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Ming Yin: On the job market!

Based on the work of my student



Reinforcement learning is among
the hottest area of research in ML!

Reinforcement learning: Applications

34

Recommendations

buy or not buy

“RL” is Top 1 Keyword at NeurIPS’2021, appearing 199 times
“Deep Learning” only 129 times [source] 2

https://guoqiangwei.xyz/neurips2021_stats/neurips2021_submissions.html


In real-life applications, we have 
limited access to the environment.

• Exploration is often costly, unsafe, illegal, …
• “Drive off road and crash the car to learn it’s a bad idea”
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RL in practice always starts with an
existing dataset => Offline RL
• Two typical tasks are: OPE and Offline Learning

logged data
{(State, Action,

Reward, Next State)}
Near-Optimal Decision
Policy

Existing
deployed
system
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Value of a fixed policy

Offline Policy Evaluation (OPE)

Offline (Policy) Learning

⇡
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*Notation:   v⇡ := E⇡[Total Reward]
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Optimal policy ⇡⇤
:= argmax

⇡
v⇡

<latexit sha1_base64="TqreLBw7ii9bMxJmkYDUrxw4ZZs=">AAACHXicbZDLSgMxFIYz3q23qks3wSKIC5mRgiIIRTfuVLBV6LTlTJrWYDITkjOlZeiLuPFV3LhQxIUb8W1MLwu1Hgj5+P9zSM4faSks+v6XNzU9Mzs3v7CYW1peWV3Lr29UbJIaxssskYm5jcByKWJeRoGS32rDQUWS30T3ZwP/psONFUl8jT3NawrasWgJBuikRr4YIu9idqFRKJBUJ1KwHu3TUIv6Hj0+oSGYdqig28ic1Kedursa+YK/7w+LTkIwhgIZ12Uj/xE2E5YqHiOTYG018DXWMjAomOT9XJharoHdQ5tXHcaguK1lw+36dMcpTdpKjDsx0qH6cyIDZW1PRa5TAd7Zv95A/M+rptg6qmUi1inymI0eaqWSYkIHUdGmMJyh7DkAZoT7K2V3YIChCzTnQgj+rjwJlYP9wPFVsVA6HcexQLbINtklATkkJXJOLkmZMPJAnsgLefUevWfvzXsftU5545lN8qu8z28wXKHz</latexit><latexit sha1_base64="TqreLBw7ii9bMxJmkYDUrxw4ZZs=">AAACHXicbZDLSgMxFIYz3q23qks3wSKIC5mRgiIIRTfuVLBV6LTlTJrWYDITkjOlZeiLuPFV3LhQxIUb8W1MLwu1Hgj5+P9zSM4faSks+v6XNzU9Mzs3v7CYW1peWV3Lr29UbJIaxssskYm5jcByKWJeRoGS32rDQUWS30T3ZwP/psONFUl8jT3NawrasWgJBuikRr4YIu9idqFRKJBUJ1KwHu3TUIv6Hj0+oSGYdqig28ic1Kedursa+YK/7w+LTkIwhgIZ12Uj/xE2E5YqHiOTYG018DXWMjAomOT9XJharoHdQ5tXHcaguK1lw+36dMcpTdpKjDsx0qH6cyIDZW1PRa5TAd7Zv95A/M+rptg6qmUi1inymI0eaqWSYkIHUdGmMJyh7DkAZoT7K2V3YIChCzTnQgj+rjwJlYP9wPFVsVA6HcexQLbINtklATkkJXJOLkmZMPJAnsgLefUevWfvzXsftU5545lN8qu8z28wXKHz</latexit><latexit sha1_base64="TqreLBw7ii9bMxJmkYDUrxw4ZZs=">AAACHXicbZDLSgMxFIYz3q23qks3wSKIC5mRgiIIRTfuVLBV6LTlTJrWYDITkjOlZeiLuPFV3LhQxIUb8W1MLwu1Hgj5+P9zSM4faSks+v6XNzU9Mzs3v7CYW1peWV3Lr29UbJIaxssskYm5jcByKWJeRoGS32rDQUWS30T3ZwP/psONFUl8jT3NawrasWgJBuikRr4YIu9idqFRKJBUJ1KwHu3TUIv6Hj0+oSGYdqig28ic1Kedursa+YK/7w+LTkIwhgIZ12Uj/xE2E5YqHiOTYG018DXWMjAomOT9XJharoHdQ5tXHcaguK1lw+36dMcpTdpKjDsx0qH6cyIDZW1PRa5TAd7Zv95A/M+rptg6qmUi1inymI0eaqWSYkIHUdGmMJyh7DkAZoT7K2V3YIChCzTnQgj+rjwJlYP9wPFVsVA6HcexQLbINtklATkkJXJOLkmZMPJAnsgLefUevWfvzXsftU5545lN8qu8z28wXKHz</latexit><latexit sha1_base64="TqreLBw7ii9bMxJmkYDUrxw4ZZs=">AAACHXicbZDLSgMxFIYz3q23qks3wSKIC5mRgiIIRTfuVLBV6LTlTJrWYDITkjOlZeiLuPFV3LhQxIUb8W1MLwu1Hgj5+P9zSM4faSks+v6XNzU9Mzs3v7CYW1peWV3Lr29UbJIaxssskYm5jcByKWJeRoGS32rDQUWS30T3ZwP/psONFUl8jT3NawrasWgJBuikRr4YIu9idqFRKJBUJ1KwHu3TUIv6Hj0+oSGYdqig28ic1Kedursa+YK/7w+LTkIwhgIZ12Uj/xE2E5YqHiOTYG018DXWMjAomOT9XJharoHdQ5tXHcaguK1lw+36dMcpTdpKjDsx0qH6cyIDZW1PRa5TAd7Zv95A/M+rptg6qmUi1inymI0eaqWSYkIHUdGmMJyh7DkAZoT7K2V3YIChCzTnQgj+rjwJlYP9wPFVsVA6HcexQLbINtklATkkJXJOLkmZMPJAnsgLefUevWfvzXsftU5545lN8qu8z28wXKHz</latexit>



Example: Medical treatment
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Medical
records

(Patient, Treatment,
Outcome)

Learn better treatment
plan from data?

Evaluate a new treatment
plan.

Offline Policy Evaluation (OPE)

Offline (Policy) Learning

Illegal, unethical to “trial-and-error” on the fly with online RL.
But electronic patient records / and other health data from
human doctors’ treatments are available.



Other applications of Offline RL
• Self-driving car:

• Cannot deploy untested self-driving algorithms
• Large amount data with human driver in control available.

• Ads / Recommendation systems
• Expensive / risky to run online experiments
• A lot of offline click-through data exists.

• New material discovery (UCSB IDEAS institute)
• A lot of existing data (or related but different materials)
• Easy to parallelize the experiments, but hard to have many 

iterations
• Computer networking (UCSB RELIEF project)

• Bandwidth allocation on network devices
• Quality of experience measurements.

• Many more from the INFORMS community!
6



Offline RL is very challenging!

• Oliver never played before, but watched hundreds of
Joshua’s games. Can Oliver play “optimally” the first
time he tries?
• What if Joshua is a lousy player?

7



The fundamental difficulties of
offline RL is to answer “What if ”
questions with observational data.
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…

…
…

…
𝑠!

𝑠"

𝑠#

𝑠$

𝑎!

𝑎"

𝑎#
𝑎$Illustration of a Markov Decision process

𝑟"

𝑟#

𝑟$

• Whenever Oliver plays differently he will run into different situations
not seen by Joshua! But Oliver has to play differently to play better.

• Oliver need to infer using Joshua’s data:
“what happens if he chooses a path that Joshua did not take?”



The problem is more challenging
than standard causal inference
because:

9

• Long planning horizon
• Naïve Importance Sampling

suffer exponential variance!
• Large state-space

• Size of the state-space is
astronomically large

• Poor data coverage
• Joshua may not visit high-

reward states that the optimal
policy visits

• Need to optimize rather than
just estimate
• How to handle uncertainty?



Remainder of the talk

1. Our results on offline RL
2. RL with low-switching cost

10

Dan Qiao (2nd year PhD)Ming Yin: On the job market!

Also contributions from Mengdi Wang, Yaqi Duan and Yu Bai.



We consider finite horizon,
episodic, tabular MDP model
• S states, A actions, horizon H.
• time-inhomogeneous transitions.
• 0< Reward < 1 (per step)

• Logging policy, Target policy, optimal policy:

• Number of trajectories: n
• Each policy induces a visitation measure

• Value of a policy
11

µ
<latexit sha1_base64="8nh7aonYi8Ake4aYf7zdRbOipH0=">AAAB6nicbZBNSwMxEIZn61etX1WPXoJF8FR2RdBj0YvHivYD2qVk02wbmmSXZFYopT/BiwdFvPqLvPlvTNs9aOsLgYd3ZsjMG6VSWPT9b6+wtr6xuVXcLu3s7u0flA+PmjbJDOMNlsjEtCNquRSaN1Cg5O3UcKoiyVvR6HZWbz1xY0WiH3Gc8lDRgRaxYBSd9dBVWa9c8av+XGQVghwqkKveK391+wnLFNfIJLW2E/gphhNqUDDJp6VuZnlK2YgOeMehporbcDJfdUrOnNMncWLc00jm7u+JCVXWjlXkOhXFoV2uzcz/ap0M4+twInSaIdds8VGcSYIJmd1N+sJwhnLsgDIj3K6EDamhDF06JRdCsHzyKjQvqoHj+8tK7SaPowgncArnEMAV1OAO6tAABgN4hld486T34r17H4vWgpfPHMMfeZ8/XWCN1g==</latexit><latexit sha1_base64="8nh7aonYi8Ake4aYf7zdRbOipH0=">AAAB6nicbZBNSwMxEIZn61etX1WPXoJF8FR2RdBj0YvHivYD2qVk02wbmmSXZFYopT/BiwdFvPqLvPlvTNs9aOsLgYd3ZsjMG6VSWPT9b6+wtr6xuVXcLu3s7u0flA+PmjbJDOMNlsjEtCNquRSaN1Cg5O3UcKoiyVvR6HZWbz1xY0WiH3Gc8lDRgRaxYBSd9dBVWa9c8av+XGQVghwqkKveK391+wnLFNfIJLW2E/gphhNqUDDJp6VuZnlK2YgOeMehporbcDJfdUrOnNMncWLc00jm7u+JCVXWjlXkOhXFoV2uzcz/ap0M4+twInSaIdds8VGcSYIJmd1N+sJwhnLsgDIj3K6EDamhDF06JRdCsHzyKjQvqoHj+8tK7SaPowgncArnEMAV1OAO6tAABgN4hld486T34r17H4vWgpfPHMMfeZ8/XWCN1g==</latexit><latexit sha1_base64="8nh7aonYi8Ake4aYf7zdRbOipH0=">AAAB6nicbZBNSwMxEIZn61etX1WPXoJF8FR2RdBj0YvHivYD2qVk02wbmmSXZFYopT/BiwdFvPqLvPlvTNs9aOsLgYd3ZsjMG6VSWPT9b6+wtr6xuVXcLu3s7u0flA+PmjbJDOMNlsjEtCNquRSaN1Cg5O3UcKoiyVvR6HZWbz1xY0WiH3Gc8lDRgRaxYBSd9dBVWa9c8av+XGQVghwqkKveK391+wnLFNfIJLW2E/gphhNqUDDJp6VuZnlK2YgOeMehporbcDJfdUrOnNMncWLc00jm7u+JCVXWjlXkOhXFoV2uzcz/ap0M4+twInSaIdds8VGcSYIJmd1N+sJwhnLsgDIj3K6EDamhDF06JRdCsHzyKjQvqoHj+8tK7SaPowgncArnEMAV1OAO6tAABgN4hld486T34r17H4vWgpfPHMMfeZ8/XWCN1g==</latexit><latexit sha1_base64="8nh7aonYi8Ake4aYf7zdRbOipH0=">AAAB6nicbZBNSwMxEIZn61etX1WPXoJF8FR2RdBj0YvHivYD2qVk02wbmmSXZFYopT/BiwdFvPqLvPlvTNs9aOsLgYd3ZsjMG6VSWPT9b6+wtr6xuVXcLu3s7u0flA+PmjbJDOMNlsjEtCNquRSaN1Cg5O3UcKoiyVvR6HZWbz1xY0WiH3Gc8lDRgRaxYBSd9dBVWa9c8av+XGQVghwqkKveK391+wnLFNfIJLW2E/gphhNqUDDJp6VuZnlK2YgOeMehporbcDJfdUrOnNMncWLc00jm7u+JCVXWjlXkOhXFoV2uzcz/ap0M4+twInSaIdds8VGcSYIJmd1N+sJwhnLsgDIj3K6EDamhDF06JRdCsHzyKjQvqoHj+8tK7SaPowgncArnEMAV1OAO6tAABgN4hld486T34r17H4vWgpfPHMMfeZ8/XWCN1g==</latexit>

⇡
<latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit>

⇡⇤
<latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit>

is formulated by ⇡ := (⇡1,⇡2, ...,⇡H), where ⇡t assigns each state st 2 S a probability
distribution over actions at each time t (i.e. ⇡t(·|st) 2 R|A| and

P
at
⇡t(at|st) = 1). Any

fixed policy ⇡ together with MDP M induce a distribution over trajectories of the form
(s1, a1, r1, s2, ..., sH , aH , rH , sH+1) where s1 ⇠ d1, at ⇠ ⇡t(·|st), st+1 ⇠ Pt(·|st, at) and rt
has mean rt(st, at) for t = 1, ..., H.1

In addition, we denote d⇡t (st, at) the induced marginal state-action distribution and d⇡t (st)
the marginal state distribution, satisfying d⇡t (st, at) = d⇡t (st) · ⇡(at|st). Moreover, d⇡

1
=

d1 8⇡. We use the notation P ⇡
t 2 RS·A⇥S·A to represent the state-action transition

(P ⇡
t )(s,a),(s0,a0) := Pt(s0|s, a)⇡t(a0|s0), then the marginal state-action vector d⇡t (·, ·) 2 RS⇥A

satisfies the expression d⇡
t+1

= P ⇡

t+1
d⇡t . We define the quantity v⇡t (s) = E⇡[

P
H

t0=t
rt0 |st = s]

and the Q-function Q⇡
t (s, a) = E⇡[

P
H

t0=t
rt0 |st = s, at = a] for all t = 1, ..., H. The ultimate

measure of the performance of policy ⇡ is the value function:

v⇡ = E⇡

"
HX

t=1

rt

#
.

Lastly, for the standard OPE problem, the goal is to estimate v⇡ for a given ⇡ while

assuming that n episodic data D =
n
(s(i)

t
, a(i)

t
, r(i)

t
, s(i)

t+1
)
o
t2[H]

i2[n]
are rolling from a di↵erent

behavior policy µ.

2.1 Uniform convergence problems

Uniform convergence OPE extends the ordinary OPE concept to arbitrary policy class.
Specifically, for any policy class ⇧ that is of interest, we want to ask can we obtain

sup
⇡2⇧

|bv⇡ � v⇡| < ✏, (1)

in a sample e�cient way. Here we consider two representative classes.

The global policy class. The policy class ⇧ we considered here consists of all the
non-stationary deterministic policies. By the standard results in tabular reinforcement
learning, there exists at least one deterministic policy that is optimal (Sutton & Barto,
2018). Therefore, the deterministic policy class is rich enough for evaluating any learning
algorithm (e.g. Q-value iteration in (Sidford et al., 2018)) that wants to learn to the optimal
policy.

The local policy class: in the neighborhood of empirical optimal policy. Given
empirical MDP cM (i.e. the transition kernel is replaced by bPt(st+1|st, at) := nst+1,st,at/nst,at

1Here rt without any argument is random reward and E[rt|st, at] = rt(st, at).
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d⇡t (s, a)
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Our results on offline RL
• Optimal {OPE, uniform OPE, offline RL, offline reward-

free RL, offline RL with linear function approx…}
Ming Yin

Ming Yin
†⇤
, Yu-Xiang Wang

⇤

2014). Therefore in this sense MIS-type estimators are
essentially model-based estimators with the model of
interactive environment M = (S,A, r, T, d1, H).

3 Main Results

We now show that our Tabular-MIS estimator achieves
the asymptotic Cramer-Rao lower bound for DAG-
MDP (Jiang and Li, 2016) and therefore is asymp-
totically sample e�cient. To formalize our state-
ment, we pre-specify the following boundary conditions:

r0(s0) ⌘ 0, �0(s0, a0) ⌘ 0,d
⇡
0 (s0)

d
µ
0 (s0)

⌘ 1, ⇡(a0|s0)
µ(a0|s0) ⌘ 1,

V ⇡

H+1 ⌘ 0, and, as a reminder, ⌧a := maxt,st,at

⇡(at|st)
µ(at|st)

and ⌧s := maxt,st
d
⇡
t (st)

d
µ
t (st)

.

Theorem 3.1. Suppose the n episodic historical data

D =
n
(s(i)

t
, a(i)

t
, r(i)

t
)
ot=1,...,H

i=1,...,n
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The proof of this theorem, and all the other technical
results we present in this section, are deferred to the
appendix due to the space constraint. We summarize
the novel ingredients in the proof in Section 3.1. Before
that, we make a few remarks about a few interesting
aspects of this result.
Remark 3.2 (Asymptotic e�ciency and local mini-
maxity). The error bound implies that
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We note that while in classical literature CR-lower
bound is often used to lower bound the variance of
unbiased estimators, the modern theory of estimation
establishes that it is also the correct asymptotic min-
imax lower bound for the MSE of all estimators in
every local neighborhood of the parameter space (see,
e.g., Van der Vaart, 2000, Chapter 8). In other words,
our results imply that Tabular-MIS estimator is asymp-
totically, locally, uniformly minimax optimal, namely,
optimal for every problem instance separately.

It is worth pointing out that while asymptotically ef-
ficient estimators for this problem in related settings
have been proposed in independent recent work (Kallus
and Uehara, 2019a,b), our estimator is the first that
comes with finite sample guarantees with an explicit
expression on the low-order terms. Moreover, our es-
timator demonstrates that doubly robust estimation
techniques is not essential for achieving asymptotic
e�ciency.
Remark 3.3 (Simplified finite sample error bound).
The theory implies that there is universal constants
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, i.e., when we

have a just visited every state-action pair for ⌦(H)
times, E[(bv⇡TMIS � v⇡)2] = C2H2⌧a⌧sR2

max/n.
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Note that we are summing H quantities that are po-
tentially on the order of H2R2

max, yet no additional
factors of H shows up. This observation is folklore and
has been used in deriving tight results for tabular RL
in (e.g., Azar et al., 2017). It can be proven using the
following decomposition of the variance of the empiri-
cal mean estimator and the fact that it is bounded by
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Lemma 3.4. For any policy ⇡ and any MDP.
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The proof, which applies the law-of-total-variance re-
cursively, is deferred to the appendix.
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Or if in a simplified expression:  !𝒗%&'(𝝅 − 𝒗𝝅 ≍ 𝑯𝟐
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Optimal bound for OPE
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Optimal bound for Offline Learning via local Uniform OPE

12*Uniform coverage condition: 𝒅𝒎
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Per-instance optimal offline
learning?

Ming Yin

probability p > 0, Then we have (here ⇣ = H/d̄m):

Rn(P) � C ·
HX

h=1

X

(sh,ah)2Ch
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?
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(sh, ah) ·

s
VarPs
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h
(rh + V ?

h+1)

⇣ · dµ
h
(sh, ah)

, (7)

where P = (µ,M) and M = (S,A, P, r,H, d1).

The interpretation of Theorem 4.3 is: for any instance P, learning requires (7) (divided by 1/
p
n)

for any algorithm. Note this notion is significantly stronger than the previous minimax o✏ine lower
bounds [Yin et al., 2021a, Rashidinejad et al., 2021, Xie et al., 2021b, Jin et al., 2020] (where they
only select a particular family of hard problems), therefore, their lower bounds in general do not
hold for individual instances.

The quantity (1) nearly-matches the per-instance lower bound (7) (they deviate by a factor of
⇣ = H/d̄m due to the technical reason) and, in addition, we provide a matching minimax lower
bound in Appendix G. These results certify Theorem 4.1 is not only adaptive but also near-

optimal. Hence, we call the quantity
P

H
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P
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h
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r
VarPs

h
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h
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intrinsic

o✏ine reinforcement learning bound. In the sequel, we provide thorough discussions to explain the
intrinsic bound embraces the fundamental challenges in o✏ine RL and the strong adaptivity. The
detailed technical derivations that are missing in Section 4.1-4.4 are deferred to Appendix H.
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Figure 1: A visualization on how intrinsic learning bound subsumes existing best-known results:
uniform visitation, single concentrability (partial coverage) and adaptive domain.

4.1 Optimality under Uniform data-coverage assumption

Under the uniform exploration Assumption 2.1 with parameter dm := minh,sh,ah d
µ

h
(sh, ah) > 0,

Yin et al. [2021a] analyzes the model-based plug-in approach and obtains the optimal sample
complexity eO(H3/dm✏2) and shows ⌦(H3/dm✏2) is also the lower bound. Indeed, this rate can be
directly implied by the intrinsic RL bound via Cauchy inequality and the Sum of Total Variance

9

(Yin and W., NeurIPS-21)“Pessimism is all you need”
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+ %𝑂(1/𝑛)

Results under different exploration assumptions
and special properties of the MDPs.

(Zanette and Brunskill, 2019)
(RZMJR 2021)

(Yin, Bai & W., 2021)
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Strongest (most adaptive) result in offline RL to date!

+ %𝑂
1

𝑛𝑑!

(Zanette and Brunskill, 2019)
(RZMJR 2021)

(Yin, Bai & W., 2021)



What if the optimal policy visits
states never seen in the data?
• Lazy answer: “Optimal policy not measurable”

• “Maybe we could still learn something?”

15

𝑣45 ≥ m𝑎𝑥
5

𝑣5 − 6𝑂 ∑67!8 ∑1!,2! 𝑑6
5 𝑠6 , 𝑎6

9:;"#!,%! <!&'
( =>!

?!
)(1!,2!)

⋅ !
B

Pessimism VI
Arbitrary comparator policy Regret / performance difference

“ Learn as much as we can. Identify the best policy identifiable! ”

− %𝑂
1

𝑛 𝑑!



Function approximation allows the
learner to generalize to unseen states

16

Joshua: “Red mushroom is good for me!” Oliver a new unseen state:
“I haven’t seen Green Mushroom,

but it must be good for me too?”

This is achieved by describing each state
by a d-dimensional feature vector!



Pessimism works for linear
function approximation too!
• Setting: Linear MDP
• Idea: Pessimistic LSVI with variance weighting
• Coverage assumption:
• Result: instance dependent oracle inequality

17

Note such a design admits no explicit factor in H in the main term (as opposed to Jin et al. [2021b])
therefore is the key for achieving adaptive/problem-dependent results (as we shall discuss later).
The full algorithm VAPVI is stated in Algorithm 1. In particular, we halve the o✏ine data into

two independent parts with D = {(s⌧
h
, a⌧

h
, r⌧

h
, s⌧ 0

h
)}h2[H]

⌧2[K] and D0 = {(s̄⌧
h
, ā⌧

h
, r̄⌧

h
, s̄⌧ 0

h
)}h2[H]

⌧2[K] for di↵erent

purposes (estimating variance and updating Q-values).

3.2 Main result

We denote quantities M1,M2,M3,M4 as in the notation list A. Then VAPVI provides the following
result. The complete proof is provided in Appendix C.

Theorem 3.2. Let K be the number of episodes. If K > max{M1,M2,M3,M4} and
p
d > ⇠,

where ⇠ := supV 2[0,H], s0⇠Ph(s,a), h2[H]
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+ �Id and eO hides universal constants and the Polylog terms.

Theorem 3.2 provides improvements over the existing best-known results and we now explain it.
However, before that, we first discuss about our theorem condition.

Comparing to Zhou et al. [2021a]. In the online regime, Zhou et al. [2021a] is the first result
that achieves optimal regret rate with O(dH

p
T ) in the linear (mixture) MDPs. However, this

result requires the condition d � H (their Theorem 6 and Remark 7). In o✏ine RL, VAPVI
only requires a milder condition

p
d > ⇠ comparing to d � H (since for any fixed V 2 [0, H],

the standardized quantity r+V (s0)�(ThV )(s,a)
�V (s,a) is bounded by constant with high probability, e.g. by

chebyshev inequality), which makes our result apply to a wider range of linear MDPs.

Comparing to Jin et al. [2021b]. Jin et al. [2021b] first shows pessimistic value itera-
tion (PEVI) is provably e�cient for Linear MDPs in o✏ine RL. VAPVI improves PEVI over
O(

p
d) on the feature dimension, and improves the horizon dependence as ⇤h < 1

H2⌃h implies

⇤�1
h

4 H2⌃�1
h

. In addition, when instantiate to the tabular case, i.e. �(s, a) = 1s,a, VAPVI

gives O(
p
d
P

h,s,a
d⇡

?

h
(s, a)

r
VarPs,a (r+V

?
h+1)

K·dµ
h(s,a)

), which enjoys O(
p
H) improvement over PEVI (recall

Example 3.1) and the order O(H3/2) is tight (check Section G for the detailed derivation).

Comparing to Xie et al. [2021a]. Their linear MDP guarantee in Theorem 3.2. enjoys the same
rate as VAPVI in feature dimension but the horizon dependence is essentially the same as Jin et al.
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Yin, Duan, Wang, W., “Near-optimal Offline Reinforcement Learning with Linear 
Representation: Leveraging Variance Information with Pessimism”, ICLR’22

Ming Yin

Valid for any comparator policy at the same time!
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New results on nonlinear
differentiable function approx.
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for finite sample/non-asymptotic guarantees since the abstraction of B(δ) might prevent the result

from being sample efficient. For example, if B(δ) has the form eH log(1δ ), then
eH log( 1δ )√

K
is an

inefficient bound since K needs to be eH/ε2 large to guarantee ε accuracy.

To address this technicality, we use a novel reduction to general function approximation (GFA) learn-
ing proposed in Chen and Jiang [2019]. Concretely, we first bound the loss objective Eµ[#h(θ̂h)]−
Eµ[#h(θTV̂h+1

)] via a “orthogonal” decomposition and by solving a quadratic equation. The result-

ing bound can be directly used to further bound ‖θ
TV̂h+1

− θ̂h‖2 for obtaining efficient guarantee

Õ( dH√
κK

). During the course, the covering technique is applied to extend the finite function hypoth-

esis in Chen and Jiang [2019] to all the differentiable functions in Definition 1.1. See Appendix G
for the complete proofs. The full proof can be found in Appendix D,E,F.

4 Improved Learning via Variance Awareness

In addition to knowing the provable efficiency for differentiable function approximation (DFA), it
is of great interest to understand what is the statistical limit with DFA, or equivalently, what
is the “optimal” sample/statistical complexity can be achieved in DFA (measured by minimaxity
criteria)? Towards this goal, we further incorporate variance awareness to improve our learning
guarantee. Variance awareness is first designed for linear Mixture MDPs [Talebi and Maillard,
2018, Zhou et al., 2021a] to achieve the near-minimax sample complexity and it uses estimated
conditional variances VarP (·|s,a)(V

#
h+1) to reweight each training sample in the LSVI objective.8

Later, such a technique is leveraged by Min et al. [2021], Yin et al. [2022] to obtained the instance-
dependent results. Intuitively, conditional variances σ2(s, a) := VarP (·|s,a)(V

#
h+1) serves as the

uncertainty measure of the sample (s, a, r, s′) that comes from the distribution P (·|s, a). If σ2(s, a)
is large, then the distribution P (·|s, a) has high variance and we should put less weights in a single
sample (s, a, r, s′) rather than weighting all the samples equally. In the differentiable function
approximation regime, the update is modified to

θ̂h ← argmin
θ∈Θ

{ K∑

k=1

[
f (θ,φh,k)− rh,k − V̂h+1(skh+1)

]2

σ2
h(s

k
h, a

k
h)

+ λ · ‖θ‖22
}

with σ2
h(·, ·) estimated by the offline data. Notably, empirical algorithms have also shown un-

certainty reweighting can improve the performances for both online RL [Mai et al., 2022] and
offline RL [Wu et al., 2021]. These motivates our variance-aware fitted Q-learning (VAFQL) algo-
rithm 3.

Theorem 4.1. Suppose Assumption 2.1,2.3 with εF = 0. Let β = 8dι and choose 0 < λ ≤ 1/2C2
Θ in

Algorithm 3. Then if K ≥ K0 and
√
d ≥ Õ(ζ), with probability 1−δ, for all policy π simultaneously,

the output of VAFQL guarantees

vπ − vπ̂ ≤
H∑

h=1

8d · Eπ

[√
∇#

θ f(θ̂h,φ(sh, ah))Λ
−1
h ∇θf(θ̂h,φ(sh, ah))

]
· ι+ Õ(

C̄hot

K
),

8We mention Zhang et al. [2021b] uses variance-aware confidence sets in a slightly different way.

11

Yin, Wang, W., “Offline Reinforcement Learning with Differentiable Function Approximation 
is Provably Efficient”, Arxiv: https://arxiv.org/abs/2210.00750

Idea: Pessimistic Fitted Q-Iterations with Variance
Reweighting

Ming Yin

Covariance “Fisher information”

Feature vector Gradients

https://arxiv.org/abs/2210.00750


Check point: Our solutions to the
challenges in offline RL!
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• Long planning horizon
• Naïve Importance Sampling

suffer exponential variance!
• Large state-space

• Size of the state-space is
astronomically large

• Poor data coverage
• Logging policy may not visit

high-reward states that the
optimal policy visits

• Need to optimize rather than
just estimate
• How to handle uncertainty?

(Xie, Ma & W., NeurIPS’19)

(Yin & W., AISTATS-20)

Marginalized IS achieves
optimal rate.

Function approximation:
represent state by features.

“Pessimism is all you need”

(Yin, Duan, Wang, W., ICLR’22)
(Yin, Wang, W., 22)

(Yin and W., NeurIPS-21)
(Yin, Duan, Wang, W., ICLR’22)



Remainder of the talk

1. Advances in offline RL
2. RL with low-switching cost

20

Dan Qiao (2nd year PhD)Ming Yin: On the job market!

Also contributions from Mengdi Wang, Yaqi Duan and Yu Bai.



Online RL vs Offline RL, revisited

Online RL Offline RL

Sample
Complexity

6𝑂
𝐻#𝑆𝐴
𝜖"

6𝑂 8*

C+?,
or “Best effort learning”

when 𝑑D too small

21

Algorithmically enforce
“Good Exploration”

Assume “Good Exploration”
or weaken goal

1 rounds of
adaptivity.

T rounds of
adaptivity.
One per iteration!

Anything in between?



Emerging new setting between
online and offline RL

× 𝐾

Collect new data

Offline
data

Decision
policy

RL with low switching cost

Can we solve exploration with a small number of policy changes?

22



Why does switching cost matter?

• Deployment of a new policy is costly!
• We cannot afford to reflash the firmware too frequently
• Cheaper to schedule experiments in parallel.

• Need extensive testing / approvals to actually
deploy each new policy
• A/B testing
• IRB approval / ethics approval

• Low-switching cost is a desirable property for
running experiments in parallel.

23



New result: K = O(HSAlog log T)
is sufficient and necessary!

24

(among algorithms with sqrt(T) regret.)

Qiao, Yin, Min, W., “Sample-Efficient Reinforcement 
Learning with loglog(T) Switching Cost”, ICML’2021

• First of its kind with log-log T switching cost
• Information-theoretically optimal!
• No need to “assume” exploration

Algorithms for regret minimization Regret Switching cost

UCB2-Bernstein [Bai et al., 2019] eO(
p
H3SAT ) Local: O(H3SA log T )

UCB-Advantage [Zhang et al., 2020c] eO(
p
H2SAT ) Local: O(H2SA log T )

Algorithm 1 in [Gao et al., 2021] ⇤ eO(
p
d3H3T ) Global: O(dH log T )

APEVE (Our Algorithm 1) eO(
p
H4S2AT ) Global: O(HSA log log T )

Explore-First w. LARFE (Our Algorithm 4) eO(T 2/3H4/3S2/3A1/3) Global: O(HSA)

Lower bound (Our Theorem 4.2) if eO(
p
T ) (“Optimal regret”) Global: ⌦(HSA log log T )

Lower bound (Our Theorem 4.3) if o(T ) (“No regret”) Global: ⌦(HSA)

Algorithms for reward-free exploration Sample (episode) complexity Switching cost

Algorithm 2&3 in [Jin et al., 2020a] eO(H
5
S
2
A

✏2
) Global: eO(H

7
S
4
A

✏
)‡

RF-UCRL [Kaufmann et al., 2021] eO(H
4
S
2
A

✏2
) Global: eO(H

4
S
2
A

✏2
)

RF-Express [Ménard et al., 2021] eO(H
3
S
2
A

✏2
) Global: eO(H

3
S
2
A

✏2
)

SSTP [Zhang et al., 2020b] eO(S
2
A

✏2
)? Global: eO(SA log(S

2
A

✏2
))†

Algorithm 3&4 in [Huang et al., 2022] eO(dH(d
3cKH

6cK+1

✏
2cK

)
1

cK�1 ) Global: cKdH + 1

LARFE (Our Algorithm 4) eO(H
5
S
2
A

✏2
) Global: O(HSA)

Table 1: Comparison of our results (in blue) to existing work regarding problem type, regret/sample
complexity, and switching cost. Note that some of the works are under linear MDP, where d is
the dimension of feature map. When the feature map is the canonical basis [Jin et al., 2020b],
linear MDP recovers tabular MDP and d = SA. ⇤:This result is generalized by Wang et al. [2021],
whose algorithm has a same switching cost bound under this regret bound. ‡: In [Jin et al., 2020a],

there are eO(H
7
S
4
A

✏
) episodes of data collected using EULER, which can lead to the same number of

switching cost in the worst case. ?: This result is derived under stationary MDP with total reward
bounded by 1. †:We translate the use of trigger set in Algorithm 3 [Zhang et al., 2020b] to a worst
case switching cost bound.

• A matching global switching cost lower bound of ⌦(HSA log log T ) for any algorithm with
eO⇤(

p
T ) regret bound (Theorem 4.2). This certifies the policy switching of APEVE is near-

optimal for sample-e�cient RL. As a byproduct, we provide a global switching cost lower
bound of ⌦(HSA) for any no-regret algorithm (Theorem 4.3).

• We also propose a new low-adaptive algorithm LARFE for reward-free exploration (Algo-
rithm 4). It comes with an optimal global switching cost of O(HSA) for deterministic policies
(Theorem 5.1) and allows the identification of an ✏-optimal policy simultaneously for all
(unknown, possibly data-dependent) reward design.

Why log log T switching cost matters? The improvement from log T to log log T could make a
big di↵erence in practical applications. Take T = 1e5 as an example, log T ⇡ 11.5 and log log T ⇡ 2.4.
This represents a nearly 5x improvement in a reasonably-sized exploration dataset one can collect.
80% savings in the required resources could distinguish between what is practical and what is not,
and will certainly allow for more iterations. On the other hand, the total number of atoms in the
observable universe ⇡ 1082 and log log 1082 ⇡ 5.24. This reveals log log T could be cast as constant
quantity in practice, since it is impossible to run T > 1082 steps for any experiment in real-world
applications.

2020c] and global switching cost (ours). However, we are the first to achieve log log T switching cost with
p
T regret,

regardless of its type.

4



Main challenge: Can’t use optimism.
need to solve exploration differently!

25

Global Policy space

�k
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Experiment Design
Using Model from
Crude-Exploration

�k+1
<latexit sha1_base64="2QBRmmvf46wjCqLWBmwE7jtr3Ss=">AAAB8XicbZBNS8NAEIYn9avWr6pHL4tFEISSSEGPRS8eK9gPbEPZbCft0s0m7G6EEvovvHhQxKv/xpv/xm2bg7a+sPDwzgw78waJ4Nq47rdTWFvf2Nwqbpd2dvf2D8qHRy0dp4phk8UiVp2AahRcYtNwI7CTKKRRILAdjG9n9fYTKs1j+WAmCfoRHUoeckaNtR57yYj3s/GFN+2XK27VnYusgpdDBXI1+uWv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtShqh9rP5xlNyZp0BCWNlnzRk7v6eyGik9SQKbGdEzUgv12bmf7VuasJrP+MySQ1KtvgoTAUxMZmdTwZcITNiYoEyxe2uhI2ooszYkEo2BG/55FVoXVY9y/e1Sv0mj6MIJ3AK5+DBFdThDhrQBAYSnuEV3hztvDjvzseiteDkM8fwR87nDzYVkJk=</latexit><latexit sha1_base64="2QBRmmvf46wjCqLWBmwE7jtr3Ss=">AAAB8XicbZBNS8NAEIYn9avWr6pHL4tFEISSSEGPRS8eK9gPbEPZbCft0s0m7G6EEvovvHhQxKv/xpv/xm2bg7a+sPDwzgw78waJ4Nq47rdTWFvf2Nwqbpd2dvf2D8qHRy0dp4phk8UiVp2AahRcYtNwI7CTKKRRILAdjG9n9fYTKs1j+WAmCfoRHUoeckaNtR57yYj3s/GFN+2XK27VnYusgpdDBXI1+uWv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtShqh9rP5xlNyZp0BCWNlnzRk7v6eyGik9SQKbGdEzUgv12bmf7VuasJrP+MySQ1KtvgoTAUxMZmdTwZcITNiYoEyxe2uhI2ooszYkEo2BG/55FVoXVY9y/e1Sv0mj6MIJ3AK5+DBFdThDhrQBAYSnuEV3hztvDjvzseiteDkM8fwR87nDzYVkJk=</latexit><latexit sha1_base64="2QBRmmvf46wjCqLWBmwE7jtr3Ss=">AAAB8XicbZBNS8NAEIYn9avWr6pHL4tFEISSSEGPRS8eK9gPbEPZbCft0s0m7G6EEvovvHhQxKv/xpv/xm2bg7a+sPDwzgw78waJ4Nq47rdTWFvf2Nwqbpd2dvf2D8qHRy0dp4phk8UiVp2AahRcYtNwI7CTKKRRILAdjG9n9fYTKs1j+WAmCfoRHUoeckaNtR57yYj3s/GFN+2XK27VnYusgpdDBXI1+uWv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtShqh9rP5xlNyZp0BCWNlnzRk7v6eyGik9SQKbGdEzUgv12bmf7VuasJrP+MySQ1KtvgoTAUxMZmdTwZcITNiYoEyxe2uhI2ooszYkEo2BG/55FVoXVY9y/e1Sv0mj6MIJ3AK5+DBFdThDhrQBAYSnuEV3hztvDjvzseiteDkM8fwR87nDzYVkJk=</latexit><latexit sha1_base64="2QBRmmvf46wjCqLWBmwE7jtr3Ss=">AAAB8XicbZBNS8NAEIYn9avWr6pHL4tFEISSSEGPRS8eK9gPbEPZbCft0s0m7G6EEvovvHhQxKv/xpv/xm2bg7a+sPDwzgw78waJ4Nq47rdTWFvf2Nwqbpd2dvf2D8qHRy0dp4phk8UiVp2AahRcYtNwI7CTKKRRILAdjG9n9fYTKs1j+WAmCfoRHUoeckaNtR57yYj3s/GFN+2XK27VnYusgpdDBXI1+uWv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtShqh9rP5xlNyZp0BCWNlnzRk7v6eyGik9SQKbGdEzUgv12bmf7VuasJrP+MySQ1KtvgoTAUxMZmdTwZcITNiYoEyxe2uhI2ooszYkEo2BG/55FVoXVY9y/e1Sv0mj6MIJ3AK5+DBFdThDhrQBAYSnuEV3hztvDjvzseiteDkM8fwR87nDzYVkJk=</latexit>

New Data
In Parallel Batches�1
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Summary of the main results

• Real-life RL imposes constraints on exploration.

• RL with offline data
• Asymptotic efficiency for OPE using plug-in.
• Pessimistic value iteration works even if the coverage is

poor.. It competes with any policy (optimal or not!)

• RL with low-switching cost
• Emerging new setting
• Algorithmically enforce “exploration”, but retain

deployment efficiency!
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Future work and open problems

• RL with low switching cost / deployment efficiency
in the function approximation regime
• We have released a recent work under linear MDP

• Combine offline RL and low-adaptive exploration
• Using offline data as a “LaunchPad”

• The compatibility of pessimism and efficient
exploration? Can we get both?
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Thank you for your attention!
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Our approach: Policy Elimination 
With two-stage exploration

• Crude layer-wise exploration
• Get a “ball park” approximation of the model

• Fine stagewise exploration
• Use the crude model to identify “representative” policies

• Policy elimination
• Disqualify policies that are certifiably suboptimal.
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Illustration of the policy
elimination step
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Global Policy space
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Experiment Design
Using Model from
Crude-Exploration
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New Data
In Parallel Batches

Tight Confidence bound
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Results: Optimal Switching Cost
with nearly optimal regret

• First of its kind with log-log T switching cost
• Information-theoretically optimal!
• No need to “assume” exploration
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Algorithms for regret minimization Regret Switching cost

UCB2-Bernstein [Bai et al., 2019] eO(
p
H3SAT ) Local: O(H3SA log T )

UCB-Advantage [Zhang et al., 2020c] eO(
p
H2SAT ) Local: O(H2SA log T )

Algorithm 1 in [Gao et al., 2021] ⇤ eO(
p
d3H3T ) Global: O(dH log T )

APEVE (Our Algorithm 1) eO(
p
H4S2AT ) Global: O(HSA log log T )

Explore-First w. LARFE (Our Algorithm 4) eO(T 2/3H4/3S2/3A1/3) Global: O(HSA)

Lower bound (Our Theorem 4.2) if eO(
p
T ) (“Optimal regret”) Global: ⌦(HSA log log T )

Lower bound (Our Theorem 4.3) if o(T ) (“No regret”) Global: ⌦(HSA)

Algorithms for reward-free exploration Sample (episode) complexity Switching cost

Algorithm 2&3 in [Jin et al., 2020a] eO(H
5
S
2
A

✏2
) Global: eO(H

7
S
4
A

✏
)‡

RF-UCRL [Kaufmann et al., 2021] eO(H
4
S
2
A

✏2
) Global: eO(H

4
S
2
A

✏2
)

RF-Express [Ménard et al., 2021] eO(H
3
S
2
A

✏2
) Global: eO(H

3
S
2
A

✏2
)

SSTP [Zhang et al., 2020b] eO(S
2
A

✏2
)? Global: eO(SA log(S

2
A

✏2
))†

Algorithm 3&4 in [Huang et al., 2022] eO(dH(d
3cKH

6cK+1

✏
2cK

)
1

cK�1 ) Global: cKdH + 1

LARFE (Our Algorithm 4) eO(H
5
S
2
A

✏2
) Global: O(HSA)

Table 1: Comparison of our results (in blue) to existing work regarding problem type, regret/sample
complexity, and switching cost. Note that some of the works are under linear MDP, where d is
the dimension of feature map. When the feature map is the canonical basis [Jin et al., 2020b],
linear MDP recovers tabular MDP and d = SA. ⇤:This result is generalized by Wang et al. [2021],
whose algorithm has a same switching cost bound under this regret bound. ‡: In [Jin et al., 2020a],

there are eO(H
7
S
4
A

✏
) episodes of data collected using EULER, which can lead to the same number of

switching cost in the worst case. ?: This result is derived under stationary MDP with total reward
bounded by 1. †:We translate the use of trigger set in Algorithm 3 [Zhang et al., 2020b] to a worst
case switching cost bound.

• A matching global switching cost lower bound of ⌦(HSA log log T ) for any algorithm with
eO⇤(

p
T ) regret bound (Theorem 4.2). This certifies the policy switching of APEVE is near-

optimal for sample-e�cient RL. As a byproduct, we provide a global switching cost lower
bound of ⌦(HSA) for any no-regret algorithm (Theorem 4.3).

• We also propose a new low-adaptive algorithm LARFE for reward-free exploration (Algo-
rithm 4). It comes with an optimal global switching cost of O(HSA) for deterministic policies
(Theorem 5.1) and allows the identification of an ✏-optimal policy simultaneously for all
(unknown, possibly data-dependent) reward design.

Why log log T switching cost matters? The improvement from log T to log log T could make a
big di↵erence in practical applications. Take T = 1e5 as an example, log T ⇡ 11.5 and log log T ⇡ 2.4.
This represents a nearly 5x improvement in a reasonably-sized exploration dataset one can collect.
80% savings in the required resources could distinguish between what is practical and what is not,
and will certainly allow for more iterations. On the other hand, the total number of atoms in the
observable universe ⇡ 1082 and log log 1082 ⇡ 5.24. This reveals log log T could be cast as constant
quantity in practice, since it is impossible to run T > 1082 steps for any experiment in real-world
applications.

2020c] and global switching cost (ours). However, we are the first to achieve log log T switching cost with
p
T regret,

regardless of its type.
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