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Reinforcement learning (RL) and its challenges

In RL, an agent learns by interacting with an environment.

Challenges:

• explore or exploit: unknown or changing environments

• credit assignment problem: delayed rewards or feedback

• enormous state and action space
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Offline/Batch RL motivation: sample efficiency

• Having stored tons of history data

• Collecting new data might be expensive or time-consuming

medical records data of self-driving clicking times of ads

Can we design sample-efficient algorithms based on only
history data?
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Offline/Batch RL: no interaction with environments

Given a history dataset Dµ of K episodes, each consisting of H
steps:
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<latexit sha1_base64="ovGvdbL3Wnip6RU/DQrCspCft58=">AAACAHicbVDLSgMxFM3UV62vURcu3ASL4KrMVMFuCgU3XVawtdAZh0yaaUOTzJBkhDLMxl9x40IRt36GO//GtJ2Fth643MM595LcEyaMKu0431ZpbX1jc6u8XdnZ3ds/sA+PeipOJSZdHLNY9kOkCKOCdDXVjPQTSRAPGbkPJzcz//6RSEVjcaenCfE5GgkaUYy0kQL7xOMpbEIvMz0Ye3mQjZtu/tAO7KpTc+aAq8QtSBUU6AT2lzeMccqJ0JghpQauk2g/Q1JTzEhe8VJFEoQnaEQGhgrEifKz+QE5PDfKEEaxNCU0nKu/NzLElZry0ExypMdq2ZuJ/3mDVEcNP6MiSTURePFQlDKoYzhLAw6pJFizqSEIS2r+CvEYSYS1yaxiQnCXT14lvXrNvazVb6+qrUYRRxmcgjNwAVxwDVqgDTqgCzDIwTN4BW/Wk/VivVsfi9GSVewcgz+wPn8AtKiVzg==</latexit>
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<latexit sha1_base64="Fm9coaH0SbZv+u3j1evYFWozKg4=">AAAB9XicbVDLSgMxFM3UV62vqks3wSK4KjNVsMuCG5cV7APaWjLpnTY0kxmSO2oZ+h9uXCji1n9x59+YtrPQ1gOBwzn3cnOOH0th0HW/ndza+sbmVn67sLO7t39QPDxqmijRHBo8kpFu+8yAFAoaKFBCO9bAQl9Cyx9fz/zWA2gjInWHkxh6IRsqEQjO0Er3XYQnTIUSKJic9oslt+zOQVeJl5ESyVDvF7+6g4gnISjkkhnT8dwYeynTKLiEaaGbGIgZH7MhdCxVLATTS+e/ntIzqwxoEGn7FNK5+nsjZaExk9C3kyHDkVn2ZuJ/XifBoNqzoeIEQfHFoSCRFCM6q4AOhAaOcmIJ49pG55SPmGYcbVEFW4K3HHmVNCtl76Jcub0s1apZHXlyQk7JOfHIFamRG1InDcKJJs/klbw5j86L8+58LEZzTrZzTP7A+fwBUs6TAw==</latexit>
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history dataset
<latexit sha1_base64="adhz/v7wCPHUkd/bGwuXoYOM+sU=">AAAB+HicbVC7TsMwFHXKq5RHA4wsFhUSU5WUAcYKFsYi0YfURpXjOK1Vx47sG6QS9UtYGECIlU9h429w2wzQciRLR+fc63vvCVPBDXjet1Pa2Nza3invVvb2Dw6r7tFxx6hMU9amSijdC4lhgkvWBg6C9VLNSBIK1g0nt3O/+8i04Uo+wDRlQUJGksecErDS0K2O7QylpzgiYL+BoVvz6t4CeJ34BamhAq2h+zWIFM0SJoEKYkzf91IIcqKBU8FmlUFmWErohIxY31JJEmaCfLH4DJ9bJcKx0vZJwAv1d0dOEmOmSWgrEwJjs+rNxf+8fgbxdZBzmWbAJF0OijOBQeF5CjjimlEQ9mxOqOZ2V0zHRBMKNquKDcFfPXmddBp1/7LeuG/UmjdFHGV0is7QBfLRFWqiO9RCbURRhp7RK3pznpwX5935WJaWnKLnBP2B8/kDFd6TWw==</latexit>
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Offline RL: find an ε-optimal policy

Performance metric: Given initial state distribution ρ and any
accuracy level ε. An ε-optimal policy π̂ = {π̂h}Hh=1 obeys

V ?
1 (ρ)− V π̂

1 (ρ) ≤ ε

Goal: find an ε-optimal policy using only history
dataset

— in a sample-efficient manner
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Challenges of offline RL: partial coverage

environment

Assumption on Dµ: finite single-policy concentrability
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Challenges of offline RL: partial coverage

environment

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

samples cover all
<latexit sha1_base64="83FjXK+sN+d45aO1uvDPTDvViLM=">AAACAnicbVC7SgNBFJ31GeNr1UpsBoNgFXajYMqAjWUE84BkCbOTu8mQ2Qczd8WwBBt/xcZCEVu/ws6/cZJsoYkHBg7nnMude/xECo2O822trK6tb2wWtorbO7t7+/bBYVPHqeLQ4LGMVdtnGqSIoIECJbQTBSz0JbT80fXUb92D0iKO7nCcgBeyQSQCwRkaqWcfdxEeMNMsTCRoymMTpkzKCe3ZJafszECXiZuTEslR79lf3X7M0xAi5JJp3XGdBL2MKRRcwqTYTTUkjI/YADqGRiwE7WWzEyb0zCh9GsTKvAjpTP09kbFQ63Hom2TIcKgXvan4n9dJMah6mYiSFCHi80VBKinGdNoH7QsFHOXYEMaVMH+lfMgU42haK5oS3MWTl0mzUnYvypXby1KtmtdRICfklJwTl1yRGrkhddIgnDySZ/JK3qwn68V6tz7m0RUrnzkif2B9/gBrZZdl</latexit>

(s, a)/all policy
<latexit sha1_base64="8xnKp3OLnRf+D/GRkL1AHCTT0t4=">AAACAHicbVDLSsNAFJ3UV62vqAsXbgaLUEFqUgW7LLhxWcE+oA1lMp20QycPZm7EELLxV9y4UMStn+HOv3HaZqGtBy4czrmXe+9xI8EVWNa3UVhZXVvfKG6WtrZ3dvfM/YO2CmNJWYuGIpRdlygmeMBawEGwbiQZ8V3BOu7kZup3HphUPAzuIYmY45NRwD1OCWhpYB5V1Dk5u+gDe4SUCIGjUHCaZAOzbFWtGfAysXNSRjmaA/OrPwxp7LMAqCBK9WwrAiclEjgVLCv1Y8UiQidkxHqaBsRnyklnD2T4VCtD7IVSVwB4pv6eSImvVOK7utMnMFaL3lT8z+vF4NWdlAdRDCyg80VeLDCEeJoGHnLJKIhEE0Il17diOiaSUNCZlXQI9uLLy6Rdq9qX1drdVblRz+MoomN0girIRteogW5RE7UQRRl6Rq/ozXgyXox342PeWjDymUP0B8bnDw/wlg0=</latexit>

Online/Vanilla Offline: Uniform coverage

Assumption on Dµ: finite single-policy concentrability
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Challenges of offline RL: partial coverage

Online/Vanilla Offline: Uniform coverage Offline RL with partial coverage

environment

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

samples cover all
<latexit sha1_base64="83FjXK+sN+d45aO1uvDPTDvViLM=">AAACAnicbVC7SgNBFJ31GeNr1UpsBoNgFXajYMqAjWUE84BkCbOTu8mQ2Qczd8WwBBt/xcZCEVu/ws6/cZJsoYkHBg7nnMude/xECo2O822trK6tb2wWtorbO7t7+/bBYVPHqeLQ4LGMVdtnGqSIoIECJbQTBSz0JbT80fXUb92D0iKO7nCcgBeyQSQCwRkaqWcfdxEeMNMsTCRoymMTpkzKCe3ZJafszECXiZuTEslR79lf3X7M0xAi5JJp3XGdBL2MKRRcwqTYTTUkjI/YADqGRiwE7WWzEyb0zCh9GsTKvAjpTP09kbFQ63Hom2TIcKgXvan4n9dJMah6mYiSFCHi80VBKinGdNoH7QsFHOXYEMaVMH+lfMgU42haK5oS3MWTl0mzUnYvypXby1KtmtdRICfklJwTl1yRGrkhddIgnDySZ/JK3qwn68V6tz7m0RUrnzkif2B9/gBrZZdl</latexit>

(s, a)/all policy
<latexit sha1_base64="8xnKp3OLnRf+D/GRkL1AHCTT0t4=">AAACAHicbVDLSsNAFJ3UV62vqAsXbgaLUEFqUgW7LLhxWcE+oA1lMp20QycPZm7EELLxV9y4UMStn+HOv3HaZqGtBy4czrmXe+9xI8EVWNa3UVhZXVvfKG6WtrZ3dvfM/YO2CmNJWYuGIpRdlygmeMBawEGwbiQZ8V3BOu7kZup3HphUPAzuIYmY45NRwD1OCWhpYB5V1Dk5u+gDe4SUCIGjUHCaZAOzbFWtGfAysXNSRjmaA/OrPwxp7LMAqCBK9WwrAiclEjgVLCv1Y8UiQidkxHqaBsRnyklnD2T4VCtD7IVSVwB4pv6eSImvVOK7utMnMFaL3lT8z+vF4NWdlAdRDCyg80VeLDCEeJoGHnLJKIhEE0Il17diOiaSUNCZlXQI9uLLy6Rdq9qX1drdVblRz+MoomN0girIRteogW5RE7UQRRl6Rq/ozXgyXox342PeWjDymUP0B8bnDw/wlg0=</latexit>

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

Dµ
<latexit sha1_base64="FDRsi2+CE3XdV7YSjnYPe6yeDE8=">AAAB+HicbVDLSgMxFM3UV62PVl26CRbBVZmpgl0WdOGygn1AZxgyaaYNTTJDHkId+iVuXCji1k9x59+YaWehrQcCh3Pu5Z6cKGVUadf9dkobm1vbO+Xdyt7+wWG1dnTcU4mRmHRxwhI5iJAijArS1VQzMkglQTxipB9Nb3K//0ikool40LOUBByNBY0pRtpKYa3qc6QnGLHsdh763IS1uttwF4DrxCtIHRTohLUvf5Rgw4nQmCGlhp6b6iBDUlPMyLziG0VShKdoTIaWCsSJCrJF8Dk8t8oIxom0T2i4UH9vZIgrNeORncxjqlUvF//zhkbHrSCjIjWaCLw8FBsGdQLzFuCISoI1m1mCsKQ2K8QTJBHWtquKLcFb/fI66TUb3mWjeX9Vb7eKOsrgFJyBC+CBa9AGd6ADugADA57BK3hznpwX5935WI6WnGLnBPyB8/kDBQSTSg==</latexit>

history dataset
<latexit sha1_base64="adhz/v7wCPHUkd/bGwuXoYOM+sU=">AAAB+HicbVC7TsMwFHXKq5RHA4wsFhUSU5WUAcYKFsYi0YfURpXjOK1Vx47sG6QS9UtYGECIlU9h429w2wzQciRLR+fc63vvCVPBDXjet1Pa2Nza3invVvb2Dw6r7tFxx6hMU9amSijdC4lhgkvWBg6C9VLNSBIK1g0nt3O/+8i04Uo+wDRlQUJGksecErDS0K2O7QylpzgiYL+BoVvz6t4CeJ34BamhAq2h+zWIFM0SJoEKYkzf91IIcqKBU8FmlUFmWErohIxY31JJEmaCfLH4DJ9bJcKx0vZJwAv1d0dOEmOmSWgrEwJjs+rNxf+8fgbxdZBzmWbAJF0OijOBQeF5CjjimlEQ9mxOqOZ2V0zHRBMKNquKDcFfPXmddBp1/7LeuG/UmjdFHGV0is7QBfLRFWqiO9RCbURRhp7RK3pznpwX5935WJaWnKLnBP2B8/kDFd6TWw==</latexit>

environment

Assumption on Dµ: finite single-policy concentrability
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Challenges of offline RL: partial coverage

Offline RL with partial coverage

environment

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

samples cover all
<latexit sha1_base64="83FjXK+sN+d45aO1uvDPTDvViLM=">AAACAnicbVC7SgNBFJ31GeNr1UpsBoNgFXajYMqAjWUE84BkCbOTu8mQ2Qczd8WwBBt/xcZCEVu/ws6/cZJsoYkHBg7nnMude/xECo2O822trK6tb2wWtorbO7t7+/bBYVPHqeLQ4LGMVdtnGqSIoIECJbQTBSz0JbT80fXUb92D0iKO7nCcgBeyQSQCwRkaqWcfdxEeMNMsTCRoymMTpkzKCe3ZJafszECXiZuTEslR79lf3X7M0xAi5JJp3XGdBL2MKRRcwqTYTTUkjI/YADqGRiwE7WWzEyb0zCh9GsTKvAjpTP09kbFQ63Hom2TIcKgXvan4n9dJMah6mYiSFCHi80VBKinGdNoH7QsFHOXYEMaVMH+lfMgU42haK5oS3MWTl0mzUnYvypXby1KtmtdRICfklJwTl1yRGrkhddIgnDySZ/JK3qwn68V6tz7m0RUrnzkif2B9/gBrZZdl</latexit>

(s, a)/all policy
<latexit sha1_base64="8xnKp3OLnRf+D/GRkL1AHCTT0t4=">AAACAHicbVDLSsNAFJ3UV62vqAsXbgaLUEFqUgW7LLhxWcE+oA1lMp20QycPZm7EELLxV9y4UMStn+HOv3HaZqGtBy4czrmXe+9xI8EVWNa3UVhZXVvfKG6WtrZ3dvfM/YO2CmNJWYuGIpRdlygmeMBawEGwbiQZ8V3BOu7kZup3HphUPAzuIYmY45NRwD1OCWhpYB5V1Dk5u+gDe4SUCIGjUHCaZAOzbFWtGfAysXNSRjmaA/OrPwxp7LMAqCBK9WwrAiclEjgVLCv1Y8UiQidkxHqaBsRnyklnD2T4VCtD7IVSVwB4pv6eSImvVOK7utMnMFaL3lT8z+vF4NWdlAdRDCyg80VeLDCEeJoGHnLJKIhEE0Il17diOiaSUNCZlXQI9uLLy6Rdq9qX1drdVblRz+MoomN0girIRteogW5RE7UQRRl6Rq/ozXgyXox342PeWjDymUP0B8bnDw/wlg0=</latexit>

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

Dµ
<latexit sha1_base64="FDRsi2+CE3XdV7YSjnYPe6yeDE8=">AAAB+HicbVDLSgMxFM3UV62PVl26CRbBVZmpgl0WdOGygn1AZxgyaaYNTTJDHkId+iVuXCji1k9x59+YaWehrQcCh3Pu5Z6cKGVUadf9dkobm1vbO+Xdyt7+wWG1dnTcU4mRmHRxwhI5iJAijArS1VQzMkglQTxipB9Nb3K//0ikool40LOUBByNBY0pRtpKYa3qc6QnGLHsdh763IS1uttwF4DrxCtIHRTohLUvf5Rgw4nQmCGlhp6b6iBDUlPMyLziG0VShKdoTIaWCsSJCrJF8Dk8t8oIxom0T2i4UH9vZIgrNeORncxjqlUvF//zhkbHrSCjIjWaCLw8FBsGdQLzFuCISoI1m1mCsKQ2K8QTJBHWtquKLcFb/fI66TUb3mWjeX9Vb7eKOsrgFJyBC+CBa9AGd6ADugADA57BK3hznpwX5935WI6WnGLnBPyB8/kDBQSTSg==</latexit>

history dataset
<latexit sha1_base64="adhz/v7wCPHUkd/bGwuXoYOM+sU=">AAAB+HicbVC7TsMwFHXKq5RHA4wsFhUSU5WUAcYKFsYi0YfURpXjOK1Vx47sG6QS9UtYGECIlU9h429w2wzQciRLR+fc63vvCVPBDXjet1Pa2Nza3invVvb2Dw6r7tFxx6hMU9amSijdC4lhgkvWBg6C9VLNSBIK1g0nt3O/+8i04Uo+wDRlQUJGksecErDS0K2O7QylpzgiYL+BoVvz6t4CeJ34BamhAq2h+zWIFM0SJoEKYkzf91IIcqKBU8FmlUFmWErohIxY31JJEmaCfLH4DJ9bJcKx0vZJwAv1d0dOEmOmSWgrEwJjs+rNxf+8fgbxdZBzmWbAJF0OijOBQeF5CjjimlEQ9mxOqOZ2V0zHRBMKNquKDcFfPXmddBp1/7LeuG/UmjdFHGV0is7QBfLRFWqiO9RCbURRhp7RK3pznpwX5935WJaWnKLnBP2B8/kDFd6TWw==</latexit>

environment

Online/Vanilla Offline: Uniform coverage

Assumption on Dµ: finite single-policy concentrability
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Key idea: pessimism/conservatism

— Jin et al. ’20, Rashidinejad et al. ’21, Xie et al. ’21

Challenge: partial coverage

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

Dµ
<latexit sha1_base64="FDRsi2+CE3XdV7YSjnYPe6yeDE8=">AAAB+HicbVDLSgMxFM3UV62PVl26CRbBVZmpgl0WdOGygn1AZxgyaaYNTTJDHkId+iVuXCji1k9x59+YaWehrQcCh3Pu5Z6cKGVUadf9dkobm1vbO+Xdyt7+wWG1dnTcU4mRmHRxwhI5iJAijArS1VQzMkglQTxipB9Nb3K//0ikool40LOUBByNBY0pRtpKYa3qc6QnGLHsdh763IS1uttwF4DrxCtIHRTohLUvf5Rgw4nQmCGlhp6b6iBDUlPMyLziG0VShKdoTIaWCsSJCrJF8Dk8t8oIxom0T2i4UH9vZIgrNeORncxjqlUvF//zhkbHrSCjIjWaCLw8FBsGdQLzFuCISoI1m1mCsKQ2K8QTJBHWtquKLcFb/fI66TUb3mWjeX9Vb7eKOsrgFJyBC+CBa9AGd6ADugADA57BK3hznpwX5935WI6WnGLnBPyB8/kDBQSTSg==</latexit>

history dataset
<latexit sha1_base64="adhz/v7wCPHUkd/bGwuXoYOM+sU=">AAAB+HicbVC7TsMwFHXKq5RHA4wsFhUSU5WUAcYKFsYi0YfURpXjOK1Vx47sG6QS9UtYGECIlU9h429w2wzQciRLR+fc63vvCVPBDXjet1Pa2Nza3invVvb2Dw6r7tFxx6hMU9amSijdC4lhgkvWBg6C9VLNSBIK1g0nt3O/+8i04Uo+wDRlQUJGksecErDS0K2O7QylpzgiYL+BoVvz6t4CeJ34BamhAq2h+zWIFM0SJoEKYkzf91IIcqKBU8FmlUFmWErohIxY31JJEmaCfLH4DJ9bJcKx0vZJwAv1d0dOEmOmSWgrEwJjs+rNxf+8fgbxdZBzmWbAJF0OijOBQeF5CjjimlEQ9mxOqOZ2V0zHRBMKNquKDcFfPXmddBp1/7LeuG/UmjdFHGV0is7QBfLRFWqiO9RCbURRhp7RK3pznpwX5935WJaWnKLnBP2B8/kDFd6TWw==</latexit>

environment

⇡?
<latexit sha1_base64="iqr6wuLcMtqjcfhh1eGDtJOJmBA=">AAAB8HicdVDLSsNAFJ34rPVVdelmsAiuQpKGtu6KblxWsA9pYplMJ+3QmUmYmQil9CvcuFDErZ/jzr9x0lZQ0QMXDufcy733RCmjSjvOh7Wyura+sVnYKm7v7O7tlw4O2yrJJCYtnLBEdiOkCKOCtDTVjHRTSRCPGOlE48vc79wTqWgibvQkJSFHQ0FjipE20m2Q0rtAaST7pbJjn9ernl+Fju04Nddzc+LV/IoPXaPkKIMlmv3SezBIcMaJ0JghpXquk+pwiqSmmJFZMcgUSREeoyHpGSoQJyqczg+ewVOjDGCcSFNCw7n6fWKKuFITHplOjvRI/fZy8S+vl+m4Hk6pSDNNBF4sijMGdQLz7+GASoI1mxiCsKTmVohHSCKsTUZFE8LXp/B/0vZst2J71365cbGMowCOwQk4Ay6ogQa4Ak3QAhhw8ACewLMlrUfrxXpdtK5Yy5kj8APW2ydT6ZDD</latexit>

Not visited

Pessimism in Offline RL:
add (s, a)-dependent penalties to reduce uncertainty damage.
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Key idea: pessimism/conservatism

— Jin et al. ’20, Rashidinejad et al. ’21, Xie et al. ’21

Challenge: partial coverage

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

Dµ
<latexit sha1_base64="FDRsi2+CE3XdV7YSjnYPe6yeDE8=">AAAB+HicbVDLSgMxFM3UV62PVl26CRbBVZmpgl0WdOGygn1AZxgyaaYNTTJDHkId+iVuXCji1k9x59+YaWehrQcCh3Pu5Z6cKGVUadf9dkobm1vbO+Xdyt7+wWG1dnTcU4mRmHRxwhI5iJAijArS1VQzMkglQTxipB9Nb3K//0ikool40LOUBByNBY0pRtpKYa3qc6QnGLHsdh763IS1uttwF4DrxCtIHRTohLUvf5Rgw4nQmCGlhp6b6iBDUlPMyLziG0VShKdoTIaWCsSJCrJF8Dk8t8oIxom0T2i4UH9vZIgrNeORncxjqlUvF//zhkbHrSCjIjWaCLw8FBsGdQLzFuCISoI1m1mCsKQ2K8QTJBHWtquKLcFb/fI66TUb3mWjeX9Vb7eKOsrgFJyBC+CBa9AGd6ADugADA57BK3hznpwX5935WI6WnGLnBPyB8/kDBQSTSg==</latexit>

history dataset
<latexit sha1_base64="adhz/v7wCPHUkd/bGwuXoYOM+sU=">AAAB+HicbVC7TsMwFHXKq5RHA4wsFhUSU5WUAcYKFsYi0YfURpXjOK1Vx47sG6QS9UtYGECIlU9h429w2wzQciRLR+fc63vvCVPBDXjet1Pa2Nza3invVvb2Dw6r7tFxx6hMU9amSijdC4lhgkvWBg6C9VLNSBIK1g0nt3O/+8i04Uo+wDRlQUJGksecErDS0K2O7QylpzgiYL+BoVvz6t4CeJ34BamhAq2h+zWIFM0SJoEKYkzf91IIcqKBU8FmlUFmWErohIxY31JJEmaCfLH4DJ9bJcKx0vZJwAv1d0dOEmOmSWgrEwJjs+rNxf+8fgbxdZBzmWbAJF0OijOBQeF5CjjimlEQ9mxOqOZ2V0zHRBMKNquKDcFfPXmddBp1/7LeuG/UmjdFHGV0is7QBfLRFWqiO9RCbURRhp7RK3pznpwX5935WJaWnKLnBP2B8/kDFd6TWw==</latexit>

environment

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

Dµ
<latexit sha1_base64="FDRsi2+CE3XdV7YSjnYPe6yeDE8=">AAAB+HicbVDLSgMxFM3UV62PVl26CRbBVZmpgl0WdOGygn1AZxgyaaYNTTJDHkId+iVuXCji1k9x59+YaWehrQcCh3Pu5Z6cKGVUadf9dkobm1vbO+Xdyt7+wWG1dnTcU4mRmHRxwhI5iJAijArS1VQzMkglQTxipB9Nb3K//0ikool40LOUBByNBY0pRtpKYa3qc6QnGLHsdh763IS1uttwF4DrxCtIHRTohLUvf5Rgw4nQmCGlhp6b6iBDUlPMyLziG0VShKdoTIaWCsSJCrJF8Dk8t8oIxom0T2i4UH9vZIgrNeORncxjqlUvF//zhkbHrSCjIjWaCLw8FBsGdQLzFuCISoI1m1mCsKQ2K8QTJBHWtquKLcFb/fI66TUb3mWjeX9Vb7eKOsrgFJyBC+CBa9AGd6ADugADA57BK3hznpwX5935WI6WnGLnBPyB8/kDBQSTSg==</latexit>

history dataset
<latexit sha1_base64="adhz/v7wCPHUkd/bGwuXoYOM+sU=">AAAB+HicbVC7TsMwFHXKq5RHA4wsFhUSU5WUAcYKFsYi0YfURpXjOK1Vx47sG6QS9UtYGECIlU9h429w2wzQciRLR+fc63vvCVPBDXjet1Pa2Nza3invVvb2Dw6r7tFxx6hMU9amSijdC4lhgkvWBg6C9VLNSBIK1g0nt3O/+8i04Uo+wDRlQUJGksecErDS0K2O7QylpzgiYL+BoVvz6t4CeJ34BamhAq2h+zWIFM0SJoEKYkzf91IIcqKBU8FmlUFmWErohIxY31JJEmaCfLH4DJ9bJcKx0vZJwAv1d0dOEmOmSWgrEwJjs+rNxf+8fgbxdZBzmWbAJF0OijOBQeF5CjjimlEQ9mxOqOZ2V0zHRBMKNquKDcFfPXmddBp1/7LeuG/UmjdFHGV0is7QBfLRFWqiO9RCbURRhp7RK3pznpwX5935WJaWnKLnBP2B8/kDFd6TWw==</latexit>

environment

Pessimism helps:
Vpessimism < V ?

<latexit sha1_base64="2Xw4mQkfVyGi6lOc2iY5R31DGz4=">AAACCXicdVDLSsNAFJ34rPVVdelmsAiuSqaKbcFF0Y3LCvYBTQyT6aQdOpOEmYlQQrZu/BU3LhRx6x+482+ctBVU9MCFwzn3cu89fsyZ0rb9YS0sLi2vrBbWiusbm1vbpZ3djooSSWibRDySPR8ryllI25ppTnuxpFj4nHb98UXud2+pVCwKr/Ukpq7Aw5AFjGBtJK8EO17qCKxHKkhjqhQTTIksg2ewc+MojaVXKtsV27YRQjAnqHZqG9Jo1KuoDlFuGZTBHC2v9O4MIpIIGmrCsVJ9ZMfaTbHUjHCaFZ1E0RiTMR7SvqEhFlS56fSTDB4aZQCDSJoKNZyq3ydSLJSaCN90To/+7eXiX14/0UHdTVkYJ5qGZLYoSDjUEcxjgQMmKdF8YggmkplbIRlhiYk24RVNCF+fwv9Jp1pBx5Xq1Um5eT6PowD2wQE4AgjUQBNcghZoAwLuwAN4As/WvfVovVivs9YFaz6zB37AevsEZneayQ==</latexit>

Vpessimism near V ?
<latexit sha1_base64="thGABuSVtr5qVED/gQnP7Ohbl2c="></latexit>

Not visited due to uncertainty
Vpessimism is small

<latexit sha1_base64="4BZcUOcbWV5kzybGHbChYhi+XPY=">AAACEHicbVA9SwNBEN3zM8avqKXNYhCtwl0UtAzaWEYwH5CEsLeZS5bs3h27c2I47ifY+FdsLBSxtbTz37j5KDTxwcDjvRlm5vmxFAZd99tZWl5ZXVvPbeQ3t7Z3dgt7+3UTJZpDjUcy0k2fGZAihBoKlNCMNTDlS2j4w+ux37gHbUQU3uEoho5i/VAEgjO0UrdwUu+mbcVwYII0BmOEEkZlGW0jPGBKhaFGMSmzbqHoltwJ6CLxZqRIZqh2C1/tXsQTBSFyyYxpeW6MnZRpFFxClm8nBmLGh6wPLUtDpsB00slDGT22So8GkbYVIp2ovydSpowZKd92Tm6f98bif14rweCyk4owThBCPl0UJJJiRMfp0J7QwFGOLGFcC3sr5QOmGUebYd6G4M2/vEjq5ZJ3VirfnhcrV7M4cuSQHJFT4pELUiE3pEpqhJNH8kxeyZvz5Lw4787HtHXJmc0ckD9wPn8ATiCeAQ==</latexit>

⇡?
<latexit sha1_base64="iqr6wuLcMtqjcfhh1eGDtJOJmBA=">AAAB8HicdVDLSsNAFJ34rPVVdelmsAiuQpKGtu6KblxWsA9pYplMJ+3QmUmYmQil9CvcuFDErZ/jzr9x0lZQ0QMXDufcy733RCmjSjvOh7Wyura+sVnYKm7v7O7tlw4O2yrJJCYtnLBEdiOkCKOCtDTVjHRTSRCPGOlE48vc79wTqWgibvQkJSFHQ0FjipE20m2Q0rtAaST7pbJjn9ernl+Fju04Nddzc+LV/IoPXaPkKIMlmv3SezBIcMaJ0JghpXquk+pwiqSmmJFZMcgUSREeoyHpGSoQJyqczg+ewVOjDGCcSFNCw7n6fWKKuFITHplOjvRI/fZy8S+vl+m4Hk6pSDNNBF4sijMGdQLz7+GASoI1mxiCsKTmVohHSCKsTUZFE8LXp/B/0vZst2J71365cbGMowCOwQk4Ay6ogQa4Ak3QAhhw8ACewLMlrUfrxXpdtK5Yy5kj8APW2ydT6ZDD</latexit> ⇡?

<latexit sha1_base64="iqr6wuLcMtqjcfhh1eGDtJOJmBA=">AAAB8HicdVDLSsNAFJ34rPVVdelmsAiuQpKGtu6KblxWsA9pYplMJ+3QmUmYmQil9CvcuFDErZ/jzr9x0lZQ0QMXDufcy733RCmjSjvOh7Wyura+sVnYKm7v7O7tlw4O2yrJJCYtnLBEdiOkCKOCtDTVjHRTSRCPGOlE48vc79wTqWgibvQkJSFHQ0FjipE20m2Q0rtAaST7pbJjn9ernl+Fju04Nddzc+LV/IoPXaPkKIMlmv3SezBIcMaJ0JghpXquk+pwiqSmmJFZMcgUSREeoyHpGSoQJyqczg+ewVOjDGCcSFNCw7n6fWKKuFITHplOjvRI/fZy8S+vl+m4Hk6pSDNNBF4sijMGdQLz7+GASoI1mxiCsKTmVohHSCKsTUZFE8LXp/B/0vZst2J71365cbGMowCOwQk4Ay6ogQa4Ak3QAhhw8ACewLMlrUfrxXpdtK5Yy5kj8APW2ydT6ZDD</latexit>

Pessimism in Offline RL:
add (s, a)-dependent penalties to reduce uncertainty damage.
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Prior art: Xie et al. ’21

Sample complexity T = KH = |Dµ|

Algorithm Type Sample complexity

VI-LCB
model-based H6SC?/ε2

(Xie et al., 2021)

PEVI-Adv
model-based H4SC?/ε2

(Xie et al., 2021)

lower bound
n/a H4SC?/ε2

(Xie et al., 2021)

Prior art for asynchronous Q-learning

Question: how many samples are needed to ensure Î ‚Q≠QıÎŒ Æ Á?

paper sample complexity learning rate

Even-Dar & Mansour ’03 (tcover)
1

1≠“

(1≠“)4Á2 linear: 1
t

Even-Dar & Mansour ’03
!

t1+3Ê
cover

(1≠“)4Á2

" 1
Ê +

!
tcover
1≠“

" 1
1≠Ê poly: 1

tÊ , Ê œ ( 1
2 , 1)

Beck & Srikant ’12 t3cover|S||A|
(1≠“)5Á2 constant

Qu & Wierman ’20 tmix
µ2

min(1≠“)5Á2 rescaled linear

paper sample complexity learning rate

Even-Dar & Mansour ’03 (tmix|S||A|)
1

1≠“

(1≠“)4Á2 linear: 1
t

Even-Dar & Mansour ’03 (tmix|S||A|)4.29
(1≠“)5Á2 poly: 1

tÊ , Ê œ ( 1
2 , 1)

Beck & Srikant ’12 t3mix|S|
3|A|3

(1≠“)5Á2 constant

Qu & Wierman ’20 tmix|S|2|A|2
(1≠“)5Á2 rescaled linear

if we take µmin ® 1
|S||A| , tcover ® tmix

µmin

All prior results require a sample size of at least tmix|S|2|A|2!
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Lagrangian
Xie et al. Shi et al.

Rashidinejad et al. Yan et al.

our results

standard form problem (not necessarily convex)
minimize f0(x)
subject to fi(x) Æ 0, i = 1, . . . ,m

hi(x) = 0, i = 1, . . . , p
variable x œ Rn, domain D, optimal value pı

Lagrangian: L : Rn ◊ Rm ◊ Rp æ R, with dom(L) = D ◊ Rm ◊ Rp,

L(x, ⁄, ‹) = f0(x) +
mÿ

i=1
⁄ifi(x) +

pÿ

i=1
‹ihi(x)
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Prior art: Xie et al. ’21

Sample complexity T = KH = |Dµ|
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(1≠“)5Á2 constant
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(1≠“)5Á2 rescaled linear

if we take µmin ® 1
|S||A| , tcover ® tmix

µmin

All prior results require a sample size of at least tmix|S|2|A|2!
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No model-free offline RL analysis
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All prior results require a sample size of at least tmix|S|2|A|2!
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Can we enlarge the range of accuracy level ε?
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Our algorithm: LCB-Q-Advantage

Theorem (Shi, Li, Wei, Chen, Chi, 2022)

With high prob., for ε ∈
(
0, 1

H

]
, LCB-Q-Advantage can find an

ε-optimal policy π̂ as long as (up to log factor)

T & O

(
H4SC?

ε2

)
.

• model-free RL achieves optimal sample complexity for certain
accuracy ε

• optimal in a larger accuracy range (improved by a factor of
H1.5)

ε ≤
(
0, H−1

]
︸ ︷︷ ︸

(Our LCB-Q-Advantage)

vs. ε ≤
(
0, H−2.5

]
︸ ︷︷ ︸

(PEVI-Adv in [Xie et al., 2021])
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standard form problem (not necessarily convex)
minimize f0(x)
subject to fi(x) Æ 0, i = 1, . . . ,m

hi(x) = 0, i = 1, . . . , p
variable x œ Rn, domain D, optimal value pı

Lagrangian: L : Rn ◊ Rm ◊ Rp æ R, with dom(L) = D ◊ Rm ◊ Rp,

L(x, ⁄, ‹) = f0(x) +
mÿ

i=1
⁄ifi(x) +

pÿ

i=1
‹ihi(x)

Duality 6-2

First model-free analysis

Model-free RL matches the minimax-optimal sample complexity for
model-based ones!

— in a much larger range of the accuracy level
11


