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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Markov decision process

. Sequential decision making over multiple timesteps ..

policy π

state space: S
action space: A
cost function c

transition kernel P
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<latexit sha1_base64="gfWtDorFPyDsRk9Nxxw5MOahsas=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0l6UI9FLx4r2A9oQ9lsJ+3SzSbsboQS+iO8eFDEq7/Hm//GbZqDtj4YeLw3w8y8IBFcG9f9dkobm1vbO+Xdyt7+weFR9fiko+NUMWyzWMSqF1CNgktsG24E9hKFNAoEdoPp3cLvPqHSPJaPZpagH9Gx5CFn1Fip2xJUSlTDas2tuznIOvEKUoMCrWH1azCKWRqhNExQrfuemxg/o8pwJnBeGaQaE8qmdIx9SyWNUPtZfu6cXFhlRMJY2ZKG5OrviYxGWs+iwHZG1Ez0qrcQ//P6qQlv/IzLJDUo2XJRmApiYrL4nYy4QmbEzBLKFLe3EjahijJjE6rYELzVl9dJp1H3rureQ6PWvC3iKMMZnMMleHANTbiHFrSBwRSe4RXenMR5cd6dj2VrySlmTuEPnM8fWr2PlA==</latexit>

Planner

<latexit sha1_base64="3xMvQ6ewwCJZ9Dui3fC+O9UktZc=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsx0oS6LIrisYB8wHUomzbShmWRIMoUy9DPcuFDErV/jzr8x085CWw8EDufcQ+49YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3OV+d0qVZlI8mVlCgxiPBIsYwcZK/r2YMiVFTIUZVGtu3V0ArROvIDUo0BpUv/pDSdI8SzjW2vfcxAQZVoYRTueVfqppgskEj6hvqcAx1UG2WHmOLqwyRJFU9gmDFurvRIZjrWdxaCdjbMZ61cvF/zw/NdFNkDGRpIYKsvwoSjkyEuX3oyFTlBg+swQTxeyuiIyxwsTYliq2BG/15HXSadS9q7r32Kg1b4s6ynAG53AJHlxDEx6gBW0gIOEZXuHNMc6L8+58LEdLTpE5hT9wPn8Aq2yRgQ==</latexit>

Environment

<latexit sha1_base64="aXC5OVEfLUMo/dsuVEaEhbprh+g=">AAAB8nicbVA9TwJBEN3DL8Qv1NJmI5hYkTsKtSTaWGKQj+S4kL1lDzbs7V5250zIhZ9hY6Extv4aO/+NC1yh4EsmeXlvJjPzwkRwA6777RQ2Nre2d4q7pb39g8Oj8vFJx6hUU9amSijdC4lhgkvWBg6C9RLNSBwK1g0nd3O/+8S04Uo+wjRhQUxGkkecErCS3wICDFdbA6gOyhW35i6A14mXkwrK0RyUv/pDRdOYSaCCGON7bgJBRjRwKtis1E8NSwidkBHzLZUkZibIFifP8IVVhjhS2pYEvFB/T2QkNmYah7YzJjA2q95c/M/zU4hugozLJAUm6XJRlAoMCs//x0OuGQUxtYRQze2tmI6JJhRsSiUbgrf68jrp1GveVc17qFcat3kcRXSGztEl8tA1aqB71ERtRJFCz+gVvTngvDjvzseyteDkM6foD5zPHxtXkHs=</latexit>

State St

<latexit sha1_base64="hPgJLF7kvcEOfO7ilmq41mqS4u8=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0oB6LXjxWsB/QhLLZbtqlm92wuxFC6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTrpapIrRDJJeqH2JNORO0Y5jhtJ8oiuOQ0144vZv7vSeqNJPi0WQJDWI8FixiBBsr+W3JGclQ3U9YfVituQ13AbROvILUoEB7WP3yR5KkMRWGcKz1wHMTE+RYGUY4nVX8VNMEkyke04GlAsdUB/ni5hm6sMoIRVLZEgYt1N8TOY61zuLQdsbYTPSqNxf/8wapiW6CnIkkNVSQ5aIo5chINA8AjZiixPDMEkwUs7ciMsEKE2NjqtgQvNWX10m32fCuGt5Ds9a6LeIowxmcwyV4cA0tuIc2dIBAAs/wCm9O6rw4787HsrXkFDOn8AfO5w8ECZED</latexit>

Policy ⇡
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Environment

<latexit sha1_base64="edYVpdS4bPAKCIBdLfqdqDZmLKo=">AAAB83icbVDLTgJBEOzFF+IL9ehlIph4Irsc1CPoxSMm8khgQ2aHWZgw+8hMrwnZ8BtePGiMV3/Gm3/jLOxBwUo6XanqzvSUF0uh0ba/rcLG5tb2TnG3tLd/cHhUPj7p6ChRjLdZJCPV86jmUoS8jQIl78WK08CTvOtN7zK/+8SVFlH4iLOYuwEdh8IXjKKRBk2WNVJtDrE6LFfsmr0AWSdOTiqQozUsfw1GEUsCHiKTVOu+Y8foplShYJLPS4NE85iyKR3zvqEhDbh208XNc3JhlBHxI2UqRLJQf2+kNNB6FnhmMqA40ateJv7n9RP0b9xUhHGCPGTLh/xEEoxIFgAZCcUZypkhlClhbiVsQhVlaGIqmRCc1S+vk0695lzVnId6pXGbx1GEMziHS3DgGhpwDy1oA4MYnuEV3qzEerHerY/laMHKd07hD6zPH7WDkNA=</latexit>

Action At

<latexit sha1_base64="aXC5OVEfLUMo/dsuVEaEhbprh+g=">AAAB8nicbVA9TwJBEN3DL8Qv1NJmI5hYkTsKtSTaWGKQj+S4kL1lDzbs7V5250zIhZ9hY6Extv4aO/+NC1yh4EsmeXlvJjPzwkRwA6777RQ2Nre2d4q7pb39g8Oj8vFJx6hUU9amSijdC4lhgkvWBg6C9RLNSBwK1g0nd3O/+8S04Uo+wjRhQUxGkkecErCS3wICDFdbA6gOyhW35i6A14mXkwrK0RyUv/pDRdOYSaCCGON7bgJBRjRwKtis1E8NSwidkBHzLZUkZibIFifP8IVVhjhS2pYEvFB/T2QkNmYah7YzJjA2q95c/M/zU4hugozLJAUm6XJRlAoMCs//x0OuGQUxtYRQze2tmI6JJhRsSiUbgrf68jrp1GveVc17qFcat3kcRXSGztEl8tA1aqB71ERtRJFCz+gVvTngvDjvzseyteDkM6foD5zPHxtXkHs=</latexit>

State St

<latexit sha1_base64="hPgJLF7kvcEOfO7ilmq41mqS4u8=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0oB6LXjxWsB/QhLLZbtqlm92wuxFC6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTrpapIrRDJJeqH2JNORO0Y5jhtJ8oiuOQ0144vZv7vSeqNJPi0WQJDWI8FixiBBsr+W3JGclQ3U9YfVituQ13AbROvILUoEB7WP3yR5KkMRWGcKz1wHMTE+RYGUY4nVX8VNMEkyke04GlAsdUB/ni5hm6sMoIRVLZEgYt1N8TOY61zuLQdsbYTPSqNxf/8wapiW6CnIkkNVSQ5aIo5chINA8AjZiixPDMEkwUs7ciMsEKE2NjqtgQvNWX10m32fCuGt5Ds9a6LeIowxmcwyV4cA0tuIc2dIBAAs/wCm9O6rw4787HsrXkFDOn8AfO5w8ECZED</latexit>

Policy ⇡

Decision making: At follows distribution π(·|St)
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<latexit sha1_base64="hPgJLF7kvcEOfO7ilmq41mqS4u8=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0oB6LXjxWsB/QhLLZbtqlm92wuxFC6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTrpapIrRDJJeqH2JNORO0Y5jhtJ8oiuOQ0144vZv7vSeqNJPi0WQJDWI8FixiBBsr+W3JGclQ3U9YfVituQ13AbROvILUoEB7WP3yR5KkMRWGcKz1wHMTE+RYGUY4nVX8VNMEkyke04GlAsdUB/ni5hm6sMoIRVLZEgYt1N8TOY61zuLQdsbYTPSqNxf/8wapiW6CnIkkNVSQ5aIo5chINA8AjZiixPDMEkwUs7ciMsEKE2NjqtgQvNWX10m32fCuGt5Ds9a6LeIowxmcwyV4cA0tuIc2dIBAAs/wCm9O6rw4787HsrXkFDOn8AfO5w8ECZED</latexit>

Policy ⇡

Decision making: At follows distribution π(·|St)
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Markov decision process

. Sequential decision making over multiple timesteps ..

Key elements

policy π

state space: S
action space: A
cost function c

transition kernel P

<latexit sha1_base64="aXC5OVEfLUMo/dsuVEaEhbprh+g=">AAAB8nicbVA9TwJBEN3DL8Qv1NJmI5hYkTsKtSTaWGKQj+S4kL1lDzbs7V5250zIhZ9hY6Extv4aO/+NC1yh4EsmeXlvJjPzwkRwA6777RQ2Nre2d4q7pb39g8Oj8vFJx6hUU9amSijdC4lhgkvWBg6C9RLNSBwK1g0nd3O/+8S04Uo+wjRhQUxGkkecErCS3wICDFdbA6gOyhW35i6A14mXkwrK0RyUv/pDRdOYSaCCGON7bgJBRjRwKtis1E8NSwidkBHzLZUkZibIFifP8IVVhjhS2pYEvFB/T2QkNmYah7YzJjA2q95c/M/zU4hugozLJAUm6XJRlAoMCs//x0OuGQUxtYRQze2tmI6JJhRsSiUbgrf68jrp1GveVc17qFcat3kcRXSGztEl8tA1aqB71ERtRJFCz+gVvTngvDjvzseyteDkM6foD5zPHxtXkHs=</latexit>

State St

<latexit sha1_base64="gfWtDorFPyDsRk9Nxxw5MOahsas=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0l6UI9FLx4r2A9oQ9lsJ+3SzSbsboQS+iO8eFDEq7/Hm//GbZqDtj4YeLw3w8y8IBFcG9f9dkobm1vbO+Xdyt7+weFR9fiko+NUMWyzWMSqF1CNgktsG24E9hKFNAoEdoPp3cLvPqHSPJaPZpagH9Gx5CFn1Fip2xJUSlTDas2tuznIOvEKUoMCrWH1azCKWRqhNExQrfuemxg/o8pwJnBeGaQaE8qmdIx9SyWNUPtZfu6cXFhlRMJY2ZKG5OrviYxGWs+iwHZG1Ez0qrcQ//P6qQlv/IzLJDUo2XJRmApiYrL4nYy4QmbEzBLKFLe3EjahijJjE6rYELzVl9dJp1H3rureQ6PWvC3iKMMZnMMleHANTbiHFrSBwRSe4RXenMR5cd6dj2VrySlmTuEPnM8fWr2PlA==</latexit>

Planner

<latexit sha1_base64="3xMvQ6ewwCJZ9Dui3fC+O9UktZc=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsx0oS6LIrisYB8wHUomzbShmWRIMoUy9DPcuFDErV/jzr8x085CWw8EDufcQ+49YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3OV+d0qVZlI8mVlCgxiPBIsYwcZK/r2YMiVFTIUZVGtu3V0ArROvIDUo0BpUv/pDSdI8SzjW2vfcxAQZVoYRTueVfqppgskEj6hvqcAx1UG2WHmOLqwyRJFU9gmDFurvRIZjrWdxaCdjbMZ61cvF/zw/NdFNkDGRpIYKsvwoSjkyEuX3oyFTlBg+swQTxeyuiIyxwsTYliq2BG/15HXSadS9q7r32Kg1b4s6ynAG53AJHlxDEx6gBW0gIOEZXuHNMc6L8+58LEdLTpE5hT9wPn8Aq2yRgQ==</latexit>

Environment

<latexit sha1_base64="edYVpdS4bPAKCIBdLfqdqDZmLKo=">AAAB83icbVDLTgJBEOzFF+IL9ehlIph4Irsc1CPoxSMm8khgQ2aHWZgw+8hMrwnZ8BtePGiMV3/Gm3/jLOxBwUo6XanqzvSUF0uh0ba/rcLG5tb2TnG3tLd/cHhUPj7p6ChRjLdZJCPV86jmUoS8jQIl78WK08CTvOtN7zK/+8SVFlH4iLOYuwEdh8IXjKKRBk2WNVJtDrE6LFfsmr0AWSdOTiqQozUsfw1GEUsCHiKTVOu+Y8foplShYJLPS4NE85iyKR3zvqEhDbh208XNc3JhlBHxI2UqRLJQf2+kNNB6FnhmMqA40ateJv7n9RP0b9xUhHGCPGTLh/xEEoxIFgAZCcUZypkhlClhbiVsQhVlaGIqmRCc1S+vk0695lzVnId6pXGbx1GEMziHS3DgGhpwDy1oA4MYnuEV3qzEerHerY/laMHKd07hD6zPH7WDkNA=</latexit>

Action At

<latexit sha1_base64="aXC5OVEfLUMo/dsuVEaEhbprh+g=">AAAB8nicbVA9TwJBEN3DL8Qv1NJmI5hYkTsKtSTaWGKQj+S4kL1lDzbs7V5250zIhZ9hY6Extv4aO/+NC1yh4EsmeXlvJjPzwkRwA6777RQ2Nre2d4q7pb39g8Oj8vFJx6hUU9amSijdC4lhgkvWBg6C9RLNSBwK1g0nd3O/+8S04Uo+wjRhQUxGkkecErCS3wICDFdbA6gOyhW35i6A14mXkwrK0RyUv/pDRdOYSaCCGON7bgJBRjRwKtis1E8NSwidkBHzLZUkZibIFifP8IVVhjhS2pYEvFB/T2QkNmYah7YzJjA2q95c/M/zU4hugozLJAUm6XJRlAoMCs//x0OuGQUxtYRQze2tmI6JJhRsSiUbgrf68jrp1GveVc17qFcat3kcRXSGztEl8tA1aqB71ERtRJFCz+gVvTngvDjvzseyteDkM6foD5zPHxtXkHs=</latexit>

State St

<latexit sha1_base64="huHrdeWeSfnkmSGzjDzu/jfxruQ=">AAAB8XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsKtSTSWGIiHxEuZG/Zgw17e5fdORNC+Bc2Fhpj67+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTm5jc2t7J79b2Ns/ODwqHp+0TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj+txvP3FtRKwecJJwP6JDJULBKFrpsR4bJOV6H8v9YsmtuAuQdeJlpAQZGv3iV28QszTiCpmkxnQ9N0F/SjUKJvms0EsNTygb0yHvWqpoxI0/XVw8IxdWGZAw1rYUkoX6e2JKI2MmUWA7I4ojs+rNxf+8borhjT8VKkmRK7ZcFKaSYEzm75OB0JyhnFhCmRb2VsJGVFOGNqSCDcFbfXmdtKoV76ri3VdLtdssjjycwTlcggfXUIM7aEATGCh4hld4c4zz4rw7H8vWnJPNnMIfOJ8/PA6P+Q==</latexit>

Cost Ct

<latexit sha1_base64="hPgJLF7kvcEOfO7ilmq41mqS4u8=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0oB6LXjxWsB/QhLLZbtqlm92wuxFC6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTrpapIrRDJJeqH2JNORO0Y5jhtJ8oiuOQ0144vZv7vSeqNJPi0WQJDWI8FixiBBsr+W3JGclQ3U9YfVituQ13AbROvILUoEB7WP3yR5KkMRWGcKz1wHMTE+RYGUY4nVX8VNMEkyke04GlAsdUB/ni5hm6sMoIRVLZEgYt1N8TOY61zuLQdsbYTPSqNxf/8wapiW6CnIkkNVSQ5aIo5chINA8AjZiixPDMEkwUs7ciMsEKE2NjqtgQvNWX10m32fCuGt5Ds9a6LeIowxmcwyV4cA0tuIc2dIBAAs/wCm9O6rw4787HsrXkFDOn8AfO5w8ECZED</latexit>

Policy ⇡

Observing loss: Ct = c(St, At) ∈ [0, 1]
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Markov decision process

. Sequential decision making over multiple timesteps ..

Key elements

policy π

state space: S
action space: A
cost function c

transition kernel P

<latexit sha1_base64="gfWtDorFPyDsRk9Nxxw5MOahsas=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0l6UI9FLx4r2A9oQ9lsJ+3SzSbsboQS+iO8eFDEq7/Hm//GbZqDtj4YeLw3w8y8IBFcG9f9dkobm1vbO+Xdyt7+weFR9fiko+NUMWyzWMSqF1CNgktsG24E9hKFNAoEdoPp3cLvPqHSPJaPZpagH9Gx5CFn1Fip2xJUSlTDas2tuznIOvEKUoMCrWH1azCKWRqhNExQrfuemxg/o8pwJnBeGaQaE8qmdIx9SyWNUPtZfu6cXFhlRMJY2ZKG5OrviYxGWs+iwHZG1Ez0qrcQ//P6qQlv/IzLJDUo2XJRmApiYrL4nYy4QmbEzBLKFLe3EjahijJjE6rYELzVl9dJp1H3rureQ6PWvC3iKMMZnMMleHANTbiHFrSBwRSe4RXenMR5cd6dj2VrySlmTuEPnM8fWr2PlA==</latexit>

Planner

<latexit sha1_base64="3xMvQ6ewwCJZ9Dui3fC+O9UktZc=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsx0oS6LIrisYB8wHUomzbShmWRIMoUy9DPcuFDErV/jzr8x085CWw8EDufcQ+49YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3OV+d0qVZlI8mVlCgxiPBIsYwcZK/r2YMiVFTIUZVGtu3V0ArROvIDUo0BpUv/pDSdI8SzjW2vfcxAQZVoYRTueVfqppgskEj6hvqcAx1UG2WHmOLqwyRJFU9gmDFurvRIZjrWdxaCdjbMZ61cvF/zw/NdFNkDGRpIYKsvwoSjkyEuX3oyFTlBg+swQTxeyuiIyxwsTYliq2BG/15HXSadS9q7r32Kg1b4s6ynAG53AJHlxDEx6gBW0gIOEZXuHNMc6L8+58LEdLTpE5hT9wPn8Aq2yRgQ==</latexit>

Environment

<latexit sha1_base64="DnZS0lD+CPh7Dqzjn7vxQcYvQiw=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LLaCIJSkB/VY9OKxUvsBbQib7bZdutmE3UmhhP4TLx4U8eo/8ea/cdPmoK0PBh7vzTAzL4gF1+A431ZhY3Nre6e4W9rbPzg8so9P2jpKFGUtGolIdQOimeCStYCDYN1YMRIGgnWCyX3md6ZMaR7JJ5jFzAvJSPIhpwSM5Nt2EwgwXGn6KVy580rJt8tO1VkArxM3J2WUo+HbX/1BRJOQSaCCaN1znRi8lCjgVLB5qZ9oFhM6ISPWM1SSkGkvXVw+xxdGGeBhpExJwAv190RKQq1nYWA6QwJjvepl4n9eL4HhrZdyGSfAJF0uGiYCQ4SzGPCAK0ZBzAwhVHFzK6ZjoggFE1YWgrv68jpp16ruddV9rJXrd3kcRXSGztElctENqqMH1EAtRNEUPaNX9Gal1ov1bn0sWwtWPnOK/sD6/AF0npI8</latexit>

State St+1

<latexit sha1_base64="hPgJLF7kvcEOfO7ilmq41mqS4u8=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0oB6LXjxWsB/QhLLZbtqlm92wuxFC6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTrpapIrRDJJeqH2JNORO0Y5jhtJ8oiuOQ0144vZv7vSeqNJPi0WQJDWI8FixiBBsr+W3JGclQ3U9YfVituQ13AbROvILUoEB7WP3yR5KkMRWGcKz1wHMTE+RYGUY4nVX8VNMEkyke04GlAsdUB/ni5hm6sMoIRVLZEgYt1N8TOY61zuLQdsbYTPSqNxf/8wapiW6CnIkkNVSQ5aIo5chINA8AjZiixPDMEkwUs7ciMsEKE2NjqtgQvNWX10m32fCuGt5Ds9a6LeIowxmcwyV4cA0tuIc2dIBAAs/wCm9O6rw4787HsrXkFDOn8AfO5w8ECZED</latexit>

Policy ⇡

State transition: St+1 follows distribution P(·|St, At)
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Markov decision process

. Sequential decision making over multiple timesteps ..

Key elements

policy π

state space: S
action space: A
cost function c

transition kernel P

<latexit sha1_base64="gfWtDorFPyDsRk9Nxxw5MOahsas=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0l6UI9FLx4r2A9oQ9lsJ+3SzSbsboQS+iO8eFDEq7/Hm//GbZqDtj4YeLw3w8y8IBFcG9f9dkobm1vbO+Xdyt7+weFR9fiko+NUMWyzWMSqF1CNgktsG24E9hKFNAoEdoPp3cLvPqHSPJaPZpagH9Gx5CFn1Fip2xJUSlTDas2tuznIOvEKUoMCrWH1azCKWRqhNExQrfuemxg/o8pwJnBeGaQaE8qmdIx9SyWNUPtZfu6cXFhlRMJY2ZKG5OrviYxGWs+iwHZG1Ez0qrcQ//P6qQlv/IzLJDUo2XJRmApiYrL4nYy4QmbEzBLKFLe3EjahijJjE6rYELzVl9dJp1H3rureQ6PWvC3iKMMZnMMleHANTbiHFrSBwRSe4RXenMR5cd6dj2VrySlmTuEPnM8fWr2PlA==</latexit>

Planner

<latexit sha1_base64="3xMvQ6ewwCJZ9Dui3fC+O9UktZc=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsx0oS6LIrisYB8wHUomzbShmWRIMoUy9DPcuFDErV/jzr8x085CWw8EDufcQ+49YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3OV+d0qVZlI8mVlCgxiPBIsYwcZK/r2YMiVFTIUZVGtu3V0ArROvIDUo0BpUv/pDSdI8SzjW2vfcxAQZVoYRTueVfqppgskEj6hvqcAx1UG2WHmOLqwyRJFU9gmDFurvRIZjrWdxaCdjbMZ61cvF/zw/NdFNkDGRpIYKsvwoSjkyEuX3oyFTlBg+swQTxeyuiIyxwsTYliq2BG/15HXSadS9q7r32Kg1b4s6ynAG53AJHlxDEx6gBW0gIOEZXuHNMc6L8+58LEdLTpE5hT9wPn8Aq2yRgQ==</latexit>

Environment

<latexit sha1_base64="DnZS0lD+CPh7Dqzjn7vxQcYvQiw=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LLaCIJSkB/VY9OKxUvsBbQib7bZdutmE3UmhhP4TLx4U8eo/8ea/cdPmoK0PBh7vzTAzL4gF1+A431ZhY3Nre6e4W9rbPzg8so9P2jpKFGUtGolIdQOimeCStYCDYN1YMRIGgnWCyX3md6ZMaR7JJ5jFzAvJSPIhpwSM5Nt2EwgwXGn6KVy580rJt8tO1VkArxM3J2WUo+HbX/1BRJOQSaCCaN1znRi8lCjgVLB5qZ9oFhM6ISPWM1SSkGkvXVw+xxdGGeBhpExJwAv190RKQq1nYWA6QwJjvepl4n9eL4HhrZdyGSfAJF0uGiYCQ4SzGPCAK0ZBzAwhVHFzK6ZjoggFE1YWgrv68jpp16ruddV9rJXrd3kcRXSGztElctENqqMH1EAtRNEUPaNX9Gal1ov1bn0sWwtWPnOK/sD6/AF0npI8</latexit>

State St+1

<latexit sha1_base64="hPgJLF7kvcEOfO7ilmq41mqS4u8=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0oB6LXjxWsB/QhLLZbtqlm92wuxFC6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTrpapIrRDJJeqH2JNORO0Y5jhtJ8oiuOQ0144vZv7vSeqNJPi0WQJDWI8FixiBBsr+W3JGclQ3U9YfVituQ13AbROvILUoEB7WP3yR5KkMRWGcKz1wHMTE+RYGUY4nVX8VNMEkyke04GlAsdUB/ni5hm6sMoIRVLZEgYt1N8TOY61zuLQdsbYTPSqNxf/8wapiW6CnIkkNVSQ5aIo5chINA8AjZiixPDMEkwUs7ciMsEKE2NjqtgQvNWX10m32fCuGt5Ds9a6LeIowxmcwyV4cA0tuIc2dIBAAs/wCm9O6rw4787HsrXkFDOn8AfO5w8ECZED</latexit>

Policy ⇡

Repeat decision process ..
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Markov decision process

. Sequential decision making over multiple timesteps ..

Key elements

policy π

state space: S
action space: A
cost function c

transition kernel P

<latexit sha1_base64="gfWtDorFPyDsRk9Nxxw5MOahsas=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0l6UI9FLx4r2A9oQ9lsJ+3SzSbsboQS+iO8eFDEq7/Hm//GbZqDtj4YeLw3w8y8IBFcG9f9dkobm1vbO+Xdyt7+weFR9fiko+NUMWyzWMSqF1CNgktsG24E9hKFNAoEdoPp3cLvPqHSPJaPZpagH9Gx5CFn1Fip2xJUSlTDas2tuznIOvEKUoMCrWH1azCKWRqhNExQrfuemxg/o8pwJnBeGaQaE8qmdIx9SyWNUPtZfu6cXFhlRMJY2ZKG5OrviYxGWs+iwHZG1Ez0qrcQ//P6qQlv/IzLJDUo2XJRmApiYrL4nYy4QmbEzBLKFLe3EjahijJjE6rYELzVl9dJp1H3rureQ6PWvC3iKMMZnMMleHANTbiHFrSBwRSe4RXenMR5cd6dj2VrySlmTuEPnM8fWr2PlA==</latexit>

Planner

<latexit sha1_base64="3xMvQ6ewwCJZ9Dui3fC+O9UktZc=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsx0oS6LIrisYB8wHUomzbShmWRIMoUy9DPcuFDErV/jzr8x085CWw8EDufcQ+49YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3OV+d0qVZlI8mVlCgxiPBIsYwcZK/r2YMiVFTIUZVGtu3V0ArROvIDUo0BpUv/pDSdI8SzjW2vfcxAQZVoYRTueVfqppgskEj6hvqcAx1UG2WHmOLqwyRJFU9gmDFurvRIZjrWdxaCdjbMZ61cvF/zw/NdFNkDGRpIYKsvwoSjkyEuX3oyFTlBg+swQTxeyuiIyxwsTYliq2BG/15HXSadS9q7r32Kg1b4s6ynAG53AJHlxDEx6gBW0gIOEZXuHNMc6L8+58LEdLTpE5hT9wPn8Aq2yRgQ==</latexit>

Environment

<latexit sha1_base64="DnZS0lD+CPh7Dqzjn7vxQcYvQiw=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LLaCIJSkB/VY9OKxUvsBbQib7bZdutmE3UmhhP4TLx4U8eo/8ea/cdPmoK0PBh7vzTAzL4gF1+A431ZhY3Nre6e4W9rbPzg8so9P2jpKFGUtGolIdQOimeCStYCDYN1YMRIGgnWCyX3md6ZMaR7JJ5jFzAvJSPIhpwSM5Nt2EwgwXGn6KVy580rJt8tO1VkArxM3J2WUo+HbX/1BRJOQSaCCaN1znRi8lCjgVLB5qZ9oFhM6ISPWM1SSkGkvXVw+xxdGGeBhpExJwAv190RKQq1nYWA6QwJjvepl4n9eL4HhrZdyGSfAJF0uGiYCQ4SzGPCAK0ZBzAwhVHFzK6ZjoggFE1YWgrv68jpp16ruddV9rJXrd3kcRXSGztElctENqqMH1EAtRNEUPaNX9Gal1ov1bn0sWwtWPnOK/sD6/AF0npI8</latexit>

State St+1

<latexit sha1_base64="hPgJLF7kvcEOfO7ilmq41mqS4u8=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0oB6LXjxWsB/QhLLZbtqlm92wuxFC6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTrpapIrRDJJeqH2JNORO0Y5jhtJ8oiuOQ0144vZv7vSeqNJPi0WQJDWI8FixiBBsr+W3JGclQ3U9YfVituQ13AbROvILUoEB7WP3yR5KkMRWGcKz1wHMTE+RYGUY4nVX8VNMEkyke04GlAsdUB/ni5hm6sMoIRVLZEgYt1N8TOY61zuLQdsbYTPSqNxf/8wapiW6CnIkkNVSQ5aIo5chINA8AjZiixPDMEkwUs7ciMsEKE2NjqtgQvNWX10m32fCuGt5Ds9a6LeIowxmcwyV4cA0tuIc2dIBAAs/wCm9O6rw4787HsrXkFDOn8AfO5w8ECZED</latexit>

Policy ⇡

Trajectory:

{(S0, A0, C0), (S1, A1, C1), . . . , (St, At, Ct), . . .}
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Markov decision process

. Sequential decision making over multiple timesteps ..

Key elements

policy π

state space: S
action space: A
cost function c

transition kernel P

<latexit sha1_base64="gfWtDorFPyDsRk9Nxxw5MOahsas=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0l6UI9FLx4r2A9oQ9lsJ+3SzSbsboQS+iO8eFDEq7/Hm//GbZqDtj4YeLw3w8y8IBFcG9f9dkobm1vbO+Xdyt7+weFR9fiko+NUMWyzWMSqF1CNgktsG24E9hKFNAoEdoPp3cLvPqHSPJaPZpagH9Gx5CFn1Fip2xJUSlTDas2tuznIOvEKUoMCrWH1azCKWRqhNExQrfuemxg/o8pwJnBeGaQaE8qmdIx9SyWNUPtZfu6cXFhlRMJY2ZKG5OrviYxGWs+iwHZG1Ez0qrcQ//P6qQlv/IzLJDUo2XJRmApiYrL4nYy4QmbEzBLKFLe3EjahijJjE6rYELzVl9dJp1H3rureQ6PWvC3iKMMZnMMleHANTbiHFrSBwRSe4RXenMR5cd6dj2VrySlmTuEPnM8fWr2PlA==</latexit>

Planner

<latexit sha1_base64="3xMvQ6ewwCJZ9Dui3fC+O9UktZc=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsx0oS6LIrisYB8wHUomzbShmWRIMoUy9DPcuFDErV/jzr8x085CWw8EDufcQ+49YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3OV+d0qVZlI8mVlCgxiPBIsYwcZK/r2YMiVFTIUZVGtu3V0ArROvIDUo0BpUv/pDSdI8SzjW2vfcxAQZVoYRTueVfqppgskEj6hvqcAx1UG2WHmOLqwyRJFU9gmDFurvRIZjrWdxaCdjbMZ61cvF/zw/NdFNkDGRpIYKsvwoSjkyEuX3oyFTlBg+swQTxeyuiIyxwsTYliq2BG/15HXSadS9q7r32Kg1b4s6ynAG53AJHlxDEx6gBW0gIOEZXuHNMc6L8+58LEdLTpE5hT9wPn8Aq2yRgQ==</latexit>

Environment

<latexit sha1_base64="DnZS0lD+CPh7Dqzjn7vxQcYvQiw=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LLaCIJSkB/VY9OKxUvsBbQib7bZdutmE3UmhhP4TLx4U8eo/8ea/cdPmoK0PBh7vzTAzL4gF1+A431ZhY3Nre6e4W9rbPzg8so9P2jpKFGUtGolIdQOimeCStYCDYN1YMRIGgnWCyX3md6ZMaR7JJ5jFzAvJSPIhpwSM5Nt2EwgwXGn6KVy580rJt8tO1VkArxM3J2WUo+HbX/1BRJOQSaCCaN1znRi8lCjgVLB5qZ9oFhM6ISPWM1SSkGkvXVw+xxdGGeBhpExJwAv190RKQq1nYWA6QwJjvepl4n9eL4HhrZdyGSfAJF0uGiYCQ4SzGPCAK0ZBzAwhVHFzK6ZjoggFE1YWgrv68jpp16ruddV9rJXrd3kcRXSGztElctENqqMH1EAtRNEUPaNX9Gal1ov1bn0sWwtWPnOK/sD6/AF0npI8</latexit>

State St+1

<latexit sha1_base64="hPgJLF7kvcEOfO7ilmq41mqS4u8=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0oB6LXjxWsB/QhLLZbtqlm92wuxFC6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTrpapIrRDJJeqH2JNORO0Y5jhtJ8oiuOQ0144vZv7vSeqNJPi0WQJDWI8FixiBBsr+W3JGclQ3U9YfVituQ13AbROvILUoEB7WP3yR5KkMRWGcKz1wHMTE+RYGUY4nVX8VNMEkyke04GlAsdUB/ni5hm6sMoIRVLZEgYt1N8TOY61zuLQdsbYTPSqNxf/8wapiW6CnIkkNVSQ5aIo5chINA8AjZiixPDMEkwUs7ciMsEKE2NjqtgQvNWX10m32fCuGt5Ds9a6LeIowxmcwyV4cA0tuIc2dIBAAs/wCm9O6rw4787HsrXkFDOn8AfO5w8ECZED</latexit>

Policy ⇡

Performance (value function):

V π(s) = Eπ
[∑∞

t=0 γtCt︸︷︷︸
discounting future

|S0 = s
]
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Markov decision process

. Sequential decision making over multiple timesteps ..

Key elements

policy π

state space: S
action space: A
cost function c

transition kernel P

<latexit sha1_base64="gfWtDorFPyDsRk9Nxxw5MOahsas=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0l6UI9FLx4r2A9oQ9lsJ+3SzSbsboQS+iO8eFDEq7/Hm//GbZqDtj4YeLw3w8y8IBFcG9f9dkobm1vbO+Xdyt7+weFR9fiko+NUMWyzWMSqF1CNgktsG24E9hKFNAoEdoPp3cLvPqHSPJaPZpagH9Gx5CFn1Fip2xJUSlTDas2tuznIOvEKUoMCrWH1azCKWRqhNExQrfuemxg/o8pwJnBeGaQaE8qmdIx9SyWNUPtZfu6cXFhlRMJY2ZKG5OrviYxGWs+iwHZG1Ez0qrcQ//P6qQlv/IzLJDUo2XJRmApiYrL4nYy4QmbEzBLKFLe3EjahijJjE6rYELzVl9dJp1H3rureQ6PWvC3iKMMZnMMleHANTbiHFrSBwRSe4RXenMR5cd6dj2VrySlmTuEPnM8fWr2PlA==</latexit>

Planner

<latexit sha1_base64="3xMvQ6ewwCJZ9Dui3fC+O9UktZc=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsx0oS6LIrisYB8wHUomzbShmWRIMoUy9DPcuFDErV/jzr8x085CWw8EDufcQ+49YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3OV+d0qVZlI8mVlCgxiPBIsYwcZK/r2YMiVFTIUZVGtu3V0ArROvIDUo0BpUv/pDSdI8SzjW2vfcxAQZVoYRTueVfqppgskEj6hvqcAx1UG2WHmOLqwyRJFU9gmDFurvRIZjrWdxaCdjbMZ61cvF/zw/NdFNkDGRpIYKsvwoSjkyEuX3oyFTlBg+swQTxeyuiIyxwsTYliq2BG/15HXSadS9q7r32Kg1b4s6ynAG53AJHlxDEx6gBW0gIOEZXuHNMc6L8+58LEdLTpE5hT9wPn8Aq2yRgQ==</latexit>

Environment

<latexit sha1_base64="DnZS0lD+CPh7Dqzjn7vxQcYvQiw=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LLaCIJSkB/VY9OKxUvsBbQib7bZdutmE3UmhhP4TLx4U8eo/8ea/cdPmoK0PBh7vzTAzL4gF1+A431ZhY3Nre6e4W9rbPzg8so9P2jpKFGUtGolIdQOimeCStYCDYN1YMRIGgnWCyX3md6ZMaR7JJ5jFzAvJSPIhpwSM5Nt2EwgwXGn6KVy580rJt8tO1VkArxM3J2WUo+HbX/1BRJOQSaCCaN1znRi8lCjgVLB5qZ9oFhM6ISPWM1SSkGkvXVw+xxdGGeBhpExJwAv190RKQq1nYWA6QwJjvepl4n9eL4HhrZdyGSfAJF0uGiYCQ4SzGPCAK0ZBzAwhVHFzK6ZjoggFE1YWgrv68jpp16ruddV9rJXrd3kcRXSGztElctENqqMH1EAtRNEUPaNX9Gal1ov1bn0sWwtWPnOK/sD6/AF0npI8</latexit>

State St+1

<latexit sha1_base64="hPgJLF7kvcEOfO7ilmq41mqS4u8=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0oB6LXjxWsB/QhLLZbtqlm92wuxFC6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTrpapIrRDJJeqH2JNORO0Y5jhtJ8oiuOQ0144vZv7vSeqNJPi0WQJDWI8FixiBBsr+W3JGclQ3U9YfVituQ13AbROvILUoEB7WP3yR5KkMRWGcKz1wHMTE+RYGUY4nVX8VNMEkyke04GlAsdUB/ni5hm6sMoIRVLZEgYt1N8TOY61zuLQdsbYTPSqNxf/8wapiW6CnIkkNVSQ5aIo5chINA8AjZiixPDMEkwUs7ciMsEKE2NjqtgQvNWX10m32fCuGt5Ds9a6LeIowxmcwyV4cA0tuIc2dIBAAs/wCm9O6rw4787HsrXkFDOn8AfO5w8ECZED</latexit>

Policy ⇡

Planning: finding the optimal policy

min
π
V π(s) ∀s ∈ S
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Markov decision process

. Sequential decision making over multiple timesteps ..

Key elements

policy π

state space: S
action space: A
cost function c

transition kernel P

<latexit sha1_base64="gfWtDorFPyDsRk9Nxxw5MOahsas=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0l6UI9FLx4r2A9oQ9lsJ+3SzSbsboQS+iO8eFDEq7/Hm//GbZqDtj4YeLw3w8y8IBFcG9f9dkobm1vbO+Xdyt7+weFR9fiko+NUMWyzWMSqF1CNgktsG24E9hKFNAoEdoPp3cLvPqHSPJaPZpagH9Gx5CFn1Fip2xJUSlTDas2tuznIOvEKUoMCrWH1azCKWRqhNExQrfuemxg/o8pwJnBeGaQaE8qmdIx9SyWNUPtZfu6cXFhlRMJY2ZKG5OrviYxGWs+iwHZG1Ez0qrcQ//P6qQlv/IzLJDUo2XJRmApiYrL4nYy4QmbEzBLKFLe3EjahijJjE6rYELzVl9dJp1H3rureQ6PWvC3iKMMZnMMleHANTbiHFrSBwRSe4RXenMR5cd6dj2VrySlmTuEPnM8fWr2PlA==</latexit>

Planner

<latexit sha1_base64="3xMvQ6ewwCJZ9Dui3fC+O9UktZc=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsx0oS6LIrisYB8wHUomzbShmWRIMoUy9DPcuFDErV/jzr8x085CWw8EDufcQ+49YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3OV+d0qVZlI8mVlCgxiPBIsYwcZK/r2YMiVFTIUZVGtu3V0ArROvIDUo0BpUv/pDSdI8SzjW2vfcxAQZVoYRTueVfqppgskEj6hvqcAx1UG2WHmOLqwyRJFU9gmDFurvRIZjrWdxaCdjbMZ61cvF/zw/NdFNkDGRpIYKsvwoSjkyEuX3oyFTlBg+swQTxeyuiIyxwsTYliq2BG/15HXSadS9q7r32Kg1b4s6ynAG53AJHlxDEx6gBW0gIOEZXuHNMc6L8+58LEdLTpE5hT9wPn8Aq2yRgQ==</latexit>

Environment

<latexit sha1_base64="DnZS0lD+CPh7Dqzjn7vxQcYvQiw=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LLaCIJSkB/VY9OKxUvsBbQib7bZdutmE3UmhhP4TLx4U8eo/8ea/cdPmoK0PBh7vzTAzL4gF1+A431ZhY3Nre6e4W9rbPzg8so9P2jpKFGUtGolIdQOimeCStYCDYN1YMRIGgnWCyX3md6ZMaR7JJ5jFzAvJSPIhpwSM5Nt2EwgwXGn6KVy580rJt8tO1VkArxM3J2WUo+HbX/1BRJOQSaCCaN1znRi8lCjgVLB5qZ9oFhM6ISPWM1SSkGkvXVw+xxdGGeBhpExJwAv190RKQq1nYWA6QwJjvepl4n9eL4HhrZdyGSfAJF0uGiYCQ4SzGPCAK0ZBzAwhVHFzK6ZjoggFE1YWgrv68jpp16ruddV9rJXrd3kcRXSGztElctENqqMH1EAtRNEUPaNX9Gal1ov1bn0sWwtWPnOK/sD6/AF0npI8</latexit>

State St+1

<latexit sha1_base64="hPgJLF7kvcEOfO7ilmq41mqS4u8=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0oB6LXjxWsB/QhLLZbtqlm92wuxFC6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTrpapIrRDJJeqH2JNORO0Y5jhtJ8oiuOQ0144vZv7vSeqNJPi0WQJDWI8FixiBBsr+W3JGclQ3U9YfVituQ13AbROvILUoEB7WP3yR5KkMRWGcKz1wHMTE+RYGUY4nVX8VNMEkyke04GlAsdUB/ni5hm6sMoIRVLZEgYt1N8TOY61zuLQdsbYTPSqNxf/8wapiW6CnIkkNVSQ5aIo5chINA8AjZiixPDMEkwUs7ciMsEKE2NjqtgQvNWX10m32fCuGt5Ds9a6LeIowxmcwyV4cA0tuIc2dIBAAs/wCm9O6rw4787HsrXkFDOn8AfO5w8ECZED</latexit>

Policy ⇡

Planning: finding the optimal policy

min
π
fν(π) =

∑
s∈S ν(s)V

π(s)
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Markov decision process

. Sequential decision making over multiple timesteps ..

Key elements

policy π

state space: S
action space: A
cost function c

transition kernel P

<latexit sha1_base64="gfWtDorFPyDsRk9Nxxw5MOahsas=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0l6UI9FLx4r2A9oQ9lsJ+3SzSbsboQS+iO8eFDEq7/Hm//GbZqDtj4YeLw3w8y8IBFcG9f9dkobm1vbO+Xdyt7+weFR9fiko+NUMWyzWMSqF1CNgktsG24E9hKFNAoEdoPp3cLvPqHSPJaPZpagH9Gx5CFn1Fip2xJUSlTDas2tuznIOvEKUoMCrWH1azCKWRqhNExQrfuemxg/o8pwJnBeGaQaE8qmdIx9SyWNUPtZfu6cXFhlRMJY2ZKG5OrviYxGWs+iwHZG1Ez0qrcQ//P6qQlv/IzLJDUo2XJRmApiYrL4nYy4QmbEzBLKFLe3EjahijJjE6rYELzVl9dJp1H3rureQ6PWvC3iKMMZnMMleHANTbiHFrSBwRSe4RXenMR5cd6dj2VrySlmTuEPnM8fWr2PlA==</latexit>

Planner

<latexit sha1_base64="3xMvQ6ewwCJZ9Dui3fC+O9UktZc=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsx0oS6LIrisYB8wHUomzbShmWRIMoUy9DPcuFDErV/jzr8x085CWw8EDufcQ+49YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3OV+d0qVZlI8mVlCgxiPBIsYwcZK/r2YMiVFTIUZVGtu3V0ArROvIDUo0BpUv/pDSdI8SzjW2vfcxAQZVoYRTueVfqppgskEj6hvqcAx1UG2WHmOLqwyRJFU9gmDFurvRIZjrWdxaCdjbMZ61cvF/zw/NdFNkDGRpIYKsvwoSjkyEuX3oyFTlBg+swQTxeyuiIyxwsTYliq2BG/15HXSadS9q7r32Kg1b4s6ynAG53AJHlxDEx6gBW0gIOEZXuHNMc6L8+58LEdLTpE5hT9wPn8Aq2yRgQ==</latexit>

Environment

<latexit sha1_base64="DnZS0lD+CPh7Dqzjn7vxQcYvQiw=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LLaCIJSkB/VY9OKxUvsBbQib7bZdutmE3UmhhP4TLx4U8eo/8ea/cdPmoK0PBh7vzTAzL4gF1+A431ZhY3Nre6e4W9rbPzg8so9P2jpKFGUtGolIdQOimeCStYCDYN1YMRIGgnWCyX3md6ZMaR7JJ5jFzAvJSPIhpwSM5Nt2EwgwXGn6KVy580rJt8tO1VkArxM3J2WUo+HbX/1BRJOQSaCCaN1znRi8lCjgVLB5qZ9oFhM6ISPWM1SSkGkvXVw+xxdGGeBhpExJwAv190RKQq1nYWA6QwJjvepl4n9eL4HhrZdyGSfAJF0uGiYCQ4SzGPCAK0ZBzAwhVHFzK6ZjoggFE1YWgrv68jpp16ruddV9rJXrd3kcRXSGztElctENqqMH1EAtRNEUPaNX9Gal1ov1bn0sWwtWPnOK/sD6/AF0npI8</latexit>

State St+1

<latexit sha1_base64="hPgJLF7kvcEOfO7ilmq41mqS4u8=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LLaCp5L0oB6LXjxWsB/QhLLZbtqlm92wuxFC6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTrpapIrRDJJeqH2JNORO0Y5jhtJ8oiuOQ0144vZv7vSeqNJPi0WQJDWI8FixiBBsr+W3JGclQ3U9YfVituQ13AbROvILUoEB7WP3yR5KkMRWGcKz1wHMTE+RYGUY4nVX8VNMEkyke04GlAsdUB/ni5hm6sMoIRVLZEgYt1N8TOY61zuLQdsbYTPSqNxf/8wapiW6CnIkkNVSQ5aIo5chINA8AjZiixPDMEkwUs7ciMsEKE2NjqtgQvNWX10m32fCuGt5Ds9a6LeIowxmcwyV4cA0tuIc2dIBAAs/wCm9O6rw4787HsrXkFDOn8AfO5w8ECZED</latexit>

Policy ⇡

Planning: finding the optimal policy

min
π
fν(π) =

∑
s∈S ν(s)V

π(s) ⇒ Non-convex!
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Policy Evaluation and Improvement

First-order policy optimization:
1 Eval(πk)→ Qπk

2 Construct gradient information Gk
3 Update(πk, Gk)→ πk+1

4 Repeat ..
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Policy Evaluation and Improvement

Q-function:

Qπ(s, a) = Eπ
[∑∞

t=0 γ
tc(St, At)

∣∣S0 = s,A0 = a
]

Bellman’s equation: Qπ solves a linear system involving the transition P
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Policy Evaluation and Improvement

? Challenge: P is unknown!
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Policy Evaluation and Improvement

? Current status of policy gradients:

An ε-optimal policy can be attained using O(1/ε2) samples, IF ...
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

“The BIG IF”

Tension between evaluation and optimization
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Classical Policy Evaluation

Q-function:

Qπ(s, a) = Eπ
[∑∞

t=0 γ
tc(St, At)

∣∣S0 = s,A0 = a
]

Q-function:

Qπ(s, a) = Eπ
[∑∞

t=0 γ
tc(St, At)

∣∣S0 = s,A0 = a
]

C-Eval(πk) with unknown P:

1 Deploy πk, generate trajectory:

ξ = {(S0, A0, C0), (S1, A1, C1), . . . , (St, At, Ct), . . .}

2 Apply learning procedure that makes clever use of the trajectories

On-policy Monte-Carlo
On-policy temporal-difference (TD)
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Classical Policy Evaluation

Fundamental assumption:

πk(a|s) > 0, ∀s ∈ S,∀a ∈ A

Recall trajectory:

ξ = {(S0, A0, C0), (S1, A1, C1), . . . , (St, At, Ct), . . .}
where At ∼ πk(·|St)

? Observation: action with zero probability never gets explored

If πk(a|s) = 0 ⇒ Qπk (s, a) not learnable

Perhaps not a big deal? Lets make some hopefully benign assumptions:

σ := inf
k≥0

inf
s∈S,a∈A

πk(a|s)︸ ︷︷ ︸
σk

> 0

Suppose {St} visits every state (ergodic) and

σ > 0 ⇒ Great, we are done! (most prior works)
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Classical Policy Evaluation

Perhaps not a big deal? Lets make some hopefully benign assumptions:

“A BIG IF” σ := inf
k≥0

inf
s∈S,a∈A

πk(a|s)︸ ︷︷ ︸
σk

> 0

Unfortunately – not benign at all

Purpose of planning: structure of optimal policies

A∗(s) := Argmin
a∈A

Q∗(s, a)⇒ π∗(a|s) = 0 if a /∈ A∗(s)

Tension between policy optimization and evaluation:

If πk ≈ π∗ ⇒ σk ≈ 0︸ ︷︷ ︸
πk becomes deterministic

⇒ C-Eval(πk) fails ⇒ bad πk+1
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Preview of our development

Theorem (Li and Lan, ’23 – Informal)

An ε-optimal policy can be attained by policy gradient methods using O(1/ε2)
samples,���IF ...

Some key ingredients:

1 A 2-year-old dog for policy improvement: stochastic policy mirror descent
(Lan, ’21)

2 A few new tricks: novel evaluation procedures

3 Analysis:

Prior development – optimization and evaluation are independent
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Preview of our development

Theorem (Li and Lan, ’23 – Informal)

An ε-optimal policy can be attained by policy gradient methods using O(1/ε2)
samples,���IF ...

Some key ingredients:

1 A 2-year-old: stochastic policy mirror descent (Lan, ’21)

2 New tricks: novel evaluation procedures

3 Analysis:

Our perspective – jointly consider optimization and evaluation
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Stochastic Policy Mirror Descent
∗ suppose everything is still ok

Yan Li — Policy Mirror Descent Inherently Explores Action Space 11/20



Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Policy Improvement

Algorithm SPMD update: πk → πk+1

Input: Estimated Q̂πk from Eval(πk)

Update: For every state s ∈ S:

πk+1 = argminp∈∆A
ηk〈Q̂πk (s, ·), p〉+Dpπk

(s)

ηk – stepsize

Dpπk
(s) – Bregman divergence

1 Projected gradient: Dpπk
(s) = ‖p− πk(·|s)‖22

2 Natural policy gradient: Dpπk
(s) = KL(p‖πk(·|s)):

πk+1(a|s) ∝ πk(a|s) exp
(
−ηkQ̂πk (s, a)

)
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

SPMD with Classical Evaluation

Theorem (Lan, ’21 – Informal)

1 Choose a trajectory of length O(log(1/ε)) at each iteration

2 Apply TD-type evaluation method (CTD, Kotsalis et al., ’20)

3 Set proper stepsize

Then SPMD returns an ε-optimal policy in O(1/ε2) iterations

Requires the “BIG IF”: σ > 0
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

SPMD with New Evaluation Operators
∗ facing the reality
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

New Evaluation Procedures

Some prior development:

Explicit exploration: force policy to explore every action

mix with uniform distribution (a.k.a. ε-exploration): O(1/ε6) (Khodadadian
et al., ’21)
policy perturbation within evaluation (Li et al., ’22): O(1/ε2)

No exploration:

weighted policy evaluation (Hu et al., ’22): O(1/ε16)

What can be improved?

Explicit exploration: force policy to explore every action

can be efficient
need to modify the policy within evaluation
repeatedly taking high-risk actions

No exploration:

simple, but inefficient

Can we be efficient, and avoid pitfalls above?
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

New Evaluation Procedures

Algorithm Truncated Monte-Carlo: πk → Q̂πk

Generate a trajectory of length n

{(S0, A0, C0), (S1, A1, C1), . . . , (Sn−1, An−1, Cn−1)}

for every state-action pair (s, a) do

t(s, a) =

{
first timestep hitting (s, a) before n

n, otherwise

Q̂πk (s, a) =
∑n−1
t=t(s,a) γ

tCt

if πk(a|s) ≤ τ :

Q̂πk (s, a) = 1
1−γ [Truncation step]

end for

Yan Li — Policy Mirror Descent Inherently Explores Action Space 16/20
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SPMD with TOMC

Theorem (Li and Lan, ’23 – Informal)

1 Choose n = O(log(1/ε)) at each iteration

2 Apply TOMC for evaluation with proper τ > 0

3 Set proper stepsize

Then SPMD returns an ε-optimal policy in O(M/ε2) iterations.

Some remarks:

1 M depend on the divergence Dpπk
(s) in SPMD

KL divergence: exponential on 1
1−γ (effective horizon)

Tsallis divergence: polynomial

2 No changes to the policy, no explicit exploration

3 Has certain “memory”

πk(a|s) ≤ τ ⇒ πk+1(a|s) < πk(a|s) ≤ τ
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

How does SPMD + TOMC work – conceptually?

Let us revisit the tension

If πk ≈ π∗ ⇒ σk ≈ 0︸ ︷︷ ︸
πk becomes deterministic

⇒ C-Eval(πk) fails ⇒ bad πk+1

Wait ..

If πk ≈ π∗ ⇒ We should use this!︸ ︷︷ ︸
TOMC handles this

⇒ πk+1 ≈ π∗

Technical challenge

Difficult to detect πk ≈ π∗ (we do not know π∗)

Yan Li — Policy Mirror Descent Inherently Explores Action Space 18/20
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

How does SPMD + TOMC work – technically?

Imagine an oracle O
At every iteration:

πk(a|s) < τ
O−→ a 6∈ A∗(s) (i.e., a is non-optimal)

Some observations

O does not exist (even) for policy iteration (with exact Qπk )

O exists for �SPMD (with exact Qπk )

If O exists for SPMD, we consider two cases

1 If πk(a|s) ≤ τ , then a /∈ A∗(s), SPMD + TOMC makes sure

πk+1(a|s) < πk(a|s)
2 If πk(a|s) > τ , then a is explored by πk, and

Qπk (s, a) can be learned well

3 Power of O:

“We can learn every action that still matters”
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Tension between evaluation and optimization SPMD – suppose everything is still ok SPMD - facing the reality

Putting our Thoughts Together

Constructing the oracle O
O should be robust in the presence of noise

O should be (approximately) correct at every iteration

1 If using inductive argument, O(1/ε4) samples
2 A more refined probabilistic argument, O(1/ε2) samples

Construction O requires interaction of optimization and evaluation

1 Recall PI does not have such an O

More details in the paper

? An alternative evaluation procedure

Presentation based on Preprint

Li, Y., & Lan, G. (2023). Policy Mirror Descent Inherently Explores Action

Space. arXiv preprint arXiv:2303.04386.
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