
Lydia T. Liu (UC Berkeley)

THE IMPLICIT FAIRNESS CRITERION OF 
UNCONSTRAINED LEARNING

Joint work with Max Simchowitz and Moritz Hardt
�1



A TYPICAL APPLICATION OF MACHINE LEARNING TODAY

�2

- Expert at Fetch 

- Expert at PyTorch

Resume Hiring Decision

Ads User clicks

Movies User likes

You’re Hired!

2 {0, 1}
<latexit sha1_base64="PY/7XVCW3W8jlKVDbdx0jJXCQZU=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1JmqqDLgiAuK9gHdIaSSe+0oZnMkGSEMhT8FW5cKOLWP+POf2P6WGjrgcDHOTfk5oSp4Nq47rezsrq2vrFZ2Cpu7+zu7ZcODps6yRTDBktEotoh1Si4xIbhRmA7VUjjUGArHN5M8tYjKs0T+WBGKQYx7UsecUaNtXyfS0L83D33/HG3VHYr7lRkGbw5lGGuerf05fcSlsUoDRNU647npibIqTKcCRwX/UxjStmQ9rFjUdIYdZBPdx6TU+v0SJQoe6QhU/f3jZzGWo/i0E7G1Az0YjYx/8s6mYmug5zLNDMo2eyhKBPEJGRSAOlxhcyIkQXKFLe7EjagijJjayraErzFLy9Ds1rxLirV+8ty7fZpVkcBjuEEzsCDK6jBHdShAQxSeIZXeHMy58V5dz5moyvOvMIj+CPn8weam5Eq</latexit>

Y
<latexit sha1_base64="pEyT3Rm+AHddvDGrBbKxDcgHlfY="></latexit>Xi

<latexit sha1_base64="hCPtYeUN6/2Q/gn1+RTvMCvCMpQ=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKezGgB4DgniMaB6QLGF2MpsMmZ1dZnqFsAT8AS8eFPHqF3nzb5w8DppY0FBUddPdFSRSGHTdbye3tr6xuZXfLuzs7u0fFA+PmiZONeMNFstYtwNquBSKN1Cg5O1EcxoFkreC0fXUbz1ybUSsHnCccD+iAyVCwSha6b7dE71iyS27M5BV4i1ICRao94pf3X7M0ogrZJIa0/HcBP2MahRM8kmhmxqeUDaiA96xVNGIGz+bnTohZ1bpkzDWthSSmfp7IqORMeMosJ0RxaFZ9qbif14nxfDKz4RKUuSKzReFqSQYk+nfpC80ZyjHllCmhb2VsCHVlKFNp2BD8JZfXiXNStm7KFfuqqXazdM8jjycwCmcgweXUINbqEMDGAzgGV7hzZHOi/PufMxbc84iwmP4A+fzB1hSjkA=</latexit>

2 X
<latexit sha1_base64="drFkpqUiVxWa6e9edHI9mCxdlM8=">AAAB+XicbVDLSgMxFL3xWetr1KWbYBFclZkq6LIgiMsK9gGdoWTSTBuayQxJplCGgh/ixoUibv0Td/6NmbYLbT1w4XDOveTkhKng2rjuN1pb39jc2i7tlHf39g8OnaPjlk4yRVmTJiJRnZBoJrhkTcONYJ1UMRKHgrXD0W3ht8dMaZ7IRzNJWRCTgeQRp8RYqec4PpcY+zExQ0pE3pn2nIpbdWfAq8RbkAos0Og5X34/oVnMpKGCaN313NQEOVGGU8GmZT/TLCV0RAasa6kkMdNBPks+xedW6eMoUXakwTP190VOYq0ncWg3i4h62SvE/7xuZqKbIOcyzQyTdP5QlAlsElzUgPtcMWrExBJCFbdZMR0SRaixZZVtCd7yl1dJq1b1Lqu1h6tK/e5pXkcJTuEMLsCDa6jDPTSgCRTG8Ayv8IZy9ILe0cd8dQ0tKjyBP0CfPzKjk8w=</latexit>

feature space outcome



A TYPICAL APPLICATION OF MACHINE LEARNING TODAY

�3

Xi
<latexit sha1_base64="hCPtYeUN6/2Q/gn1+RTvMCvCMpQ=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKezGgB4DgniMaB6QLGF2MpsMmZ1dZnqFsAT8AS8eFPHqF3nzb5w8DppY0FBUddPdFSRSGHTdbye3tr6xuZXfLuzs7u0fFA+PmiZONeMNFstYtwNquBSKN1Cg5O1EcxoFkreC0fXUbz1ybUSsHnCccD+iAyVCwSha6b7dE71iyS27M5BV4i1ICRao94pf3X7M0ogrZJIa0/HcBP2MahRM8kmhmxqeUDaiA96xVNGIGz+bnTohZ1bpkzDWthSSmfp7IqORMeMosJ0RxaFZ9qbif14nxfDKz4RKUuSKzReFqSQYk+nfpC80ZyjHllCmhb2VsCHVlKFNp2BD8JZfXiXNStm7KFfuqqXazdM8jjycwCmcgweXUINbqEMDGAzgGV7hzZHOi/PufMxbc84iwmP4A+fzB1hSjkA=</latexit>

2 X
<latexit sha1_base64="drFkpqUiVxWa6e9edHI9mCxdlM8=">AAAB+XicbVDLSgMxFL3xWetr1KWbYBFclZkq6LIgiMsK9gGdoWTSTBuayQxJplCGgh/ixoUibv0Td/6NmbYLbT1w4XDOveTkhKng2rjuN1pb39jc2i7tlHf39g8OnaPjlk4yRVmTJiJRnZBoJrhkTcONYJ1UMRKHgrXD0W3ht8dMaZ7IRzNJWRCTgeQRp8RYqec4PpcY+zExQ0pE3pn2nIpbdWfAq8RbkAos0Og5X34/oVnMpKGCaN313NQEOVGGU8GmZT/TLCV0RAasa6kkMdNBPks+xedW6eMoUXakwTP190VOYq0ncWg3i4h62SvE/7xuZqKbIOcyzQyTdP5QlAlsElzUgPtcMWrExBJCFbdZMR0SRaixZZVtCd7yl1dJq1b1Lqu1h6tK/e5pXkcJTuEMLsCDa6jDPTSgCRTG8Ayv8IZy9ILe0cd8dQ0tKjyBP0CfPzKjk8w=</latexit>

Yi
<latexit sha1_base64="KP38hykUmhlffR5Vx0UC7mHlcUg=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKexGQY8BQTxGNA9JljA76U2GzM4uM7NCWAL+gBcPinj1i7z5N04eB00saCiquunuChLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpOFcM6i0WsWgHVKLjEuuFGYCtRSKNAYDMYXk385iMqzWN5b0YJ+hHtSx5yRo2V7h66vFssuWV3CrJMvDkpwRy1bvGr04tZGqE0TFCt256bGD+jynAmcFzopBoTyoa0j21LJY1Q+9n01DE5sUqPhLGyJQ2Zqr8nMhppPYoC2xlRM9CL3kT8z2unJrz0My6T1KBks0VhKoiJyeRv0uMKmREjSyhT3N5K2IAqyoxNp2BD8BZfXiaNStk7K1duz0vV66dZHHk4gmM4BQ8uoAo3UIM6MOjDM7zCmyOcF+fd+Zi15px5hIfwB87nD1nYjkE=</latexit>

2 {0, 1}
<latexit sha1_base64="PY/7XVCW3W8jlKVDbdx0jJXCQZU=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1JmqqDLgiAuK9gHdIaSSe+0oZnMkGSEMhT8FW5cKOLWP+POf2P6WGjrgcDHOTfk5oSp4Nq47rezsrq2vrFZ2Cpu7+zu7ZcODps6yRTDBktEotoh1Si4xIbhRmA7VUjjUGArHN5M8tYjKs0T+WBGKQYx7UsecUaNtXyfS0L83D33/HG3VHYr7lRkGbw5lGGuerf05fcSlsUoDRNU647npibIqTKcCRwX/UxjStmQ9rFjUdIYdZBPdx6TU+v0SJQoe6QhU/f3jZzGWo/i0E7G1Az0YjYx/8s6mYmug5zLNDMo2eyhKBPEJGRSAOlxhcyIkQXKFLe7EjagijJjayraErzFLy9Ds1rxLirV+8ty7fZpVkcBjuEEzsCDK6jBHdShAQxSeIZXeHMy58V5dz5moyvOvMIj+CPn8weam5Eq</latexit>

Optimal score—minimizes MSE 
(also other losses) for each x

fU (x) = E[Y | X = x]
<latexit sha1_base64="lJ6g0ptI+0pBS5rx3lH4vERa1GU="></latexit>

Learn a score function         that is “close” to Yf(X)
<latexit sha1_base64="F1SwsnCsq/D56IKlPBDzQ5ZHx6c=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahXspuFfRYEMRjBfsB7VKyabYNTbJLkhXKUvAXePGgiFf/kDf/jdltD9r6YODx3gwz84KYM21c99sprK1vbG4Vt0s7u3v7B+XDo7aOEkVoi0Q8Ut0Aa8qZpC3DDKfdWFEsAk47weQm8zuPVGkWyQczjakv8EiykBFsMimsds8H5Ypbc3OgVeItSAUWaA7KX/1hRBJBpSEca93z3Nj4KVaGEU5npX6iaYzJBI9oz1KJBdV+mt86Q2dWGaIwUrakQbn6eyLFQuupCGynwGasl71M/M/rJSa89lMm48RQSeaLwoQjE6HscTRkihLDp5Zgopi9FZExVpgYG0/JhuAtv7xK2vWad1Gr319WGrdP8ziKcAKnUAUPrqABd9CEFhAYwzO8wpsjnBfn3fmYtxacRYTH8AfO5w9kQY45</latexit>
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Xi
<latexit sha1_base64="hCPtYeUN6/2Q/gn1+RTvMCvCMpQ=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKezGgB4DgniMaB6QLGF2MpsMmZ1dZnqFsAT8AS8eFPHqF3nzb5w8DppY0FBUddPdFSRSGHTdbye3tr6xuZXfLuzs7u0fFA+PmiZONeMNFstYtwNquBSKN1Cg5O1EcxoFkreC0fXUbz1ybUSsHnCccD+iAyVCwSha6b7dE71iyS27M5BV4i1ICRao94pf3X7M0ogrZJIa0/HcBP2MahRM8kmhmxqeUDaiA96xVNGIGz+bnTohZ1bpkzDWthSSmfp7IqORMeMosJ0RxaFZ9qbif14nxfDKz4RKUuSKzReFqSQYk+nfpC80ZyjHllCmhb2VsCHVlKFNp2BD8JZfXiXNStm7KFfuqqXazdM8jjycwCmcgweXUINbqEMDGAzgGV7hzZHOi/PufMxbc84iwmP4A+fzB1hSjkA=</latexit>

2 X
<latexit sha1_base64="drFkpqUiVxWa6e9edHI9mCxdlM8=">AAAB+XicbVDLSgMxFL3xWetr1KWbYBFclZkq6LIgiMsK9gGdoWTSTBuayQxJplCGgh/ixoUibv0Td/6NmbYLbT1w4XDOveTkhKng2rjuN1pb39jc2i7tlHf39g8OnaPjlk4yRVmTJiJRnZBoJrhkTcONYJ1UMRKHgrXD0W3ht8dMaZ7IRzNJWRCTgeQRp8RYqec4PpcY+zExQ0pE3pn2nIpbdWfAq8RbkAos0Og5X34/oVnMpKGCaN313NQEOVGGU8GmZT/TLCV0RAasa6kkMdNBPks+xedW6eMoUXakwTP190VOYq0ncWg3i4h62SvE/7xuZqKbIOcyzQyTdP5QlAlsElzUgPtcMWrExBJCFbdZMR0SRaixZZVtCd7yl1dJq1b1Lqu1h6tK/e5pXkcJTuEMLsCDa6jDPTSgCRTG8Ayv8IZy9ILe0cd8dQ0tKjyBP0CfPzKjk8w=</latexit>

Yi
<latexit sha1_base64="KP38hykUmhlffR5Vx0UC7mHlcUg=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKexGQY8BQTxGNA9JljA76U2GzM4uM7NCWAL+gBcPinj1i7z5N04eB00saCiquunuChLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpOFcM6i0WsWgHVKLjEuuFGYCtRSKNAYDMYXk385iMqzWN5b0YJ+hHtSx5yRo2V7h66vFssuWV3CrJMvDkpwRy1bvGr04tZGqE0TFCt256bGD+jynAmcFzopBoTyoa0j21LJY1Q+9n01DE5sUqPhLGyJQ2Zqr8nMhppPYoC2xlRM9CL3kT8z2unJrz0My6T1KBks0VhKoiJyeRv0uMKmREjSyhT3N5K2IAqyoxNp2BD8BZfXiaNStk7K1duz0vV66dZHHk4gmM4BQ8uoAo3UIM6MOjDM7zCmyOcF+fd+Zi15px5hIfwB87nD1nYjkE=</latexit>

2 {0, 1}
<latexit sha1_base64="PY/7XVCW3W8jlKVDbdx0jJXCQZU=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1JmqqDLgiAuK9gHdIaSSe+0oZnMkGSEMhT8FW5cKOLWP+POf2P6WGjrgcDHOTfk5oSp4Nq47rezsrq2vrFZ2Cpu7+zu7ZcODps6yRTDBktEotoh1Si4xIbhRmA7VUjjUGArHN5M8tYjKs0T+WBGKQYx7UsecUaNtXyfS0L83D33/HG3VHYr7lRkGbw5lGGuerf05fcSlsUoDRNU647npibIqTKcCRwX/UxjStmQ9rFjUdIYdZBPdx6TU+v0SJQoe6QhU/f3jZzGWo/i0E7G1Az0YjYx/8s6mYmug5zLNDMo2eyhKBPEJGRSAOlxhcyIkQXKFLe7EjagijJjayraErzFLy9Ds1rxLirV+8ty7fZpVkcBjuEEzsCDK6jBHdShAQxSeIZXeHMy58V5dz5moyvOvMIj+CPn8weam5Eq</latexit>

E[Y | f(X) = c] = c
<latexit sha1_base64="ArzlT7gi1laMhC4CTtxEib6JuYg="></latexit>

fU (x) = E[Y | X = x]
<latexit sha1_base64="lJ6g0ptI+0pBS5rx3lH4vERa1GU="></latexit>

satisfies Calibration

Score function corresponds to probability that Y = 1

[Cox, 1958, Murphy and 
Winkler, 1977, Dawid, 
1982, DeGroot and 
Fienberg, 1983, Platt, 
1999, Zadrozny and 
Elkan, 2001, Niculescu-
Mizil and Caruana, 2005]
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Xi
<latexit sha1_base64="hCPtYeUN6/2Q/gn1+RTvMCvCMpQ=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKezGgB4DgniMaB6QLGF2MpsMmZ1dZnqFsAT8AS8eFPHqF3nzb5w8DppY0FBUddPdFSRSGHTdbye3tr6xuZXfLuzs7u0fFA+PmiZONeMNFstYtwNquBSKN1Cg5O1EcxoFkreC0fXUbz1ybUSsHnCccD+iAyVCwSha6b7dE71iyS27M5BV4i1ICRao94pf3X7M0ogrZJIa0/HcBP2MahRM8kmhmxqeUDaiA96xVNGIGz+bnTohZ1bpkzDWthSSmfp7IqORMeMosJ0RxaFZ9qbif14nxfDKz4RKUuSKzReFqSQYk+nfpC80ZyjHllCmhb2VsCHVlKFNp2BD8JZfXiXNStm7KFfuqqXazdM8jjycwCmcgweXUINbqEMDGAzgGV7hzZHOi/PufMxbc84iwmP4A+fzB1hSjkA=</latexit>

2 X
<latexit sha1_base64="drFkpqUiVxWa6e9edHI9mCxdlM8=">AAAB+XicbVDLSgMxFL3xWetr1KWbYBFclZkq6LIgiMsK9gGdoWTSTBuayQxJplCGgh/ixoUibv0Td/6NmbYLbT1w4XDOveTkhKng2rjuN1pb39jc2i7tlHf39g8OnaPjlk4yRVmTJiJRnZBoJrhkTcONYJ1UMRKHgrXD0W3ht8dMaZ7IRzNJWRCTgeQRp8RYqec4PpcY+zExQ0pE3pn2nIpbdWfAq8RbkAos0Og5X34/oVnMpKGCaN313NQEOVGGU8GmZT/TLCV0RAasa6kkMdNBPks+xedW6eMoUXakwTP190VOYq0ncWg3i4h62SvE/7xuZqKbIOcyzQyTdP5QlAlsElzUgPtcMWrExBJCFbdZMR0SRaixZZVtCd7yl1dJq1b1Lqu1h6tK/e5pXkcJTuEMLsCDa6jDPTSgCRTG8Ayv8IZy9ILe0cd8dQ0tKjyBP0CfPzKjk8w=</latexit>

Yi
<latexit sha1_base64="KP38hykUmhlffR5Vx0UC7mHlcUg=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKexGQY8BQTxGNA9JljA76U2GzM4uM7NCWAL+gBcPinj1i7z5N04eB00saCiquunuChLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpOFcM6i0WsWgHVKLjEuuFGYCtRSKNAYDMYXk385iMqzWN5b0YJ+hHtSx5yRo2V7h66vFssuWV3CrJMvDkpwRy1bvGr04tZGqE0TFCt256bGD+jynAmcFzopBoTyoa0j21LJY1Q+9n01DE5sUqPhLGyJQ2Zqr8nMhppPYoC2xlRM9CL3kT8z2unJrz0My6T1KBks0VhKoiJyeRv0uMKmREjSyhT3N5K2IAqyoxNp2BD8BZfXiaNStk7K1duz0vV66dZHHk4gmM4BQ8uoAo3UIM6MOjDM7zCmyOcF+fd+Zi15px5hIfwB87nD1nYjkE=</latexit>

2 {0, 1}
<latexit sha1_base64="PY/7XVCW3W8jlKVDbdx0jJXCQZU=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1JmqqDLgiAuK9gHdIaSSe+0oZnMkGSEMhT8FW5cKOLWP+POf2P6WGjrgcDHOTfk5oSp4Nq47rezsrq2vrFZ2Cpu7+zu7ZcODps6yRTDBktEotoh1Si4xIbhRmA7VUjjUGArHN5M8tYjKs0T+WBGKQYx7UsecUaNtXyfS0L83D33/HG3VHYr7lRkGbw5lGGuerf05fcSlsUoDRNU647npibIqTKcCRwX/UxjStmQ9rFjUdIYdZBPdx6TU+v0SJQoe6QhU/f3jZzGWo/i0E7G1Az0YjYx/8s6mYmug5zLNDMo2eyhKBPEJGRSAOlxhcyIkQXKFLe7EjagijJjayraErzFLy9Ds1rxLirV+8ty7fZpVkcBjuEEzsCDK6jBHdShAQxSeIZXeHMy58V5dz5moyvOvMIj+CPn8weam5Eq</latexit>

E[Y | f(X) = c] = c
<latexit sha1_base64="ArzlT7gi1laMhC4CTtxEib6JuYg="></latexit>

CalibrationCalibration w.r.t. A

E[Y | f(X) = c, A = a] = c
<latexit sha1_base64="8aQfEdmwvP7Qe8SKYog51eiZ2bA="></latexit>

Consider A, an attribute that 
may or may be in X

Application: 
proposed as 
criterion for 

fairness when 
A is a group
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Calibration w.r.t. A

Population

A=a1

A=a2

A=a3

A=a4

A=a5 e.g. A is race
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e
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W hiWe
B lack

f(X)
<latexit sha1_base64="jqrTpwgB/Zoxmkz90yi+RNvlRUE=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix6MVjBfsB7VKyabYNTbJLkhXK0r/gxYMiXv1D3vw3Zts9aOuDgcd7M8zMC2LOtHHdb6ewsbm1vVPcLe3tHxwelY9POjpKFKFtEvFI9QKsKWeStg0znPZiRbEIOO0G07vM7z5RpVkkH80spr7AY8lCRrDJpLDauxyWK27NXQCtEy8nFcjRGpa/BqOIJIJKQzjWuu+5sfFTrAwjnM5Lg0TTGJMpHtO+pRILqv10cescXVhlhMJI2ZIGLdTfEykWWs9EYDsFNhO96mXif14/MeGNnzIZJ4ZKslwUJhyZCGWPoxFTlBg+swQTxeytiEywwsTYeEo2BG/15XXSqde8Rq3+cFVp3uZxFOEMzqEKHlxDE+6hBW0gMIFneIU3RzgvzrvzsWwtOPnMKfyB8/kDPQ2NtQ==</latexit>

E[
Y

|f
(X

),
A
]

<latexit sha1_base64="JGoMQwBhb0+eJlDb34geqps2cZI=">AAACD3icbVBJS8NAGJ3UrdYt6tHLYFEqSEmqoMeqCB4r2EWSUCaTaTt0sjAzEUrIP/DiX/HiQRGvXr35b5ykOWjrg4HH+7Y3z40YFdIwvrXSwuLS8kp5tbK2vrG5pW/vdEQYc0zaOGQh77lIEEYD0pZUMtKLOEG+y0jXHV9l9e4D4YKGwZ2cRMTx0TCgA4qRVFJfP7R9JEeum1yn1r3tUw8Oar2jY5jY+e6EEy+9SJ2+XjXqRg44T8yCVEGBVl//sr0Qxz4JJGZICMs0IukkiEuKGUkrdixIhPAYDYmlaIB8Ipwkv5nCA6UoIyFXL5AwV39PJMgXYuK7qjNzL2ZrmfhfzYrl4NxJaBDFkgR4emgQMyhDmIUDPcoJlmyiCMKcKq8QjxBHWKoIKyoEc/bL86TTqJsn9cbtabV5WcRRBntgH9SACc5AE9yAFmgDDB7BM3gFb9qT9qK9ax/T1pJWzOyCP9A+fwBaZpw7</latexit>

0 1

E[Y | f(X) = c, A = a] = c
<latexit sha1_base64="8aQfEdmwvP7Qe8SKYog51eiZ2bA="></latexit>
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Calibration w.r.t. A

Population

A=a1

A=a3

A=a4

A=a5

A=a2

The Calibrated Bayes Score

fB(x, a) = E[Y | X = x,A = a]
<latexit sha1_base64="mK1GphCxHJfLHhU5CpMSkTAYedg="></latexit>

E[Y | fB(X,A), A] = fB(X,A)
<latexit sha1_base64="2Pj0VV1DuROlC14OIXf8PuVGzRE=">AAACE3icbVBLSwMxGMzWV62vVY9egkWoUspuFfQitIrisYJ9yO5asmm2Dc0+SLJCWQr+BC/+FS8eFPHqxZv/xmxbRKsDgcnMF/LNuBGjQhrGp5aZmZ2bX8gu5paWV1bX9PWNhghjjkkdhyzkLRcJwmhA6pJKRloRJ8h3GWm6/dPUb94SLmgYXMlBRBwfdQPqUYykktr6nu0j2XPd5GxoXUPbpx3o3ZwUWsXqbhFWHXj8fYVtPW+UjBHgX2JOSB5MUGvrH3YnxLFPAokZEsIyjUg6CeKSYkaGOTsWJEK4j7rEUjRAPhFOMso0hDtKUbuEXJ1AwpH680WCfCEGvqsm0wRi2kvF/zwrlt6Rk9AgiiUJ8PgjL2ZQhjAtCHYoJ1iygSIIc6p2hbiHOMJS1ZhTJZjTkf+SRrlk7pfKlwf5yvnduI4s2ALboABMcAgq4ALUQB1gcA8ewTN40R60J+1VexuPZrRJhZvgF7T3L4w4myc=</latexit>

satisfies Calibration w.r.t. A 

E[Y | f(X) = c, A = a] = c
<latexit sha1_base64="8aQfEdmwvP7Qe8SKYog51eiZ2bA="></latexit>



TYPICAL APPLICATION OF MACHINE LEARNING TODAY
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Xi
<latexit sha1_base64="hCPtYeUN6/2Q/gn1+RTvMCvCMpQ=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKezGgB4DgniMaB6QLGF2MpsMmZ1dZnqFsAT8AS8eFPHqF3nzb5w8DppY0FBUddPdFSRSGHTdbye3tr6xuZXfLuzs7u0fFA+PmiZONeMNFstYtwNquBSKN1Cg5O1EcxoFkreC0fXUbz1ybUSsHnCccD+iAyVCwSha6b7dE71iyS27M5BV4i1ICRao94pf3X7M0ogrZJIa0/HcBP2MahRM8kmhmxqeUDaiA96xVNGIGz+bnTohZ1bpkzDWthSSmfp7IqORMeMosJ0RxaFZ9qbif14nxfDKz4RKUuSKzReFqSQYk+nfpC80ZyjHllCmhb2VsCHVlKFNp2BD8JZfXiXNStm7KFfuqqXazdM8jjycwCmcgweXUINbqEMDGAzgGV7hzZHOi/PufMxbc84iwmP4A+fzB1hSjkA=</latexit>

2 X
<latexit sha1_base64="drFkpqUiVxWa6e9edHI9mCxdlM8=">AAAB+XicbVDLSgMxFL3xWetr1KWbYBFclZkq6LIgiMsK9gGdoWTSTBuayQxJplCGgh/ixoUibv0Td/6NmbYLbT1w4XDOveTkhKng2rjuN1pb39jc2i7tlHf39g8OnaPjlk4yRVmTJiJRnZBoJrhkTcONYJ1UMRKHgrXD0W3ht8dMaZ7IRzNJWRCTgeQRp8RYqec4PpcY+zExQ0pE3pn2nIpbdWfAq8RbkAos0Og5X34/oVnMpKGCaN313NQEOVGGU8GmZT/TLCV0RAasa6kkMdNBPks+xedW6eMoUXakwTP190VOYq0ncWg3i4h62SvE/7xuZqKbIOcyzQyTdP5QlAlsElzUgPtcMWrExBJCFbdZMR0SRaixZZVtCd7yl1dJq1b1Lqu1h6tK/e5pXkcJTuEMLsCDa6jDPTSgCRTG8Ayv8IZy9ILe0cd8dQ0tKjyBP0CfPzKjk8w=</latexit>

Yi
<latexit sha1_base64="KP38hykUmhlffR5Vx0UC7mHlcUg=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKexGQY8BQTxGNA9JljA76U2GzM4uM7NCWAL+gBcPinj1i7z5N04eB00saCiquunuChLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpOFcM6i0WsWgHVKLjEuuFGYCtRSKNAYDMYXk385iMqzWN5b0YJ+hHtSx5yRo2V7h66vFssuWV3CrJMvDkpwRy1bvGr04tZGqE0TFCt256bGD+jynAmcFzopBoTyoa0j21LJY1Q+9n01DE5sUqPhLGyJQ2Zqr8nMhppPYoC2xlRM9CL3kT8z2unJrz0My6T1KBks0VhKoiJyeRv0uMKmREjSyhT3N5K2IAqyoxNp2BD8BZfXiaNStk7K1duz0vV66dZHHk4gmM4BQ8uoAo3UIM6MOjDM7zCmyOcF+fd+Zi15px5hIfwB87nD1nYjkE=</latexit>

2 {0, 1}
<latexit sha1_base64="PY/7XVCW3W8jlKVDbdx0jJXCQZU=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1JmqqDLgiAuK9gHdIaSSe+0oZnMkGSEMhT8FW5cKOLWP+POf2P6WGjrgcDHOTfk5oSp4Nq47rezsrq2vrFZ2Cpu7+zu7ZcODps6yRTDBktEotoh1Si4xIbhRmA7VUjjUGArHN5M8tYjKs0T+WBGKQYx7UsecUaNtXyfS0L83D33/HG3VHYr7lRkGbw5lGGuerf05fcSlsUoDRNU647npibIqTKcCRwX/UxjStmQ9rFjUdIYdZBPdx6TU+v0SJQoe6QhU/f3jZzGWo/i0E7G1Az0YjYx/8s6mYmug5zLNDMo2eyhKBPEJGRSAOlxhcyIkQXKFLe7EjagijJjayraErzFLy9Ds1rxLirV+8ty7fZpVkcBjuEEzsCDK6jBHdShAQxSeIZXeHMy58V5dz5moyvOvMIj+CPn8weam5Eq</latexit>

“Status Quo”: Empirical Risk Minimization (ERM)

1. Specify a model class 

2. Learn a score function               that minimizes prediction 
loss over data

F
<latexit sha1_base64="EW4wrqvPhKd5ykT/OY3F0Z6YiTc=">AAAB8nicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LIgFJcV7APaoWTSTBuayQzJHaEMBX/CjQtF3Po17vwbM20X2nogcDjnhnvuCRIpDLrut7O2vrG5tV3YKe7u7R8clo6OWyZONeNNFstYdwJquBSKN1Gg5J1EcxoFkreD8W3utx+5NiJWDzhJuB/RoRKhYBSt1O1FFEeMyqw+7ZfKbsWdgawSb0HKsECjX/rqDWKWRlwhk9SYrucm6GdUo2CST4u91PCEsjEd8q6likbc+Nks8pScW2VAwljbp5DM1N8/MhoZM4kCO5lHNMteLv7ndVMMb/xMqCRFrth8UZhKgjHJ7ycDoTlDObGEMi1sVsJGVFOGtqWiLcFbPnmVtKoV77JSvb8q1+pP8zoKcApncAEeXEMN7qABTWAQwzO8wpuDzovz7nzMR9ecRYUn8AfO5w+gaZHk</latexit>

f̂ 2 F
<latexit sha1_base64="oPiia7lyM+5A3sRzNl9lrNk0JB8=">AAACAHicbVBNS8NAEN34WetX1IMHL4tF8FSSKuixIBSPFewHNKFstpt26WYTdidCCQHxr3jxoIhXf4Y3/42btgdtfTDweG+GmXlBIrgGx/m2VlbX1jc2S1vl7Z3dvX374LCt41RR1qKxiFU3IJoJLlkLOAjWTRQjUSBYJxjfFH7ngSnNY3kPk4T5ERlKHnJKwEh9+9gbEcjCHHtcYi8iMKJEZI28b1ecqjMFXibunFTQHM2+/eUNYppGTAIVROue6yTgZ0QBp4LlZS/VLCF0TIasZ6gkEdN+Nn0gx2dGGeAwVqYk4Kn6eyIjkdaTKDCdxYl60SvE/7xeCuG1n3GZpMAknS0KU4EhxkUaeMAVoyAmhhCquLkV0xFRhILJrGxCcBdfXibtWtW9qNbuLiv1xuMsjhI6QafoHLnoCtXRLWqiFqIoR8/oFb1ZT9aL9W59zFpXrHmER+gPrM8f0QqW9w==</latexit>

(Xi, Yi)
n
i=1

<latexit sha1_base64="wG1Z84eDR4vHJRi5ioTwLOFmVkM=">AAAB+3icbZBLSwMxFIXv1Fetr1qXboJFqCBlpgq6EQqCuKxgH9KOQyZN29BMZkgyYhkG/CVuXCji1j/izn9j+lho64HA4ZwbcvP5EWdK2/a3lVlaXlldy67nNja3tnfyu4WGCmNJaJ2EPJQtHyvKmaB1zTSnrUhSHPicNv3h5bhvPlCpWChu9SiiboD7gvUYwdpEXr5QannsGN157MhL2IWT3puwaJftidCicWamCDPVvPxXpxuSOKBCE46Vajt2pN0ES80Ip2muEysaYTLEfdo2VuCAKjeZ7J6iQ5N0US+U5giNJunvGwkOlBoFvpkMsB6o+W4c/te1Y907dxMmolhTQaYP9WKOdIjGIFCXSUo0HxmDiWRmV0QGWGKiDa6cgeDMf3nRNCpl56RcuTktVq+epjiysA8HUAIHzqAK11CDOhB4hGd4hTcrtV6sd+tjOpqxZgj34I+szx9PUZO/</latexit>

Q: When is ERM calibrated w.r.t. A?

X may not contain A 

A form of 
unconstrained 
machine learning 
(no constraints 
based on A)



THIS WORK
Unconstrained machine learning via ERM is a simple recipe for 
achieving group calibration w.r.t. A, provided that 

1. the function class       is sufficiently rich,  

2. there are enough training samples, and  

3. the available features X can approximately capture the group 
attribute A for purposes of predicting Y

F
<latexit sha1_base64="EW4wrqvPhKd5ykT/OY3F0Z6YiTc=">AAAB8nicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LIgFJcV7APaoWTSTBuayQzJHaEMBX/CjQtF3Po17vwbM20X2nogcDjnhnvuCRIpDLrut7O2vrG5tV3YKe7u7R8clo6OWyZONeNNFstYdwJquBSKN1Gg5J1EcxoFkreD8W3utx+5NiJWDzhJuB/RoRKhYBSt1O1FFEeMyqw+7ZfKbsWdgawSb0HKsECjX/rqDWKWRlwhk9SYrucm6GdUo2CST4u91PCEsjEd8q6likbc+Nks8pScW2VAwljbp5DM1N8/MhoZM4kCO5lHNMteLv7ndVMMb/xMqCRFrth8UZhKgjHJ7ycDoTlDObGEMi1sVsJGVFOGtqWiLcFbPnmVtKoV77JSvb8q1+pP8zoKcApncAEeXEMN7qABTWAQwzO8wpuDzovz7nzMR9ecRYUn8AfO5w+gaZHk</latexit>



➤ Calibration gap of score f 

➤ Consider a loss function                            (e.g. square or logistic loss).  
The risk of the score is the average loss over the population distribution:                                     

➤ Our main result relates the calibration gap of a score to its excess risk compared to 
the Calibrated Bayes Score                                            

RESULT: UPPER BOUND ON CALIBRATION GAP
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` = `(f(X), Y )
<latexit sha1_base64="VlRBRorr3ehbfm294ocpJuxMuTQ=">AAAB/XicbVDLSgMxFL3js9bX+Ni5CRahBSkzVdCNUBDEZQX7kHYomTTThmYyQ5IRain6KW5cKOLW/3Dn35hpu9DWA5d7OOdecnP8mDOlHefbWlhcWl5Zzaxl1zc2t7btnd2aihJJaJVEPJINHyvKmaBVzTSnjVhSHPqc1v3+ZerX76lULBK3ehBTL8RdwQJGsDZS295vUc7RBUpbPsg3CsfortC2c07RGQPNE3dKcjBFpW1/tToRSUIqNOFYqabrxNobYqkZ4XSUbSWKxpj0cZc2DRU4pMobjq8foSOjdFAQSVNCo7H6e2OIQ6UGoW8mQ6x7atZLxf+8ZqKDc2/IRJxoKsjkoSDhSEcojQJ1mKRE84EhmEhmbkWkhyUm2gSWNSG4s1+eJ7VS0T0plm5Oc+Wrp0kcGTiAQ8iDC2dQhmuoQBUIPMAzvMKb9Wi9WO/Wx2R0wZpGuAd/YH3+AHC/k68=</latexit>

fB(x, a) = E[Y | X = x,A = a]
<latexit sha1_base64="mK1GphCxHJfLHhU5CpMSkTAYedg="></latexit>

calf (A) := E [|f(X)� E[Y | f(X), A]|]
<latexit sha1_base64="ibasb+oGO3ev97h+EdhouBr//fI="></latexit>

Calibrated Bayes RiskL⇤ = E[`(fB(X,A), Y )]
<latexit sha1_base64="Gka/mHz6PM2ndx38qhp682hJcr8="></latexit>

L(f) = E[`(f(X), Y )]
<latexit sha1_base64="PNjxRHbpO4VRrjG9xSuuhuPpdoI=">AAACE3icbVDLSsNAFJ3UV62vqEs3g0VoRUpSBd0IRRFcuKhgH9KGMplO2qGTSZiZCCXkH9z4K25cKOLWjTv/xknahbYeuHA4517uvccNGZXKsr6N3MLi0vJKfrWwtr6xuWVu7zRlEAlMGjhggWi7SBJGOWkoqhhph4Ig32Wk5Y4uU7/1QISkAb9T45A4Phpw6lGMlJZ65mHXR2qIEYtvkpJXhucwE1w3vko6XcJYySu1y0fwvuz0zKJVsTLAeWJPSRFMUe+ZX91+gCOfcIUZkrJjW6FyYiQUxYwkhW4kSYjwCA1IR1OOfCKdOPspgQda6UMvELq4gpn6eyJGvpRj39Wd6cFy1kvF/7xOpLwzJ6Y8jBTheLLIixhUAUwDgn0qCFZsrAnCgupbIR4igbDSMRZ0CPbsy/OkWa3Yx5Xq7UmxdjGNIw/2wD4oARucghq4BnXQABg8gmfwCt6MJ+PFeDc+Jq05YzqzC/7A+PwBGDucXg==</latexit>



RESULT: UPPER BOUND ON CALIBRATION GAP
➤ Theorem 1. For a broad class of loss functions that includes the square loss and 

logistic loss, we have 

➤ Big O for constants that depend only on the loss function 𝓁 

➤ Corresponding lower bound shows that the square-root relationship between 
excess risk and calibration gap is tight in the worst case.  

➤ Any score with small excess risk over the calibrated Bayes risk will be well-
calibrated with respect to the group attribute A  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calf (A)  O

⇣p
L(f)� L⇤

⌘

<latexit sha1_base64="0kKJIfDxq8xW3F1UDAmzsBDhOnU="></latexit>



IMPLICATIONS OF THEOREM 1
➤ Given a dataset of size n sampled from the population distribution, a natural strategy 

for achieving group calibration is  

➤ the unconstrained empirical risk minimization (ERM) over a model class      

➤ The risk of       converges in probability to the least risk of any score function in the 
class,                .               

�12

f̂n 2 argmin
f2F

1

n

nX

i=1

`(f(Xi), Yi) .
<latexit sha1_base64="OPgFrIFl4+4e+8rZsalVLX3zWsY="></latexit>

F
<latexit sha1_base64="EW4wrqvPhKd5ykT/OY3F0Z6YiTc=">AAAB8nicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LIgFJcV7APaoWTSTBuayQzJHaEMBX/CjQtF3Po17vwbM20X2nogcDjnhnvuCRIpDLrut7O2vrG5tV3YKe7u7R8clo6OWyZONeNNFstYdwJquBSKN1Gg5J1EcxoFkreD8W3utx+5NiJWDzhJuB/RoRKhYBSt1O1FFEeMyqw+7ZfKbsWdgawSb0HKsECjX/rqDWKWRlwhk9SYrucm6GdUo2CST4u91PCEsjEd8q6likbc+Nks8pScW2VAwljbp5DM1N8/MhoZM4kCO5lHNMteLv7ndVMMb/xMqCRFrth8UZhKgjHJ7ycDoTlDObGEMi1sVsJGVFOGtqWiLcFbPnmVtKoV77JSvb8q1+pP8zoKcApncAEeXEMN7qABTWAQwzO8wpuDzovz7nzMR9ecRYUn8AfO5w+gaZHk</latexit>

min
f2F

L(f)
<latexit sha1_base64="8eivM1LDW+cmA8nLoV38kcjKrIE=">AAACEHicbVDLSsNAFJ3UV62vqEs3g0Wsm5JUQZcFobhwUcE+oAlhMp20QyeTMDMRSgj4A278FTcuFHHr0p1/46QtqK0HLpx7zh3m3uPHjEplWV9GYWl5ZXWtuF7a2Nza3jF399oySgQmLRyxSHR9JAmjnLQUVYx0Y0FQ6DPS8UeXud+5I0LSiN+qcUzcEA04DShGSkueeeyElHtpAB3KoRMiNcSIpY0s+2mus0pw4pllq2pNABeJPSNlMEPTMz+dfoSTkHCFGZKyZ1uxclMkFMWMZCUnkSRGeIQGpKcpRyGRbjo5KINHWunDIBK6uIIT9feLFIVSjkNfT+ZbynkvF//zeokKLtyU8jhRhOPpR0HCoIpgng7sU0GwYmNNEBZU7wrxEAmElc6wpEOw509eJO1a1T6t1m7OyvXG/TSOIjgAh6ACbHAO6uAKNEELYPAAnsALeDUejWfjzXifjhaMWYT74A+Mj2+HP51O</latexit>

f̂n
<latexit sha1_base64="ozCvtwbZw9MSLHOrBxNKt5VSNjY="></latexit>



IMPLICATIONS OF THEOREM 1
➤ It is possible for ERM to attain small excess risk relative to the calibrated Bayes risk 

even if the group attribute A is not in the training dataset. 

➤ Example. Let                               denote the square loss. Then we can decompose 
the excess risk as follows        
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`(z, y) := (z � y)2
<latexit sha1_base64="Jd+RsLfY0vI6JD4Q6U/2Kne/Y24="></latexit>

vanishes at 1/√n  
rate by ERM

flexibility of the 
function class

fU = E[Y | X]
<latexit sha1_base64="9ABY+wnojZQ9LWeA6svMoMpoRH0="></latexit>

Conditional variance of 
fB given X; 0 if X 

captures all necessary 
information about A

L(f̂)� L⇤ =

✓
L(f̂)�min

f2F
L(f)

◆
+

✓
min
f2F

L(f)� L(fU )

◆
+ EX [VarA[f

B | X]
<latexit sha1_base64="RCMNPYUG8HS1k/Ix5WSBap+dq6w="></latexit>



EXPERIMENTS ON UCI ADULT  
➤ 14 features, 48842 individuals, predict if annual income > $50,000 

➤ Observation 1: ERM score is close to calibrated by group even when trained 
without the group attribute
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EXPERIMENTS ON FLORIDA PRETRIAL DEFENDANTS DATASET 
➤ 7 features, 7214 individuals, predict 2-year recidivism 

➤ Observation 1: ERM score is close to calibrated by group even when trained 
without the group attribute. Or there is insufficient data to decide.

Angwin et al (2017)



➤ Observation 2: ERM score is simultaneously calibrated w.r.t. many group attributes 
including those defined post-hoc

2 4 6 8 10
6cRre decile

0.0

0.2

0.4

0.6

0.8

1.0

R
at
e 
Rf
 S
Rs
it
iv
e 
Ru
tc
Rm

es

CalibratiRn fRr Age
< 40
>40

EXPERIMENTS ON UCI ADULT  



TRADEOFFS WITH OTHER FAIRNESS CRITERIA
➤ Calibration has been suggested as a fairness criterion when A is a sensitive attribute 

[Kleinberg et al. 2016; Chouldechova, 2017]. 

➤ Other notions of group fairness include separation (aka equalized odds): 
                                               𝔼[f ∣ A, Y] = 𝔼[f ∣ Y]

➤ “Mean score for individuals with positive (negative) outcomes is same across 
groups” 

➤ Separation gap: sepf(A) := 𝔼[|𝔼[f ∣ A, Y] - 𝔼[f ∣ Y]|] 

➤ Lower bound (details in paper) shows that unconstrained ERM necessarily has a 
large separation gap that is problem-dependent
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EXPERIMENTS ON UCI ADULT  
➤ Observation 3: Calibration gap decreases to 0 as we increase the number of 

training examples. Separation gap does not.
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LESSONS LEARNT 
➤ Approximate group calibration is satisfied with unconstrained ERM without 

needing active intervention. 

➤ Enforcing group calibration does not require any departure from unconstrained 
machine learning, which largely describes current practice. 

➤ When should we be fine with group calibration as a normative fairness goal? 

➤ only if we're happy with unconstrained machine learning 

➤ harms of unconstrained machine learning [Crawford, 2013; Barocas and Selbst, 
2016; Crawford, 2017] 

➤ Practitioners hoping to deviate from current practice will not achieve this goal by 
asking for calibration alone.
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THANK YOU
For more details and experiments, see full version:  

https://arxiv.org/abs/1808.10013


