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Fairness in dynamic decision-making

e Accept/reject (A,) based on features e The objective is to maximize cumulative reward while
(X;) and a sensitive attribute (Z) satisfying a fairness constraint at every timestamp t:
|At| = |avg. utility for z = 1 — avg. utility for z = 0|
’At‘ S W
Fairness metric Utility

Qualification parity qualification rate

e alabel (Y;) and decision (A4;) will Accuracy parity accuracy rate
(d)e{fine) rewards and update features Equality of opp. true positive rate
o
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| Selective labels

The decision-maker uses a predictor to perform
label imputation:

. { Y, if accepted
: l}t if rejected

~

The observed disparity (A;) is calculated after
label imputation.

Labels are only observed for the accepted
population, however, they are necessary to
evaluate fairness metrics!
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| Constraining true disparity

How to use the observed disparity At to satisfy a constraint on true disparity |A;| < w?
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| Decomposition of observed disparity
* We present a decomposition of the observed disparity:
At = A; + distortion

e based on the following group-wise quantities:

ri:=P(4;=0/Z=4) & :=PY,=1]|2Z=1)

rejection rate observed qualification

@:Epé—mzzamzo

error rate on rejected population
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| Decomposition of observed disparity

—

A; = A, + distortion

Fairness metric distortion
Qualification parity riel —rle)
Accuracy parity —(rlel — rded)

. 11 0.0 1.1
Equality of opp. — R (7}”? ) + /1'? (Tfjf _ 7';? )

to ensure that A; ~ A, (distortion ~ 0), it is necessary to
balance rejection and error rates (e.g., by reducing the rejection of the group

with higher error).
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| Conditions to constrain true disparity

e However, the error rate is not observed under selective labels!

¢ =E |V, —Vi|Z =i, 4, = 0|

error rate on rejected population

e We leverage domain adaptation theory to use the accepted population and its distance to the
rejected one to bound the error:

i -1, i . D%(CU) . g T
¢ <& = Ze(xj,z)lw L \/dg( 2 |IDY) /v N

j=1

Renyi divergence
weighted estimate
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| Conditions to constrain true disparity

e However, the error rate is not observed under selective labels!

¢ =E |V, —Vi|Z =i, 4, = 0|

error rate on rejected population

e We leverage domain adaptation theory to use the accepted population and its distance to the
rejected one to bound the error:

+ \/dg e ||Di)/v/ N*

Renyi divergence
weighted estlmate

distortion < distortion
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| Conditions to constrain true disparity

e Main result (Theo. 3.6) We have that |A;| < wif:

Ay < w/2 and distortion < w/2

which are fully observable!
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| Conditions to constrain true disparity

e Main result (Theo. 3.6) We have that |A;| < wif:

Ay < w/2 and distortion < w/2

/

low error

which are fully observable!
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| Conditions to constrain true disparity

e Main result (Theo. 3.6) We have that |A;| < wif:

Ay < w/2 and distortion < w/2
low error divergence accept/reject pop.

which are fully observable!
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| Proposed algorithm (SELLF)

We adapt PPO to learn a policy and a predictor simultaneously.
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| Algorithm

. . Reward Disparit
SELLF is based on three key ideas: . s
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0 100 200 0 100 200
Learning iteration Learning iteration
e PPQ s SELLF
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| Algorithm

SELLF is based on three key ideas: Reward . Disparity
0.05 '
Constrain |A,|: 0.00 >
—0.05 0.4
e Advantage penalization with observed-disparity ~0.10 02
- 0.0 ™
(YU et al" 2022) - 0 100 200 0 100 200
Learning iteration Learning iteration
PPO e SELLF
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| Algorithm
SELLF is based on three key ideas:
Constrain |At|:

e Advantage penalization with observed-disparity
(Yu et al., 2022)

Approximate |A,| and |At|:

e Optimization of the predictor using accepted
samples and IPW on the loss

e Policy regularization with Renyi divergence
accepted/rejected populations
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| Experiments

Experiments with 3 semi-synthetic environments and 5 baselines that ignore the partially observed
labels. Check the paper to see the full results!

Z ~ P(Z)

Ve 8 X'~ P(X | 2) “\
. | sample individual
o o]

\ sample label and makes prec.llctlon

update Features g and actlton
V'~ ¢(X*, Z)

t+1 ~ t t t 3
X Pr(X' A" Y',Z) €= i\

Yt~ a(X?, Z)
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| Is the Renyi regularization useful?

003 A —-A . Renyi Divergence  True Disparity
/ 0.25
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0.20
3
0.01 0.15
| * - - 0.10
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g , ‘. : Reg. Strength
Learning iteration Learning iteration

Regularization Strength
0 001 = 0.05 —— 0.1
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| Is the Renyi regularization useful?

e Higher strength — lower

A —-A Renyi Divergence  True Disparity
0.03 5
- gap
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| Is the Renyi regularization useful?

e Higher strength — lower

A -A Renyi Divergence  True Disparity
0.03 5
gap
4 0.25 ]
0.20 * Very high strength — breaks
’ iR optimization

- 0.10

‘ K Nall
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| Is SELLF better than baselines?

Cumulative Reward Disparity A Lending experiment with equality of
1600 /0.4 S SELLF opportunity
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| Is SELLF better than baselines?

Cumulative Reward
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| Is SELLF better than baselines?

Cumulative Reward
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Lending experiment with equality of
opportunity

e PPO is highly unfair

e SELLF achieves a performance
comparable with Oracle access to
labels
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| Is SELLF better than baselines?

Cumulative Reward
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Lending experiment with equality of
opportunity

e PPO is highly unfair

e SELLF achieves a performance
comparable with Oracle access to
labels

¢ Related methods fail to achieve
fairness due to missing labels
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| Summary

In conclusion, our work shows that:
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| Summary

In conclusion, our work shows that:

1. selective labels are an important aspect to ensure fair decision-making
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| Summary

In conclusion, our work shows that:

1. selective labels are an important aspect to ensure fair decision-making

2. to ensure bounded disparity, it is necessary to consider the group-wise prediction error and
uncertainty of estimating it
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| Summary

In conclusion, our work shows that:

1. selective labels are an important aspect to ensure fair decision-making

2. to ensure bounded disparity, it is necessary to consider the group-wise prediction error and
uncertainty of estimating it

3. with the proposed algorithm, we can train a policy to satisfy long-term fairness with selective
labels.
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Thanks! Questions?

Contact: giovani.valdrighi@ic.unicamp.br
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