
Meena Jagadeesan 
University of California, Berkeley 

 Tijana Zrnic Celes;ne Mendler-Dünner
joint work with

Regret Minimiza;on with Performa;ve Feedback

University of California, Berkeley Max Planck Ins;tute for Intelligent Systems

ICML 2022



Sta;c view of machine learning

Data ModelLearning

Decision



Machine learning with feedback effects

Data Model

Feedback

Learning

Decision



Machine learning with feedback effects

Data Model

Feedback

Learning

Decision



Machine learning with feedback effects

Data Model

Feedback

Learning

Decision



Machine learning with feedback effects

Data Model

Feedback

Learning

Decision



Machine learning with feedback effects

Data Model

Feedback

Learning

Decision

Our contribution: Learning algorithms that perform well in the presence of feedback effects  
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The dependence on the model appears twice. 

:

is unknown.



Our contribu;ons

1. We establish a connec;on between performa;ve predic;on and bandits.  

2. Under smoothness assump;ons, we design an algorithm whose regret scales with the 
complexity of the distribu;on map and not with the complexity of the performa;ve risk.  

3. We extend our results to linear distribu;on maps, giving an algorithm whose regret scales 
linearly with the dimension.    

Approach: Gain informa;on about distribu;on shiPs through repeated model deployments
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“Baseline” bandits approach: Pull “arm”        and observe reward                 . 

Main insight: performa;ve se]ngs exhibit richer feedback than bandit feedback.  

- We observe samples from           , not just bandit feedback about performa;ve risk. 

- Can find       with less explora;on than bandit baselines.
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Key insight: ;ghter confidence bounds
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<latexit sha1_base64="uWsbY7APS9g4kQs66w1rQT47C5o=">AAAB7XicbZDLSgMxFIYz9VbrrerSTbAIrsqMFGt3RTcuK9gLtEPJpJk2NpMMyRmhDH0HNy4Ucev7uPNtTKeDePsh8PGfczgnfxALbsB1P5zCyura+kZxs7S1vbO7V94/6BiVaMraVAmlewExTHDJ2sBBsF6sGYkCwbrB9GpR794zbbiStzCLmR+RseQhpwSs1RnAhAEZlitu1c2E/4KXQwXlag3L74ORoknEJFBBjOl7bgx+SjRwKti8NEgMiwmdkjHrW5QkYsZPs2vn+MQ6IxwqbZ8EnLnfJ1ISGTOLAtsZEZiY37WF+V+tn0B44adcxgkwSZeLwkRgUHjxdTzimlEQMwuEam5vxXRCNKFgAyplITQy4SXUazk0vK8QOmdV77zq3dQqzcs8jiI6QsfoFHmojproGrVQG1F0hx7QE3p2lPPovDivy9aCk88coh9y3j4B4+WPvg==</latexit>

�

confidence bounds with bandit feedback: confidence bounds with performa;ve feedback:

<latexit sha1_base64="wsCdG3kZQKez67CaAc0OmMW7xNw=">AAACA3icbZDLSsNAFIYn9VbrrepON4NFcFUSKdbuim5cVrAXaEqZTE7boZMLMydCCQU3voobF4q49SXc+TYmaRBvPwx8/OcczpnfCaXQaJofRmFpeWV1rbhe2tjc2t4p7+51dBApDm0eyED1HKZBCh/aKFBCL1TAPEdC15lepvXuLSgtAv8GZyEMPDb2xUhwhok1LB/YOAFkw9j2GE6UF7sQymAG7nw+LFfMqpmJ/gUrhwrJ1RqW32034JEHPnLJtO5bZoiDmCkUXMK8ZEcaQsanbAz9BH3mgR7E2R/m9DhxXDoKVPJ8pJn7fSJmntYzz0k600v171pq/lfrRzg6H8TCDyMEny8WjSJJMaBpINQVCjjKWQKMK5HcSvmEKcYxia2UhdDIRBdQr+XQsL5C6JxWrbOqdV2rNC/yOIrkkByRE2KROmmSK9IibcLJHXkgT+TZuDcejRfjddFaMPKZffJDxtsns5yZQQ==</latexit>

�deployed

<latexit sha1_base64="ul0IR9kfDcQXguhWBU+FbNJkK50=">AAACEHicbZDLSsNAFIYnXmu9VV26GSyibkoionZXdOOyir1AW8pkcmIHJxdmToQS8ghufBU3LhRx69Kdb2OSRvH2w8DHf87hnPntUAqNpvluTE3PzM7NlxbKi0vLK6uVtfW2DiLFocUDGaiuzTRI4UMLBUrohgqYZ0vo2NenWb1zA0qLwL/EcQgDj135whWcYWoNKzt9j+FIeXHzItnt4wiQDeNPz4FQBmNwkmRvWKmaNTMX/QtWAVVSqDmsvPWdgEce+Mgl07pnmSEOYqZQcAlJuR9pCBm/ZlfQS9FnHuhBnH8oodup41A3UOnzkebu94mYeVqPPTvtzE7Vv2uZ+V+tF6F7PIiFH0YIPp8sciNJMaBZOtQRCjjKcQqMK5HeSvmIKcYxzbCch1DPRSdwdFBA3foKob1fsw5r1vlBtXFSxFEim2SL7BKLHJEGOSNN0iKc3JJ78kiejDvjwXg2XiatU0Yxs0F+yHj9AIc5npM=</latexit>

PR(�deployed)
<latexit sha1_base64="4xVvOTV/rR3AtZDbF1XjqSQY/Vo=">AAACC3icbZDLSsNAFIYnXmu9VV26GVoE3ZRExMtOdOOyim2FNoTJ9NQOTiZh5kQpIXs3voobF4q49QXc+TamaRRvPwx8/Occzpnfj6QwaNvv1sTk1PTMbGmuPL+wuLRcWVltmTDWHJo8lKG+8JkBKRQ0UaCEi0gDC3wJbf/qeFRvX4M2IlTnOIzADdilEn3BGWaWV6l2A4YDHSSNs3SziwNA5iWfnoKbNN3yKjW7bueif8EpoEYKNbzKW7cX8jgAhVwyYzqOHaGbMI2CS0jL3dhAxPgVu4ROhooFYNwk/0tKNzKnR/uhzp5CmrvfJxIWGDMM/KxzdKX5XRuZ/9U6Mfb33USoKEZQfLyoH0uKIR0FQ3tCA0c5zIBxLbJbKR8wzThm8ZXzEA5y0THs7RRw4HyF0NquO7t153SndnhUxFEi66RKNolD9sghOSEN0iSc3JJ78kierDvrwXq2XsatE1Yxs0Z+yHr9AGlAnFU=</latexit>

PR(�new)

<latexit sha1_base64="I3k0IBjOQbIOHvN0e8wQ74Vgy80=">AAAB/nicbZBLS8NAFIUn9VXrqyqu3AwWwVVJpFi7K7pxWcE+oC1lMr1th04mYeZGKaHgX3HjQhG3/g53/huTNIivAwMf597LHI4bSGHQtj+s3NLyyupafr2wsbm1vVPc3WsZP9QcmtyXvu64zIAUCpooUEIn0MA8V0LbnV4m8/YtaCN8dYOzAPoeGysxEpxhbA2KBz2cALJB1PMYTrQXKbibzwfFkl22U9G/4GRQIpkag+J7b+jz0AOFXDJjuo4dYD9iGgWXMC/0QgMB41M2hm6Minlg+lEaf06PY2dIR76On0Kaut8vIuYZM/PceDMJaX7PEvO/WTfE0Xk/EioIERRffDQKJUWfJl3QodDAUc5iYFyLOCvlE6YZx7ixQlpCLRVdQLWSQc35KqF1WnbOys51pVS/yOrIk0NyRE6IQ6qkTq5IgzQJJxF5IE/k2bq3Hq0X63WxmrOym33yQ9bbJ690lwM=</latexit>

�new

<latexit sha1_base64="uWsbY7APS9g4kQs66w1rQT47C5o=">AAAB7XicbZDLSgMxFIYz9VbrrerSTbAIrsqMFGt3RTcuK9gLtEPJpJk2NpMMyRmhDH0HNy4Ucev7uPNtTKeDePsh8PGfczgnfxALbsB1P5zCyura+kZxs7S1vbO7V94/6BiVaMraVAmlewExTHDJ2sBBsF6sGYkCwbrB9GpR794zbbiStzCLmR+RseQhpwSs1RnAhAEZlitu1c2E/4KXQwXlag3L74ORoknEJFBBjOl7bgx+SjRwKti8NEgMiwmdkjHrW5QkYsZPs2vn+MQ6IxwqbZ8EnLnfJ1ISGTOLAtsZEZiY37WF+V+tn0B44adcxgkwSZeLwkRgUHjxdTzimlEQMwuEam5vxXRCNKFgAyplITQy4SXUazk0vK8QOmdV77zq3dQqzcs8jiI6QsfoFHmojproGrVQG1F0hx7QE3p2lPPovDivy9aCk88coh9y3j4B4+WPvg==</latexit>

�

<latexit sha1_base64="EcTnJ9gQgJB//mylZZHvn1vCbOk=">AAAB/HicbZBLS8NAFIUn9VXrK9qlm8Ei1E1JpFi7K7pxWcU+oAllMp20QycPZm6EEOpfceNCEbf+EHf+G5M0iK8DAx/n3sscjhMKrsAwPrTSyura+kZ5s7K1vbO7p+8f9FUQScp6NBCBHDpEMcF91gMOgg1DyYjnCDZw5pfZfHDHpOKBfwtxyGyPTH3uckogtcZ61fIIzKSXdG8WdQtmDMjJWK8ZDSMX/gtmATVUqDvW361JQCOP+UAFUWpkGiHYCZHAqWCLihUpFhI6J1M2StEnHlN2kodf4OPUmWA3kOnzAefu94uEeErFnpNuZlHV71lm/jcbReCe2wn3wwiYT5cfuZHAEOCsCTzhklEQcQqESp5mxXRGJKGQ9lXJS2jnwktoNQtom18l9E8b5lnDvG7WOhdFHWV0iI5QHZmohTroCnVRD1EUowf0hJ61e+1Re9Fel6slrbipoh/S3j4BxoKVQQ==</latexit>

PR(�)

<latexit sha1_base64="wsCdG3kZQKez67CaAc0OmMW7xNw=">AAACA3icbZDLSsNAFIYn9VbrrepON4NFcFUSKdbuim5cVrAXaEqZTE7boZMLMydCCQU3voobF4q49SXc+TYmaRBvPwx8/OcczpnfCaXQaJofRmFpeWV1rbhe2tjc2t4p7+51dBApDm0eyED1HKZBCh/aKFBCL1TAPEdC15lepvXuLSgtAv8GZyEMPDb2xUhwhok1LB/YOAFkw9j2GE6UF7sQymAG7nw+LFfMqpmJ/gUrhwrJ1RqW32034JEHPnLJtO5bZoiDmCkUXMK8ZEcaQsanbAz9BH3mgR7E2R/m9DhxXDoKVPJ8pJn7fSJmntYzz0k600v171pq/lfrRzg6H8TCDyMEny8WjSJJMaBpINQVCjjKWQKMK5HcSvmEKcYxia2UhdDIRBdQr+XQsL5C6JxWrbOqdV2rNC/yOIrkkByRE2KROmmSK9IibcLJHXkgT+TZuDcejRfjddFaMPKZffJDxtsns5yZQQ==</latexit>

�deployed

<latexit sha1_base64="ul0IR9kfDcQXguhWBU+FbNJkK50=">AAACEHicbZDLSsNAFIYnXmu9VV26GSyibkoionZXdOOyir1AW8pkcmIHJxdmToQS8ghufBU3LhRx69Kdb2OSRvH2w8DHf87hnPntUAqNpvluTE3PzM7NlxbKi0vLK6uVtfW2DiLFocUDGaiuzTRI4UMLBUrohgqYZ0vo2NenWb1zA0qLwL/EcQgDj135whWcYWoNKzt9j+FIeXHzItnt4wiQDeNPz4FQBmNwkmRvWKmaNTMX/QtWAVVSqDmsvPWdgEce+Mgl07pnmSEOYqZQcAlJuR9pCBm/ZlfQS9FnHuhBnH8oodup41A3UOnzkebu94mYeVqPPTvtzE7Vv2uZ+V+tF6F7PIiFH0YIPp8sciNJMaBZOtQRCjjKcQqMK5HeSvmIKcYxzbCch1DPRSdwdFBA3foKob1fsw5r1vlBtXFSxFEim2SL7BKLHJEGOSNN0iKc3JJ78kiejDvjwXg2XiatU0Yxs0F+yHj9AIc5npM=</latexit>

PR(�deployed)

<latexit sha1_base64="I3k0IBjOQbIOHvN0e8wQ74Vgy80=">AAAB/nicbZBLS8NAFIUn9VXrqyqu3AwWwVVJpFi7K7pxWcE+oC1lMr1th04mYeZGKaHgX3HjQhG3/g53/huTNIivAwMf597LHI4bSGHQtj+s3NLyyupafr2wsbm1vVPc3WsZP9QcmtyXvu64zIAUCpooUEIn0MA8V0LbnV4m8/YtaCN8dYOzAPoeGysxEpxhbA2KBz2cALJB1PMYTrQXKbibzwfFkl22U9G/4GRQIpkag+J7b+jz0AOFXDJjuo4dYD9iGgWXMC/0QgMB41M2hm6Minlg+lEaf06PY2dIR76On0Kaut8vIuYZM/PceDMJaX7PEvO/WTfE0Xk/EioIERRffDQKJUWfJl3QodDAUc5iYFyLOCvlE6YZx7ixQlpCLRVdQLWSQc35KqF1WnbOys51pVS/yOrIk0NyRE6IQ6qkTq5IgzQJJxF5IE/k2bq3Hq0X63WxmrOym33yQ9bbJ690lwM=</latexit>

�new

<latexit sha1_base64="4xVvOTV/rR3AtZDbF1XjqSQY/Vo=">AAACC3icbZDLSsNAFIYnXmu9VV26GVoE3ZRExMtOdOOyim2FNoTJ9NQOTiZh5kQpIXs3voobF4q49QXc+TamaRRvPwx8/Occzpnfj6QwaNvv1sTk1PTMbGmuPL+wuLRcWVltmTDWHJo8lKG+8JkBKRQ0UaCEi0gDC3wJbf/qeFRvX4M2IlTnOIzADdilEn3BGWaWV6l2A4YDHSSNs3SziwNA5iWfnoKbNN3yKjW7bueif8EpoEYKNbzKW7cX8jgAhVwyYzqOHaGbMI2CS0jL3dhAxPgVu4ROhooFYNwk/0tKNzKnR/uhzp5CmrvfJxIWGDMM/KxzdKX5XRuZ/9U6Mfb33USoKEZQfLyoH0uKIR0FQ3tCA0c5zIBxLbJbKR8wzThm8ZXzEA5y0THs7RRw4HyF0NquO7t153SndnhUxFEi66RKNolD9sghOSEN0iSc3JJ78kierDvrwXq2XsatE1Yxs0Z+yHr9AGlAnFU=</latexit>

PR(�new)

(Lipschitz)



Conclusion and Future Work

- Deploying a model can induce a performa;ve distribu;on shiP on the popula;on.  

- Learner needs to deploy models online to find one with low induced risk 

- Regret minimiza;on with performa;ve feedback     bandit problem with richer feedback 

- Performa;ve feedback requires less explora.on to find a good solu;on. 

Future work: Leverage bandit tools for performa;ve predic;on more generally.  

<latexit sha1_base64="H0mskeLhQL+7qKoPtN5Uy87CIqc=">AAAB7nicbZDLSgMxFIbP1Futt6pLN8EiuCozUqzdFd24rGAv0A4lk2ba0EwmJBmxDH0INy4UcevzuPNtTKeDePsh8PGfczgnfyA508Z1P5zCyura+kZxs7S1vbO7V94/6Og4UYS2Scxj1QuwppwJ2jbMcNqTiuIo4LQbTK8W9e4dVZrF4tbMJPUjPBYsZAQba3UHWEoV3w/LFbfqZkJ/wcuhArlaw/L7YBSTJKLCEI617nuuNH6KlWGE03lpkGgqMZniMe1bFDii2k+zc+foxDojFMbKPmFQ5n6fSHGk9SwKbGeEzUT/ri3M/2r9xIQXfsqETAwVZLkoTDgyMVr8HY2YosTwmQVMFLO3IjLBChNjEyplITQyoSXUazk0vK8QOmdV77zq3dQqzcs8jiIcwTGcggd1aMI1tKANBKbwAE/w7Ejn0XlxXpetBSefOYQfct4+AdNQkEw=</latexit>�

<latexit sha1_base64="H0mskeLhQL+7qKoPtN5Uy87CIqc=">AAAB7nicbZDLSgMxFIbP1Futt6pLN8EiuCozUqzdFd24rGAv0A4lk2ba0EwmJBmxDH0INy4UcevzuPNtTKeDePsh8PGfczgnfyA508Z1P5zCyura+kZxs7S1vbO7V94/6Og4UYS2Scxj1QuwppwJ2jbMcNqTiuIo4LQbTK8W9e4dVZrF4tbMJPUjPBYsZAQba3UHWEoV3w/LFbfqZkJ/wcuhArlaw/L7YBSTJKLCEI617nuuNH6KlWGE03lpkGgqMZniMe1bFDii2k+zc+foxDojFMbKPmFQ5n6fSHGk9SwKbGeEzUT/ri3M/2r9xIQXfsqETAwVZLkoTDgyMVr8HY2YosTwmQVMFLO3IjLBChNjEyplITQyoSXUazk0vK8QOmdV77zq3dQqzcs8jiIcwTGcggd1aMI1tKANBKbwAE/w7Ejn0XlxXpetBSefOYQfct4+AdNQkEw=</latexit>�



Thank you.


