGa+iABwQYPMATPFvCerRerNdVa8Faz5zCD1hvn90Rjqw=</latexit>

Linear transition st+1 = Atst +Btat

<latexit sha1_base64="la3/cP+HjW65Q7ghWZW5R3XthD8=">AAACAXicdVDJSgNBEO2JW4xb1IvgpTEIQiTMhEAmByHqxWMEs0AyDD2dnqRJz0J3jRCGePFXvHhQxKt/4c2/sbMIKvqg4PFeFVX1vFhwBab5YWSWlldW17LruY3Nre2d/O5eS0WJpKxJIxHJjkcUEzxkTeAgWCeWjASeYG1vdDn127dMKh6FNzCOmROQQch9Tgloyc0fKDeFojU5O3cBK11FfOECccHNF8xSuWratSqekVrFnBPbLmOrZM5QQAs03Px7rx/RJGAhUEGU6lpmDE5KJHAq2CTXSxSLCR2RAetqGpKAKSedfTDBx1rpYz+SukLAM/X7REoCpcaBpzsDAkP125uKf3ndBHzbSXkYJ8BCOl/kJwJDhKdx4D6XjIIYa0Ko5PpWTIdEEgo6tJwO4etT/D9plUtWpWRfVwr100UcWXSIjtAJslAV1dEVaqAmougOPaAn9GzcG4/Gi/E6b80Yi5l99APG2yf1lJXn</latexit>

Quadratic reward

always negative

Extensions: LQG (Gaussian noise), iLQR (non-linear transition)

Monte-Carlo Tree 

Search (MCTS) for 
Tic-Tac-Toe

r(st, at) = �s>t Utst � a>t Wtat

<latexit sha1_base64="9RK0xP5XPU1nqrKrzIDonO2hrbs="></latexit>
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Solving MDPs with Learned Models
Model is known in restricted domains: games, simulated robots, simple mechanics

When model is not known, we can learn the model from data.

A key role of learning in model-
based approaches

⌧ = {(si, ai, ri) | i = 0, . . . , H}

<latexit sha1_base64="RwrDhI7j2rAzkN7hwL6RClfgo/s="></latexit>

agent’s experience learned model

model-based
RL

P̂

<latexit sha1_base64="3biLl6JOGgvPMMvY0Eo2mJhKGKs=">AAAB+nicdVDNSsNAGNzUv1r/Uj16WSyCBwlJKTS9Fbx4rGBboQlls920SzebsLtRSsyjePGgiFefxJtv4yatoKIDC8PM9/HNTpAwKpVtfxiVtfWNza3qdm1nd2//wKwfDmScCkz6OGaxuAmQJIxy0ldUMXKTCIKigJFhML8o/OEtEZLG/FotEuJHaMppSDFSWhqbdW+GVOZFSM0wYlkvz8dmw7aabdvttGFJOi17SVy3CR3LLtEAK/TG5rs3iXEaEa4wQ1KOHDtRfoaEopiRvOalkiQIz9GUjDTlKCLSz8roOTzVygSGsdCPK1iq3zcyFEm5iAI9WWSUv71C/MsbpSp0/YzyJFWE4+WhMGVQxbDoAU6oIFixhSYIC6qzQjxDAmGl26rpEr5+Cv8ng6bltCz3qtXonq/qqIJjcALOgAPaoAsuQQ/0AQZ34AE8gWfj3ng0XozX5WjFWO0cgR8w3j4BViOUqw==</latexit>

Can be represented by 
Gaussian Processes, Neural 

Networks, GMMs, etc.

Use planning and
optimization methods
for known models 

(previous two slides)
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Solving MDPs with Learned Models

Model structure is known (e.g., simulator). We tune 

some model parameters (e.g., mass and friction).

System Identification

[Ramos et al. RSS’19]

Sensor-Space Model Latent-Space Model

[Hafner et al. ICLR’20]

[Finn et al. ICRA’17]

Predicting future raw sensory data Predicting future latent state

f(st+1 | st, at)

<latexit sha1_base64="cczGOX5I0Npitp2mnp59LCix1TY=">AAACAHicbVBNS8NAEN3Ur1q/oh48eFksQsVSEinYY8GLxwr2A9oSNttNu3SzCbsTocRe/CtePCji1Z/hzX/jts1BWx8MPN6bYWaeHwuuwXG+rdza+sbmVn67sLO7t39gHx61dJQoypo0EpHq+EQzwSVrAgfBOrFiJPQFa/vjm5nffmBK80jewyRm/ZAMJQ84JWAkzz4JStpL4dKd9sqPvbL2oIyJBxeeXXQqzhx4lbgZKaIMDc/+6g0imoRMAhVE667rxNBPiQJOBZsWeolmMaFjMmRdQyUJme6n8wem+NwoAxxEypQEPFd/T6Qk1HoS+qYzJDDSy95M/M/rJhDU+imXcQJM0sWiIBEYIjxLAw+4YhTExBBCFTe3YjoiilAwmRVMCO7yy6ukdVVxq5XaXbVYL2dx5NEpOkMl5KJrVEe3qIGaiKIpekav6M16sl6sd+tj0Zqzsplj9AfW5w+965Up</latexit>

ht = g(st) f(ht+1 |ht, at)

<latexit sha1_base64="QpkRAutW5J6yHrAMiClf6htp39k=">AAACEnicbVDJSgNBEO1xjXEb9eilMQgJDmFGAuYiBLx4jGAWyIShp9PJNOlZ7K4Rwphv8OKvePGgiFdP3vwbO8tBEx8UPN6roqqenwiuwLa/jZXVtfWNzdxWfntnd2/fPDhsqjiVlDVoLGLZ9oligkesARwEayeSkdAXrOUPryZ+655JxePoFkYJ64ZkEPE+pwS05JmlwAN8iQdF5UHJvUtJD/eLgZfBmTN2rQfX0r6FiTY9s2CX7SnwMnHmpIDmqHvml9uLaRqyCKggSnUcO4FuRiRwKtg476aKJYQOyYB1NI1IyFQ3m740xqda0afEUlcEeKr+nshIqNQo9HVnSCBQi95E/M/rpNCvdjMeJSmwiM4W9VOBIcaTfHCPS0ZBjDQhVHJ9K6YBkYSCTjGvQ3AWX14mzfOyUylXbyqFmjWPI4eO0QkqIgddoBq6RnXUQBQ9omf0it6MJ+PFeDc+Zq0rxnzmCP2B8fkD1ZabpA==</latexit>

Pr[µ | D]

<latexit sha1_base64="vJyDIvsGefceHj4gcymMicsTT6k=">AAACAXicbVDLSsNAFJ34rPUVdSO4GSyCi1ISKdhlQRcuK9gHJKFMppN26MwkzEyEEuvGX3HjQhG3/oU7/8ZJm4W2HrhwOOde7r0nTBhV2nG+rZXVtfWNzdJWeXtnd2/fPjjsqDiVmLRxzGLZC5EijArS1lQz0kskQTxkpBuOr3K/e0+korG405OEBBwNBY0oRtpIffvYb0nP56lfffCrPkd6hBHLrqdB3644NWcGuEzcglRAgVbf/vIHMU45ERozpJTnOokOMiQ1xYxMy36qSILwGA2JZ6hAnKggm30whWdGGcAolqaEhjP190SGuFITHprO/Ea16OXif56X6qgRZFQkqSYCzxdFKYM6hnkccEAlwZpNDEFYUnMrxCMkEdYmtLIJwV18eZl0Lmpuvda4rVea1SKOEjgBp+AcuOASNMENaIE2wOARPINX8GY9WS/Wu/Uxb12xipkj8AfW5w8fCpai</latexit>
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Examples of Model-Based Reinforcement Learning

“Dynamics Learning with Cascaded Variational Inference for Multi-Step Manipulation.” Fang, Zhu, Garg, Savarese, Fei-Fei, CoRL 2019
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Solving MDPs without Models

⌧ = {(si, ai, ri) | i = 0, . . . , H}

<latexit sha1_base64="RwrDhI7j2rAzkN7hwL6RClfgo/s="></latexit>

agent’s experience optimal policy

model-free
RL

⇡⇤ = argmax
⇡

E[
X

t�0

�tr(st,⇡(st))]

<latexit sha1_base64="PFKAgaY5LPxyxaNOeiwYDXcCVww="></latexit>

⌧

<latexit sha1_base64="AkVg31Rnz9LVTWBzjOoN6yckWTc=">AAAB63icdVBNS8NAEJ3Ur1q/qh69LBbBU0hCoemt4MVjBdsKbSib7aZdursJuxuhhP4FLx4U8eof8ua/MUkrqOiDgcd7M8zMCxPOtHGcD6uysbm1vVPdre3tHxwe1Y9P+jpOFaE9EvNY3YVYU84k7RlmOL1LFMUi5HQQzq8Kf3BPlWaxvDWLhAYCTyWLGMGmkEYGp+N6w7G9luO3W6gk7aazIr7vIdd2SjRgje64/j6axCQVVBrCsdZD10lMkGFlGOF0WRulmiaYzPGUDnMqsaA6yMpbl+giVyYoilVe0qBS/T6RYaH1QoR5p8Bmpn97hfiXN0xN5AcZk0lqqCSrRVHKkYlR8TiaMEWJ4YucYKJYfisiM6wwMXk8tTyEr0/R/6Tv2W7T9m+ajY63jqMKZ3AOl+BCCzpwDV3oAYEZPMATPFvCerRerNdVa8Vaz5zCD1hvn5a6jpU=</latexit>

When model is unknown and hard to estimate, we can learn policy directly from 

the agent’s trajectories    from interacting with an MDP.
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Solving MDPs without Models

Model-free
Value-based RL

Optimality condition (Bellman equation)

Q⇤(s, a) = r(s, a) + � Es0|s,a[max
a0

Q⇤(s0, a0)]

<latexit sha1_base64="QsQJRlqAiHpoY7k4pQwlT2dZFag="></latexit>

Q-learning rule (temporal different learning)

Week 8 Tue

⇡⇤(a|s) = argmax
a0

Q⇤(s, a0)

<latexit sha1_base64="WlTtbEsmH3PRnmnOt8R8NiTgFyY="></latexit>

Deep Q-Network (DQN): 

Represent Q with neural networks
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Solving MDPs without Models

Objective Function J(✓) = E⌧⇠p(⌧ |✓)[r(⌧)]

<latexit sha1_base64="mS7RKFmnUDVXKgZBfzP/VXkM6mg="></latexit>

✓

<latexit sha1_base64="FT9DpJw3zS0wCBlcKgoTiBa93nQ=">AAAB7XicdVBNS8NAEN3Ur1q/qh69LBbBU0hCoemt4MVjBfsBbSib7aZdu9mE3YlQQv+DFw+KePX/ePPfuE0rqOiDgcd7M8zMC1PBNTjOh1Xa2Nza3invVvb2Dw6PqscnXZ1kirIOTUSi+iHRTHDJOsBBsH6qGIlDwXrh7Grp9+6Z0jyRtzBPWRCTieQRpwSM1B3ClAEZVWuO7TUcv9nABWnWnRXxfQ+7tlOghtZoj6rvw3FCs5hJoIJoPXCdFIKcKOBUsEVlmGmWEjojEzYwVJKY6SAvrl3gC6OMcZQoUxJwoX6fyEms9TwOTWdMYKp/e0vxL2+QQeQHOZdpBkzS1aIoExgSvHwdj7liFMTcEEIVN7diOiWKUDABVUwIX5/i/0nXs9267d/Uay1vHUcZnaFzdIlc1EAtdI3aqIMoukMP6Ak9W4n1aL1Yr6vWkrWeOUU/YL19AhmTj3U=</latexit>

policy parameterized by  ✓

<latexit sha1_base64="+bQ9HdbhNbK6uND5RUi3m8XDGjk=">AAAB7XicbVBNS8NAEN3Ur1q/qh69LBbBU0lKwR4LXjxWsB/QhrLZTtq1m2zYnQgl9D948aCIV/+PN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpb2zu7e8X90sHh0fFJ+fSsY1SqObS5kkr3AmZAihjaKFBCL9HAokBCN5jeLvzuE2gjVPyAswT8iI1jEQrO0EqdAU4A2bBccavuEnSTeDmpkBytYflrMFI8jSBGLpkxfc9N0M+YRsElzEuD1EDC+JSNoW9pzCIwfra8dk6vrDKiodK2YqRL9fdExiJjZlFgOyOGE7PuLcT/vH6KYcPPRJykCDFfLQpTSVHRxet0JDRwlDNLGNfC3kr5hGnG0QZUsiF46y9vkk6t6tWrjft6pVnL4yiSC3JJrolHbkiT3JEWaRNOHskzeSVvjnJenHfnY9VacPKZc/IHzucPorWPIw==</latexit>

trajectories under
policy      ⇡✓

<latexit sha1_base64="XwxTAKQzl22a1lmFrRUY7nKxDwk=">AAAB83icbVBNS8NAEN3Ur1q/qh69BIvgqSSlYI8FLx4r2FZoQtlsJ+3SzWbZnQgl9G948aCIV/+MN/+N2zYHbX0w8Hhvhpl5kRLcoOd9O6Wt7Z3dvfJ+5eDw6PikenrWM2mmGXRZKlL9GFEDgkvoIkcBj0oDTSIB/Wh6u/D7T6ANT+UDzhSECR1LHnNG0UpBoPgwD3ACSOfDas2re0u4m8QvSI0U6AyrX8EoZVkCEpmgxgx8T2GYU42cCZhXgsyAomxKxzCwVNIETJgvb567V1YZuXGqbUl0l+rviZwmxsySyHYmFCdm3VuI/3mDDONWmHOpMgTJVoviTLiYuosA3BHXwFDMLKFMc3uryyZUU4Y2pooNwV9/eZP0GnW/WW/dN2vtRhFHmVyQS3JNfHJD2uSOdEiXMKLIM3klb07mvDjvzseqteQUM+fkD5zPH3Gukes=</latexit>

Total reward of trajectory

policy gradient
theorem

Different ways of computing the Q values lead to different PG variants: Monte-Carlo estimates 

(REINFORCE), learning value functions (Actor-Critic)

r✓J(✓) = E⇡[Q
⇡(s, a)r✓ log ⇡✓(a|s)]

<latexit sha1_base64="yXxdRnv1LjblX8BXjI5i0ysE1u8="></latexit>

Model-free
Policy-Gradient RL

Week 8 Tue
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Solving MDPs without Models

Model-free
Policy-Gradient RL

Week 8 Tue
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Examples of Model-Free Reinforcement Learning

“QT-Opt: Scalable Deep Reinforcement Learning for Vision-Based Robotic Manipulation.” Kalashnikov et al. CoRL 2018
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Solving MDPs without Models

Model-free Value-based RL Model-free Policy-Gradient RL

Learns policy directly – often more stable

Works for continuous action spaces

Needs data from current policy to compute policy 
gradient (“on-policy” algorithm) – data inefficient

Gradient estimates can be very noisy

Can learn Q function from any interaction 
data, not just trajectories gathered using the 
current policy (“off-policy” algorithm)

Relatively data-efficient (can reuse old interaction data)

Need to optimize over actions: hard to apply 
to continuous action spaces

Optimal Q function can be complicated, hard 
to learn
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Mathematical Framework: Markov Decision Processes

Reinforcement learning optimizes policy by trial and error in an MDP.
Goal: To maximize the long-term rewards

S

<latexit sha1_base64="FywXp2+qoAPEXh6BbgVeq4gZKgw=">AAAB8nicdVDLSsNAFJ34rPFVdelmsAiuQlIs7UYsuHFZ0T6gDWUynbRDJzNhZiKU0M9w40KRbt37H27Ev3GSKKjogQuHc+7lnnuDmFGlXffdWlpeWV1bL23Ym1vbO7vlvf2OEonEpI0FE7IXIEUY5aStqWakF0uCooCRbjC9yPzuLZGKCn6jZzHxIzTmNKQYaSP1BxHSE4xYej0fliuuU6033LoHc+J5tYK4tRr0HDdH5fzFPosXb3ZrWH4djAROIsI1ZkipvufG2k+R1BQzMrcHiSIxwlM0Jn1DOYqI8tM88hweG2UEQyFNcQ1z9ftEiiKlZlFgOrOI6reXiX95/USHDT+lPE404bhYFCYMagGz++GISoI1mxmCsKQmK8QTJBHW5ku2ecLXpfB/0qk63qnTuHIrzSooUAKH4AicAA/UQRNcghZoAwwEuAMP4NHS1r31ZC2K1iXrc+YA/ID1/AFCQ5Td</latexit>

: state space

A

<latexit sha1_base64="pvU12GU1dDG1BShnHUIzAeZ3O6M=">AAAB8nicdVDLSsNAFJ34rPFVdelmsAiuwqRY2o1YceOygn1AG8pkOmmHTiZhZiKU0M9w40KRbt37H27Ev3GSKKjogQuHc+7lnnv9mDOlEXq3lpZXVtfWSxv25tb2zm55b7+jokQS2iYRj2TPx4pyJmhbM81pL5YUhz6nXX96mfndWyoVi8SNnsXUC/FYsIARrI3UH4RYTwjm6cV8WK4gp1pvoLoLc+K6tYKgWg26DspROX+xz+LFm90all8Ho4gkIRWacKxU30Wx9lIsNSOczu1BomiMyRSPad9QgUOqvDSPPIfHRhnBIJKmhIa5+n0ixaFSs9A3nVlE9dvLxL+8fqKDhpcyESeaClIsChIOdQSz++GISUo0nxmCiWQmKyQTLDHR5ku2ecLXpfB/0qk67qnTuEaVZhUUKIFDcAROgAvqoAmuQAu0AQERuAMP4NHS1r31ZC2K1iXrc+YA/ID1/AEm6ZTL</latexit>

: action space

P

<latexit sha1_base64="m2zP/jMubcdRPaHpYCksETvGRPs=">AAAB8nicdVDLSsNAFJ3UV42vqks3g0VwFSbF0m7EghuXFewD0lAm00k7dJIJMxOhhH6GGxeKdOve/3Aj/o3TREFFD1w4nHMv99wbJJwpjdC7VVpZXVvfKG/aW9s7u3uV/YOuEqkktEMEF7IfYEU5i2lHM81pP5EURwGnvWB6ufR7t1QqJuIbPUuoH+FxzEJGsDaSN4iwnhDMs/Z8WKkip9ZoooYLc+K69YKgeh26DspRvXixz5PFm90eVl4HI0HSiMaacKyU56JE+xmWmhFO5/YgVTTBZIrH1DM0xhFVfpZHnsMTo4xgKKSpWMNc/T6R4UipWRSYzmVE9dtbin95XqrDpp+xOEk1jUmxKEw51AIu74cjJinRfGYIJpKZrJBMsMREmy/Z5glfl8L/SbfmuGdO8xpVWzVQoAyOwDE4BS5ogBa4Am3QAQQIcAcewKOlrXvryVoUrSXrc+YQ/ID1/AE9tJTa</latexit>

: transition probability

R

<latexit sha1_base64="i+E65M1i3gjNnzJeIYbguafpo1s=">AAAB8nicdVDLSsNAFJ34rPFVdelmsAiuQlIs7UYsuHFZxT6gDWUynbRDJzNhZiKU0M9w40KRbt37H27Ev3GSKKjogQuHc+7lnnuDmFGlXffdWlpeWV1bL23Ym1vbO7vlvf2OEonEpI0FE7IXIEUY5aStqWakF0uCooCRbjC9yPzuLZGKCn6jZzHxIzTmNKQYaSP1BxHSE4xYej0fliuuU6033LoHc+J5tYK4tRr0HDdH5fzFPosXb3ZrWH4djAROIsI1ZkipvufG2k+R1BQzMrcHiSIxwlM0Jn1DOYqI8tM88hweG2UEQyFNcQ1z9ftEiiKlZlFgOrOI6reXiX95/USHDT+lPE404bhYFCYMagGz++GISoI1mxmCsKQmK8QTJBHW5ku2ecLXpfB/0qk63qnTuHIrzSooUAKH4AicAA/UQRNcghZoAwwEuAMP4NHS1r31ZC2K1iXrc+YA/ID1/AFAvpTc</latexit>

: reward function

�

<latexit sha1_base64="JpD9q9Jvp09IkN0chWQ+ZK5PxIY=">AAAB7XicdVBNSwMxEM3Wr1q/qh69BIvgadktLe2x4MVjBfsB7VJm02wbm2SXJCuUpf/BiwdFvPp/vPlvTLcVVPTBwOO9GWbmhQln2njeh1PY2Nza3inulvb2Dw6PyscnXR2nitAOiXms+iFoypmkHcMMp/1EURAhp71wdrX0e/dUaRbLWzNPaCBgIlnECBgrdYcTEAJG5YrnVhtNr+HjnPh+fUW8eh37rpejgtZoj8rvw3FMUkGlIRy0HvheYoIMlGGE00VpmGqaAJnBhA4slSCoDrL82gW+sMoYR7GyJQ3O1e8TGQit5yK0nQLMVP/2luJf3iA1UTPImExSQyVZLYpSjk2Ml6/jMVOUGD63BIhi9lZMpqCAGBtQyYbw9Sn+n3Srrl9zmze1Squ6jqOIztA5ukQ+aqAWukZt1EEE3aEH9ISendh5dF6c11VrwVnPnKIfcN4+AfOgj1w=</latexit>

: a discount factor � 2 [0, 1]

<latexit sha1_base64="5iAfSjFxJW77S24c+E2zRXg95AA=">AAAB9XicdVDLSgMxFM3UV62vqks3wSK4kGFSWtplwY3LCvYBM2PJpJk2NMkMSUYpQ//DjQtF3Pov7vwb04egogcuHM65l3vviVLOtPG8D6ewtr6xuVXcLu3s7u0flA+PujrJFKEdkvBE9SOsKWeSdgwznPZTRbGIOO1Fk8u537ujSrNE3phpSkOBR5LFjGBjpdtghIXAAZO+d4HCQbniudVG02sguCAI1ZfEq9chcr0FKmCF9qD8HgwTkgkqDeFYax95qQlzrAwjnM5KQaZpiskEj6hvqcSC6jBfXD2DZ1YZwjhRtqSBC/X7RI6F1lMR2U6BzVj/9ubiX56fmbgZ5kymmaGSLBfFGYcmgfMI4JApSgyfWoKJYvZWSMZYYWJsUCUbwten8H/Srbqo5java5VWdRVHEZyAU3AOEGiAFrgCbdABBCjwAJ7As3PvPDovzuuyteCsZo7BDzhvn/YQkiQ=</latexit>

Fundamental assumption of RL: reward function

(st 2 S)

<latexit sha1_base64="jGRosKYE5dgsYh5U1uEh78GwnDA=">AAAB/nicdVDLSsNAFJ34rPUVFVduBotQNyWJLW13BTcuK9oHNKFMppN26GQSZiZCCQV/xY0LRdz6He78GydtBBU9MHA4517umePHjEplWR/Gyura+sZmYau4vbO7t28eHHZllAhMOjhikej7SBJGOekoqhjpx4Kg0Gek508vM793R4SkEb9Vs5h4IRpzGlCMlJaG5nFZDhV0KYduiNQEI5bezM+HZsmqOHbNqTXhkjQvclKtQ7tiLVACOdpD890dRTgJCVeYISkHthUrL0VCUczIvOgmksQIT9GYDDTlKCTSSxfx5/BMKyMYREI/ruBC/b6RolDKWejrySyj/O1l4l/eIFFBw0spjxNFOF4eChIGVQSzLuCICoIVm2mCsKA6K8QTJBBWurGiLuHrp/B/0nUqdrXSuK6WWk5eRwGcgFNQBjaogxa4Am3QARik4AE8gWfj3ng0XozX5eiKke8cgR8w3j4BpBSVRg==</latexit>

(at 2 A)

<latexit sha1_base64="9mN0evEAmmW6HidnbyBTqbhwcRE=">AAAB/nicdVDLSsNAFJ34rPUVFVduBotQNyGJLW13FTcuK9gHNKVMppN26GQSZiZCCQV/xY0LRdz6He78GydtBBU9MHA4517umePHjEpl2x/Gyura+sZmYau4vbO7t28eHHZklAhM2jhikej5SBJGOWkrqhjpxYKg0Gek60+vMr97R4SkEb9Vs5gMQjTmNKAYKS0NzeMyGiroUQ69EKkJRiy9nJ8PzZJtuU7VrTbgkjQuclKpQceyFyiBHK2h+e6NIpyEhCvMkJR9x47VIEVCUczIvOglksQIT9GY9DXlKCRykC7iz+GZVkYwiIR+XMGF+n0jRaGUs9DXk1lG+dvLxL+8fqKC+iClPE4U4Xh5KEgYVBHMuoAjKghWbKYJwoLqrBBPkEBY6caKuoSvn8L/Sce1nIpVv6mUmm5eRwGcgFNQBg6ogSa4Bi3QBhik4AE8gWfj3ng0XozX5eiKke8cgR8w3j4BbAqVIg==</latexit>

Pa
ss0 = Pr[st+1 | st, at]

<latexit sha1_base64="47fJjpAaSDkG5CZij9cVsTrtsLM="></latexit>

r(s, a) = E[rt+1|s = st, a = at]

<latexit sha1_base64="Pnkf2aWKD9BYQ2qZKVRM674ymOg="></latexit>
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Mathematical Framework: Markov Decision Processes

Imitation learning optimizes policy by imitating the expert in an MDP.
Goal: To match the behavioral distributions

S

<latexit sha1_base64="FywXp2+qoAPEXh6BbgVeq4gZKgw=">AAAB8nicdVDLSsNAFJ34rPFVdelmsAiuQlIs7UYsuHFZ0T6gDWUynbRDJzNhZiKU0M9w40KRbt37H27Ev3GSKKjogQuHc+7lnnuDmFGlXffdWlpeWV1bL23Ym1vbO7vlvf2OEonEpI0FE7IXIEUY5aStqWakF0uCooCRbjC9yPzuLZGKCn6jZzHxIzTmNKQYaSP1BxHSE4xYej0fliuuU6033LoHc+J5tYK4tRr0HDdH5fzFPosXb3ZrWH4djAROIsI1ZkipvufG2k+R1BQzMrcHiSIxwlM0Jn1DOYqI8tM88hweG2UEQyFNcQ1z9ftEiiKlZlFgOrOI6reXiX95/USHDT+lPE404bhYFCYMagGz++GISoI1mxmCsKQmK8QTJBHW5ku2ecLXpfB/0qk63qnTuHIrzSooUAKH4AicAA/UQRNcghZoAwwEuAMP4NHS1r31ZC2K1iXrc+YA/ID1/AFCQ5Td</latexit>

: state space

A

<latexit sha1_base64="pvU12GU1dDG1BShnHUIzAeZ3O6M=">AAAB8nicdVDLSsNAFJ34rPFVdelmsAiuwqRY2o1YceOygn1AG8pkOmmHTiZhZiKU0M9w40KRbt37H27Ev3GSKKjogQuHc+7lnnv9mDOlEXq3lpZXVtfWSxv25tb2zm55b7+jokQS2iYRj2TPx4pyJmhbM81pL5YUhz6nXX96mfndWyoVi8SNnsXUC/FYsIARrI3UH4RYTwjm6cV8WK4gp1pvoLoLc+K6tYKgWg26DspROX+xz+LFm90all8Ho4gkIRWacKxU30Wx9lIsNSOczu1BomiMyRSPad9QgUOqvDSPPIfHRhnBIJKmhIa5+n0ixaFSs9A3nVlE9dvLxL+8fqKDhpcyESeaClIsChIOdQSz++GISUo0nxmCiWQmKyQTLDHR5ku2ecLXpfB/0qk67qnTuEaVZhUUKIFDcAROgAvqoAmuQAu0AQERuAMP4NHS1r31ZC2K1iXrc+YA/ID1/AEm6ZTL</latexit>

: action space

P

<latexit sha1_base64="m2zP/jMubcdRPaHpYCksETvGRPs=">AAAB8nicdVDLSsNAFJ3UV42vqks3g0VwFSbF0m7EghuXFewD0lAm00k7dJIJMxOhhH6GGxeKdOve/3Aj/o3TREFFD1w4nHMv99wbJJwpjdC7VVpZXVvfKG/aW9s7u3uV/YOuEqkktEMEF7IfYEU5i2lHM81pP5EURwGnvWB6ufR7t1QqJuIbPUuoH+FxzEJGsDaSN4iwnhDMs/Z8WKkip9ZoooYLc+K69YKgeh26DspRvXixz5PFm90eVl4HI0HSiMaacKyU56JE+xmWmhFO5/YgVTTBZIrH1DM0xhFVfpZHnsMTo4xgKKSpWMNc/T6R4UipWRSYzmVE9dtbin95XqrDpp+xOEk1jUmxKEw51AIu74cjJinRfGYIJpKZrJBMsMREmy/Z5glfl8L/SbfmuGdO8xpVWzVQoAyOwDE4BS5ogBa4Am3QAQQIcAcewKOlrXvryVoUrSXrc+YQ/ID1/AE9tJTa</latexit>

: transition probability

R

<latexit sha1_base64="i+E65M1i3gjNnzJeIYbguafpo1s=">AAAB8nicdVDLSsNAFJ34rPFVdelmsAiuQlIs7UYsuHFZxT6gDWUynbRDJzNhZiKU0M9w40KRbt37H27Ev3GSKKjogQuHc+7lnnuDmFGlXffdWlpeWV1bL23Ym1vbO7vlvf2OEonEpI0FE7IXIEUY5aStqWakF0uCooCRbjC9yPzuLZGKCn6jZzHxIzTmNKQYaSP1BxHSE4xYej0fliuuU6033LoHc+J5tYK4tRr0HDdH5fzFPosXb3ZrWH4djAROIsI1ZkipvufG2k+R1BQzMrcHiSIxwlM0Jn1DOYqI8tM88hweG2UEQyFNcQ1z9ftEiiKlZlFgOrOI6reXiX95/USHDT+lPE404bhYFCYMagGz++GISoI1mxmCsKQmK8QTJBHW5ku2ecLXpfB/0qk63qnTuHIrzSooUAKH4AicAA/UQRNcghZoAwwEuAMP4NHS1r31ZC2K1iXrc+YA/ID1/AFAvpTc</latexit>

: reward function

�

<latexit sha1_base64="JpD9q9Jvp09IkN0chWQ+ZK5PxIY=">AAAB7XicdVBNSwMxEM3Wr1q/qh69BIvgadktLe2x4MVjBfsB7VJm02wbm2SXJCuUpf/BiwdFvPp/vPlvTLcVVPTBwOO9GWbmhQln2njeh1PY2Nza3inulvb2Dw6PyscnXR2nitAOiXms+iFoypmkHcMMp/1EURAhp71wdrX0e/dUaRbLWzNPaCBgIlnECBgrdYcTEAJG5YrnVhtNr+HjnPh+fUW8eh37rpejgtZoj8rvw3FMUkGlIRy0HvheYoIMlGGE00VpmGqaAJnBhA4slSCoDrL82gW+sMoYR7GyJQ3O1e8TGQit5yK0nQLMVP/2luJf3iA1UTPImExSQyVZLYpSjk2Ml6/jMVOUGD63BIhi9lZMpqCAGBtQyYbw9Sn+n3Srrl9zmze1Squ6jqOIztA5ukQ+aqAWukZt1EEE3aEH9ISendh5dF6c11VrwVnPnKIfcN4+AfOgj1w=</latexit>

: a discount factor � 2 [0, 1]

<latexit sha1_base64="5iAfSjFxJW77S24c+E2zRXg95AA=">AAAB9XicdVDLSgMxFM3UV62vqks3wSK4kGFSWtplwY3LCvYBM2PJpJk2NMkMSUYpQ//DjQtF3Pov7vwb04egogcuHM65l3vviVLOtPG8D6ewtr6xuVXcLu3s7u0flA+PujrJFKEdkvBE9SOsKWeSdgwznPZTRbGIOO1Fk8u537ujSrNE3phpSkOBR5LFjGBjpdtghIXAAZO+d4HCQbniudVG02sguCAI1ZfEq9chcr0FKmCF9qD8HgwTkgkqDeFYax95qQlzrAwjnM5KQaZpiskEj6hvqcSC6jBfXD2DZ1YZwjhRtqSBC/X7RI6F1lMR2U6BzVj/9ubiX56fmbgZ5kymmaGSLBfFGYcmgfMI4JApSgyfWoKJYvZWSMZYYWJsUCUbwten8H/Srbqo5java5VWdRVHEZyAU3AOEGiAFrgCbdABBCjwAJ7As3PvPDovzuuyteCsZo7BDzhvn/YQkiQ=</latexit>

: set of demonstrations drawn from the expert policy ⇡E

<latexit sha1_base64="3zYtUwa6/WGK0JGp92OU5mZ5NJk=">AAAB7HicdVBNS8NAEJ3Ur1q/qh69LBbBU0hiS9tbQQSPFawttKFstpt26WYTdjdCCf0NXjwo4tUf5M1/47aNoKIPBh7vzTAzL0g4U9pxPqzC2vrG5lZxu7Szu7d/UD48ulNxKgntkJjHshdgRTkTtKOZ5rSXSIqjgNNuML1c+N17KhWLxa2eJdSP8FiwkBGsjdQZJGx4NSxXHNtza16tiVakeZGTah25trNEBXK0h+X3wSgmaUSFJhwr1XedRPsZlpoRTuelQapogskUj2nfUIEjqvxseewcnRllhMJYmhIaLdXvExmOlJpFgemMsJ6o395C/Mvrpzps+BkTSaqpIKtFYcqRjtHiczRikhLNZ4ZgIpm5FZEJlphok0/JhPD1Kfqf3Hm2W7UbN9VKy8vjKMIJnMI5uFCHFlxDGzpAgMEDPMGzJaxH68V6XbUWrHzmGH7AevsE9JWOww==</latexit>

D

<latexit sha1_base64="I7EhzGqPpHFoQNQusa4o8NUVU1g=">AAAB8nicdVBPS8MwHE3nvzn/TT16CQ7BU2nrxrbbQA8eJzg36MpIs3QLS5OSpMIo+xhePCji1U/jzW9julVQ0QeBx3u/H3m/FyaMKu04H1ZpbX1jc6u8XdnZ3ds/qB4e3SmRSkx6WDAhByFShFFOeppqRgaJJCgOGemHs8vc798Tqajgt3qekCBGE04jipE2kj+MkZ5ixLKrxahac2zPbXiNNlyR9kVB6k3o2s4SNVCgO6q+D8 cCpzHhGjOklO86iQ4yJDXFjCwqw1SRBOEZmhDfUI5iooJsGXkBz4wyhpGQ5nENl+r3jQzFSs3j0EzmEdVvLxf/8vxUR60gozxJNeF49VGUMqgFzO+HYyoJ1mxuCMKSmqwQT5FEWJuWKqaEr0vh/+TOs9263bqp1zpeUUcZnIBTcA5c0AQdcA26oAcwEOABPIFnS1uP1ov1uhotWcXOMfgB6+0T1HuRmA==</latexit>

(st 2 S)

<latexit sha1_base64="jGRosKYE5dgsYh5U1uEh78GwnDA=">AAAB/nicdVDLSsNAFJ34rPUVFVduBotQNyWJLW13BTcuK9oHNKFMppN26GQSZiZCCQV/xY0LRdz6He78GydtBBU9MHA4517umePHjEplWR/Gyura+sZmYau4vbO7t28eHHZllAhMOjhikej7SBJGOekoqhjpx4Kg0Gek508vM793R4SkEb9Vs5h4IRpzGlCMlJaG5nFZDhV0KYduiNQEI5bezM+HZsmqOHbNqTXhkjQvclKtQ7tiLVACOdpD890dRTgJCVeYISkHthUrL0VCUczIvOgmksQIT9GYDDTlKCTSSxfx5/BMKyMYREI/ruBC/b6RolDKWejrySyj/O1l4l/eIFFBw0spjxNFOF4eChIGVQSzLuCICoIVm2mCsKA6K8QTJBBWurGiLuHrp/B/0nUqdrXSuK6WWk5eRwGcgFNQBjaogxa4Am3QARik4AE8gWfj3ng0XozX5eiKke8cgR8w3j4BpBSVRg==</latexit>

(at 2 A)

<latexit sha1_base64="9mN0evEAmmW6HidnbyBTqbhwcRE=">AAAB/nicdVDLSsNAFJ34rPUVFVduBotQNyGJLW13FTcuK9gHNKVMppN26GQSZiZCCQV/xY0LRdz6He78GydtBBU9MHA4517umePHjEpl2x/Gyura+sZmYau4vbO7t28eHHZklAhM2jhikej5SBJGOWkrqhjpxYKg0Gek60+vMr97R4SkEb9Vs5gMQjTmNKAYKS0NzeMyGiroUQ69EKkJRiy9nJ8PzZJtuU7VrTbgkjQuclKpQceyFyiBHK2h+e6NIpyEhCvMkJR9x47VIEVCUczIvOglksQIT9GY9DXlKCRykC7iz+GZVkYwiIR+XMGF+n0jRaGUs9DXk1lG+dvLxL+8fqKC+iClPE4U4Xh5KEgYVBHMuoAjKghWbKYJwoLqrBBPkEBY6caKuoSvn8L/Sce1nIpVv6mUmm5eRwGcgFNQBg6ogSa4Bi3QBhik4AE8gWfj3ng0XozX5eiKke8cgR8w3j4BbAqVIg==</latexit>

Pa
ss0 = Pr[st+1 | st, at]

<latexit sha1_base64="47fJjpAaSDkG5CZij9cVsTrtsLM="></latexit>

r(s, a) = E[rt+1|s = st, a = at]

<latexit sha1_base64="Pnkf2aWKD9BYQ2qZKVRM674ymOg="></latexit>
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Mathematical Framework: Markov Decision Processes

Imitation learning optimizes policy by imitating the expert in an MDP.
Goal: To match the behavioral distributions

Two basic ideas

• Direct estimation of the expert policy from expert data
(behavioral cloning)

• Reconstruct a reward function (inverse RL) and then learn
a policy from the reward (RL)
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Imitation as Supervised Learning
Idea 1: Direct estimation of the expert policy from expert data

⇡⇤ = argmin
⇡

X

st2D
L

✓
⇡(st),⇡E(st)

◆

<latexit sha1_base64="3R/T6E3CEu7RQ8Dj5KcUwBCJ1Ds="></latexit>

This can be cast as a supervised learning problem, called behavioral cloning

action from expert policy

Distance metric that measures the 
discrepancy between the expert action 
and the policy action (e.g., KL-divergence)

Week 9 Thu
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Imitation as Supervised Learning
Idea 1: Direct estimation of the expert policy from expert data

This can be cast as a supervised learning problem, called behavioral cloning

Week 9 Thu

What can go wrong?

compounding errors

How to fix: Asking expert for more data (DAgger)
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Examples of Supervised Imitation Learning

"Agile Autonomous Driving using End-to-End Deep Imitation Learning" 
Pan, Cheng, Saigol, Lee, Yan, Theodorou, Boots. RSS 2018
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Inverse Reinforcement Learning
Idea 2: Reconstruct a reward function and then learn a policy from the reward

Week 10 Tue

Solving full-fledged RL in the inner loop

To solve efficiently, IRL methods often assume:

v Known dynamics (for comparing and 

efficiently)

v Linear reward function

⇡

<latexit sha1_base64="99oX97t57fuQQzRrqveilbymgBA=">AAAB6nicdVBNS8NAEJ3Ur1q/qh69LBbBg4SktrS9Fbx4rGg/oA1ls920SzebsLsRSuhP8OJBEa/+Im/+G7dtBBV9MPB4b4aZeX7MmdKO82Hl1tY3Nrfy24Wd3b39g+LhUUdFiSS0TSIeyZ6PFeVM0LZmmtNeLCkOfU67/vRq4XfvqVQsEnd6FlMvxGPBAkawNtLtIGbDYsmxy261XG2gFWlcZqRSQ67tLFGCDK1h8X0wikgSUqEJx0r1XSfWXoqlZoTTeWGQKBpjMsVj2jdU4JAqL12eOkdnRhmhIJKmhEZL9ftEikOlZqFvOkOsJ+q3txD/8vqJDupeykScaCrIalGQcKQjtPgbjZikRPOZIZhIZm5FZIIlJtqkUzAhfH2K/iedsu1W7PpNpdS8yOLIwwmcwjm4UIMmXEML2kBgDA/wBM8Wtx6tF+t11Zqzsplj+AHr7ROtjY4F</latexit>

⇡⇤

<latexit sha1_base64="FHkfeWh9FQQ1KBWk3Q8BBRoQqSQ=">AAAB7HicdVBNS8NAEJ34WetX1aOXxSKISEhqS9tbwYvHCqYttLFstpt26WYTdjdCCf0NXjwo4tUf5M1/4/ZDUNEHA4/3ZpiZFyScKe04H9bK6tr6xmZuK7+9s7u3Xzg4bKk4lYR6JOax7ARYUc4E9TTTnHYSSXEUcNoOxlczv31PpWKxuNWThPoRHgoWMoK1kbxewu7O+4WiY5fcSqlSRwtSv1ySchW5tjNHEZZo9gvvvUFM0ogKTThWqus6ifYzLDUjnE7zvVTRBJMxHtKuoQJHVPnZ/NgpOjXKAIWxNCU0mqvfJzIcKTWJAtMZYT1Sv72Z+JfXTXVY8zMmklRTQRaLwpQjHaPZ52jAJCWaTwzBRDJzKyIjLDHRJp+8CeHrU/Q/aZVst2zXbsrFxsUyjhwcwwmcgQtVaMA1NMEDAgwe4AmeLWE9Wi/W66J1xVrOHMEPWG+fyFaOoQ==</latexit>

r(s, a) = w>�(s)

<latexit sha1_base64="7Z1QRpB/gD447TUuzr1mKBhPjLs=">AAAB/XicdVDLSsNAFJ34rPUVHzs3g0VooYSktrRdCAU3LivYBzSxTKaTdujkwcxEqaH4K25cKOLW/3Dn3zhtI6jogQuHc+7l3nvciFEhTfNDW1peWV1bz2xkN7e2d3b1vf22CGOOSQuHLORdFwnCaEBakkpGuhEnyHcZ6bjj85nfuSFc0DC4kpOIOD4aBtSjGEkl9fVDnhdFVDi7vbZlGNnRiOZFoa/nTKNkVUqVOlyQ+mlKylVoGeYcOZCi2dff7UGIY58EEjMkRM8yI+kkiEuKGZlm7ViQCOExGpKeogHyiXCS+fVTeKKUAfRCriqQcK5+n0iQL8TEd1Wnj+RI/PZm4l9eL5ZezUloEMWSBHixyIsZlCGcRQEHlBMs2UQRhDlVt0I8QhxhqQLLqhC+PoX/k3bJsMpG7bKcaxTTODLgCByDPLBAFTTABWiCFsDgDjyAJ/Cs3WuP2ov2umhd0tKZA/AD2tsneRiUkA==</latexit>

Problem: IRL is generally ill-posed – many reward functions under which the expert policy is optimal.

How can we address it?
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Examples of Inverse Reinforcement Learning
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Adversarial Imitation Learning Week 10 Thu
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<latexit sha1_base64="sojGkZRCj3khSrYxj0W2Wq1Vnxo=">AAAB9HicbZBNS8NAEIYnftb6VfXoZbEInkoigh4LXhQ8VLAf0Iay2W7apZtN3J0US+jv8OJBEa/+GG/+G7dtDtr6wsLDOzPM7BskUhh03W9nZXVtfWOzsFXc3tnd2y8dHDZMnGrG6yyWsW4F1HApFK+jQMlbieY0CiRvBsPrab054tqIWD3gOOF+RPtKhIJRtJavux3kT4iY3d5NuqWyW3FnIsvg5VCGXLVu6avTi1kacYVMUmPanpugn1GNgkk+KXZSwxPKhrTP2xYVjbjxs9nRE3JqnR4JY22fQjJzf09kNDJmHAW2M6I4MIu1qflfrZ1ieOVnQiUpcsXmi8JUEozJNAHSE5ozlGMLlGlhbyVsQDVlaHMq2hC8xS8vQ+O84lm+vyhXq3kcBTiGEzgDDy6hCjdQgzoweIRneIU3Z+S8OO/Ox7x1xclnjuCPnM8fPEuSYQ==</latexit><latexit sha1_base64="sojGkZRCj3khSrYxj0W2Wq1Vnxo=">AAAB9HicbZBNS8NAEIYnftb6VfXoZbEInkoigh4LXhQ8VLAf0Iay2W7apZtN3J0US+jv8OJBEa/+GG/+G7dtDtr6wsLDOzPM7BskUhh03W9nZXVtfWOzsFXc3tnd2y8dHDZMnGrG6yyWsW4F1HApFK+jQMlbieY0CiRvBsPrab054tqIWD3gOOF+RPtKhIJRtJavux3kT4iY3d5NuqWyW3FnIsvg5VCGXLVu6avTi1kacYVMUmPanpugn1GNgkk+KXZSwxPKhrTP2xYVjbjxs9nRE3JqnR4JY22fQjJzf09kNDJmHAW2M6I4MIu1qflfrZ1ieOVnQiUpcsXmi8JUEozJNAHSE5ozlGMLlGlhbyVsQDVlaHMq2hC8xS8vQ+O84lm+vyhXq3kcBTiGEzgDDy6hCjdQgzoweIRneIU3Z+S8OO/Ox7x1xclnjuCPnM8fPEuSYQ==</latexit><latexit sha1_base64="sojGkZRCj3khSrYxj0W2Wq1Vnxo=">AAAB9HicbZBNS8NAEIYnftb6VfXoZbEInkoigh4LXhQ8VLAf0Iay2W7apZtN3J0US+jv8OJBEa/+GG/+G7dtDtr6wsLDOzPM7BskUhh03W9nZXVtfWOzsFXc3tnd2y8dHDZMnGrG6yyWsW4F1HApFK+jQMlbieY0CiRvBsPrab054tqIWD3gOOF+RPtKhIJRtJavux3kT4iY3d5NuqWyW3FnIsvg5VCGXLVu6avTi1kacYVMUmPanpugn1GNgkk+KXZSwxPKhrTP2xYVjbjxs9nRE3JqnR4JY22fQjJzf09kNDJmHAW2M6I4MIu1qflfrZ1ieOVnQiUpcsXmi8JUEozJNAHSE5ozlGMLlGlhbyVsQDVlaHMq2hC8xS8vQ+O84lm+vyhXq3kcBTiGEzgDDy6hCjdQgzoweIRneIU3Z+S8OO/Ox7x1xclnjuCPnM8fPEuSYQ==</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="K8VBAofnidEG3r5kxgDeaKbolSQ=">AAAB6XicbZBLSwMxFIXv1FetVatbN8EiuCozbnQpuFFwUcE+oB1KJr3ThmYeJneKZejvcONCEf+QO/+N6WOhrQcCH+ck3JsTpEoact1vp7CxubW9U9wt7ZX3Dw4rR+WmSTItsCESleh2wA0qGWODJClspxp5FChsBaObWd4aozYyiR9pkqIf8UEsQyk4WcvXvS7hMxHld/fTXqXq1ty52Dp4S6jCUvVe5avbT0QWYUxCcWM6npuSn3NNUiiclrqZwZSLER9gx2LMIzR+Pl96ys6s02dhou2Jic3d3y9yHhkziQJ7M+I0NKvZzPwv62QUXvm5jNOMMBaLQWGmGCVs1gDrS42C1MQCF1raXZkYcs0F2Z5KtgRv9cvr0LyoeZYfXCjCCZzCOXhwCddwC3VogIAneIE3eHfGzqvzsair4Cx7O4Y/cj5/AO7rkQQ=</latexit><latexit sha1_base64="K8VBAofnidEG3r5kxgDeaKbolSQ=">AAAB6XicbZBLSwMxFIXv1FetVatbN8EiuCozbnQpuFFwUcE+oB1KJr3ThmYeJneKZejvcONCEf+QO/+N6WOhrQcCH+ck3JsTpEoact1vp7CxubW9U9wt7ZX3Dw4rR+WmSTItsCESleh2wA0qGWODJClspxp5FChsBaObWd4aozYyiR9pkqIf8UEsQyk4WcvXvS7hMxHld/fTXqXq1ty52Dp4S6jCUvVe5avbT0QWYUxCcWM6npuSn3NNUiiclrqZwZSLER9gx2LMIzR+Pl96ys6s02dhou2Jic3d3y9yHhkziQJ7M+I0NKvZzPwv62QUXvm5jNOMMBaLQWGmGCVs1gDrS42C1MQCF1raXZkYcs0F2Z5KtgRv9cvr0LyoeZYfXCjCCZzCOXhwCddwC3VogIAneIE3eHfGzqvzsair4Cx7O4Y/cj5/AO7rkQQ=</latexit><latexit sha1_base64="DRDrA2um96uea2c+l4iKoNuU/hg=">AAAB9HicbZA9SwNBEIb34leMX1FLm8UgWIU7Gy0DNgoWEcwHJEfY28wlS/b2zt25YDjyO2wsFLH1x9j5b9wkV2jiCwsP78wws2+QSGHQdb+dwtr6xuZWcbu0s7u3f1A+PGqaONUcGjyWsW4HzIAUChooUEI70cCiQEIrGF3P6q0xaCNi9YCTBPyIDZQIBWdoLV/3ughPiJjd3k175Ypbdeeiq+DlUCG56r3yV7cf8zQChVwyYzqem6CfMY2CS5iWuqmBhPERG0DHomIRGD+bHz2lZ9bp0zDW9imkc/f3RMYiYyZRYDsjhkOzXJuZ/9U6KYZXfiZUkiIovlgUppJiTGcJ0L7QwFFOLDCuhb2V8iHTjKPNqWRD8Ja/vArNi6pn+d6t1Gp5HEVyQk7JOfHIJamRG1InDcLJI3kmr+TNGTsvzrvzsWgtOPnMMfkj5/MHOwuSXQ==</latexit><latexit sha1_base64="sojGkZRCj3khSrYxj0W2Wq1Vnxo=">AAAB9HicbZBNS8NAEIYnftb6VfXoZbEInkoigh4LXhQ8VLAf0Iay2W7apZtN3J0US+jv8OJBEa/+GG/+G7dtDtr6wsLDOzPM7BskUhh03W9nZXVtfWOzsFXc3tnd2y8dHDZMnGrG6yyWsW4F1HApFK+jQMlbieY0CiRvBsPrab054tqIWD3gOOF+RPtKhIJRtJavux3kT4iY3d5NuqWyW3FnIsvg5VCGXLVu6avTi1kacYVMUmPanpugn1GNgkk+KXZSwxPKhrTP2xYVjbjxs9nRE3JqnR4JY22fQjJzf09kNDJmHAW2M6I4MIu1qflfrZ1ieOVnQiUpcsXmi8JUEozJNAHSE5ozlGMLlGlhbyVsQDVlaHMq2hC8xS8vQ+O84lm+vyhXq3kcBTiGEzgDDy6hCjdQgzoweIRneIU3Z+S8OO/Ox7x1xclnjuCPnM8fPEuSYQ==</latexit><latexit sha1_base64="sojGkZRCj3khSrYxj0W2Wq1Vnxo=">AAAB9HicbZBNS8NAEIYnftb6VfXoZbEInkoigh4LXhQ8VLAf0Iay2W7apZtN3J0US+jv8OJBEa/+GG/+G7dtDtr6wsLDOzPM7BskUhh03W9nZXVtfWOzsFXc3tnd2y8dHDZMnGrG6yyWsW4F1HApFK+jQMlbieY0CiRvBsPrab054tqIWD3gOOF+RPtKhIJRtJavux3kT4iY3d5NuqWyW3FnIsvg5VCGXLVu6avTi1kacYVMUmPanpugn1GNgkk+KXZSwxPKhrTP2xYVjbjxs9nRE3JqnR4JY22fQjJzf09kNDJmHAW2M6I4MIu1qflfrZ1ieOVnQiUpcsXmi8JUEozJNAHSE5ozlGMLlGlhbyVsQDVlaHMq2hC8xS8vQ+O84lm+vyhXq3kcBTiGEzgDDy6hCjdQgzoweIRneIU3Z+S8OO/Ox7x1xclnjuCPnM8fPEuSYQ==</latexit><latexit sha1_base64="sojGkZRCj3khSrYxj0W2Wq1Vnxo=">AAAB9HicbZBNS8NAEIYnftb6VfXoZbEInkoigh4LXhQ8VLAf0Iay2W7apZtN3J0US+jv8OJBEa/+GG/+G7dtDtr6wsLDOzPM7BskUhh03W9nZXVtfWOzsFXc3tnd2y8dHDZMnGrG6yyWsW4F1HApFK+jQMlbieY0CiRvBsPrab054tqIWD3gOOF+RPtKhIJRtJavux3kT4iY3d5NuqWyW3FnIsvg5VCGXLVu6avTi1kacYVMUmPanpugn1GNgkk+KXZSwxPKhrTP2xYVjbjxs9nRE3JqnR4JY22fQjJzf09kNDJmHAW2M6I4MIu1qflfrZ1ieOVnQiUpcsXmi8JUEozJNAHSE5ozlGMLlGlhbyVsQDVlaHMq2hC8xS8vQ+O84lm+vyhXq3kcBTiGEzgDDy6hCjdQgzoweIRneIU3Z+S8OO/Ox7x1xclnjuCPnM8fPEuSYQ==</latexit><latexit sha1_base64="sojGkZRCj3khSrYxj0W2Wq1Vnxo=">AAAB9HicbZBNS8NAEIYnftb6VfXoZbEInkoigh4LXhQ8VLAf0Iay2W7apZtN3J0US+jv8OJBEa/+GG/+G7dtDtr6wsLDOzPM7BskUhh03W9nZXVtfWOzsFXc3tnd2y8dHDZMnGrG6yyWsW4F1HApFK+jQMlbieY0CiRvBsPrab054tqIWD3gOOF+RPtKhIJRtJavux3kT4iY3d5NuqWyW3FnIsvg5VCGXLVu6avTi1kacYVMUmPanpugn1GNgkk+KXZSwxPKhrTP2xYVjbjxs9nRE3JqnR4JY22fQjJzf09kNDJmHAW2M6I4MIu1qflfrZ1ieOVnQiUpcsXmi8JUEozJNAHSE5ozlGMLlGlhbyVsQDVlaHMq2hC8xS8vQ+O84lm+vyhXq3kcBTiGEzgDDy6hCjdQgzoweIRneIU3Z+S8OO/Ox7x1xclnjuCPnM8fPEuSYQ==</latexit><latexit sha1_base64="sojGkZRCj3khSrYxj0W2Wq1Vnxo=">AAAB9HicbZBNS8NAEIYnftb6VfXoZbEInkoigh4LXhQ8VLAf0Iay2W7apZtN3J0US+jv8OJBEa/+GG/+G7dtDtr6wsLDOzPM7BskUhh03W9nZXVtfWOzsFXc3tnd2y8dHDZMnGrG6yyWsW4F1HApFK+jQMlbieY0CiRvBsPrab054tqIWD3gOOF+RPtKhIJRtJavux3kT4iY3d5NuqWyW3FnIsvg5VCGXLVu6avTi1kacYVMUmPanpugn1GNgkk+KXZSwxPKhrTP2xYVjbjxs9nRE3JqnR4JY22fQjJzf09kNDJmHAW2M6I4MIu1qflfrZ1ieOVnQiUpcsXmi8JUEozJNAHSE5ozlGMLlGlhbyVsQDVlaHMq2hC8xS8vQ+O84lm+vyhXq3kcBTiGEzgDDy6hCjdQgzoweIRneIU3Z+S8OO/Ox7x1xclnjuCPnM8fPEuSYQ==</latexit><latexit sha1_base64="sojGkZRCj3khSrYxj0W2Wq1Vnxo=">AAAB9HicbZBNS8NAEIYnftb6VfXoZbEInkoigh4LXhQ8VLAf0Iay2W7apZtN3J0US+jv8OJBEa/+GG/+G7dtDtr6wsLDOzPM7BskUhh03W9nZXVtfWOzsFXc3tnd2y8dHDZMnGrG6yyWsW4F1HApFK+jQMlbieY0CiRvBsPrab054tqIWD3gOOF+RPtKhIJRtJavux3kT4iY3d5NuqWyW3FnIsvg5VCGXLVu6avTi1kacYVMUmPanpugn1GNgkk+KXZSwxPKhrTP2xYVjbjxs9nRE3JqnR4JY22fQjJzf09kNDJmHAW2M6I4MIu1qflfrZ1ieOVnQiUpcsXmi8JUEozJNAHSE5ozlGMLlGlhbyVsQDVlaHMq2hC8xS8vQ+O84lm+vyhXq3kcBTiGEzgDDy6hCjdQgzoweIRneIU3Z+S8OO/Ox7x1xclnjuCPnM8fPEuSYQ==</latexit>

D (policy)
<latexit sha1_base64="bK4po48UILSLHp19l0RKlr1uCSY=">AAACAHicbZDLSsNAFIYnXmu9RV24cBMsQt2URARdFnXhsoK9QBPCZDpph04yYeZEDCEbX8WNC0Xc+hjufBunbRba+sPAx3/O4cz5g4QzBbb9bSwtr6yurVc2qptb2zu75t5+R4lUEtomggvZC7CinMW0DQw47SWS4ijgtBuMryf17gOVion4HrKEehEexixkBIO2fPPwxncTxeou0EcAyBPBGcmKU9+s2Q17KmsRnBJqqFTLN7/cgSBpRGMgHCvVd+wEvBxLYITTouqmiiaYjPGQ9jXGOKLKy6cHFNaJdgZWKKR+MVhT9/dEjiOlsijQnRGGkZqvTcz/av0UwksvZ3GSAo3JbFGYcguENUnDGjBJCfBMAyaS6b9aZIQlJqAzq+oQnPmTF6Fz1nA0353XmldlHBV0hI5RHTnoAjXRLWqhNiKoQM/oFb0ZT8aL8W58zFqXjHLmAP2R8fkDIlGWvg==</latexit><latexit sha1_base64="bK4po48UILSLHp19l0RKlr1uCSY=">AAACAHicbZDLSsNAFIYnXmu9RV24cBMsQt2URARdFnXhsoK9QBPCZDpph04yYeZEDCEbX8WNC0Xc+hjufBunbRba+sPAx3/O4cz5g4QzBbb9bSwtr6yurVc2qptb2zu75t5+R4lUEtomggvZC7CinMW0DQw47SWS4ijgtBuMryf17gOVion4HrKEehEexixkBIO2fPPwxncTxeou0EcAyBPBGcmKU9+s2Q17KmsRnBJqqFTLN7/cgSBpRGMgHCvVd+wEvBxLYITTouqmiiaYjPGQ9jXGOKLKy6cHFNaJdgZWKKR+MVhT9/dEjiOlsijQnRGGkZqvTcz/av0UwksvZ3GSAo3JbFGYcguENUnDGjBJCfBMAyaS6b9aZIQlJqAzq+oQnPmTF6Fz1nA0353XmldlHBV0hI5RHTnoAjXRLWqhNiKoQM/oFb0ZT8aL8W58zFqXjHLmAP2R8fkDIlGWvg==</latexit><latexit sha1_base64="bK4po48UILSLHp19l0RKlr1uCSY=">AAACAHicbZDLSsNAFIYnXmu9RV24cBMsQt2URARdFnXhsoK9QBPCZDpph04yYeZEDCEbX8WNC0Xc+hjufBunbRba+sPAx3/O4cz5g4QzBbb9bSwtr6yurVc2qptb2zu75t5+R4lUEtomggvZC7CinMW0DQw47SWS4ijgtBuMryf17gOVion4HrKEehEexixkBIO2fPPwxncTxeou0EcAyBPBGcmKU9+s2Q17KmsRnBJqqFTLN7/cgSBpRGMgHCvVd+wEvBxLYITTouqmiiaYjPGQ9jXGOKLKy6cHFNaJdgZWKKR+MVhT9/dEjiOlsijQnRGGkZqvTcz/av0UwksvZ3GSAo3JbFGYcguENUnDGjBJCfBMAyaS6b9aZIQlJqAzq+oQnPmTF6Fz1nA0353XmldlHBV0hI5RHTnoAjXRLWqhNiKoQM/oFb0ZT8aL8W58zFqXjHLmAP2R8fkDIlGWvg==</latexit><latexit sha1_base64="bK4po48UILSLHp19l0RKlr1uCSY=">AAACAHicbZDLSsNAFIYnXmu9RV24cBMsQt2URARdFnXhsoK9QBPCZDpph04yYeZEDCEbX8WNC0Xc+hjufBunbRba+sPAx3/O4cz5g4QzBbb9bSwtr6yurVc2qptb2zu75t5+R4lUEtomggvZC7CinMW0DQw47SWS4ijgtBuMryf17gOVion4HrKEehEexixkBIO2fPPwxncTxeou0EcAyBPBGcmKU9+s2Q17KmsRnBJqqFTLN7/cgSBpRGMgHCvVd+wEvBxLYITTouqmiiaYjPGQ9jXGOKLKy6cHFNaJdgZWKKR+MVhT9/dEjiOlsijQnRGGkZqvTcz/av0UwksvZ3GSAo3JbFGYcguENUnDGjBJCfBMAyaS6b9aZIQlJqAzq+oQnPmTF6Fz1nA0353XmldlHBV0hI5RHTnoAjXRLWqhNiKoQM/oFb0ZT8aL8W58zFqXjHLmAP2R8fkDIlGWvg==</latexit>

score on policy0 1

[Goodfellow et al. 2014; Ho & Ermon, 2016]
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IL reward: rIL(st, at) = � log(1�D (st))
<latexit sha1_base64="BHp/E+EXQgk/HnKpRrc7q+0SuuI=">AAACFnicbZDLSgMxFIYz9VbrrerSTbAILdgyI4JuhKIuFFxUsBfoDEMmTdvQzIXkjFiGPoUbX8WNC0XcijvfxkzbhbYeCHz8/zmcnN+LBFdgmt9GZmFxaXklu5pbW9/Y3Mpv7zRUGEvK6jQUoWx5RDHBA1YHDoK1IsmI7wnW9AYXqd+8Z1LxMLiDYcQcn/QC3uWUgJbcfFm6NrAHAEiub0ZF5cIhJi6Uzsq2CHu4aJUvXTtSPHVKJTdfMCvmuPA8WFMooGnV3PyX3Qlp7LMAqCBKtS0zAichEjgVbJSzY8UiQgekx9oaA+Iz5STjs0b4QCsd3A2lfgHgsfp7IiG+UkPf050+gb6a9VLxP68dQ/fUSXgQxcACOlnUjQWGEKcZ4Q6XjIIYaiBUcv1XTPtEEgo6yZwOwZo9eR4aRxVL8+1xoXo+jSOL9tA+KiILnaAqukI1VEcUPaJn9IrejCfjxXg3PiatGWM6s4v+lPH5A4AXnaQ=</latexit><latexit sha1_base64="BHp/E+EXQgk/HnKpRrc7q+0SuuI=">AAACFnicbZDLSgMxFIYz9VbrrerSTbAILdgyI4JuhKIuFFxUsBfoDEMmTdvQzIXkjFiGPoUbX8WNC0XcijvfxkzbhbYeCHz8/zmcnN+LBFdgmt9GZmFxaXklu5pbW9/Y3Mpv7zRUGEvK6jQUoWx5RDHBA1YHDoK1IsmI7wnW9AYXqd+8Z1LxMLiDYcQcn/QC3uWUgJbcfFm6NrAHAEiub0ZF5cIhJi6Uzsq2CHu4aJUvXTtSPHVKJTdfMCvmuPA8WFMooGnV3PyX3Qlp7LMAqCBKtS0zAichEjgVbJSzY8UiQgekx9oaA+Iz5STjs0b4QCsd3A2lfgHgsfp7IiG+UkPf050+gb6a9VLxP68dQ/fUSXgQxcACOlnUjQWGEKcZ4Q6XjIIYaiBUcv1XTPtEEgo6yZwOwZo9eR4aRxVL8+1xoXo+jSOL9tA+KiILnaAqukI1VEcUPaJn9IrejCfjxXg3PiatGWM6s4v+lPH5A4AXnaQ=</latexit><latexit sha1_base64="BHp/E+EXQgk/HnKpRrc7q+0SuuI=">AAACFnicbZDLSgMxFIYz9VbrrerSTbAILdgyI4JuhKIuFFxUsBfoDEMmTdvQzIXkjFiGPoUbX8WNC0XcijvfxkzbhbYeCHz8/zmcnN+LBFdgmt9GZmFxaXklu5pbW9/Y3Mpv7zRUGEvK6jQUoWx5RDHBA1YHDoK1IsmI7wnW9AYXqd+8Z1LxMLiDYcQcn/QC3uWUgJbcfFm6NrAHAEiub0ZF5cIhJi6Uzsq2CHu4aJUvXTtSPHVKJTdfMCvmuPA8WFMooGnV3PyX3Qlp7LMAqCBKtS0zAichEjgVbJSzY8UiQgekx9oaA+Iz5STjs0b4QCsd3A2lfgHgsfp7IiG+UkPf050+gb6a9VLxP68dQ/fUSXgQxcACOlnUjQWGEKcZ4Q6XjIIYaiBUcv1XTPtEEgo6yZwOwZo9eR4aRxVL8+1xoXo+jSOL9tA+KiILnaAqukI1VEcUPaJn9IrejCfjxXg3PiatGWM6s4v+lPH5A4AXnaQ=</latexit><latexit sha1_base64="BHp/E+EXQgk/HnKpRrc7q+0SuuI=">AAACFnicbZDLSgMxFIYz9VbrrerSTbAILdgyI4JuhKIuFFxUsBfoDEMmTdvQzIXkjFiGPoUbX8WNC0XcijvfxkzbhbYeCHz8/zmcnN+LBFdgmt9GZmFxaXklu5pbW9/Y3Mpv7zRUGEvK6jQUoWx5RDHBA1YHDoK1IsmI7wnW9AYXqd+8Z1LxMLiDYcQcn/QC3uWUgJbcfFm6NrAHAEiub0ZF5cIhJi6Uzsq2CHu4aJUvXTtSPHVKJTdfMCvmuPA8WFMooGnV3PyX3Qlp7LMAqCBKtS0zAichEjgVbJSzY8UiQgekx9oaA+Iz5STjs0b4QCsd3A2lfgHgsfp7IiG+UkPf050+gb6a9VLxP68dQ/fUSXgQxcACOlnUjQWGEKcZ4Q6XjIIYaiBUcv1XTPtEEgo6yZwOwZo9eR4aRxVL8+1xoXo+jSOL9tA+KiILnaAqukI1VEcUPaJn9IrejCfjxXg3PiatGWM6s4v+lPH5A4AXnaQ=</latexit>

strong discriminator
bad policy weak discriminator

good policy

predicts 0 if policy and 1 if demo
rgail(st, at) = � log(1�D (st)) discriminator objective

rgail(st, at) = � log(1�D (st))
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Adversarial Imitation Learning Week 10 Thu

[Goodfellow et al. 2014; Ho & Ermon, 2016]

discriminator

policy

generated
trajectories

environment

demonstration
trajectories

IL reward: rIL(st, at) = � log(1�D (st))
<latexit sha1_base64="BHp/E+EXQgk/HnKpRrc7q+0SuuI=">AAACFnicbZDLSgMxFIYz9VbrrerSTbAILdgyI4JuhKIuFFxUsBfoDEMmTdvQzIXkjFiGPoUbX8WNC0XcijvfxkzbhbYeCHz8/zmcnN+LBFdgmt9GZmFxaXklu5pbW9/Y3Mpv7zRUGEvK6jQUoWx5RDHBA1YHDoK1IsmI7wnW9AYXqd+8Z1LxMLiDYcQcn/QC3uWUgJbcfFm6NrAHAEiub0ZF5cIhJi6Uzsq2CHu4aJUvXTtSPHVKJTdfMCvmuPA8WFMooGnV3PyX3Qlp7LMAqCBKtS0zAichEjgVbJSzY8UiQgekx9oaA+Iz5STjs0b4QCsd3A2lfgHgsfp7IiG+UkPf050+gb6a9VLxP68dQ/fUSXgQxcACOlnUjQWGEKcZ4Q6XjIIYaiBUcv1XTPtEEgo6yZwOwZo9eR4aRxVL8+1xoXo+jSOL9tA+KiILnaAqukI1VEcUPaJn9IrejCfjxXg3PiatGWM6s4v+lPH5A4AXnaQ=</latexit><latexit sha1_base64="BHp/E+EXQgk/HnKpRrc7q+0SuuI=">AAACFnicbZDLSgMxFIYz9VbrrerSTbAILdgyI4JuhKIuFFxUsBfoDEMmTdvQzIXkjFiGPoUbX8WNC0XcijvfxkzbhbYeCHz8/zmcnN+LBFdgmt9GZmFxaXklu5pbW9/Y3Mpv7zRUGEvK6jQUoWx5RDHBA1YHDoK1IsmI7wnW9AYXqd+8Z1LxMLiDYcQcn/QC3uWUgJbcfFm6NrAHAEiub0ZF5cIhJi6Uzsq2CHu4aJUvXTtSPHVKJTdfMCvmuPA8WFMooGnV3PyX3Qlp7LMAqCBKtS0zAichEjgVbJSzY8UiQgekx9oaA+Iz5STjs0b4QCsd3A2lfgHgsfp7IiG+UkPf050+gb6a9VLxP68dQ/fUSXgQxcACOlnUjQWGEKcZ4Q6XjIIYaiBUcv1XTPtEEgo6yZwOwZo9eR4aRxVL8+1xoXo+jSOL9tA+KiILnaAqukI1VEcUPaJn9IrejCfjxXg3PiatGWM6s4v+lPH5A4AXnaQ=</latexit><latexit sha1_base64="BHp/E+EXQgk/HnKpRrc7q+0SuuI=">AAACFnicbZDLSgMxFIYz9VbrrerSTbAILdgyI4JuhKIuFFxUsBfoDEMmTdvQzIXkjFiGPoUbX8WNC0XcijvfxkzbhbYeCHz8/zmcnN+LBFdgmt9GZmFxaXklu5pbW9/Y3Mpv7zRUGEvK6jQUoWx5RDHBA1YHDoK1IsmI7wnW9AYXqd+8Z1LxMLiDYcQcn/QC3uWUgJbcfFm6NrAHAEiub0ZF5cIhJi6Uzsq2CHu4aJUvXTtSPHVKJTdfMCvmuPA8WFMooGnV3PyX3Qlp7LMAqCBKtS0zAichEjgVbJSzY8UiQgekx9oaA+Iz5STjs0b4QCsd3A2lfgHgsfp7IiG+UkPf050+gb6a9VLxP68dQ/fUSXgQxcACOlnUjQWGEKcZ4Q6XjIIYaiBUcv1XTPtEEgo6yZwOwZo9eR4aRxVL8+1xoXo+jSOL9tA+KiILnaAqukI1VEcUPaJn9IrejCfjxXg3PiatGWM6s4v+lPH5A4AXnaQ=</latexit><latexit sha1_base64="BHp/E+EXQgk/HnKpRrc7q+0SuuI=">AAACFnicbZDLSgMxFIYz9VbrrerSTbAILdgyI4JuhKIuFFxUsBfoDEMmTdvQzIXkjFiGPoUbX8WNC0XcijvfxkzbhbYeCHz8/zmcnN+LBFdgmt9GZmFxaXklu5pbW9/Y3Mpv7zRUGEvK6jQUoWx5RDHBA1YHDoK1IsmI7wnW9AYXqd+8Z1LxMLiDYcQcn/QC3uWUgJbcfFm6NrAHAEiub0ZF5cIhJi6Uzsq2CHu4aJUvXTtSPHVKJTdfMCvmuPA8WFMooGnV3PyX3Qlp7LMAqCBKtS0zAichEjgVbJSzY8UiQgekx9oaA+Iz5STjs0b4QCsd3A2lfgHgsfp7IiG+UkPf050+gb6a9VLxP68dQ/fUSXgQxcACOlnUjQWGEKcZ4Q6XjIIYaiBUcv1XTPtEEgo6yZwOwZo9eR4aRxVL8+1xoXo+jSOL9tA+KiILnaAqukI1VEcUPaJn9IrejCfjxXg3PiatGWM6s4v+lPH5A4AXnaQ=</latexit>

predicts 0 if policy and 1 if demo
rgail(st, at) = � log(1�D (st)) discriminator objective

rgail(st, at) = � log(1�D (st))

v Represent complex reward function by neural networks

v More iterative approaches to update reward and policy (no 

need to run full RL before updating the reward function)

v We don’t know the dynamics but have access to a 

simulator to compare with    and     .⇡

<latexit sha1_base64="99oX97t57fuQQzRrqveilbymgBA=">AAAB6nicdVBNS8NAEJ3Ur1q/qh69LBbBg4SktrS9Fbx4rGg/oA1ls920SzebsLsRSuhP8OJBEa/+Im/+G7dtBBV9MPB4b4aZeX7MmdKO82Hl1tY3Nrfy24Wd3b39g+LhUUdFiSS0TSIeyZ6PFeVM0LZmmtNeLCkOfU67/vRq4XfvqVQsEnd6FlMvxGPBAkawNtLtIGbDYsmxy261XG2gFWlcZqRSQ67tLFGCDK1h8X0wikgSUqEJx0r1XSfWXoqlZoTTeWGQKBpjMsVj2jdU4JAqL12eOkdnRhmhIJKmhEZL9ftEikOlZqFvOkOsJ+q3txD/8vqJDupeykScaCrIalGQcKQjtPgbjZikRPOZIZhIZm5FZIIlJtqkUzAhfH2K/iedsu1W7PpNpdS8yOLIwwmcwjm4UIMmXEML2kBgDA/wBM8Wtx6tF+t11Zqzsplj+AHr7ROtjY4F</latexit>

⇡⇤

<latexit sha1_base64="FHkfeWh9FQQ1KBWk3Q8BBRoQqSQ=">AAAB7HicdVBNS8NAEJ34WetX1aOXxSKISEhqS9tbwYvHCqYttLFstpt26WYTdjdCCf0NXjwo4tUf5M1/4/ZDUNEHA4/3ZpiZFyScKe04H9bK6tr6xmZuK7+9s7u3Xzg4bKk4lYR6JOax7ARYUc4E9TTTnHYSSXEUcNoOxlczv31PpWKxuNWThPoRHgoWMoK1kbxewu7O+4WiY5fcSqlSRwtSv1ySchW5tjNHEZZo9gvvvUFM0ogKTThWqus6ifYzLDUjnE7zvVTRBJMxHtKuoQJHVPnZ/NgpOjXKAIWxNCU0mqvfJzIcKTWJAtMZYT1Sv72Z+JfXTXVY8zMmklRTQRaLwpQjHaPZ52jAJCWaTwzBRDJzKyIjLDHRJp+8CeHrU/Q/aZVst2zXbsrFxsUyjhwcwwmcgQtVaMA1NMEDAgwe4AmeLWE9Wi/W66J1xVrOHMEPWG+fyFaOoQ==</latexit>
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Examples of Adversarial Imitation Learning

3D motion controller

Collecting human 
demonstrations

imitation

physics engine

Training in
simulation

sim2real

real environment

Running on
real robot

3D motion controller

Collecting human 
demonstrations

imitation

physics engine

Training in
simulation

sim2real

real environment

Running on
real robot

2x4x 2x

3D motion controller

Collecting human 
demonstrations

imitation

physics engine

Training in
simulation

sim2real

real environment

Running on
real robot

“Reinforcement and Imitation Learning for Diverse Visuomotor Skills.” Zhu et al. RSS 2018
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Robot Decision Making: Landscape

learning
source

reward
function

expert
demonstration

online
interaction?

yes

no batch (offline)
reinforcement learning

learn
model?

model-based
reinforcement learning

yes

model-free
reinforcement learning

Week 8 Tue

Week 8 Thu

no

estimate
reward? no

yes

imitation as
supervised learning

Week 9 Thu

known
dynamics?

no

yes inverse reinforcement learning
Week 10 Tue

adversarial imitation learning
Week 10 Thu

Week 9 Tue
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Robot Decision Making: Frontiers

Human-in-the-Loop Learning
Week 11 Tue

Hierarchical Policy Learning
Week 11 Thu

[Mandlekar et al. 2020] [Gupta et al. 2019] [Srivastava et al. 2014]

Task and Motion Planning
Week 12 Tue

[Xu et al. 2017]

Neural Program Learning
Week 12 Thu
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Resources

Related courses at UTCS
• CS342: Neural Networks

• CS394R: Reinforcement Learning: Theory and Practice

Other Course Materials and Textbooks
• UCL Course on RL by David Silver

• Berkeley CS 294: Deep Reinforcement Learning

• Reinforcement Learning: An Introduction, Sutton and Barto
• Reinforcement Learning and Optimal Control, Bertsekas

https://philkr.github.io/cs342
http://www.cs.utexas.edu/~pstone/Courses/394Rfall19/
https://www.davidsilver.uk/teaching/
http://rail.eecs.berkeley.edu/deeprlcourse-fa17/
http://incompleteideas.net/book/the-book-2nd.html
https://web.mit.edu/dimitrib/www/RLbook.html

