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Human Feedback

• Learning from human feedback is useful [RLHF, inter alia]
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Human Feedback

• Learning from human feedback is useful [RLHF, inter alia]
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4 [Figure from Ouyang et. al, 2022]



• But…


• Annotations are expensive to collect


• Comparison-based feedback rarely occurs in practice

Human Feedback

• Learning from human feedback is useful [RLHF, inter alia]
annotator-provided 

comparison-based  
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Human Feedback in Practice
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• Agent interacts with a user


• Agent provides a single output


• Feedback occurs in various forms


• Thumb up / down (explicit)


• User rephrases the query (implicit)


• …

Human Feedback in Practice

Query
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• Agent interacts with a user


• Agent provides a single response


• Feedback occurs in various forms


• Thumb up / down (explicit)


• User rephrases the query (implicit)


• …

Human Feedback in Practice

Response

Query
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• Agent interacts with a user


• Agent provides a single response


• Feedback occurs in various forms


• Thumb up / down (explicit)


• User rephrases the query (implicit)


• …

Human Feedback in Practice

Query

Response

Feedback
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1. How to learn from naturally occurring 
human feedback?


2. Going beyond individual model 
improvement, how to improve 
language processing pipelines?

Query

Response

Feedback
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Outline: Learning from User Feedback



Feedback to Writing Assistant

• The use of AI writing assistants is prevalent nowadays 


• Users often revise the model output before own final use


• Feedback in the form of edits naturally arises, and is abundant 


• Such feedback reflects the user’s authentic expectation and preference

Write me a …  
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• The use of AI writing assistants is prevalent nowadays 


• Users often revise the agent response before own final use


• Feedback in the form of edits naturally arises, and is abundant 


• Such feedback reflects the user’s authentic expectation and preference

Feedback to Writing Assistant

Write me a …  

- Farming, as a part of agriculture, involves growing crops 
cultivation and animal rearing for food and raw materials.

- Originated It began thousands of years ago, likely in the Fertile 
Crescent, leading to the Neolithic Revolution

- Transition as people transitioned from nomadic hunting to 
settled farming. resulted in significant human population increase
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Feedback to Writing Assistant

• The use of AI writing assistants is prevalent nowadays 


• Users often revise the agent response before own final use


• Every natural use of the agent yields an edit feedback for learning 

• Such feedback reflects the user’s authentic expectation and individual 
preference, beyond the generic writing task
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Research Question

• How to learn from user feedback in the form of edits?


• Generate satisfactory outputs that align with the user’s need


• Infer latent user preference based on edits feedback


• Take accounts of user’s efforts on making such edits 

correct preference induction satisfactory output few user edits
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Research Question

• How to learn from user feedback in the form of edits?


• Infer latent user preference based on edits feedback


• Generate satisfactory responses that align with the user’s need


• Take account of user’s efforts on making such edits 

correct preference induction satisfactory response few user edits
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 Challenges

• User preference is multifaceted and complex


• Some preference is context-dependent, and may even vary over time


• Feedback in the form of edits is implicit


• lacking direct expressions of the underlying preference


• may lead to diverse interpretations
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Outline: Our Contribution

• A framework that formulates the interaction process and learning problem


• A method that implements this framework for LLM agents


• Highlights from experimental results and analysis
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Learning Framework
1 User provides a context        to the LLM agent <latexit sha1_base64="G0v2COmQ3fmd6ElS2Q5ztZFMTzg=">AAAB6nicdVBNSwMxEJ2tX7V+VT16CRbBU8kWWdtbwYsHDxXtB7RLyabZNjSbXZKsWEp/ghcPinj1F3nz35htK6jog4HHezPMzAsSwbXB+MPJrayurW/kNwtb2zu7e8X9g5aOU0VZk8YiVp2AaCa4ZE3DjWCdRDESBYK1g/FF5rfvmNI8lrdmkjA/IkPJQ06JsdLNfd/0iyVcxhaehzLiVrFrSa1WrVRqyJ1bGJdgiUa/+N4bxDSNmDRUEK27Lk6MPyXKcCrYrNBLNUsIHZMh61oqScS0P52fOkMnVhmgMFa2pEFz9fvElERaT6LAdkbEjPRvLxP/8rqpCav+lMskNUzSxaIwFcjEKPsbDbhi1IiJJYQqbm9FdEQUocamU7AhfH2K/ietStn1yt71Wal+tYwjD0dwDKfgwjnU4RIa0AQKQ3iAJ3h2hPPovDivi9acs5w5hB9w3j4BzxWONQ==</latexit>xtRound

<latexit sha1_base64="BfQzaEwWM0WoZUvqn2qP0CAljY8=">AAAB6HicdVDLSgNBEJyNrxhfUY9eBoPgKcwGWZNbwIsHDwmYByRLmJ30JmNmZ5eZWSEs+QIvHhTx6id582+cPAQVLWgoqrrp7goSwbUh5MPJra1vbG7ltws7u3v7B8XDo7aOU8WgxWIRq25ANQguoWW4EdBNFNAoENAJJldzv3MPSvNY3pppAn5ER5KHnFFjpaYZFEukTCw8D8+JWyWuJbVatVKpYXdhEVJCKzQGxff+MGZpBNIwQbXuuSQxfkaV4UzArNBPNSSUTegIepZKGoH2s8WhM3xmlSEOY2VLGrxQv09kNNJ6GgW2M6JmrH97c/Evr5easOpnXCapAcmWi8JUYBPj+dd4yBUwI6aWUKa4vRWzMVWUGZtNwYbw9Sn+n7QrZdcre82LUv1mFUcenaBTdI5cdInq6Bo1UAsxBOgBPaFn5855dF6c12VrzlnNHKMfcN4+AT4RjUo=</latexit>

t
Article: {user-provided article}

Please summarize the above article.
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Learning Framework
1

2

User provides a context        to the LLM agent <latexit sha1_base64="G0v2COmQ3fmd6ElS2Q5ztZFMTzg=">AAAB6nicdVBNSwMxEJ2tX7V+VT16CRbBU8kWWdtbwYsHDxXtB7RLyabZNjSbXZKsWEp/ghcPinj1F3nz35htK6jog4HHezPMzAsSwbXB+MPJrayurW/kNwtb2zu7e8X9g5aOU0VZk8YiVp2AaCa4ZE3DjWCdRDESBYK1g/FF5rfvmNI8lrdmkjA/IkPJQ06JsdLNfd/0iyVcxhaehzLiVrFrSa1WrVRqyJ1bGJdgiUa/+N4bxDSNmDRUEK27Lk6MPyXKcCrYrNBLNUsIHZMh61oqScS0P52fOkMnVhmgMFa2pEFz9fvElERaT6LAdkbEjPRvLxP/8rqpCav+lMskNUzSxaIwFcjEKPsbDbhi1IiJJYQqbm9FdEQUocamU7AhfH2K/ietStn1yt71Wal+tYwjD0dwDKfgwjnU4RIa0AQKQ3iAJ3h2hPPovDivi9acs5w5hB9w3j4BzxWONQ==</latexit>xtRound
<latexit sha1_base64="BfQzaEwWM0WoZUvqn2qP0CAljY8=">AAAB6HicdVDLSgNBEJyNrxhfUY9eBoPgKcwGWZNbwIsHDwmYByRLmJ30JmNmZ5eZWSEs+QIvHhTx6id582+cPAQVLWgoqrrp7goSwbUh5MPJra1vbG7ltws7u3v7B8XDo7aOU8WgxWIRq25ANQguoWW4EdBNFNAoENAJJldzv3MPSvNY3pppAn5ER5KHnFFjpaYZFEukTCw8D8+JWyWuJbVatVKpYXdhEVJCKzQGxff+MGZpBNIwQbXuuSQxfkaV4UzArNBPNSSUTegIepZKGoH2s8WhM3xmlSEOY2VLGrxQv09kNNJ6GgW2M6JmrH97c/Evr5easOpnXCapAcmWi8JUYBPj+dd4yBUwI6aWUKa4vRWzMVWUGZtNwYbw9Sn+n7QrZdcre82LUv1mFUcenaBTdI5cdInq6Bo1UAsxBOgBPaFn5855dF6c12VrzlnNHKMfcN4+AT4RjUo=</latexit>

t

LLM agent generates a response        given the context<latexit sha1_base64="8ZLFn0fFj0V66ydvpWDPyCv8RvU=">AAAB6nicdVBNSwMxEM3Wr1q/qh69BIvgqWSLrO2t4MWDh4rWFtqlZNO0Dc1ml2RWWJb+BC8eFPHqL/LmvzHbVlDRBwOP92aYmRfEUhgg5MMprKyurW8UN0tb2zu7e+X9gzsTJZrxNotkpLsBNVwKxdsgQPJurDkNA8k7wfQi9zv3XBsRqVtIY+6HdKzESDAKVrpJBzAoV0iVWHgezolbJ64ljUa9Vmtgd24RUkFLtAbl9/4wYknIFTBJjem5JAY/oxoEk3xW6ieGx5RN6Zj3LFU05MbP5qfO8IlVhngUaVsK8Fz9PpHR0Jg0DGxnSGFifnu5+JfXS2BU9zOh4gS4YotFo0RiiHD+Nx4KzRnI1BLKtLC3YjahmjKw6ZRsCF+f4v/JXa3qelXv+qzSvFrGUURH6BidIhedoya6RC3URgyN0QN6Qs+OdB6dF+d10VpwljOH6Aect0/Qm442</latexit>yt
Farming, a part of agriculture, involves growing crops and 
rearing animals for food and raw materials. It began thousands 
of years ago, likely in the Fertile Crescent, and led to the 
Neolithic Revolution as people transitioned from nomadic 
hunting to settled farming. This allowed for a significant increase 
in human population.

Article: {user-provided article}

Please summarize the above article.
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2

3

User provides a context        to the LLM agent <latexit sha1_base64="G0v2COmQ3fmd6ElS2Q5ztZFMTzg=">AAAB6nicdVBNSwMxEJ2tX7V+VT16CRbBU8kWWdtbwYsHDxXtB7RLyabZNjSbXZKsWEp/ghcPinj1F3nz35htK6jog4HHezPMzAsSwbXB+MPJrayurW/kNwtb2zu7e8X9g5aOU0VZk8YiVp2AaCa4ZE3DjWCdRDESBYK1g/FF5rfvmNI8lrdmkjA/IkPJQ06JsdLNfd/0iyVcxhaehzLiVrFrSa1WrVRqyJ1bGJdgiUa/+N4bxDSNmDRUEK27Lk6MPyXKcCrYrNBLNUsIHZMh61oqScS0P52fOkMnVhmgMFa2pEFz9fvElERaT6LAdkbEjPRvLxP/8rqpCav+lMskNUzSxaIwFcjEKPsbDbhi1IiJJYQqbm9FdEQUocamU7AhfH2K/ietStn1yt71Wal+tYwjD0dwDKfgwjnU4RIa0AQKQ3iAJ3h2hPPovDivi9acs5w5hB9w3j4BzxWONQ==</latexit>xt

User edits the agent response, resulting in a revision       

Round
<latexit sha1_base64="BfQzaEwWM0WoZUvqn2qP0CAljY8=">AAAB6HicdVDLSgNBEJyNrxhfUY9eBoPgKcwGWZNbwIsHDwmYByRLmJ30JmNmZ5eZWSEs+QIvHhTx6id582+cPAQVLWgoqrrp7goSwbUh5MPJra1vbG7ltws7u3v7B8XDo7aOU8WgxWIRq25ANQguoWW4EdBNFNAoENAJJldzv3MPSvNY3pppAn5ER5KHnFFjpaYZFEukTCw8D8+JWyWuJbVatVKpYXdhEVJCKzQGxff+MGZpBNIwQbXuuSQxfkaV4UzArNBPNSSUTegIepZKGoH2s8WhM3xmlSEOY2VLGrxQv09kNNJ6GgW2M6JmrH97c/Evr5easOpnXCapAcmWi8JUYBPj+dd4yBUwI6aWUKa4vRWzMVWUGZtNwYbw9Sn+n7QrZdcre82LUv1mFUcenaBTdI5cdInq6Bo1UAsxBOgBPaFn5855dF6c12VrzlnNHKMfcN4+AT4RjUo=</latexit>

t

LLM agent generates a response        given the context<latexit sha1_base64="8ZLFn0fFj0V66ydvpWDPyCv8RvU=">AAAB6nicdVBNSwMxEM3Wr1q/qh69BIvgqWSLrO2t4MWDh4rWFtqlZNO0Dc1ml2RWWJb+BC8eFPHqL/LmvzHbVlDRBwOP92aYmRfEUhgg5MMprKyurW8UN0tb2zu7e+X9gzsTJZrxNotkpLsBNVwKxdsgQPJurDkNA8k7wfQi9zv3XBsRqVtIY+6HdKzESDAKVrpJBzAoV0iVWHgezolbJ64ljUa9Vmtgd24RUkFLtAbl9/4wYknIFTBJjem5JAY/oxoEk3xW6ieGx5RN6Zj3LFU05MbP5qfO8IlVhngUaVsK8Fz9PpHR0Jg0DGxnSGFifnu5+JfXS2BU9zOh4gS4YotFo0RiiHD+Nx4KzRnI1BLKtLC3YjahmjKw6ZRsCF+f4v/JXa3qelXv+qzSvFrGUURH6BidIhedoya6RC3URgyN0QN6Qs+OdB6dF+d10VpwljOH6Aect0/Qm442</latexit>yt

<latexit sha1_base64="RbVKJyRFVRvTRjruGw6O1w/whCs=">AAAB63icdVBNSwMxEJ2tX7V+VT16CRbRU9ktsra3ghcPHipYW2iXkk2zbWiSXZKssJT+BS8eFPHqH/LmvzHbVlDRBwOP92aYmRcmnGnjuh9OYWV1bX2juFna2t7Z3SvvH9zpOFWEtknMY9UNsaacSdo2zHDaTRTFIuS0E04uc79zT5Vmsbw1WUIDgUeSRYxgk0vZ6cAMyhW36lr4PsqJV3c9SxqNeq3WQN7cct0KLNEalN/7w5ikgkpDONa657mJCaZYGUY4nZX6qaYJJhM8oj1LJRZUB9P5rTN0YpUhimJlSxo0V79PTLHQOhOh7RTYjPVvLxf/8nqpierBlMkkNVSSxaIo5cjEKH8cDZmixPDMEkwUs7ciMsYKE2PjKdkQvj5F/5O7WtXzq/7NeaV5vYyjCEdwDGfgwQU04Qpa0AYCY3iAJ3h2hPPovDivi9aCs5w5hB9w3j4BMXWOZw==</latexit>

y0t

Farming, a part of agriculture, involves growing crops and 
rearing animals for food and raw materials. It began thousands 
of years ago, likely in the Fertile Crescent, and led to the 
Neolithic Revolution as people transitioned from nomadic 
hunting to settled farming. This allowed for a significant increase 
in human population.

Article: {user-provided article}

Please summarize the above article.

- Farming, as a part of agriculture, involves growing crops 
cultivation and animal rearing for food and raw materials.

- Originated It began thousands of years ago, likely in the Fertile 
Crescent, leading to the Neolithic Revolution

- Transition as people transitioned from nomadic hunting to 
settled farming. resulted in significant human population increase
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User edits the agent response, resulting in a revision       

Round
<latexit sha1_base64="BfQzaEwWM0WoZUvqn2qP0CAljY8=">AAAB6HicdVDLSgNBEJyNrxhfUY9eBoPgKcwGWZNbwIsHDwmYByRLmJ30JmNmZ5eZWSEs+QIvHhTx6id582+cPAQVLWgoqrrp7goSwbUh5MPJra1vbG7ltws7u3v7B8XDo7aOU8WgxWIRq25ANQguoWW4EdBNFNAoENAJJldzv3MPSvNY3pppAn5ER5KHnFFjpaYZFEukTCw8D8+JWyWuJbVatVKpYXdhEVJCKzQGxff+MGZpBNIwQbXuuSQxfkaV4UzArNBPNSSUTegIepZKGoH2s8WhM3xmlSEOY2VLGrxQv09kNNJ6GgW2M6JmrH97c/Evr5easOpnXCapAcmWi8JUYBPj+dd4yBUwI6aWUKa4vRWzMVWUGZtNwYbw9Sn+n7QrZdcre82LUv1mFUcenaBTdI5cdInq6Bo1UAsxBOgBPaFn5855dF6c12VrzlnNHKMfcN4+AT4RjUo=</latexit>

t

LLM agent generates a response        given the context<latexit sha1_base64="8ZLFn0fFj0V66ydvpWDPyCv8RvU=">AAAB6nicdVBNSwMxEM3Wr1q/qh69BIvgqWSLrO2t4MWDh4rWFtqlZNO0Dc1ml2RWWJb+BC8eFPHqL/LmvzHbVlDRBwOP92aYmRfEUhgg5MMprKyurW8UN0tb2zu7e+X9gzsTJZrxNotkpLsBNVwKxdsgQPJurDkNA8k7wfQi9zv3XBsRqVtIY+6HdKzESDAKVrpJBzAoV0iVWHgezolbJ64ljUa9Vmtgd24RUkFLtAbl9/4wYknIFTBJjem5JAY/oxoEk3xW6ieGx5RN6Zj3LFU05MbP5qfO8IlVhngUaVsK8Fz9PpHR0Jg0DGxnSGFifnu5+JfXS2BU9zOh4gS4YotFo0RiiHD+Nx4KzRnI1BLKtLC3YjahmjKw6ZRsCF+f4v/JXa3qelXv+qzSvFrGUURH6BidIhedoya6RC3URgyN0QN6Qs+OdB6dF+d10VpwljOH6Aect0/Qm442</latexit>yt

<latexit sha1_base64="RbVKJyRFVRvTRjruGw6O1w/whCs=">AAAB63icdVBNSwMxEJ2tX7V+VT16CRbRU9ktsra3ghcPHipYW2iXkk2zbWiSXZKssJT+BS8eFPHqH/LmvzHbVlDRBwOP92aYmRcmnGnjuh9OYWV1bX2juFna2t7Z3SvvH9zpOFWEtknMY9UNsaacSdo2zHDaTRTFIuS0E04uc79zT5Vmsbw1WUIDgUeSRYxgk0vZ6cAMyhW36lr4PsqJV3c9SxqNeq3WQN7cct0KLNEalN/7w5ikgkpDONa657mJCaZYGUY4nZX6qaYJJhM8oj1LJRZUB9P5rTN0YpUhimJlSxo0V79PTLHQOhOh7RTYjPVvLxf/8nqpierBlMkkNVSSxaIo5cjEKH8cDZmixPDMEkwUs7ciMsYKE2PjKdkQvj5F/5O7WtXzq/7NeaV5vYyjCEdwDGfgwQU04Qpa0AYCY3iAJ3h2hPPovDivi9aCs5w5hB9w3j4BMXWOZw==</latexit>

y0t
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User provides a context        to the LLM agent <latexit sha1_base64="G0v2COmQ3fmd6ElS2Q5ztZFMTzg=">AAAB6nicdVBNSwMxEJ2tX7V+VT16CRbBU8kWWdtbwYsHDxXtB7RLyabZNjSbXZKsWEp/ghcPinj1F3nz35htK6jog4HHezPMzAsSwbXB+MPJrayurW/kNwtb2zu7e8X9g5aOU0VZk8YiVp2AaCa4ZE3DjWCdRDESBYK1g/FF5rfvmNI8lrdmkjA/IkPJQ06JsdLNfd/0iyVcxhaehzLiVrFrSa1WrVRqyJ1bGJdgiUa/+N4bxDSNmDRUEK27Lk6MPyXKcCrYrNBLNUsIHZMh61oqScS0P52fOkMnVhmgMFa2pEFz9fvElERaT6LAdkbEjPRvLxP/8rqpCav+lMskNUzSxaIwFcjEKPsbDbhi1IiJJYQqbm9FdEQUocamU7AhfH2K/ietStn1yt71Wal+tYwjD0dwDKfgwjnU4RIa0AQKQ3iAJ3h2hPPovDivi9acs5w5hB9w3j4BzxWONQ==</latexit>xt

User edits the agent response, resulting in a revision       

Round
<latexit sha1_base64="BfQzaEwWM0WoZUvqn2qP0CAljY8=">AAAB6HicdVDLSgNBEJyNrxhfUY9eBoPgKcwGWZNbwIsHDwmYByRLmJ30JmNmZ5eZWSEs+QIvHhTx6id582+cPAQVLWgoqrrp7goSwbUh5MPJra1vbG7ltws7u3v7B8XDo7aOU8WgxWIRq25ANQguoWW4EdBNFNAoENAJJldzv3MPSvNY3pppAn5ER5KHnFFjpaYZFEukTCw8D8+JWyWuJbVatVKpYXdhEVJCKzQGxff+MGZpBNIwQbXuuSQxfkaV4UzArNBPNSSUTegIepZKGoH2s8WhM3xmlSEOY2VLGrxQv09kNNJ6GgW2M6JmrH97c/Evr5easOpnXCapAcmWi8JUYBPj+dd4yBUwI6aWUKa4vRWzMVWUGZtNwYbw9Sn+n7QrZdcre82LUv1mFUcenaBTdI5cdInq6Bo1UAsxBOgBPaFn5855dF6c12VrzlnNHKMfcN4+AT4RjUo=</latexit>

t

LLM agent generates a response        given the context<latexit sha1_base64="8ZLFn0fFj0V66ydvpWDPyCv8RvU=">AAAB6nicdVBNSwMxEM3Wr1q/qh69BIvgqWSLrO2t4MWDh4rWFtqlZNO0Dc1ml2RWWJb+BC8eFPHqL/LmvzHbVlDRBwOP92aYmRfEUhgg5MMprKyurW8UN0tb2zu7e+X9gzsTJZrxNotkpLsBNVwKxdsgQPJurDkNA8k7wfQi9zv3XBsRqVtIY+6HdKzESDAKVrpJBzAoV0iVWHgezolbJ64ljUa9Vmtgd24RUkFLtAbl9/4wYknIFTBJjem5JAY/oxoEk3xW6ieGx5RN6Zj3LFU05MbP5qfO8IlVhngUaVsK8Fz9PpHR0Jg0DGxnSGFifnu5+JfXS2BU9zOh4gS4YotFo0RiiHD+Nx4KzRnI1BLKtLC3YjahmjKw6ZRsCF+f4v/JXa3qelXv+qzSvFrGUURH6BidIhedoya6RC3URgyN0QN6Qs+OdB6dF+d10VpwljOH6Aect0/Qm442</latexit>yt

<latexit sha1_base64="RbVKJyRFVRvTRjruGw6O1w/whCs=">AAAB63icdVBNSwMxEJ2tX7V+VT16CRbRU9ktsra3ghcPHipYW2iXkk2zbWiSXZKssJT+BS8eFPHqH/LmvzHbVlDRBwOP92aYmRcmnGnjuh9OYWV1bX2juFna2t7Z3SvvH9zpOFWEtknMY9UNsaacSdo2zHDaTRTFIuS0E04uc79zT5Vmsbw1WUIDgUeSRYxgk0vZ6cAMyhW36lr4PsqJV3c9SxqNeq3WQN7cct0KLNEalN/7w5ikgkpDONa657mJCaZYGUY4nZX6qaYJJhM8oj1LJRZUB9P5rTN0YpUhimJlSxo0V79PTLHQOhOh7RTYjPVvLxf/8nqpierBlMkkNVSSxaIo5cjEKH8cDZmixPDMEkwUs7ciMsYKE2PjKdkQvj5F/5O7WtXzq/7NeaV5vYyjCEdwDGfgwQU04Qpa0AYCY3iAJ3h2hPPovDivi9aCs5w5hB9w3j4BMXWOZw==</latexit>

y0t
according to a latent preference

<latexit sha1_base64="Au0YcVvDvNOHV+7GDK3NEI+h37A=">AAAB7HicdVBNS8NAEJ3Ur1q/qh69LBZBPJSkSGxvBS8ePFQwbaGNZbPdtEs3m7C7EUrob/DiQRGv/iBv/hs3bQUVfTDweG+GmXlBwpnStv1hFVZW19Y3ipulre2d3b3y/kFbxakk1CMxj2U3wIpyJqinmea0m0iKo4DTTjC5zP3OPZWKxeJWTxPqR3gkWMgI1kbywruzgR6UK3bVNnBdlBOnbjuGNBr1Wq2BnLll2xVYojUov/eHMUkjKjThWKmeYyfaz7DUjHA6K/VTRRNMJnhEe4YKHFHlZ/NjZ+jEKEMUxtKU0Giufp/IcKTUNApMZ4T1WP32cvEvr5fqsO5nTCSppoIsFoUpRzpG+edoyCQlmk8NwUQycysiYywx0Safkgnh61P0P2nXqo5bdW/OK83rZRxFOIJjOAUHLqAJV9ACDwgweIAneLaE9Wi9WK+L1oK1nDmEH7DePgHN5I6/</latexit>

f⇤
t
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User provides a context        to the LLM agent <latexit sha1_base64="G0v2COmQ3fmd6ElS2Q5ztZFMTzg=">AAAB6nicdVBNSwMxEJ2tX7V+VT16CRbBU8kWWdtbwYsHDxXtB7RLyabZNjSbXZKsWEp/ghcPinj1F3nz35htK6jog4HHezPMzAsSwbXB+MPJrayurW/kNwtb2zu7e8X9g5aOU0VZk8YiVp2AaCa4ZE3DjWCdRDESBYK1g/FF5rfvmNI8lrdmkjA/IkPJQ06JsdLNfd/0iyVcxhaehzLiVrFrSa1WrVRqyJ1bGJdgiUa/+N4bxDSNmDRUEK27Lk6MPyXKcCrYrNBLNUsIHZMh61oqScS0P52fOkMnVhmgMFa2pEFz9fvElERaT6LAdkbEjPRvLxP/8rqpCav+lMskNUzSxaIwFcjEKPsbDbhi1IiJJYQqbm9FdEQUocamU7AhfH2K/ietStn1yt71Wal+tYwjD0dwDKfgwjnU4RIa0AQKQ3iAJ3h2hPPovDivi9acs5w5hB9w3j4BzxWONQ==</latexit>xt

User edits the agent response, resulting in a revision       ,
according to a latent preference

Round
<latexit sha1_base64="BfQzaEwWM0WoZUvqn2qP0CAljY8=">AAAB6HicdVDLSgNBEJyNrxhfUY9eBoPgKcwGWZNbwIsHDwmYByRLmJ30JmNmZ5eZWSEs+QIvHhTx6id582+cPAQVLWgoqrrp7goSwbUh5MPJra1vbG7ltws7u3v7B8XDo7aOU8WgxWIRq25ANQguoWW4EdBNFNAoENAJJldzv3MPSvNY3pppAn5ER5KHnFFjpaYZFEukTCw8D8+JWyWuJbVatVKpYXdhEVJCKzQGxff+MGZpBNIwQbXuuSQxfkaV4UzArNBPNSSUTegIepZKGoH2s8WhM3xmlSEOY2VLGrxQv09kNNJ6GgW2M6JmrH97c/Evr5easOpnXCapAcmWi8JUYBPj+dd4yBUwI6aWUKa4vRWzMVWUGZtNwYbw9Sn+n7QrZdcre82LUv1mFUcenaBTdI5cdInq6Bo1UAsxBOgBPaFn5855dF6c12VrzlnNHKMfcN4+AT4RjUo=</latexit>

t

<latexit sha1_base64="Au0YcVvDvNOHV+7GDK3NEI+h37A=">AAAB7HicdVBNS8NAEJ3Ur1q/qh69LBZBPJSkSGxvBS8ePFQwbaGNZbPdtEs3m7C7EUrob/DiQRGv/iBv/hs3bQUVfTDweG+GmXlBwpnStv1hFVZW19Y3ipulre2d3b3y/kFbxakk1CMxj2U3wIpyJqinmea0m0iKo4DTTjC5zP3OPZWKxeJWTxPqR3gkWMgI1kbywruzgR6UK3bVNnBdlBOnbjuGNBr1Wq2BnLll2xVYojUov/eHMUkjKjThWKmeYyfaz7DUjHA6K/VTRRNMJnhEe4YKHFHlZ/NjZ+jEKEMUxtKU0Giufp/IcKTUNApMZ4T1WP32cvEvr5fqsO5nTCSppoIsFoUpRzpG+edoyCQlmk8NwUQycysiYywx0Safkgnh61P0P2nXqo5bdW/OK83rZRxFOIJjOAUHLqAJV9ACDwgweIAneLaE9Wi9WK+L1oK1nDmEH7DePgHN5I6/</latexit>

f⇤
t

LLM agent generates a response        given the context<latexit sha1_base64="8ZLFn0fFj0V66ydvpWDPyCv8RvU=">AAAB6nicdVBNSwMxEM3Wr1q/qh69BIvgqWSLrO2t4MWDh4rWFtqlZNO0Dc1ml2RWWJb+BC8eFPHqL/LmvzHbVlDRBwOP92aYmRfEUhgg5MMprKyurW8UN0tb2zu7e+X9gzsTJZrxNotkpLsBNVwKxdsgQPJurDkNA8k7wfQi9zv3XBsRqVtIY+6HdKzESDAKVrpJBzAoV0iVWHgezolbJ64ljUa9Vmtgd24RUkFLtAbl9/4wYknIFTBJjem5JAY/oxoEk3xW6ieGx5RN6Zj3LFU05MbP5qfO8IlVhngUaVsK8Fz9PpHR0Jg0DGxnSGFifnu5+JfXS2BU9zOh4gS4YotFo0RiiHD+Nx4KzRnI1BLKtLC3YjahmjKw6ZRsCF+f4v/JXa3qelXv+qzSvFrGUURH6BidIhedoya6RC3URgyN0QN6Qs+OdB6dF+d10VpwljOH6Aect0/Qm442</latexit>yt

<latexit sha1_base64="RbVKJyRFVRvTRjruGw6O1w/whCs=">AAAB63icdVBNSwMxEJ2tX7V+VT16CRbRU9ktsra3ghcPHipYW2iXkk2zbWiSXZKssJT+BS8eFPHqH/LmvzHbVlDRBwOP92aYmRcmnGnjuh9OYWV1bX2juFna2t7Z3SvvH9zpOFWEtknMY9UNsaacSdo2zHDaTRTFIuS0E04uc79zT5Vmsbw1WUIDgUeSRYxgk0vZ6cAMyhW36lr4PsqJV3c9SxqNeq3WQN7cct0KLNEalN/7w5ikgkpDONa657mJCaZYGUY4nZX6qaYJJhM8oj1LJRZUB9P5rTN0YpUhimJlSxo0V79PTLHQOhOh7RTYjPVvLxf/8nqpierBlMkkNVSSxaIo5cjEKH8cDZmixPDMEkwUs7ciMsYKE2PjKdkQvj5F/5O7WtXzq/7NeaV5vYyjCEdwDGfgwQU04Qpa0AYCY3iAJ3h2hPPovDivi9aCs5w5hB9w3j4BMXWOZw==</latexit>

y0t

LLM agent infers a preference       based on history given the context
<latexit sha1_base64="Pyy/hW/S5t1/LVir/sqY80KduKc=">AAAB6nicdVBNSwMxEM3Wr1q/qh69BIvgqWSLrO2t4MWDh4rWFtqlZNNsG5rNLsmsUJb+BC8eFPHqL/LmvzHbVlDRBwOP92aYmRckUhgg5MMprKyurW8UN0tb2zu7e+X9gzsTp5rxNotlrLsBNVwKxdsgQPJuojmNAsk7weQi9zv3XBsRq1uYJtyP6EiJUDAKVroJBzAoV0iVWHgezolbJ64ljUa9Vmtgd24RUkFLtAbl9/4wZmnEFTBJjem5JAE/oxoEk3xW6qeGJ5RN6Ij3LFU04sbP5qfO8IlVhjiMtS0FeK5+n8hoZMw0CmxnRGFsfnu5+JfXSyGs+5lQSQpcscWiMJUYYpz/jYdCcwZyagllWthbMRtTTRnYdEo2hK9P8f/krlZ1vap3fVZpXi3jKKIjdIxOkYvOURNdohZqI4ZG6AE9oWdHOo/Oi/O6aC04y5lD9APO2yezqY4j</latexit>

ft
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User provides a context        to the LLM agent <latexit sha1_base64="G0v2COmQ3fmd6ElS2Q5ztZFMTzg=">AAAB6nicdVBNSwMxEJ2tX7V+VT16CRbBU8kWWdtbwYsHDxXtB7RLyabZNjSbXZKsWEp/ghcPinj1F3nz35htK6jog4HHezPMzAsSwbXB+MPJrayurW/kNwtb2zu7e8X9g5aOU0VZk8YiVp2AaCa4ZE3DjWCdRDESBYK1g/FF5rfvmNI8lrdmkjA/IkPJQ06JsdLNfd/0iyVcxhaehzLiVrFrSa1WrVRqyJ1bGJdgiUa/+N4bxDSNmDRUEK27Lk6MPyXKcCrYrNBLNUsIHZMh61oqScS0P52fOkMnVhmgMFa2pEFz9fvElERaT6LAdkbEjPRvLxP/8rqpCav+lMskNUzSxaIwFcjEKPsbDbhi1IiJJYQqbm9FdEQUocamU7AhfH2K/ietStn1yt71Wal+tYwjD0dwDKfgwjnU4RIa0AQKQ3iAJ3h2hPPovDivi9acs5w5hB9w3j4BzxWONQ==</latexit>xt

User edits the agent response, resulting in a revision       ,
according to a latent preference

Minimize 
cumulative 
cost <latexit sha1_base64="LtiqN6Pay5OA3kk1+u7a5O3/9O8=">AAAB+3icdVDLSsNAFJ34rPUV69LNYBFclaRIbBdCwY0LFxX6gjaGyXTaDp08mLkRS8ivuHGhiFt/xJ1/46StoKIHLhzOuZd77/FjwRVY1oexsrq2vrFZ2Cpu7+zu7ZsHpY6KEklZm0Yikj2fKCZ4yNrAQbBeLBkJfMG6/vQy97t3TCoehS2YxcwNyDjkI04JaMkzSwOVBLdpK/NSuLAzTD3wzLJVsTQcB+fErlm2JvV6rVqtY3tuWVYZLdH0zPfBMKJJwEKggijVt60Y3JRI4FSwrDhIFIsJnZIx62sakoApN53fnuETrQzxKJK6QsBz9ftESgKlZoGvOwMCE/Xby8W/vH4Co5qb8jBOgIV0sWiUCAwRzoPAQy4ZBTHThFDJ9a2YTogkFHRcRR3C16f4f9KpVmyn4tyclRvXyzgK6Agdo1Nko3PUQFeoidqIonv0gJ7Qs5EZj8aL8bpoXTGWM4foB4y3TzNOlJs=</latexit>

TX

t=1

ct

Round
<latexit sha1_base64="BfQzaEwWM0WoZUvqn2qP0CAljY8=">AAAB6HicdVDLSgNBEJyNrxhfUY9eBoPgKcwGWZNbwIsHDwmYByRLmJ30JmNmZ5eZWSEs+QIvHhTx6id582+cPAQVLWgoqrrp7goSwbUh5MPJra1vbG7ltws7u3v7B8XDo7aOU8WgxWIRq25ANQguoWW4EdBNFNAoENAJJldzv3MPSvNY3pppAn5ER5KHnFFjpaYZFEukTCw8D8+JWyWuJbVatVKpYXdhEVJCKzQGxff+MGZpBNIwQbXuuSQxfkaV4UzArNBPNSSUTegIepZKGoH2s8WhM3xmlSEOY2VLGrxQv09kNNJ6GgW2M6JmrH97c/Evr5easOpnXCapAcmWi8JUYBPj+dd4yBUwI6aWUKa4vRWzMVWUGZtNwYbw9Sn+n7QrZdcre82LUv1mFUcenaBTdI5cdInq6Bo1UAsxBOgBPaFn5855dF6c12VrzlnNHKMfcN4+AT4RjUo=</latexit>

t

<latexit sha1_base64="Au0YcVvDvNOHV+7GDK3NEI+h37A=">AAAB7HicdVBNS8NAEJ3Ur1q/qh69LBZBPJSkSGxvBS8ePFQwbaGNZbPdtEs3m7C7EUrob/DiQRGv/iBv/hs3bQUVfTDweG+GmXlBwpnStv1hFVZW19Y3ipulre2d3b3y/kFbxakk1CMxj2U3wIpyJqinmea0m0iKo4DTTjC5zP3OPZWKxeJWTxPqR3gkWMgI1kbywruzgR6UK3bVNnBdlBOnbjuGNBr1Wq2BnLll2xVYojUov/eHMUkjKjThWKmeYyfaz7DUjHA6K/VTRRNMJnhEe4YKHFHlZ/NjZ+jEKEMUxtKU0Giufp/IcKTUNApMZ4T1WP32cvEvr5fqsO5nTCSppoIsFoUpRzpG+edoyCQlmk8NwUQycysiYywx0Safkgnh61P0P2nXqo5bdW/OK83rZRxFOIJjOAUHLqAJV9ACDwgweIAneLaE9Wi9WK+L1oK1nDmEH7DePgHN5I6/</latexit>

f⇤
t

LLM agent generates a response        given the context<latexit sha1_base64="8ZLFn0fFj0V66ydvpWDPyCv8RvU=">AAAB6nicdVBNSwMxEM3Wr1q/qh69BIvgqWSLrO2t4MWDh4rWFtqlZNO0Dc1ml2RWWJb+BC8eFPHqL/LmvzHbVlDRBwOP92aYmRfEUhgg5MMprKyurW8UN0tb2zu7e+X9gzsTJZrxNotkpLsBNVwKxdsgQPJurDkNA8k7wfQi9zv3XBsRqVtIY+6HdKzESDAKVrpJBzAoV0iVWHgezolbJ64ljUa9Vmtgd24RUkFLtAbl9/4wYknIFTBJjem5JAY/oxoEk3xW6ieGx5RN6Zj3LFU05MbP5qfO8IlVhngUaVsK8Fz9PpHR0Jg0DGxnSGFifnu5+JfXS2BU9zOh4gS4YotFo0RiiHD+Nx4KzRnI1BLKtLC3YjahmjKw6ZRsCF+f4v/JXa3qelXv+qzSvFrGUURH6BidIhedoya6RC3URgyN0QN6Qs+OdB6dF+d10VpwljOH6Aect0/Qm442</latexit>yt

<latexit sha1_base64="RbVKJyRFVRvTRjruGw6O1w/whCs=">AAAB63icdVBNSwMxEJ2tX7V+VT16CRbRU9ktsra3ghcPHipYW2iXkk2zbWiSXZKssJT+BS8eFPHqH/LmvzHbVlDRBwOP92aYmRcmnGnjuh9OYWV1bX2juFna2t7Z3SvvH9zpOFWEtknMY9UNsaacSdo2zHDaTRTFIuS0E04uc79zT5Vmsbw1WUIDgUeSRYxgk0vZ6cAMyhW36lr4PsqJV3c9SxqNeq3WQN7cct0KLNEalN/7w5ikgkpDONa657mJCaZYGUY4nZX6qaYJJhM8oj1LJRZUB9P5rTN0YpUhimJlSxo0V79PTLHQOhOh7RTYjPVvLxf/8nqpierBlMkkNVSSxaIo5cjEKH8cDZmixPDMEkwUs7ciMsYKE2PjKdkQvj5F/5O7WtXzq/7NeaV5vYyjCEdwDGfgwQU04Qpa0AYCY3iAJ3h2hPPovDivi9aCs5w5hB9w3j4BMXWOZw==</latexit>

y0t

<latexit sha1_base64="6CF10CsOAz3dzS7k1aykZomk4wA="></latexit>

ct = �edit(yt, y
0
t)Agent incurs a cost

LLM agent infers a preference       based on history given the context
<latexit sha1_base64="Pyy/hW/S5t1/LVir/sqY80KduKc=">AAAB6nicdVBNSwMxEM3Wr1q/qh69BIvgqWSLrO2t4MWDh4rWFtqlZNNsG5rNLsmsUJb+BC8eFPHqL/LmvzHbVlDRBwOP92aYmRckUhgg5MMprKyurW8UN0tb2zu7e+X9gzsTp5rxNotlrLsBNVwKxdsgQPJuojmNAsk7weQi9zv3XBsRq1uYJtyP6EiJUDAKVroJBzAoV0iVWHgezolbJ64ljUa9Vmtgd24RUkFLtAbl9/4wZmnEFTBJjem5JAE/oxoEk3xW6qeGJ5RN6Ij3LFU04sbP5qfO8IlVhjiMtS0FeK5+n8hoZMw0CmxnRGFsfnu5+JfXSyGs+5lQSQpcscWiMJUYYpz/jYdCcwZyagllWthbMRtTTRnYdEo2hK9P8f/krlZ1vap3fVZpXi3jKKIjdIxOkYvOURNdohZqI4ZG6AE9oWdHOo/Oi/O6aC04y5lD9APO2yezqY4j</latexit>

ft
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Learning Framework
• We formulate the interaction process and preference learning problem as 

PRELUDE (PREference Learning from User’s Direct Edits) 


• Assume that the user directly makes edits to the agent response  
based on a latent preference


• Agent infers a user preference from the interaction history, and     
uses it to generate a response 


• Cost minimization to account for the amount of efforts spent by the 
user on making edits

25



Method
• Agent leverages LLMs by prompting


• We learn a prompt policy that can infer a descriptive user preference, and 
then use it in the prompt to directly drive the response generation 


• When user makes edits, induce a description of the user preference


• Manage a collection of preference history


• Given a context, infer a descriptive preference using past interactions 
retrieved from the history

Casual style? Brief? Humorous? …

Prompt Template

Write … for this user, who prefers ……

26



Method
• Agent leverages LLMs by prompting


• We learn a prompt policy that can infer a descriptive user preference, and 
then use it in the prompt to directly drive the response generation 


• When user makes edits, induce a description of the user preference


• Manage a collection of preference history


• Given a context, infer a descriptive preference using past interactions 
retrieved from the history

Casual style? Brief? Humorous? …

Prompt Template Example

Write for this user, who prefers ……

27



Method
• Agent leverages LLMs by prompting


• We learn a prompt policy that can infer a descriptive user preference, and 
then use it in the prompt to directly drive the response generation


• When user makes edits, induce a description of the user preference


• Manage a collection of preference history


• Given a new context, infer a descriptive preference based on 
retrieving similar contexts from the history

28



LLM agent infers a preference       based on history given the context
<latexit sha1_base64="Pyy/hW/S5t1/LVir/sqY80KduKc=">AAAB6nicdVBNSwMxEM3Wr1q/qh69BIvgqWSLrO2t4MWDh4rWFtqlZNNsG5rNLsmsUJb+BC8eFPHqL/LmvzHbVlDRBwOP92aYmRckUhgg5MMprKyurW8UN0tb2zu7e+X9gzsTp5rxNotlrLsBNVwKxdsgQPJuojmNAsk7weQi9zv3XBsRq1uYJtyP6EiJUDAKVroJBzAoV0iVWHgezolbJ64ljUa9Vmtgd24RUkFLtAbl9/4wZmnEFTBJjem5JAE/oxoEk3xW6qeGJ5RN6Ij3LFU04sbP5qfO8IlVhjiMtS0FeK5+n8hoZMw0CmxnRGFsfnu5+JfXSyGs+5lQSQpcscWiMJUYYpz/jYdCcwZyagllWthbMRtTTRnYdEo2hK9P8f/krlZ1vap3fVZpXi3jKKIjdIxOkYvOURNdohZqI4ZG6AE9oWdHOo/Oi/O6aC04y5lD9APO2yezqY4j</latexit>

ft

Method
1

2

3

User provides a context        to the LLM agent <latexit sha1_base64="G0v2COmQ3fmd6ElS2Q5ztZFMTzg=">AAAB6nicdVBNSwMxEJ2tX7V+VT16CRbBU8kWWdtbwYsHDxXtB7RLyabZNjSbXZKsWEp/ghcPinj1F3nz35htK6jog4HHezPMzAsSwbXB+MPJrayurW/kNwtb2zu7e8X9g5aOU0VZk8YiVp2AaCa4ZE3DjWCdRDESBYK1g/FF5rfvmNI8lrdmkjA/IkPJQ06JsdLNfd/0iyVcxhaehzLiVrFrSa1WrVRqyJ1bGJdgiUa/+N4bxDSNmDRUEK27Lk6MPyXKcCrYrNBLNUsIHZMh61oqScS0P52fOkMnVhmgMFa2pEFz9fvElERaT6LAdkbEjPRvLxP/8rqpCav+lMskNUzSxaIwFcjEKPsbDbhi1IiJJYQqbm9FdEQUocamU7AhfH2K/ietStn1yt71Wal+tYwjD0dwDKfgwjnU4RIa0AQKQ3iAJ3h2hPPovDivi9acs5w5hB9w3j4BzxWONQ==</latexit>xtRound
<latexit sha1_base64="BfQzaEwWM0WoZUvqn2qP0CAljY8=">AAAB6HicdVDLSgNBEJyNrxhfUY9eBoPgKcwGWZNbwIsHDwmYByRLmJ30JmNmZ5eZWSEs+QIvHhTx6id582+cPAQVLWgoqrrp7goSwbUh5MPJra1vbG7ltws7u3v7B8XDo7aOU8WgxWIRq25ANQguoWW4EdBNFNAoENAJJldzv3MPSvNY3pppAn5ER5KHnFFjpaYZFEukTCw8D8+JWyWuJbVatVKpYXdhEVJCKzQGxff+MGZpBNIwQbXuuSQxfkaV4UzArNBPNSSUTegIepZKGoH2s8WhM3xmlSEOY2VLGrxQv09kNNJ6GgW2M6JmrH97c/Evr5easOpnXCapAcmWi8JUYBPj+dd4yBUwI6aWUKa4vRWzMVWUGZtNwYbw9Sn+n7QrZdcre82LUv1mFUcenaBTdI5cdInq6Bo1UAsxBOgBPaFn5855dF6c12VrzlnNHKMfcN4+AT4RjUo=</latexit>

t

LLM agent generates a response        given the context and inferred preference<latexit sha1_base64="8ZLFn0fFj0V66ydvpWDPyCv8RvU=">AAAB6nicdVBNSwMxEM3Wr1q/qh69BIvgqWSLrO2t4MWDh4rWFtqlZNO0Dc1ml2RWWJb+BC8eFPHqL/LmvzHbVlDRBwOP92aYmRfEUhgg5MMprKyurW8UN0tb2zu7e+X9gzsTJZrxNotkpLsBNVwKxdsgQPJurDkNA8k7wfQi9zv3XBsRqVtIY+6HdKzESDAKVrpJBzAoV0iVWHgezolbJ64ljUa9Vmtgd24RUkFLtAbl9/4wYknIFTBJjem5JAY/oxoEk3xW6ieGx5RN6Zj3LFU05MbP5qfO8IlVhngUaVsK8Fz9PpHR0Jg0DGxnSGFifnu5+JfXS2BU9zOh4gS4YotFo0RiiHD+Nx4KzRnI1BLKtLC3YjahmjKw6ZRsCF+f4v/JXa3qelXv+qzSvFrGUURH6BidIhedoya6RC3URgyN0QN6Qs+OdB6dF+d10VpwljOH6Aect0/Qm442</latexit>yt

User edits the agent response, resulting in a revision       ,
according to a latent preference

<latexit sha1_base64="Au0YcVvDvNOHV+7GDK3NEI+h37A=">AAAB7HicdVBNS8NAEJ3Ur1q/qh69LBZBPJSkSGxvBS8ePFQwbaGNZbPdtEs3m7C7EUrob/DiQRGv/iBv/hs3bQUVfTDweG+GmXlBwpnStv1hFVZW19Y3ipulre2d3b3y/kFbxakk1CMxj2U3wIpyJqinmea0m0iKo4DTTjC5zP3OPZWKxeJWTxPqR3gkWMgI1kbywruzgR6UK3bVNnBdlBOnbjuGNBr1Wq2BnLll2xVYojUov/eHMUkjKjThWKmeYyfaz7DUjHA6K/VTRRNMJnhEe4YKHFHlZ/NjZ+jEKEMUxtKU0Giufp/IcKTUNApMZ4T1WP32cvEvr5fqsO5nTCSppoIsFoUpRzpG+edoyCQlmk8NwUQycysiYywx0Safkgnh61P0P2nXqo5bdW/OK83rZRxFOIJjOAUHLqAJV9ACDwgweIAneLaE9Wi9WK+L1oK1nDmEH7DePgHN5I6/</latexit>

f⇤
t

<latexit sha1_base64="RbVKJyRFVRvTRjruGw6O1w/whCs=">AAAB63icdVBNSwMxEJ2tX7V+VT16CRbRU9ktsra3ghcPHipYW2iXkk2zbWiSXZKssJT+BS8eFPHqH/LmvzHbVlDRBwOP92aYmRcmnGnjuh9OYWV1bX2juFna2t7Z3SvvH9zpOFWEtknMY9UNsaacSdo2zHDaTRTFIuS0E04uc79zT5Vmsbw1WUIDgUeSRYxgk0vZ6cAMyhW36lr4PsqJV3c9SxqNeq3WQN7cct0KLNEalN/7w5ikgkpDONa657mJCaZYGUY4nZX6qaYJJhM8oj1LJRZUB9P5rTN0YpUhimJlSxo0V79PTLHQOhOh7RTYjPVvLxf/8nqpierBlMkkNVSSxaIo5cjEKH8cDZmixPDMEkwUs7ciMsYKE2PjKdkQvj5F/5O7WtXzq/7NeaV5vYyjCEdwDGfgwQU04Qpa0AYCY3iAJ3h2hPPovDivi9aCs5w5hB9w3j4BMXWOZw==</latexit>

y0t

<latexit sha1_base64="6CF10CsOAz3dzS7k1aykZomk4wA="></latexit>

ct = �edit(yt, y
0
t)Agent incurs a cost
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LLM agent infers a preference       based on history given the context
<latexit sha1_base64="Pyy/hW/S5t1/LVir/sqY80KduKc=">AAAB6nicdVBNSwMxEM3Wr1q/qh69BIvgqWSLrO2t4MWDh4rWFtqlZNNsG5rNLsmsUJb+BC8eFPHqL/LmvzHbVlDRBwOP92aYmRckUhgg5MMprKyurW8UN0tb2zu7e+X9gzsTp5rxNotlrLsBNVwKxdsgQPJuojmNAsk7weQi9zv3XBsRq1uYJtyP6EiJUDAKVroJBzAoV0iVWHgezolbJ64ljUa9Vmtgd24RUkFLtAbl9/4wZmnEFTBJjem5JAE/oxoEk3xW6qeGJ5RN6Ij3LFU04sbP5qfO8IlVhjiMtS0FeK5+n8hoZMw0CmxnRGFsfnu5+JfXSyGs+5lQSQpcscWiMJUYYpz/jYdCcwZyagllWthbMRtTTRnYdEo2hK9P8f/krlZ1vap3fVZpXi3jKKIjdIxOkYvOURNdohZqI4ZG6AE9oWdHOo/Oi/O6aC04y5lD9APO2yezqY4j</latexit>

ft

Method
1

2

3

User provides a context        to the LLM agent <latexit sha1_base64="G0v2COmQ3fmd6ElS2Q5ztZFMTzg=">AAAB6nicdVBNSwMxEJ2tX7V+VT16CRbBU8kWWdtbwYsHDxXtB7RLyabZNjSbXZKsWEp/ghcPinj1F3nz35htK6jog4HHezPMzAsSwbXB+MPJrayurW/kNwtb2zu7e8X9g5aOU0VZk8YiVp2AaCa4ZE3DjWCdRDESBYK1g/FF5rfvmNI8lrdmkjA/IkPJQ06JsdLNfd/0iyVcxhaehzLiVrFrSa1WrVRqyJ1bGJdgiUa/+N4bxDSNmDRUEK27Lk6MPyXKcCrYrNBLNUsIHZMh61oqScS0P52fOkMnVhmgMFa2pEFz9fvElERaT6LAdkbEjPRvLxP/8rqpCav+lMskNUzSxaIwFcjEKPsbDbhi1IiJJYQqbm9FdEQUocamU7AhfH2K/ietStn1yt71Wal+tYwjD0dwDKfgwjnU4RIa0AQKQ3iAJ3h2hPPovDivi9acs5w5hB9w3j4BzxWONQ==</latexit>xtRound
<latexit sha1_base64="BfQzaEwWM0WoZUvqn2qP0CAljY8=">AAAB6HicdVDLSgNBEJyNrxhfUY9eBoPgKcwGWZNbwIsHDwmYByRLmJ30JmNmZ5eZWSEs+QIvHhTx6id582+cPAQVLWgoqrrp7goSwbUh5MPJra1vbG7ltws7u3v7B8XDo7aOU8WgxWIRq25ANQguoWW4EdBNFNAoENAJJldzv3MPSvNY3pppAn5ER5KHnFFjpaYZFEukTCw8D8+JWyWuJbVatVKpYXdhEVJCKzQGxff+MGZpBNIwQbXuuSQxfkaV4UzArNBPNSSUTegIepZKGoH2s8WhM3xmlSEOY2VLGrxQv09kNNJ6GgW2M6JmrH97c/Evr5easOpnXCapAcmWi8JUYBPj+dd4yBUwI6aWUKa4vRWzMVWUGZtNwYbw9Sn+n7QrZdcre82LUv1mFUcenaBTdI5cdInq6Bo1UAsxBOgBPaFn5855dF6c12VrzlnNHKMfcN4+AT4RjUo=</latexit>

t

LLM agent generates a response        given the context and inferred preference<latexit sha1_base64="8ZLFn0fFj0V66ydvpWDPyCv8RvU=">AAAB6nicdVBNSwMxEM3Wr1q/qh69BIvgqWSLrO2t4MWDh4rWFtqlZNO0Dc1ml2RWWJb+BC8eFPHqL/LmvzHbVlDRBwOP92aYmRfEUhgg5MMprKyurW8UN0tb2zu7e+X9gzsTJZrxNotkpLsBNVwKxdsgQPJurDkNA8k7wfQi9zv3XBsRqVtIY+6HdKzESDAKVrpJBzAoV0iVWHgezolbJ64ljUa9Vmtgd24RUkFLtAbl9/4wYknIFTBJjem5JAY/oxoEk3xW6ieGx5RN6Zj3LFU05MbP5qfO8IlVhngUaVsK8Fz9PpHR0Jg0DGxnSGFifnu5+JfXS2BU9zOh4gS4YotFo0RiiHD+Nx4KzRnI1BLKtLC3YjahmjKw6ZRsCF+f4v/JXa3qelXv+qzSvFrGUURH6BidIhedoya6RC3URgyN0QN6Qs+OdB6dF+d10VpwljOH6Aect0/Qm442</latexit>yt

User edits the agent response, resulting in a revision       ,
according to a latent preference

<latexit sha1_base64="Au0YcVvDvNOHV+7GDK3NEI+h37A=">AAAB7HicdVBNS8NAEJ3Ur1q/qh69LBZBPJSkSGxvBS8ePFQwbaGNZbPdtEs3m7C7EUrob/DiQRGv/iBv/hs3bQUVfTDweG+GmXlBwpnStv1hFVZW19Y3ipulre2d3b3y/kFbxakk1CMxj2U3wIpyJqinmea0m0iKo4DTTjC5zP3OPZWKxeJWTxPqR3gkWMgI1kbywruzgR6UK3bVNnBdlBOnbjuGNBr1Wq2BnLll2xVYojUov/eHMUkjKjThWKmeYyfaz7DUjHA6K/VTRRNMJnhEe4YKHFHlZ/NjZ+jEKEMUxtKU0Giufp/IcKTUNApMZ4T1WP32cvEvr5fqsO5nTCSppoIsFoUpRzpG+edoyCQlmk8NwUQycysiYywx0Safkgnh61P0P2nXqo5bdW/OK83rZRxFOIJjOAUHLqAJV9ACDwgweIAneLaE9Wi9WK+L1oK1nDmEH7DePgHN5I6/</latexit>

f⇤
t

<latexit sha1_base64="RbVKJyRFVRvTRjruGw6O1w/whCs=">AAAB63icdVBNSwMxEJ2tX7V+VT16CRbRU9ktsra3ghcPHipYW2iXkk2zbWiSXZKssJT+BS8eFPHqH/LmvzHbVlDRBwOP92aYmRcmnGnjuh9OYWV1bX2juFna2t7Z3SvvH9zpOFWEtknMY9UNsaacSdo2zHDaTRTFIuS0E04uc79zT5Vmsbw1WUIDgUeSRYxgk0vZ6cAMyhW36lr4PsqJV3c9SxqNeq3WQN7cct0KLNEalN/7w5ikgkpDONa657mJCaZYGUY4nZX6qaYJJhM8oj1LJRZUB9P5rTN0YpUhimJlSxo0V79PTLHQOhOh7RTYjPVvLxf/8nqpierBlMkkNVSSxaIo5cjEKH8cDZmixPDMEkwUs7ciMsYKE2PjKdkQvj5F/5O7WtXzq/7NeaV5vYyjCEdwDGfgwQU04Qpa0AYCY3iAJ3h2hPPovDivi9aCs5w5hB9w3j4BMXWOZw==</latexit>

y0t

<latexit sha1_base64="6CF10CsOAz3dzS7k1aykZomk4wA="></latexit>

ct = �edit(yt, y
0
t)Agent incurs a cost

Retrieve top-   examples from history based on 
<latexit sha1_base64="PrusvixkJK64MVvARLLd1dpjkGc=">AAAB8HicdVDLSgMxFM3UV62vqks3wSLUTckUGdtdwY0LFxXsQ9qhZNJMG5pkhiQjlqFf4caFIm79HHf+jZm2gooeuHA4517uvSeIOdMGoQ8nt7K6tr6R3yxsbe/s7hX3D9o6ShShLRLxSHUDrClnkrYMM5x2Y0WxCDjtBJOLzO/cUaVZJG/MNKa+wCPJQkawsdJtPx6z8v3AnA6KJVRBFp4HM+LWkGtJvV6rVuvQnVsIlcASzUHxvT+MSCKoNIRjrXsuio2fYmUY4XRW6CeaxphM8Ij2LJVYUO2n84Nn8MQqQxhGypY0cK5+n0ix0HoqAtspsBnr314m/uX1EhPW/JTJODFUksWiMOHQRDD7Hg6ZosTwqSWYKGZvhWSMFSbGZlSwIXx9Cv8n7WrF9Sre9VmpcbWMIw+OwDEoAxecgwa4BE3QAgQI8ACewLOjnEfnxXldtOac5cwh+AHn7ROl75Bf</latexit>

�(xt)
Aggregate induced preferences in those retrieved examples 

<latexit sha1_base64="Kh71Hfp9Haqt+CIo5dzaTgzVaA4=">AAACBXicdVDLSsNAFJ3UV62vqEtdDBbBVUmKxHYhFNy4cFHBPqCJYTKZtEMnD2YmQg3ZuPFX3LhQxK3/4M6/cdJWUNEDFw7n3Mu993gJo0IaxodWWlhcWl4pr1bW1jc2t/Ttna6IU45JB8cs5n0PCcJoRDqSSkb6CSco9BjpeeOzwu/dEC5oHF3JSUKcEA0jGlCMpJJcfd/OoC0p80kW5G5269Lczq/HbkZPzdzVq0bNULAsWBCzYZiKNJuNer0JzallGFUwR9vV320/xmlIIokZEmJgGol0MsQlxYzkFTsVJEF4jIZkoGiEQiKcbPpFDg+V4sMg5qoiCafq94kMhUJMQk91hkiOxG+vEP/yBqkMGk5GoySVJMKzRUHKoIxhEQn0KSdYsokiCHOqboV4hDjCUgVXUSF8fQr/J916zbRq1uVxtXUxj6MM9sABOAImOAEtcA7aoAMwuAMP4Ak8a/fao/aivc5aS9p8Zhf8gPb2CXVEmUE=</latexit>

{f̃zi}ki=1

<latexit sha1_base64="8MJ7JnLVcyl4fPDEe3VURzGB0aE=">AAAB6HicdVDLSgNBEJyNrxhfUY9eBoPgKcwGWZNbwIMeEzAPSJYwO+lNxszOLjOzQljyBV48KOLVT/Lm3zh5CCpa0FBUddPdFSSCa0PIh5NbW9/Y3MpvF3Z29/YPiodHbR2nikGLxSJW3YBqEFxCy3AjoJsooFEgoBNMruZ+5x6U5rG8NdME/IiOJA85o8ZKzcmgWCJlYuF5eE7cKnEtqdWqlUoNuwuLkBJaoTEovveHMUsjkIYJqnXPJYnxM6oMZwJmhX6qIaFsQkfQs1TSCLSfLQ6d4TOrDHEYK1vS4IX6fSKjkdbTKLCdETVj/dubi395vdSEVT/jMkkNSLZcFKYCmxjPv8ZDroAZMbWEMsXtrZiNqaLM2GwKNoSvT/H/pF0pu17Za16U6terOPLoBJ2ic+SiS1RHN6iBWoghQA/oCT07d86j8+K8LltzzmrmGP2A8/YJLuyNPA==</latexit>

k
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LLM agent infers a preference       based on history given the context
<latexit sha1_base64="Pyy/hW/S5t1/LVir/sqY80KduKc=">AAAB6nicdVBNSwMxEM3Wr1q/qh69BIvgqWSLrO2t4MWDh4rWFtqlZNNsG5rNLsmsUJb+BC8eFPHqL/LmvzHbVlDRBwOP92aYmRckUhgg5MMprKyurW8UN0tb2zu7e+X9gzsTp5rxNotlrLsBNVwKxdsgQPJuojmNAsk7weQi9zv3XBsRq1uYJtyP6EiJUDAKVroJBzAoV0iVWHgezolbJ64ljUa9Vmtgd24RUkFLtAbl9/4wZmnEFTBJjem5JAE/oxoEk3xW6qeGJ5RN6Ij3LFU04sbP5qfO8IlVhjiMtS0FeK5+n8hoZMw0CmxnRGFsfnu5+JfXSyGs+5lQSQpcscWiMJUYYpz/jYdCcwZyagllWthbMRtTTRnYdEo2hK9P8f/krlZ1vap3fVZpXi3jKKIjdIxOkYvOURNdohZqI4ZG6AE9oWdHOo/Oi/O6aC04y5lD9APO2yezqY4j</latexit>

ft

Method
1

2

3

User provides a context        to the LLM agent <latexit sha1_base64="G0v2COmQ3fmd6ElS2Q5ztZFMTzg=">AAAB6nicdVBNSwMxEJ2tX7V+VT16CRbBU8kWWdtbwYsHDxXtB7RLyabZNjSbXZKsWEp/ghcPinj1F3nz35htK6jog4HHezPMzAsSwbXB+MPJrayurW/kNwtb2zu7e8X9g5aOU0VZk8YiVp2AaCa4ZE3DjWCdRDESBYK1g/FF5rfvmNI8lrdmkjA/IkPJQ06JsdLNfd/0iyVcxhaehzLiVrFrSa1WrVRqyJ1bGJdgiUa/+N4bxDSNmDRUEK27Lk6MPyXKcCrYrNBLNUsIHZMh61oqScS0P52fOkMnVhmgMFa2pEFz9fvElERaT6LAdkbEjPRvLxP/8rqpCav+lMskNUzSxaIwFcjEKPsbDbhi1IiJJYQqbm9FdEQUocamU7AhfH2K/ietStn1yt71Wal+tYwjD0dwDKfgwjnU4RIa0AQKQ3iAJ3h2hPPovDivi9acs5w5hB9w3j4BzxWONQ==</latexit>xtRound
<latexit sha1_base64="BfQzaEwWM0WoZUvqn2qP0CAljY8=">AAAB6HicdVDLSgNBEJyNrxhfUY9eBoPgKcwGWZNbwIsHDwmYByRLmJ30JmNmZ5eZWSEs+QIvHhTx6id582+cPAQVLWgoqrrp7goSwbUh5MPJra1vbG7ltws7u3v7B8XDo7aOU8WgxWIRq25ANQguoWW4EdBNFNAoENAJJldzv3MPSvNY3pppAn5ER5KHnFFjpaYZFEukTCw8D8+JWyWuJbVatVKpYXdhEVJCKzQGxff+MGZpBNIwQbXuuSQxfkaV4UzArNBPNSSUTegIepZKGoH2s8WhM3xmlSEOY2VLGrxQv09kNNJ6GgW2M6JmrH97c/Evr5easOpnXCapAcmWi8JUYBPj+dd4yBUwI6aWUKa4vRWzMVWUGZtNwYbw9Sn+n7QrZdcre82LUv1mFUcenaBTdI5cdInq6Bo1UAsxBOgBPaFn5855dF6c12VrzlnNHKMfcN4+AT4RjUo=</latexit>

t

LLM agent generates a response        given the context and inferred preference<latexit sha1_base64="8ZLFn0fFj0V66ydvpWDPyCv8RvU=">AAAB6nicdVBNSwMxEM3Wr1q/qh69BIvgqWSLrO2t4MWDh4rWFtqlZNO0Dc1ml2RWWJb+BC8eFPHqL/LmvzHbVlDRBwOP92aYmRfEUhgg5MMprKyurW8UN0tb2zu7e+X9gzsTJZrxNotkpLsBNVwKxdsgQPJurDkNA8k7wfQi9zv3XBsRqVtIY+6HdKzESDAKVrpJBzAoV0iVWHgezolbJ64ljUa9Vmtgd24RUkFLtAbl9/4wYknIFTBJjem5JAY/oxoEk3xW6ieGx5RN6Zj3LFU05MbP5qfO8IlVhngUaVsK8Fz9PpHR0Jg0DGxnSGFifnu5+JfXS2BU9zOh4gS4YotFo0RiiHD+Nx4KzRnI1BLKtLC3YjahmjKw6ZRsCF+f4v/JXa3qelXv+qzSvFrGUURH6BidIhedoya6RC3URgyN0QN6Qs+OdB6dF+d10VpwljOH6Aect0/Qm442</latexit>yt

User edits the agent response, resulting in a revision       ,
according to a latent preference

<latexit sha1_base64="Au0YcVvDvNOHV+7GDK3NEI+h37A=">AAAB7HicdVBNS8NAEJ3Ur1q/qh69LBZBPJSkSGxvBS8ePFQwbaGNZbPdtEs3m7C7EUrob/DiQRGv/iBv/hs3bQUVfTDweG+GmXlBwpnStv1hFVZW19Y3ipulre2d3b3y/kFbxakk1CMxj2U3wIpyJqinmea0m0iKo4DTTjC5zP3OPZWKxeJWTxPqR3gkWMgI1kbywruzgR6UK3bVNnBdlBOnbjuGNBr1Wq2BnLll2xVYojUov/eHMUkjKjThWKmeYyfaz7DUjHA6K/VTRRNMJnhEe4YKHFHlZ/NjZ+jEKEMUxtKU0Giufp/IcKTUNApMZ4T1WP32cvEvr5fqsO5nTCSppoIsFoUpRzpG+edoyCQlmk8NwUQycysiYywx0Safkgnh61P0P2nXqo5bdW/OK83rZRxFOIJjOAUHLqAJV9ACDwgweIAneLaE9Wi9WK+L1oK1nDmEH7DePgHN5I6/</latexit>

f⇤
t

<latexit sha1_base64="RbVKJyRFVRvTRjruGw6O1w/whCs=">AAAB63icdVBNSwMxEJ2tX7V+VT16CRbRU9ktsra3ghcPHipYW2iXkk2zbWiSXZKssJT+BS8eFPHqH/LmvzHbVlDRBwOP92aYmRcmnGnjuh9OYWV1bX2juFna2t7Z3SvvH9zpOFWEtknMY9UNsaacSdo2zHDaTRTFIuS0E04uc79zT5Vmsbw1WUIDgUeSRYxgk0vZ6cAMyhW36lr4PsqJV3c9SxqNeq3WQN7cct0KLNEalN/7w5ikgkpDONa657mJCaZYGUY4nZX6qaYJJhM8oj1LJRZUB9P5rTN0YpUhimJlSxo0V79PTLHQOhOh7RTYjPVvLxf/8nqpierBlMkkNVSSxaIo5cjEKH8cDZmixPDMEkwUs7ciMsYKE2PjKdkQvj5F/5O7WtXzq/7NeaV5vYyjCEdwDGfgwQU04Qpa0AYCY3iAJ3h2hPPovDivi9aCs5w5hB9w3j4BMXWOZw==</latexit>

y0t

<latexit sha1_base64="6CF10CsOAz3dzS7k1aykZomk4wA="></latexit>

ct = �edit(yt, y
0
t)Agent incurs a cost

Retrieve top-   examples from history based on 
<latexit sha1_base64="PrusvixkJK64MVvARLLd1dpjkGc=">AAAB8HicdVDLSgMxFM3UV62vqks3wSLUTckUGdtdwY0LFxXsQ9qhZNJMG5pkhiQjlqFf4caFIm79HHf+jZm2gooeuHA4517uvSeIOdMGoQ8nt7K6tr6R3yxsbe/s7hX3D9o6ShShLRLxSHUDrClnkrYMM5x2Y0WxCDjtBJOLzO/cUaVZJG/MNKa+wCPJQkawsdJtPx6z8v3AnA6KJVRBFp4HM+LWkGtJvV6rVuvQnVsIlcASzUHxvT+MSCKoNIRjrXsuio2fYmUY4XRW6CeaxphM8Ij2LJVYUO2n84Nn8MQqQxhGypY0cK5+n0ix0HoqAtspsBnr314m/uX1EhPW/JTJODFUksWiMOHQRDD7Hg6ZosTwqSWYKGZvhWSMFSbGZlSwIXx9Cv8n7WrF9Sre9VmpcbWMIw+OwDEoAxecgwa4BE3QAgQI8ACewLOjnEfnxXldtOac5cwh+AHn7ROl75Bf</latexit>

�(xt)
Aggregate induced preferences in those retrieved examples 

<latexit sha1_base64="Kh71Hfp9Haqt+CIo5dzaTgzVaA4=">AAACBXicdVDLSsNAFJ3UV62vqEtdDBbBVUmKxHYhFNy4cFHBPqCJYTKZtEMnD2YmQg3ZuPFX3LhQxK3/4M6/cdJWUNEDFw7n3Mu993gJo0IaxodWWlhcWl4pr1bW1jc2t/Ttna6IU45JB8cs5n0PCcJoRDqSSkb6CSco9BjpeeOzwu/dEC5oHF3JSUKcEA0jGlCMpJJcfd/OoC0p80kW5G5269Lczq/HbkZPzdzVq0bNULAsWBCzYZiKNJuNer0JzallGFUwR9vV320/xmlIIokZEmJgGol0MsQlxYzkFTsVJEF4jIZkoGiEQiKcbPpFDg+V4sMg5qoiCafq94kMhUJMQk91hkiOxG+vEP/yBqkMGk5GoySVJMKzRUHKoIxhEQn0KSdYsokiCHOqboV4hDjCUgVXUSF8fQr/J916zbRq1uVxtXUxj6MM9sABOAImOAEtcA7aoAMwuAMP4Ak8a/fao/aivc5aS9p8Zhf8gPb2CXVEmUE=</latexit>

{f̃zi}ki=1

<latexit sha1_base64="8MJ7JnLVcyl4fPDEe3VURzGB0aE=">AAAB6HicdVDLSgNBEJyNrxhfUY9eBoPgKcwGWZNbwIMeEzAPSJYwO+lNxszOLjOzQljyBV48KOLVT/Lm3zh5CCpa0FBUddPdFSSCa0PIh5NbW9/Y3MpvF3Z29/YPiodHbR2nikGLxSJW3YBqEFxCy3AjoJsooFEgoBNMruZ+5x6U5rG8NdME/IiOJA85o8ZKzcmgWCJlYuF5eE7cKnEtqdWqlUoNuwuLkBJaoTEovveHMUsjkIYJqnXPJYnxM6oMZwJmhX6qIaFsQkfQs1TSCLSfLQ6d4TOrDHEYK1vS4IX6fSKjkdbTKLCdETVj/dubi395vdSEVT/jMkkNSLZcFKYCmxjPv8ZDroAZMbWEMsXtrZiNqaLM2GwKNoSvT/H/pF0pu17Za16U6terOPLoBJ2ic+SiS1RHN6iBWoghQA/oCT07d86j8+K8LltzzmrmGP2A8/YJLuyNPA==</latexit>

k

<latexit sha1_base64="sN46dHUPHMksdQuLI1PLwmz6Cwo=">AAAB8nicdVBNS8NAEN3Ur1q/qh69LBbBU0mKxPZW8OLBQwX7AWkom82mXbrZhN2JUEJ/hhcPinj113jz37hpK6jog4HHezPMzAtSwTXY9odVWlvf2Nwqb1d2dvf2D6qHRz2dZIqyLk1EogYB0UxwybrAQbBBqhiJA8H6wfSq8Pv3TGmeyDuYpcyPyVjyiFMCRvKGwEXI8mg+glG1ZtdtA9fFBXGatmNIq9VsNFrYWVi2XUMrdEbV92GY0CxmEqggWnuOnYKfEwWcCjavDDPNUkKnZMw8QyWJmfbzxclzfGaUEEeJMiUBL9TvEzmJtZ7FgemMCUz0b68Q//K8DKKmn3OZZsAkXS6KMoEhwcX/OOSKURAzQwhV3NyK6YQoQsGkVDEhfH2K/ye9Rt1x6+7tRa19s4qjjE7QKTpHDrpEbXSNOqiLKErQA3pCzxZYj9aL9bpsLVmrmWP0A9bbJxenkdk=</latexit>

f̃t

<latexit sha1_base64="99rMc8xNpA/hpHZ5ke7JGzRGcVc=">AAACA3icdVDJSgNBEO2JW4xb1JteGoPgKcwEickt4MWDhwhmgSQMPZ2apEnPQneNEoaAF3/FiwdFvPoT3vwbO4ugog8KHu9VUVXPi6XQaNsfVmZpeWV1Lbue29jc2t7J7+41dZQoDg0eyUi1PaZBihAaKFBCO1bAAk9CyxudT/3WDSgtovAaxzH0AjYIhS84QyO5+YMuCtmH1J+4SLsSfGRKRbfUd9HNF+yibVAu0ylxKrZjSLVaKZWq1JlZtl0gC9Td/Hu3H/EkgBC5ZFp3HDvGXsoUCi5hkusmGmLGR2wAHUNDFoDupbMfJvTYKH3qR8pUiHSmfp9IWaD1OPBMZ8BwqH97U/Evr5OgX+mlIowThJDPF/mJpBjRaSC0LxRwlGNDGFfC3Er5kCnG0cSWMyF8fUr/J81S0SkXy1enhdrlIo4sOSRH5IQ45IzUyAWpkwbh5I48kCfybN1bj9aL9TpvzViLmX3yA9bbJ790mEs=</latexit>

f̃t  ft

<latexit sha1_base64="PSZCYTzVYLX4yXkkxQ+4JF4yOBE=">AAAB9XicdVDJSgNBEO2JW4xb1KOXxiB4CjNBYnILePHgIYJZIDOGnp6apEnPQneNEkL+w4sHRbz6L978GzuLoKIPCh7vVVFVz0+l0GjbH1ZuZXVtfSO/Wdja3tndK+4ftHWSKQ4tnshEdX2mQYoYWihQQjdVwCJfQscfXcz8zh0oLZL4BscpeBEbxCIUnKGRbnkfqTsA6gYgkfWLJbtsG1SrdEacmu0YUq/XKpU6deaWbZfIEs1+8d0NEp5FECOXTOueY6foTZhCwSVMC26mIWV8xAbQMzRmEWhvMr96Sk+MEtAwUaZipHP1+8SERVqPI990RgyH+rc3E//yehmGNW8i4jRDiPliUZhJigmdRUADoYCjHBvCuBLmVsqHTDGOJqiCCeHrU/o/aVfKTrVcvT4rNa6WceTJETkmp8Qh56RBLkmTtAgnijyQJ/Js3VuP1ov1umjNWcuZQ/ID1tsnKI2SXA==</latexit>

ct �
�

<latexit sha1_base64="zXthVhULoh4TIMXFYjbbrLZnQzE=">AAAB83icdVBNS8NAEN3Ur1q/qh69LBbBU0mKxBY8FLx48FDB2kITymazaZduNmF3IpTQv+HFgyJe/TPe/Ddu2goq+mDg8d4MM/OCVHANtv1hlVZW19Y3ypuVre2d3b3q/sGdTjJFWZcmIlH9gGgmuGRd4CBYP1WMxIFgvWByWfi9e6Y0T+QtTFPmx2QkecQpASN5dAj4AnshE0CG1Zpdtw1cFxfEadqOIa1Ws9FoYWdu2XYNLdEZVt+9MKFZzCRQQbQeOHYKfk4UcCrYrOJlmqWETsiIDQyVJGbaz+c3z/CJUUIcJcqUBDxXv0/kJNZ6GgemMyYw1r+9QvzLG2QQNf2cyzQDJuliUZQJDAkuAsAhV4yCmBpCqOLmVkzHRBEKJqaKCeHrU/w/uWvUHbfu3pzV2tfLOMroCB2jU+Sgc9RGV6iDuoiiFD2gJ/RsZdaj9WK9LlpL1nLmEP2A9fYJboqRXA==</latexit>

ct < �

LLM agent generates a preference      

to explains the user edits 
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LLM agent infers a preference       based on history given the context
<latexit sha1_base64="Pyy/hW/S5t1/LVir/sqY80KduKc=">AAAB6nicdVBNSwMxEM3Wr1q/qh69BIvgqWSLrO2t4MWDh4rWFtqlZNNsG5rNLsmsUJb+BC8eFPHqL/LmvzHbVlDRBwOP92aYmRckUhgg5MMprKyurW8UN0tb2zu7e+X9gzsTp5rxNotlrLsBNVwKxdsgQPJuojmNAsk7weQi9zv3XBsRq1uYJtyP6EiJUDAKVroJBzAoV0iVWHgezolbJ64ljUa9Vmtgd24RUkFLtAbl9/4wZmnEFTBJjem5JAE/oxoEk3xW6qeGJ5RN6Ij3LFU04sbP5qfO8IlVhjiMtS0FeK5+n8hoZMw0CmxnRGFsfnu5+JfXSyGs+5lQSQpcscWiMJUYYpz/jYdCcwZyagllWthbMRtTTRnYdEo2hK9P8f/krlZ1vap3fVZpXi3jKKIjdIxOkYvOURNdohZqI4ZG6AE9oWdHOo/Oi/O6aC04y5lD9APO2yezqY4j</latexit>

ft

Method
1

2

3

User provides a context        to the LLM agent <latexit sha1_base64="G0v2COmQ3fmd6ElS2Q5ztZFMTzg=">AAAB6nicdVBNSwMxEJ2tX7V+VT16CRbBU8kWWdtbwYsHDxXtB7RLyabZNjSbXZKsWEp/ghcPinj1F3nz35htK6jog4HHezPMzAsSwbXB+MPJrayurW/kNwtb2zu7e8X9g5aOU0VZk8YiVp2AaCa4ZE3DjWCdRDESBYK1g/FF5rfvmNI8lrdmkjA/IkPJQ06JsdLNfd/0iyVcxhaehzLiVrFrSa1WrVRqyJ1bGJdgiUa/+N4bxDSNmDRUEK27Lk6MPyXKcCrYrNBLNUsIHZMh61oqScS0P52fOkMnVhmgMFa2pEFz9fvElERaT6LAdkbEjPRvLxP/8rqpCav+lMskNUzSxaIwFcjEKPsbDbhi1IiJJYQqbm9FdEQUocamU7AhfH2K/ietStn1yt71Wal+tYwjD0dwDKfgwjnU4RIa0AQKQ3iAJ3h2hPPovDivi9acs5w5hB9w3j4BzxWONQ==</latexit>xtRound
<latexit sha1_base64="BfQzaEwWM0WoZUvqn2qP0CAljY8=">AAAB6HicdVDLSgNBEJyNrxhfUY9eBoPgKcwGWZNbwIsHDwmYByRLmJ30JmNmZ5eZWSEs+QIvHhTx6id582+cPAQVLWgoqrrp7goSwbUh5MPJra1vbG7ltws7u3v7B8XDo7aOU8WgxWIRq25ANQguoWW4EdBNFNAoENAJJldzv3MPSvNY3pppAn5ER5KHnFFjpaYZFEukTCw8D8+JWyWuJbVatVKpYXdhEVJCKzQGxff+MGZpBNIwQbXuuSQxfkaV4UzArNBPNSSUTegIepZKGoH2s8WhM3xmlSEOY2VLGrxQv09kNNJ6GgW2M6JmrH97c/Evr5easOpnXCapAcmWi8JUYBPj+dd4yBUwI6aWUKa4vRWzMVWUGZtNwYbw9Sn+n7QrZdcre82LUv1mFUcenaBTdI5cdInq6Bo1UAsxBOgBPaFn5855dF6c12VrzlnNHKMfcN4+AT4RjUo=</latexit>

t

LLM agent generates a response        given the context and inferred preference<latexit sha1_base64="8ZLFn0fFj0V66ydvpWDPyCv8RvU=">AAAB6nicdVBNSwMxEM3Wr1q/qh69BIvgqWSLrO2t4MWDh4rWFtqlZNO0Dc1ml2RWWJb+BC8eFPHqL/LmvzHbVlDRBwOP92aYmRfEUhgg5MMprKyurW8UN0tb2zu7e+X9gzsTJZrxNotkpLsBNVwKxdsgQPJurDkNA8k7wfQi9zv3XBsRqVtIY+6HdKzESDAKVrpJBzAoV0iVWHgezolbJ64ljUa9Vmtgd24RUkFLtAbl9/4wYknIFTBJjem5JAY/oxoEk3xW6ieGx5RN6Zj3LFU05MbP5qfO8IlVhngUaVsK8Fz9PpHR0Jg0DGxnSGFifnu5+JfXS2BU9zOh4gS4YotFo0RiiHD+Nx4KzRnI1BLKtLC3YjahmjKw6ZRsCF+f4v/JXa3qelXv+qzSvFrGUURH6BidIhedoya6RC3URgyN0QN6Qs+OdB6dF+d10VpwljOH6Aect0/Qm442</latexit>yt

User edits the agent response, resulting in a revision       ,
according to a latent preference

<latexit sha1_base64="Au0YcVvDvNOHV+7GDK3NEI+h37A=">AAAB7HicdVBNS8NAEJ3Ur1q/qh69LBZBPJSkSGxvBS8ePFQwbaGNZbPdtEs3m7C7EUrob/DiQRGv/iBv/hs3bQUVfTDweG+GmXlBwpnStv1hFVZW19Y3ipulre2d3b3y/kFbxakk1CMxj2U3wIpyJqinmea0m0iKo4DTTjC5zP3OPZWKxeJWTxPqR3gkWMgI1kbywruzgR6UK3bVNnBdlBOnbjuGNBr1Wq2BnLll2xVYojUov/eHMUkjKjThWKmeYyfaz7DUjHA6K/VTRRNMJnhEe4YKHFHlZ/NjZ+jEKEMUxtKU0Giufp/IcKTUNApMZ4T1WP32cvEvr5fqsO5nTCSppoIsFoUpRzpG+edoyCQlmk8NwUQycysiYywx0Safkgnh61P0P2nXqo5bdW/OK83rZRxFOIJjOAUHLqAJV9ACDwgweIAneLaE9Wi9WK+L1oK1nDmEH7DePgHN5I6/</latexit>

f⇤
t

<latexit sha1_base64="RbVKJyRFVRvTRjruGw6O1w/whCs=">AAAB63icdVBNSwMxEJ2tX7V+VT16CRbRU9ktsra3ghcPHipYW2iXkk2zbWiSXZKssJT+BS8eFPHqH/LmvzHbVlDRBwOP92aYmRcmnGnjuh9OYWV1bX2juFna2t7Z3SvvH9zpOFWEtknMY9UNsaacSdo2zHDaTRTFIuS0E04uc79zT5Vmsbw1WUIDgUeSRYxgk0vZ6cAMyhW36lr4PsqJV3c9SxqNeq3WQN7cct0KLNEalN/7w5ikgkpDONa657mJCaZYGUY4nZX6qaYJJhM8oj1LJRZUB9P5rTN0YpUhimJlSxo0V79PTLHQOhOh7RTYjPVvLxf/8nqpierBlMkkNVSSxaIo5cjEKH8cDZmixPDMEkwUs7ciMsYKE2PjKdkQvj5F/5O7WtXzq/7NeaV5vYyjCEdwDGfgwQU04Qpa0AYCY3iAJ3h2hPPovDivi9aCs5w5hB9w3j4BMXWOZw==</latexit>

y0t

<latexit sha1_base64="6CF10CsOAz3dzS7k1aykZomk4wA="></latexit>

ct = �edit(yt, y
0
t)Agent incurs a cost

History
<latexit sha1_base64="STFVc3iWL2GD+eNEF5KhxcRDLGc="></latexit>

D  D [ {(�(xt), f̃t)}

Retrieve top-   examples from history based on 
<latexit sha1_base64="PrusvixkJK64MVvARLLd1dpjkGc=">AAAB8HicdVDLSgMxFM3UV62vqks3wSLUTckUGdtdwY0LFxXsQ9qhZNJMG5pkhiQjlqFf4caFIm79HHf+jZm2gooeuHA4517uvSeIOdMGoQ8nt7K6tr6R3yxsbe/s7hX3D9o6ShShLRLxSHUDrClnkrYMM5x2Y0WxCDjtBJOLzO/cUaVZJG/MNKa+wCPJQkawsdJtPx6z8v3AnA6KJVRBFp4HM+LWkGtJvV6rVuvQnVsIlcASzUHxvT+MSCKoNIRjrXsuio2fYmUY4XRW6CeaxphM8Ij2LJVYUO2n84Nn8MQqQxhGypY0cK5+n0ix0HoqAtspsBnr314m/uX1EhPW/JTJODFUksWiMOHQRDD7Hg6ZosTwqSWYKGZvhWSMFSbGZlSwIXx9Cv8n7WrF9Sre9VmpcbWMIw+OwDEoAxecgwa4BE3QAgQI8ACewLOjnEfnxXldtOac5cwh+AHn7ROl75Bf</latexit>

�(xt)
Aggregate induced preferences in those retrieved examples 

<latexit sha1_base64="Kh71Hfp9Haqt+CIo5dzaTgzVaA4=">AAACBXicdVDLSsNAFJ3UV62vqEtdDBbBVUmKxHYhFNy4cFHBPqCJYTKZtEMnD2YmQg3ZuPFX3LhQxK3/4M6/cdJWUNEDFw7n3Mu993gJo0IaxodWWlhcWl4pr1bW1jc2t/Ttna6IU45JB8cs5n0PCcJoRDqSSkb6CSco9BjpeeOzwu/dEC5oHF3JSUKcEA0jGlCMpJJcfd/OoC0p80kW5G5269Lczq/HbkZPzdzVq0bNULAsWBCzYZiKNJuNer0JzallGFUwR9vV320/xmlIIokZEmJgGol0MsQlxYzkFTsVJEF4jIZkoGiEQiKcbPpFDg+V4sMg5qoiCafq94kMhUJMQk91hkiOxG+vEP/yBqkMGk5GoySVJMKzRUHKoIxhEQn0KSdYsokiCHOqboV4hDjCUgVXUSF8fQr/J916zbRq1uVxtXUxj6MM9sABOAImOAEtcA7aoAMwuAMP4Ak8a/fao/aivc5aS9p8Zhf8gPb2CXVEmUE=</latexit>

{f̃zi}ki=1

<latexit sha1_base64="8MJ7JnLVcyl4fPDEe3VURzGB0aE=">AAAB6HicdVDLSgNBEJyNrxhfUY9eBoPgKcwGWZNbwIMeEzAPSJYwO+lNxszOLjOzQljyBV48KOLVT/Lm3zh5CCpa0FBUddPdFSSCa0PIh5NbW9/Y3MpvF3Z29/YPiodHbR2nikGLxSJW3YBqEFxCy3AjoJsooFEgoBNMruZ+5x6U5rG8NdME/IiOJA85o8ZKzcmgWCJlYuF5eE7cKnEtqdWqlUoNuwuLkBJaoTEovveHMUsjkIYJqnXPJYnxM6oMZwJmhX6qIaFsQkfQs1TSCLSfLQ6d4TOrDHEYK1vS4IX6fSKjkdbTKLCdETVj/dubi395vdSEVT/jMkkNSLZcFKYCmxjPv8ZDroAZMbWEMsXtrZiNqaLM2GwKNoSvT/H/pF0pu17Za16U6terOPLoBJ2ic+SiS1RHN6iBWoghQA/oCT07d86j8+K8LltzzmrmGP2A8/YJLuyNPA==</latexit>

k

<latexit sha1_base64="sN46dHUPHMksdQuLI1PLwmz6Cwo=">AAAB8nicdVBNS8NAEN3Ur1q/qh69LBbBU0mKxPZW8OLBQwX7AWkom82mXbrZhN2JUEJ/hhcPinj113jz37hpK6jog4HHezPMzAtSwTXY9odVWlvf2Nwqb1d2dvf2D6qHRz2dZIqyLk1EogYB0UxwybrAQbBBqhiJA8H6wfSq8Pv3TGmeyDuYpcyPyVjyiFMCRvKGwEXI8mg+glG1ZtdtA9fFBXGatmNIq9VsNFrYWVi2XUMrdEbV92GY0CxmEqggWnuOnYKfEwWcCjavDDPNUkKnZMw8QyWJmfbzxclzfGaUEEeJMiUBL9TvEzmJtZ7FgemMCUz0b68Q//K8DKKmn3OZZsAkXS6KMoEhwcX/OOSKURAzQwhV3NyK6YQoQsGkVDEhfH2K/ye9Rt1x6+7tRa19s4qjjE7QKTpHDrpEbXSNOqiLKErQA3pCzxZYj9aL9bpsLVmrmWP0A9bbJxenkdk=</latexit>

f̃t

<latexit sha1_base64="99rMc8xNpA/hpHZ5ke7JGzRGcVc=">AAACA3icdVDJSgNBEO2JW4xb1JteGoPgKcwEickt4MWDhwhmgSQMPZ2apEnPQneNEoaAF3/FiwdFvPoT3vwbO4ugog8KHu9VUVXPi6XQaNsfVmZpeWV1Lbue29jc2t7J7+41dZQoDg0eyUi1PaZBihAaKFBCO1bAAk9CyxudT/3WDSgtovAaxzH0AjYIhS84QyO5+YMuCtmH1J+4SLsSfGRKRbfUd9HNF+yibVAu0ylxKrZjSLVaKZWq1JlZtl0gC9Td/Hu3H/EkgBC5ZFp3HDvGXsoUCi5hkusmGmLGR2wAHUNDFoDupbMfJvTYKH3qR8pUiHSmfp9IWaD1OPBMZ8BwqH97U/Evr5OgX+mlIowThJDPF/mJpBjRaSC0LxRwlGNDGFfC3Er5kCnG0cSWMyF8fUr/J81S0SkXy1enhdrlIo4sOSRH5IQ45IzUyAWpkwbh5I48kCfybN1bj9aL9TpvzViLmX3yA9bbJ790mEs=</latexit>

f̃t  ft

<latexit sha1_base64="PSZCYTzVYLX4yXkkxQ+4JF4yOBE=">AAAB9XicdVDJSgNBEO2JW4xb1KOXxiB4CjNBYnILePHgIYJZIDOGnp6apEnPQneNEkL+w4sHRbz6L978GzuLoKIPCh7vVVFVz0+l0GjbH1ZuZXVtfSO/Wdja3tndK+4ftHWSKQ4tnshEdX2mQYoYWihQQjdVwCJfQscfXcz8zh0oLZL4BscpeBEbxCIUnKGRbnkfqTsA6gYgkfWLJbtsG1SrdEacmu0YUq/XKpU6deaWbZfIEs1+8d0NEp5FECOXTOueY6foTZhCwSVMC26mIWV8xAbQMzRmEWhvMr96Sk+MEtAwUaZipHP1+8SERVqPI990RgyH+rc3E//yehmGNW8i4jRDiPliUZhJigmdRUADoYCjHBvCuBLmVsqHTDGOJqiCCeHrU/o/aVfKTrVcvT4rNa6WceTJETkmp8Qh56RBLkmTtAgnijyQJ/Js3VuP1ov1umjNWcuZQ/ID1tsnKI2SXA==</latexit>

ct �
�

<latexit sha1_base64="zXthVhULoh4TIMXFYjbbrLZnQzE=">AAAB83icdVBNS8NAEN3Ur1q/qh69LBbBU0mKxBY8FLx48FDB2kITymazaZduNmF3IpTQv+HFgyJe/TPe/Ddu2goq+mDg8d4MM/OCVHANtv1hlVZW19Y3ypuVre2d3b3q/sGdTjJFWZcmIlH9gGgmuGRd4CBYP1WMxIFgvWByWfi9e6Y0T+QtTFPmx2QkecQpASN5dAj4AnshE0CG1Zpdtw1cFxfEadqOIa1Ws9FoYWdu2XYNLdEZVt+9MKFZzCRQQbQeOHYKfk4UcCrYrOJlmqWETsiIDQyVJGbaz+c3z/CJUUIcJcqUBDxXv0/kJNZ6GgemMyYw1r+9QvzLG2QQNf2cyzQDJuliUZQJDAkuAsAhV4yCmBpCqOLmVkzHRBEKJqaKCeHrU/w/uWvUHbfu3pzV2tfLOMroCB2jU+Sgc9RGV6iDuoiiFD2gJ/RsZdaj9WK9LlpL1nLmEP2A9fYJboqRXA==</latexit>

ct < �

LLM agent generates a preference      

to explains the user edits 
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Method
• CIPHER (Consolidates Induced Preferences based on Historical Edits with Retrieval)


• Computationally efficient


• 4 LLM calls at max per interaction; only a small increase in prompt length


• Low memory storage: save context representation instead of the context itself 


• User-friendly and interpretable 


• Users are not required to do heavy prompt engineering 


• Users could read and understand the preference learned by the agent

33



Task & User Setup

• Writing task for the agent: summarize a document


• GPT-4 user as a simulation


• Provide a context (i.e., specify the writing task, includes a document)


• Can provide context documents from different sources


• Have context-depend preference for different use cases

34



Task & User Setup
Use Case Latent User Preference Doc Source

Introduce a political news to kids targeted to young children, storytelling, short sentences, playful 
language, interactive, positive News article

Promote a paper to invoke more 
attention and interests 

tweet style, simple English, inquisitive, skillful foreshadowing, 
with emojis Paper abstract

Take notes for factual knowledge bullet points, parallel structure, brief Wikipedia page

Use online stories to inspire character 
developments in creative writing 

second person narrative, brief, show emotions, invoke personal 
reflection, immersive Reddit post

Extract main opinions from a review question answering style Movie review

35



Experimental Setup
• 200 interactions in total                 ; different context per round


• Implementation details of CIPHER


• GPT-4 as the base LLM 


• MPNeT as the context representation function 


• Top 5 retrieval with cosine similarity 


• Evaluation metrics


• Cumulative Levenshtein edit distance: removal, insertion, or substitution (BPE tokens)


• Expense of using LLM: total number of input and output BPE tokens

<latexit sha1_base64="rnksWxkXEDCf3zLk+blH4ZDOi2Y=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKewGiV6EgAc9RsgLkiXMTjrJkNnZZWZWCEs+wosHRbz6Pd78GyfJHjSxoKGo6qa7K4gF18Z1v53cxubW9k5+t7C3f3B4VDw+aekoUQybLBKR6gRUo+ASm4YbgZ1YIQ0Dge1gcjf320+oNI9kw0xj9EM6knzIGTVWajfILam4br9YcsvuAmSdeBkpQYZ6v/jVG0QsCVEaJqjWXc+NjZ9SZTgTOCv0Eo0xZRM6wq6lkoao/XRx7oxcWGVAhpGyJQ1ZqL8nUhpqPQ0D2xlSM9ar3lz8z+smZnjjp1zGiUHJlouGiSAmIvPfyYArZEZMLaFMcXsrYWOqKDM2oYINwVt9eZ20KmWvWq4+XpVq91kceTiDc7gED66hBg9QhyYwmMAzvMKbEzsvzrvzsWzNOdnMKfyB8/kDMZuOMw==</latexit>

T = 200

<latexit sha1_base64="VLF4KS/tkbfHvJCcyGkrx6MplHc=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqxeh4EGPFUxbaEPZbCft0s0m7G6EUvobvHhQxKs/yJv/xm2bg1YfDDzem2FmXpgKro3rfjmFldW19Y3iZmlre2d3r7x/0NRJphj6LBGJaodUo+ASfcONwHaqkMahwFY4upn5rUdUmifywYxTDGI6kDzijBor+SNyTS565Ypbdecgf4mXkwrkaPTKn91+wrIYpWGCat3x3NQEE6oMZwKnpW6mMaVsRAfYsVTSGHUwmR87JSdW6ZMoUbakIXP158SExlqP49B2xtQM9bI3E//zOpmJroIJl2lmULLFoigTxCRk9jnpc4XMiLEllClubyVsSBVlxuZTsiF4yy//Jc2zqler1u7PK/XbPI4iHMExnIIHl1CHO2iADww4PMELvDrSeXbenPdFa8HJZw7hF5yPb3vAjdk=</latexit>
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Experimental Setup
• Comparison systems 


• No Learning: does not perform any preference learning 


• Continual Learning: infer a preference using the most recent k interactions


• In-Context Learning: retrieve top k historical examples, and use them as 
demonstration examples in the prompt for response generation


• Chain-of-Thought: the prompt for response generation specifies two 
steps: 1) infer a descriptive user preference based on retrieved top k 
examples, and 2) generate a response accordingly


• Oracle: let the agent use the true latent preference to generate a response 

Context- 
dependentInterpretable
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Experimental Result

No Learning Continual ICL CoT CIPHER Oracle

Cumulative Levenshtein Edit Distance
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Experimental Result

No Learning Continual ICL CoT CIPHER Oracle

Cumulative Levenshtein Edit Distance
Expense of Using LLMs
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Experimental Result

No Learning Continual ICL CoT CIPHER Oracle

Cumulative Levenshtein Edit Distance
Expense of Using LLMs
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CIPHER is empirically effective 
with a low expense

Context-dependent

Interpretable



Experimental Analysis
• Does the user make fewer edits to CIPHER over time?


• Percentage of the zero-edit examples (binned per 20 rounds)


• Edit distance normalized by the response length (averaged per 20 rounds)
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Experimental Analysis
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• Does the user make fewer edits to CIPHER over time?


1. Percentage of the zero-edit examples (binned per 20 rounds)


2. Edit distance normalized by the response length (averaged per 20 rounds)



Summary
• We study learning from human feedback in the form of user edits 


• PRELUDE framework formulates the interaction process and preference 
learning as a cost minimization problem 


• CIPHER method learns a prompt policy to infer a descriptive user preference


• computationally efficient, user-friendly, interpretable


• empirically effective with a low expense


• More in the paper: human eval, email writing task, more baselines and analysis
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Check Out Our Codebase!
• https://github.com/gao-g/prelude 


• Modularized codebase designed for easy customization 


• Detailed instructions on how to:


• Add your own task


• Specify your own user 


• Implement your own agent 
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Query

Response

Feedback

- Farming, as a part of agriculture, involves growing crops 
cultivation and animal rearing for food and raw materials.

- Originated It began thousands of years ago, likely in the Fertile 
Crescent, leading to the Neolithic Revolution

- Transition as people transitioned from nomadic hunting to 
settled farming. resulted in significant human population increase

- Direct edits on the response

47

Outline: Learning from User Feedback

1. How to learn from naturally 
occurring human feedback?


2. Going beyond single-model 
improvement, how to improve 
language processing pipelines?



1. How to learn from naturally 
occurring human feedback?


2. Going beyond single-model 
improvement, how to improve 
language processing pipelines?

Query

Response

Feedback

- Farming, as a part of agriculture, involves growing crops 
cultivation and animal rearing for food and raw materials.

- Originated It began thousands of years ago, likely in the Fertile 
Crescent, leading to the Neolithic Revolution

- Transition as people transitioned from nomadic hunting to 
settled farming. resulted in significant human population increase

- Simple categorical feedback

- Direct edits on the response

Partially correct Correct Wrong

48

Outline: Learning from User Feedback



Interactive QA: Setup

49

• Explicit user feedback


• In practice, such categorical 
feedback can also be derived 
from user behaviors 


• Two work on this topic:


• with simulated feedback 


• with human user feedback

Partially correct.

How many people were killed in the battle of Moscow ?

Casualties for the Battle of Moscow are debated, 
but estimates suggest German losses of 248,000 to 
400,000 and Soviet losses of 650,000 to 1,280,000.

Contextual Bandit Learning

Interact with Users

Fine-tune Deploy

Casualties for the Battle of Moscow are debated



• We cast the problem as contextual bandit learning, and introduce an 
effective fine-tuning method for categorical feedback


• Our experiments show empirical improvement of extractive QA agents 
over multiple rounds of human user interaction


• Our ablation studies demonstrate the potential of domain adaptation
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Human User Feedback Study: Highlights



Query

Response

Feedback
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- Direct edits on the response 
- Simple categorical feedback 
- …

1. How to learn from naturally 
occurring human feedback?


2. Going beyond individual model 
improvement, how to improve 
language processing pipelines?

Outline: Learning from User Feedback



Motivation: Deployment in Practice

Output

52

Downstream

• Write some text 
• Answer questions 
• Verify claims 
• …
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…

Downstream

• Write some text 
• Answer questions 
• Verify claims 
• …



Retrieval

100+ doc <10 doc

Downstream

Output
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• Write some text 
• Answer questions 
• Verify claims 
• …

Motivation: Deployment in Practice



Retrieval Basics

what do architectural drawings show 

The architecture of a software system is a metaphor, analogous ...

An architectural drawing or architect's drawing is a technical ...

CPU architecture is the layout of the cpu, it is its design -- ...

An architectural engineer helps create efficient buildings and ...

An architecture principle is the enforced way a concept works ..
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• Task definition: rank documents based on their relevance to a query


• Application: ranked documents are input to some downstream models


• Separate from training retrieval models
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• Conventional training objectives: contrastive loss


• Requires ground truth annotation for relevant documents and 
estimation for truly irrelevant documents (i.e., hard negatives)


• Pairwise approximation of the listwise ranking objective

Relevant 
Irrelevant

Irrelevant 
Irrelevant 
Irrelevant 
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• Conventional training objectives: contrastive loss


• Requires ground truth annotation for relevant documents and 
estimation for truly irrelevant documents (i.e., hard negatives)


• Pairwise approximation of the listwise ranking objective

Relevant 
Irrelevant

Irrelevant 
Irrelevant 
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Research Question

• How to improve LLM-based retrieval models in a pipeline setup?


• Need to adapt to the downstream applications


• No document-level annotation available 


• Output high-quality ranking over >2 docs for practical usage
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Our Contribution
• Neural PG-RANK: train LLM-based retrievers in a pipeline setup based on downstream feedback


• Directly optimize the listwise objective — use Plackett-Luce ranking policy


• Do not require document-level relevance annotation — use downstream utility


• Adapt to downstream tasks by unifying the training objective with the downstream application
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Our Contribution
• Neural PG-RANK: train LLM-based retrievers in a pipeline setup based on downstream feedback


• Directly optimize the listwise objective — use Plackett-Luce ranking policy


• Do not require document-level relevance annotation — use downstream utility


• Adapt to downstream tasks by unifying the training objective with the downstream application
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Our Contribution
• Neural PG-RANK: train LLM-based retrievers in a pipeline setup based on downstream feedback


• Directly optimize the listwise objective — use Plackett-Luce ranking policy


• Do not require document-level relevance annotation — use downstream utility


• Adapt to downstream tasks by unifying the training objective with the downstream application
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Setting

• Define the utility of a ranking policy for a given query 


• Learning objective is to learn a ranking policy that optimizes the expected 
utility over the query distribution 

Utility function

Ranking
Query

62



Method
• Define a Plackett-Luce ranking policy


• expressed as a product of softmax distributions


• based on query-document relevance scores

4 Method

We present our method, Neural PG-RANK, which addresses the IR problem described in Section 3.

Plackett-Luce Ranking Policy To train our ranking policies, we consider the following functional
form that is compatible with any score-based retrieval architecture. In particular, we define repre-
sentation functions ⌘q✓(q) and ⌘

d
✓ (d), which encode the query q and the document d into fixed-width

vector representations, respectively. Additionally, we introduce a comparison function � which takes
these representations and computes a score:

s✓(q, d) , �(⌘q✓(q), ⌘
d
✓ (d))

Under the Plackett-Luce model (Plackett, 1975; Luce, 1959), we can define a ranking policy ⇡✓(r|q)
based on the scores s✓(q, d). The ranking policy is expressed as a product of softmax distributions:

⇡✓(r|q) =
nY

i=1

exp s✓(q, dr(i))P
j2{r(i),...,r(n)} exp s✓(q, dj)

. (3)

Note that this family of Plackett-Luce ranking policies includes the policy that simply sorts the
documents by their scores as a limiting case:

⇡
sort
✓ (r|q) , argsort

d2dq
s✓(q, d), (4)

where argsort returns the indices that would sort the given array in descending order. In particular,
the Plackett-Luce distribution converges to this sort-based policy when the scores are scaled by a
factor ⌧ with lim ⌧ ! 1. One important distinction between Plackett-Luce policies and sort-based
policies is that Plackett-Luce policies remain differentiable, which is a crucial property exploited by
our training algorithm. Specifically, our policy ⇡✓(r|q) and its logarithm log ⇡✓(r|q) are differentiable
as long as our scoring model s✓ is differentiable.

REINFORCE To solve the optimization problem defined in Equation 2, we propose a policy
gradient approach based on insights from the LTR literature (Singh & Joachims, 2019; Oosterhuis,
2021). Using the log-derivative trick pioneered by the REINFORCE algorithm (Williams, 1992), we
derive the policy gradient as follows:

r✓U(⇡✓|q) = r✓Er⇠⇡✓(·|q) [�(r|q)]
= Er⇠⇡✓(·|q) [r✓ log ⇡✓(r|q)�(r|q)] . (5)

Equation 5 exploits the key insight that we can express the gradient of our utility as the expectation
over rankings of the gradient of the log-probabilities (i.e. the policy gradient) from our ranking policy
⇡✓. We can thus estimate Equation 5 using Monte Carlo sampling, as detailed below.

Monte Carlo Sampling A naive method for sampling rankings from the policy ⇡✓ to estimate the
gradient is to iteratively draw documents without replacement from the softmax distribution over
the remaining documents in the candidate set until there are no more documents left. However, this
process has a quadratic computational complexity with respect to the size n of the candidate set.
Instead, we can equivalently sample rankings more efficiently in O(n log(n)) time by sampling an
entire ranking using the Gumbel-Softmax distribution (Jang et al., 2017) induced by our policy ⇡✓.

Given a query q and its respective candidate set dq , to sample an ordering r of documents from our
policy ⇡✓, we first compute the scores ⇡✓(r(d)|q) for all documents d in the candidate set, as defined
in Equation 3. To sample from this induced distribution, we use the Gumbel-Softmax trick. For every
document d in the candidate set, we draw independent and identically distributed (i.i.d.) Gumbel
samples from the Gumbel distribution gd ⇠ Gumbel(0, 1). Then, we calculate the softmax of the
sum of the log scores and their corresponding Gumbel samples as follows:

xd =
exp(log ⇡✓(r(d)|q) + gd)P

d2dq exp(log ⇡✓(r(d)|q) + gd)

Finally, we sort the documents according to their xd values, resulting in the sampled ranking r.
In practice, this sampling procedure allows us to sample rankings as fast as we can sort top-K
documents, resulting in a O(n log(n)) runtime complexity.

5

Scoring function 
Query

Doc
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• We use REINFORCE


+ Monte Carlo sampling with N samples


+ Variance reduction with leave-one-out baseline


+ nDCG@10 as utility function

Method



Method
Variance Reduction To reduce the variance induced by our Monte Carlo estimates of the gradient,
we incorporate a baseline into our objective. It is important to note that subtracting a baseline from
the objective still provides an unbiased estimate of the gradient. Baselines are commonly employed
in policy gradient methods to enhance the stability of the updates. In the case of Neural PG-RANK,
we adopt the REINFORCE leave-one-out baseline (Kool et al., 2019). The estimation of our policy
gradient, based on N Monte Carlo samples, can be expressed as follows:

br✓U(⇡✓|q) =
1

N

X

i

h
r✓ log ⇡✓(ri|q)

⇣
�(ri|q)�

1

N � 1

X

j 6=i

�(rj |q)
⌘i

. (6)

where ri is a sampled ranking and q corresponds to a specific query. �(ri|q) denotes the utility of
the ranking ri for this query q. It subtracts the average utility for all other sampled rankings for this
query. By including the leave-one-out baseline, we enhance the estimation of the policy gradient and
mitigate the impact of high variance in the updates.

Utility While our Neural PG-RANK applies to any utility function �(r|q), we focus on nDCG@10
in our experiments to be able to compare against conventional methods. Moreover, prior work (e.g.,
Wang et al., 2013; Thakur et al., 2021) argues that nDCG offers both theoretical consistency and
a practical balance suitable for both binary and graded sub-level relevance annotations. Following
Oosterhuis (2021), we exploit the insight that the utility at rank k only interacts with the probability
of the partial ranking up to k, and the partial ranking after k does not affect the utility before k. The
estimation of our policy gradient is now:

br✓U(⇡✓|q) =
1

N

X

i

hX

k

r✓ log ⇡✓(ri,k|q, ri,1:k�1)

⇣
nDCG(ri,k:|q, ri,1:k�1)�

1

N � 1

X

j 6=i

nDCG(rj,k:|q, ri,1:k�1)
⌘i

. (7)

5 Experimental Setup

In numerous applications of text retrieval systems, a prevalent practice involves a two-stage procedure:
initially, retrieving a limited set of candidate documents from the full collection (stage 1), and
subsequently, re-ranking these initially retrieved candidate documents (stage 2). We investigate the
effectiveness of our method in both stages by conducting extensive experiments with different models
on various text retrieval benchmarks.

Data We use MS MARCO (Campos et al., 2017), a standard large-scale text retrieval dataset
created from real user search queries using Bing search. We train on the train split of MS MARCO
from the BEIR benchmark suite (Thakur et al., 2021). For tuning hyperparameters, we carve out a
validation set of 7k examples from the training data.

During training, we mimic the two-stage retrieval setup that an eventual production system would
use. In particular, we generate candidate sets of 1k documents per query, composed of ground-truth
relevant documents to the query and irrelevant documents. These irrelevant documents come from a
stage 1 retriever, for which we typically use gtr-t5-xl (Ni et al., 2021) model in this work.

For in-domain evaluation, following prior work, we report performance on the dev set of MS MARCO.
We also report out-of-domain zero-shot evaluation performance of our MS MARCO models on the
subset of BEIR with readily available test sets.1 BEIR contains several existing text retrieval datasets,
ranging from Wikipedia, scientific, financial, and bio-medical domains. Table 5 in Appendix A lists
some details of our evaluation sets.

Evaluation Setup We report nDCG@10 (Normalised Cumulative Discount Gain; Järvelin &
Kekäläinen, 2000) on each evaluation set by reranking the candidate set per query as a second-stage
ranker (Subsection 6.1), or over the full document collection as a first-stage retriever (Subsection 6.2).
In the second-stage ranking evaluation, our candidate set for each query comprises of the top-ranked

1We include the passage ranking task in TREC-DL 2019 (Craswell et al., 2021), a variant of MS MARCO,
as an out-of-domain evaluation set. This dataset is available as the test split of MS MARCO in BEIR.
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mitigate the impact of high variance in the updates.

Utility While our Neural PG-RANK applies to any utility function �(r|q), we focus on nDCG@10
in our experiments to be able to compare against conventional methods. Moreover, prior work (e.g.,
Wang et al., 2013; Thakur et al., 2021) argues that nDCG offers both theoretical consistency and
a practical balance suitable for both binary and graded sub-level relevance annotations. Following
Oosterhuis (2021), we exploit the insight that the utility at rank k only interacts with the probability
of the partial ranking up to k, and the partial ranking after k does not affect the utility before k. The
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5 Experimental Setup

In numerous applications of text retrieval systems, a prevalent practice involves a two-stage procedure:
initially, retrieving a limited set of candidate documents from the full collection (stage 1), and
subsequently, re-ranking these initially retrieved candidate documents (stage 2). We investigate the
effectiveness of our method in both stages by conducting extensive experiments with different models
on various text retrieval benchmarks.

Data We use MS MARCO (Campos et al., 2017), a standard large-scale text retrieval dataset
created from real user search queries using Bing search. We train on the train split of MS MARCO
from the BEIR benchmark suite (Thakur et al., 2021). For tuning hyperparameters, we carve out a
validation set of 7k examples from the training data.

During training, we mimic the two-stage retrieval setup that an eventual production system would
use. In particular, we generate candidate sets of 1k documents per query, composed of ground-truth
relevant documents to the query and irrelevant documents. These irrelevant documents come from a
stage 1 retriever, for which we typically use gtr-t5-xl (Ni et al., 2021) model in this work.

For in-domain evaluation, following prior work, we report performance on the dev set of MS MARCO.
We also report out-of-domain zero-shot evaluation performance of our MS MARCO models on the
subset of BEIR with readily available test sets.1 BEIR contains several existing text retrieval datasets,
ranging from Wikipedia, scientific, financial, and bio-medical domains. Table 5 in Appendix A lists
some details of our evaluation sets.

Evaluation Setup We report nDCG@10 (Normalised Cumulative Discount Gain; Järvelin &
Kekäläinen, 2000) on each evaluation set by reranking the candidate set per query as a second-stage
ranker (Subsection 6.1), or over the full document collection as a first-stage retriever (Subsection 6.2).
In the second-stage ranking evaluation, our candidate set for each query comprises of the top-ranked

1We include the passage ranking task in TREC-DL 2019 (Craswell et al., 2021), a variant of MS MARCO,
as an out-of-domain evaluation set. This dataset is available as the test split of MS MARCO in BEIR.
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• We use REINFORCE


+ Monte Carlo sampling with N samples


+ Variance reduction with leave-one-out baseline


+ nDCG@10 as utility function



Utility
• Utility function scores a ranking based on how useful it is in the downstream


• In our pilot study, we use nDCG@10 as an approximation of the downstream utility


• nDCG@10 is a measure of ranking quality 


• We assume higher nDCG@10 relates to better downstream performance 
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Variance Reduction To reduce the variance induced by our Monte Carlo estimates of the gradient,
we incorporate a baseline into our objective. It is important to note that subtracting a baseline from
the objective still provides an unbiased estimate of the gradient. Baselines are commonly employed
in policy gradient methods to enhance the stability of the updates. In the case of Neural PG-RANK,
we adopt the REINFORCE leave-one-out baseline (Kool et al., 2019). The estimation of our policy
gradient, based on N Monte Carlo samples, can be expressed as follows:
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• We use REINFORCE


+ Monte Carlo sampling with N samples


+ Variance reduction with leave-one-out baseline


+ nDCG@10 as utility function

Utility



Table 12: Reliance of state-of-the-art comparison systems and our Neural PG-RANK on negative
document mining and additional supervision. Each check denotes a heuristics used during training.
Our method minimizes the reliance on the type of negative documents, and does not require any
additional supervision from other models to improve retrieval performance.

Method Source of Negative Docs Additional Supervision Loss

In-Batch BM25 Dense Model

SBERT (Reimers & Gurevych, 2019) 3 333 3 MarginMSE + NLL
TAS-B (Hofstätter et al., 2021) 3 3 33 MarginMSE + Distillation
SPLADEv2 (Formal et al., 2021) 3 33 3 MarginMSE + Sparsity
Neural PG-RANK (Ours) 3 Utility Maximization

Table 13: Second-stage reranking: nDCG@10 in-domain results. * marks evaluations run by us using
the publicly available checkpoint. Bold font represents the highest number per row, and underline
shows the second highest. Light green color highlights the experiments where our Neural PG-RANK
yields performance gain.

Dataset Domain Comparison Systems Ours: Neural PG-RANK

SBERT* TAS-B* SPLADEv2* with SBERT with TAS-B

MS MARCO dev misc. 0.892 0.893 0.900 0.987 0.982

TREC-DL 2019 misc. 0.743 0.749 0.749 0.742 0.741
TREC-COVID bio-medical 0.764 0.711 0.731 0.690 0.630
NFCorpus bio-medical 0.308 0.320 0.341 0.249 0.303
NQ Wikipedia 0.836 0.836 0.854 0.869 0.878

HotpotQA Wikipedia 0.747 0.785 0.834 0.902 0.900
FiQA-2018 finance 0.291 0.279 0.342 0.131 0.139
ArguAna misc. 0.351 0.479 0.480 0.354 0.443
Touché-2020 misc. 0.480 0.423 0.460 0.363 0.361
Quora Quora 0.962 0.982 0.967 0.963 0.982

DBPedia Wikipedia 0.513 0.513 0.533 0.521 0.525
SCIDOCS scientific 0.144 0.151 0.163 0.108 0.136
FEVER Wikipedia 0.931 0.911 0.929 0.907 0.913
Climate-FEVER Wikipedia 0.442 0.433 0.444 0.438 0.383
SciFact scientific 0.597 0.579 0.696 0.316 0.410
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Experimental Setup
• Data: MS MARCO [Campos et al., 2017]


• Evaluation metric: nDCG@k for k = 10, 3, 1 


• Our ranking policy: SBERT or TAS-B as warmstart + Neural PG-RANK fine-tuning


• Comparison systems: supervised learning SOTA bi-encoder models with 
augmented contrastive loss objective
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Experimental Result
• Setup: search over a candidate set of 1k documents per query


• Performance gains with both warmstart models


• More gains in terms of nDCG@k with smaller k
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Experimental Result
• Setup: search over a candidate set of 1k documents per query


• Performance gains with both warmstart models


• More gains in terms of nDCG@k with smaller k
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Experimental Result

Neural PG-RANK effectively 
ranks relevant docs high up



Summary
• We introduce Neural PG-RANK to train LLM-based retriever and to improve retrieval-

based pipeline based on downstream feedback


• Directly optimize the listwise ranking objective using Plackett-Luce ranking policy


• End-to-end training of the ranker as part of larger pipelines via policy gradient


• Can adapt to downstream applications by optimizing any utility function for the 
downstream performance (no document-level annotation required) 


• Pilot study: nDCG@10 as an approximation of the downstream utility


• Ongoing work: performance on the downstream task as the utility function
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Overview: Learning from User Feedback

Query

Response

Feedback

- Direct edits on the response 
- Simple categorical feedback

…

1. Learn from naturally occurring human feedback


2. Improve retrieval-based pipelines from downstream feedback

Ongoing work:


• Neural PG-RANK 
with realistic utility


• Fine-tuning method 
under PRELUDE 



Looking Forward
• What assumption to make or break in interactive learning?


• No expectation on users to articulate their full range of needs


• Modeling user groups


• How to build AI that is knowledgeable and intelligent? 


• Beyond learning patterns and doing tasks


• Become helpful in underspecified use cases
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Questions?
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