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• Setup: 

• Variable T: indicated protected class or not

• Output variable O: Indicates our prediction or 
outcome

• Variable Y: indicates true/target/desired outcome 
(eg. Individual capable/qualified, individual can afford etc.)

Demographic Parity

P(O=1|T=1) = P(O=1|T=0)
Problem: when T=0, O can correlate with Y and if T=1, O can be random
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• Turns out that other than degenerate cases, any two of 
the three criterion are mutually exclusive

• Key insight: Often the label Y and variable T are correlated

• Eg. Proportion of people in T who qualify might be lower 
than in the complement of T

• Demographic parity & Sufficiency => T and Y are 
independent

• Demographic parity and Equal Odds=> if T depends on Y 
then O has to be independent of Y (outcome independent of 
label!)

• Equal Odds & Sufficiency => T and Y are independent



ACHIEVING FAIRNESS

• Preprocessing: Eg. Demographic Parity 

• preprocess to remove information about T from input 
features X to create feature Z, use Z as new input 

• Example:  

• Find all directions in data matrix X that correlate 
with T  

• Remove these directions and let Z be the data 
matrix projected on remaining directions 

• If X is gaussian distributed this will make T and Z 
independent



ACHIEVING FAIRNESS

• While training: Find model that minimizes training 
error subject to fairness constraints



EG. FAIR K-MEANS CLUSTERING (very naive)



EG. FAIR K-MEANS CLUSTERING

where rj =
1

|Cj |
X

xt2Cj

xt

CLUSTERING CRITERION

Minimize within-cluster variance: rj = 1

nj
∑x∈Cj x

M5 = K�
j=1

�
xt∈Cj

�xt − rj�22
Minimize within-cluster weighted scatter

M6 = K�
j=1

1

�Cj� �xs∈Cj

��� �
xt∈Cj,xs≠xt

�xs − xt�22���
= K�

j=1

1

�Cj� �xs∈Cj

dissimilarity �xs,Cj�

t

Objective

(very naive)



EG. FAIR K-MEANS CLUSTERING

where rj =
1

|Cj |
X

xt2Cj

xt

CLUSTERING CRITERION

Minimize within-cluster variance: rj = 1

nj
∑x∈Cj x

M5 = K�
j=1

�
xt∈Cj

�xt − rj�22
Minimize within-cluster weighted scatter

M6 = K�
j=1

1

�Cj� �xs∈Cj

��� �
xt∈Cj,xs≠xt

�xs − xt�22���
= K�

j=1

1

�Cj� �xs∈Cj

dissimilarity �xs,Cj�

t

Objective

Fairness constraints: 8j 2 [K],
X

t:ct=j

1xt2T =
X

t:ct=j

1xt /2T

(very naive)



EG. FAIR K-MEANS CLUSTERING

where rj =
1

|Cj |
X

xt2Cj

xt

CLUSTERING CRITERION

Minimize within-cluster variance: rj = 1

nj
∑x∈Cj x

M5 = K�
j=1

�
xt∈Cj

�xt − rj�22
Minimize within-cluster weighted scatter

M6 = K�
j=1

1

�Cj� �xs∈Cj

��� �
xt∈Cj,xs≠xt

�xs − xt�22���
= K�

j=1

1

�Cj� �xs∈Cj

dissimilarity �xs,Cj�

t

Objective

Fairness constraints: 8j 2 [K],
X

t:ct=j

1xt2T =
X

t:ct=j

1xt /2T

Number of protected in cluster j = Number of unprotected in cluster j

(very naive)
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FAIR CLASSIFICATION

Minimize Classification objective  
(or whatever other surrogate loss you use usually)

Added Constraint: subject to proportion of labels in each  
class being same for protected and  
unprotected population

A view from a mile above:



ACHIEVING FAIRNESS

• Post-processing:  

• Learn model as before on training data,  

• As post processing use fresh training data to learn a bias 
parameter to correct for fairness 

• Eg. Equal Odds (Binary classification) 

• Learn mapping f from training set such that from input to 
reals such that Y = 1 if f(X) >0 and Y = 0 if not 

•  Now on fresh dataset, learn new threshold theta such that 
for protected class, Y = 1 if f(X) > theta and Y = 0 if not  

• Theta is chosen so as to ensure Equal odds
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Word of Caution!

ML DREAM

For every user predict: Ads, products, news, . . .
Have tons of data to learn this task well
Have right models that can learn from all this data

With Big Data comes Bigger Responsibilities . . .
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On day t, let ŷt ∈ [−1,1] be the persuasion strength of article
presented by recommender system

Opinion of the user is updated as (�t ∈ [0,1]):
zt ← �tzt−1 + (1 −�t)ŷt

Eg. �t = t−1
t

, we can keep user neutral if average of ŷt’s is close to 0.
Constant �t we need ŷt to be close to 0 to keep zt close to 0
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i
<latexit sha1_base64="9jtkmSnVkzQh6f031uh1XGFh3yI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipyQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/PfYzt</latexit><latexit sha1_base64="9jtkmSnVkzQh6f031uh1XGFh3yI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipyQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/PfYzt</latexit><latexit sha1_base64="9jtkmSnVkzQh6f031uh1XGFh3yI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipyQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/PfYzt</latexit><latexit sha1_base64="9jtkmSnVkzQh6f031uh1XGFh3yI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipyQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/PfYzt</latexit>

zt[i]
<latexit sha1_base64="FWCj1Azf7M+nQkGFbB+APz+smTs=">AAAB7XicbVBNS8NAEJ34WetX1aOXYBE8lUQEPRa9eKxgPyANZbPdtGs3u2F3ItTQ/+DFgyJe/T/e/Ddu2xy09cHA470ZZuZFqeAGPe/bWVldW9/YLG2Vt3d29/YrB4ctozJNWZMqoXQnIoYJLlkTOQrWSTUjSSRYOxrdTP32I9OGK3mP45SFCRlIHnNK0Eqtpx4GPOxVql7Nm8FdJn5BqlCg0at8dfuKZgmTSAUxJvC9FMOcaORUsEm5mxmWEjoiAxZYKknCTJjPrp24p1bpu7HStiS6M/X3RE4SY8ZJZDsTgkOz6E3F/7wgw/gqzLlMM2SSzhfFmXBRudPX3T7XjKIYW0Ko5vZWlw6JJhRtQGUbgr/48jJpndd8r+bfXVTr10UcJTiGEzgDHy6hDrfQgCZQeIBneIU3RzkvzrvzMW9dcYqZI/gD5/MHni6PJA==</latexit><latexit sha1_base64="FWCj1Azf7M+nQkGFbB+APz+smTs=">AAAB7XicbVBNS8NAEJ34WetX1aOXYBE8lUQEPRa9eKxgPyANZbPdtGs3u2F3ItTQ/+DFgyJe/T/e/Ddu2xy09cHA470ZZuZFqeAGPe/bWVldW9/YLG2Vt3d29/YrB4ctozJNWZMqoXQnIoYJLlkTOQrWSTUjSSRYOxrdTP32I9OGK3mP45SFCRlIHnNK0Eqtpx4GPOxVql7Nm8FdJn5BqlCg0at8dfuKZgmTSAUxJvC9FMOcaORUsEm5mxmWEjoiAxZYKknCTJjPrp24p1bpu7HStiS6M/X3RE4SY8ZJZDsTgkOz6E3F/7wgw/gqzLlMM2SSzhfFmXBRudPX3T7XjKIYW0Ko5vZWlw6JJhRtQGUbgr/48jJpndd8r+bfXVTr10UcJTiGEzgDHy6hDrfQgCZQeIBneIU3RzkvzrvzMW9dcYqZI/gD5/MHni6PJA==</latexit><latexit sha1_base64="FWCj1Azf7M+nQkGFbB+APz+smTs=">AAAB7XicbVBNS8NAEJ34WetX1aOXYBE8lUQEPRa9eKxgPyANZbPdtGs3u2F3ItTQ/+DFgyJe/T/e/Ddu2xy09cHA470ZZuZFqeAGPe/bWVldW9/YLG2Vt3d29/YrB4ctozJNWZMqoXQnIoYJLlkTOQrWSTUjSSRYOxrdTP32I9OGK3mP45SFCRlIHnNK0Eqtpx4GPOxVql7Nm8FdJn5BqlCg0at8dfuKZgmTSAUxJvC9FMOcaORUsEm5mxmWEjoiAxZYKknCTJjPrp24p1bpu7HStiS6M/X3RE4SY8ZJZDsTgkOz6E3F/7wgw/gqzLlMM2SSzhfFmXBRudPX3T7XjKIYW0Ko5vZWlw6JJhRtQGUbgr/48jJpndd8r+bfXVTr10UcJTiGEzgDHy6hDrfQgCZQeIBneIU3RzkvzrvzMW9dcYqZI/gD5/MHni6PJA==</latexit><latexit sha1_base64="FWCj1Azf7M+nQkGFbB+APz+smTs=">AAAB7XicbVBNS8NAEJ34WetX1aOXYBE8lUQEPRa9eKxgPyANZbPdtGs3u2F3ItTQ/+DFgyJe/T/e/Ddu2xy09cHA470ZZuZFqeAGPe/bWVldW9/YLG2Vt3d29/YrB4ctozJNWZMqoXQnIoYJLlkTOQrWSTUjSSRYOxrdTP32I9OGK3mP45SFCRlIHnNK0Eqtpx4GPOxVql7Nm8FdJn5BqlCg0at8dfuKZgmTSAUxJvC9FMOcaORUsEm5mxmWEjoiAxZYKknCTJjPrp24p1bpu7HStiS6M/X3RE4SY8ZJZDsTgkOz6E3F/7wgw/gqzLlMM2SSzhfFmXBRudPX3T7XjKIYW0Ko5vZWlw6JJhRtQGUbgr/48jJpndd8r+bfXVTr10UcJTiGEzgDHy6hDrfQgCZQeIBneIU3RzkvzrvzMW9dcYqZI/gD5/MHni6PJA==</latexit>

OPINION FORMATION MODEL

Say z0 = 0 (neutral as an example) is the initial opinion of user. zt

is opinion of user at time t

On day t, let ŷt ∈ [−1,1] be the persuasion strength of article
presented by recommender system

Opinion of the user is updated as (�t ∈ [0,1]):
zt ← �tzt−1 + (1 −�t)ŷt

Eg. �t = t−1
t

, we can keep user neutral if average of ŷt’s is close to 0.
Constant �t we need ŷt to be close to 0 to keep zt close to 0



G = (V,E)

ŷt[i]
<latexit sha1_base64="KbC7ZHUSLlaqV5QtsI4LEKqaviU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cKthaaUDbbTbt0swm7EyGE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmVtfWNzq7pd29nd2z+oHx51TZJpxjsskYnuhdRwKRTvoEDJe6nmNA4lfwwntzP/8YlrIxL1gHnKg5iOlIgEo2gl3x9TLPLpAPsiGNQbbtOdg6wSryQNKNEe1L/8YcKymCtkkhrT99wUg4JqFEzyac3PDE8pm9AR71uqaMxNUMxvnpIzqwxJlGhbCslc/T1R0NiYPA5tZ0xxbJa9mfif188wug4KodIMuWKLRVEmCSZkFgAZCs0ZytwSyrSwtxI2ppoytDHVbAje8surpHvR9Nymd3/ZaN2UcVThBE7hHDy4ghbcQRs6wCCFZ3iFNydzXpx352PRWnHKmWP4A+fzB3O6kfA=</latexit><latexit sha1_base64="KbC7ZHUSLlaqV5QtsI4LEKqaviU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cKthaaUDbbTbt0swm7EyGE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmVtfWNzq7pd29nd2z+oHx51TZJpxjsskYnuhdRwKRTvoEDJe6nmNA4lfwwntzP/8YlrIxL1gHnKg5iOlIgEo2gl3x9TLPLpAPsiGNQbbtOdg6wSryQNKNEe1L/8YcKymCtkkhrT99wUg4JqFEzyac3PDE8pm9AR71uqaMxNUMxvnpIzqwxJlGhbCslc/T1R0NiYPA5tZ0xxbJa9mfif188wug4KodIMuWKLRVEmCSZkFgAZCs0ZytwSyrSwtxI2ppoytDHVbAje8surpHvR9Nymd3/ZaN2UcVThBE7hHDy4ghbcQRs6wCCFZ3iFNydzXpx352PRWnHKmWP4A+fzB3O6kfA=</latexit><latexit sha1_base64="KbC7ZHUSLlaqV5QtsI4LEKqaviU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cKthaaUDbbTbt0swm7EyGE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmVtfWNzq7pd29nd2z+oHx51TZJpxjsskYnuhdRwKRTvoEDJe6nmNA4lfwwntzP/8YlrIxL1gHnKg5iOlIgEo2gl3x9TLPLpAPsiGNQbbtOdg6wSryQNKNEe1L/8YcKymCtkkhrT99wUg4JqFEzyac3PDE8pm9AR71uqaMxNUMxvnpIzqwxJlGhbCslc/T1R0NiYPA5tZ0xxbJa9mfif188wug4KodIMuWKLRVEmCSZkFgAZCs0ZytwSyrSwtxI2ppoytDHVbAje8surpHvR9Nymd3/ZaN2UcVThBE7hHDy4ghbcQRs6wCCFZ3iFNydzXpx352PRWnHKmWP4A+fzB3O6kfA=</latexit><latexit sha1_base64="KbC7ZHUSLlaqV5QtsI4LEKqaviU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cKthaaUDbbTbt0swm7EyGE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmVtfWNzq7pd29nd2z+oHx51TZJpxjsskYnuhdRwKRTvoEDJe6nmNA4lfwwntzP/8YlrIxL1gHnKg5iOlIgEo2gl3x9TLPLpAPsiGNQbbtOdg6wSryQNKNEe1L/8YcKymCtkkhrT99wUg4JqFEzyac3PDE8pm9AR71uqaMxNUMxvnpIzqwxJlGhbCslc/T1R0NiYPA5tZ0xxbJa9mfif188wug4KodIMuWKLRVEmCSZkFgAZCs0ZytwSyrSwtxI2ppoytDHVbAje8surpHvR9Nymd3/ZaN2UcVThBE7hHDy4ghbcQRs6wCCFZ3iFNydzXpx352PRWnHKmWP4A+fzB3O6kfA=</latexit>

i
<latexit sha1_base64="9jtkmSnVkzQh6f031uh1XGFh3yI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipyQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/PfYzt</latexit><latexit sha1_base64="9jtkmSnVkzQh6f031uh1XGFh3yI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipyQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/PfYzt</latexit><latexit sha1_base64="9jtkmSnVkzQh6f031uh1XGFh3yI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipyQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/PfYzt</latexit><latexit sha1_base64="9jtkmSnVkzQh6f031uh1XGFh3yI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipyQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/PfYzt</latexit>

zst [i]
<latexit sha1_base64="xZot6AWOQ5qfCZSs4G79jdRtcnk=">AAAB8XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAM3a5idzCZDZmeXmV4hLvkLLx4U8erfePNvnDwOmljQUFR1090VplIYdN1vp7Cyura+UdwsbW3v7O6V9w+aJsk04w2WyES3Q2q4FIo3UKDk7VRzGoeSt8Lh9cRvPXJtRKLucJTyIKZ9JSLBKFrp/qmLD7kZ+yLolitu1Z2CLBNvTiowR71b/ur0EpbFXCGT1Bjfc1MMcqpRMMnHpU5meErZkPa5b6miMTdBPr14TE6s0iNRom0pJFP190ROY2NGcWg7Y4oDs+hNxP88P8PoMsiFSjPkis0WRZkkmJDJ+6QnNGcoR5ZQpoW9lbAB1ZShDalkQ/AWX14mzbOq51a92/NK7WoeRxGO4BhOwYMLqMEN1KEBDBQ8wyu8OcZ5cd6dj1lrwZnPHMIfOJ8/89WRFQ==</latexit><latexit sha1_base64="xZot6AWOQ5qfCZSs4G79jdRtcnk=">AAAB8XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAM3a5idzCZDZmeXmV4hLvkLLx4U8erfePNvnDwOmljQUFR1090VplIYdN1vp7Cyura+UdwsbW3v7O6V9w+aJsk04w2WyES3Q2q4FIo3UKDk7VRzGoeSt8Lh9cRvPXJtRKLucJTyIKZ9JSLBKFrp/qmLD7kZ+yLolitu1Z2CLBNvTiowR71b/ur0EpbFXCGT1Bjfc1MMcqpRMMnHpU5meErZkPa5b6miMTdBPr14TE6s0iNRom0pJFP190ROY2NGcWg7Y4oDs+hNxP88P8PoMsiFSjPkis0WRZkkmJDJ+6QnNGcoR5ZQpoW9lbAB1ZShDalkQ/AWX14mzbOq51a92/NK7WoeRxGO4BhOwYMLqMEN1KEBDBQ8wyu8OcZ5cd6dj1lrwZnPHMIfOJ8/89WRFQ==</latexit><latexit sha1_base64="xZot6AWOQ5qfCZSs4G79jdRtcnk=">AAAB8XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAM3a5idzCZDZmeXmV4hLvkLLx4U8erfePNvnDwOmljQUFR1090VplIYdN1vp7Cyura+UdwsbW3v7O6V9w+aJsk04w2WyES3Q2q4FIo3UKDk7VRzGoeSt8Lh9cRvPXJtRKLucJTyIKZ9JSLBKFrp/qmLD7kZ+yLolitu1Z2CLBNvTiowR71b/ur0EpbFXCGT1Bjfc1MMcqpRMMnHpU5meErZkPa5b6miMTdBPr14TE6s0iNRom0pJFP190ROY2NGcWg7Y4oDs+hNxP88P8PoMsiFSjPkis0WRZkkmJDJ+6QnNGcoR5ZQpoW9lbAB1ZShDalkQ/AWX14mzbOq51a92/NK7WoeRxGO4BhOwYMLqMEN1KEBDBQ8wyu8OcZ5cd6dj1lrwZnPHMIfOJ8/89WRFQ==</latexit><latexit sha1_base64="xZot6AWOQ5qfCZSs4G79jdRtcnk=">AAAB8XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAM3a5idzCZDZmeXmV4hLvkLLx4U8erfePNvnDwOmljQUFR1090VplIYdN1vp7Cyura+UdwsbW3v7O6V9w+aJsk04w2WyES3Q2q4FIo3UKDk7VRzGoeSt8Lh9cRvPXJtRKLucJTyIKZ9JSLBKFrp/qmLD7kZ+yLolitu1Z2CLBNvTiowR71b/ur0EpbFXCGT1Bjfc1MMcqpRMMnHpU5meErZkPa5b6miMTdBPr14TE6s0iNRom0pJFP190ROY2NGcWg7Y4oDs+hNxP88P8PoMsiFSjPkis0WRZkkmJDJ+6QnNGcoR5ZQpoW9lbAB1ZShDalkQ/AWX14mzbOq51a92/NK7WoeRxGO4BhOwYMLqMEN1KEBDBQ8wyu8OcZ5cd6dj1lrwZnPHMIfOJ8/89WRFQ==</latexit>

OPINION FORMATION MODEL

Say z0 = 0 (neutral as an example) is the initial opinion of user. zt

is opinion of user at time t

On day t, let ŷt ∈ [−1,1] be the persuasion strength of article
presented by recommender system

Opinion of the user is updated as (�t ∈ [0,1]):
zt ← �tzt−1 + (1 −�t)ŷt

Eg. �t = t−1
t

, we can keep user neutral if average of ŷt’s is close to 0.
Constant �t we need ŷt to be close to 0 to keep zt close to 0



G = (V,E)

ŷt[i]
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OPINION FORMATION MODEL

Say z0 = 0 (neutral as an example) is the initial opinion of user. zt

is opinion of user at time t

On day t, let ŷt ∈ [−1,1] be the persuasion strength of article
presented by recommender system

Opinion of the user is updated as (�t ∈ [0,1]):
zt ← �tzt−1 + (1 −�t)ŷt

Eg. �t = t−1
t

, we can keep user neutral if average of ŷt’s is close to 0.
Constant �t we need ŷt to be close to 0 to keep zt close to 0

Measure of polarization for day t : kztk1
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Assuming users start at neutral,
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OPINION FORMATION MODEL: WITH FRIENDS

On each day we model users as interacting with each other for
multiple rounds. We will denote by vector z

s

t
the opinion of the n

users on day t after s’th round of interaction.

Beginning of day t provide recommendations ŷt:

z
0
t = �tzt−1 + (1 −�t)diag(�(zt−1 ⊙ ŷt))ŷt

where zt = lims→∞ z
s

t
and � ∶ [−1,1]� [0,1] is increasing.

Opinions through the day in multiple rounds evolve as:

z
s

t ← ↵(I +D)−1(I +A)zs−1
t + (1 −↵)diag(�(zs−1

t ⊙ z
0
t ))z0

t

Without confirmation biases, its the Freidkin-Johensen model
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POSSIBLE FIX

As long as we keep the users neutral in the end of everyday, their
confirmation bias wont be too bad
If users were neutral in the start of a day, then we can think about
their opinions by end of the day via a random walk view
Imagine every user with some probability ↵ stops sharing and
with remaining probability shares their opinion to all their
neighbors
Each person takes in average of all the opinions they receive
It turns out that the final opinion of all the users converge to Mŷ

where M = �I +D + 1−↵
↵ L�−1 (I +D) (is a stochastic matrix)

Key idea: Pick articles such that Mŷ is small on every coordinate
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where M = �I +D + 1−↵
↵ L�−1 (I +D) (is a stochastic matrix)

Key idea: Pick articles such that Mŷ is small on every coordinate



SYNERGY OF IDEAS

Opinion formation and opinion dynamic models are studied
extensively in social psychology

We need to combine ideas from this field with ML techniques to
deal with such issues

The idea in previous slide can we shown to work provably only in
limited scenarios

Topic needs more research
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