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Conformal Prediction

Goal: Given a coverage rate of 1 — a € (0, 1), we want to construct a prediction set C such
that the true label for an unseen test point is in C with probability 1 — «.

Theorem (Vovk et al, 2005)
Given a non-conformity score function s: X’ X Y — R and holdout out calibration set

g ((1-—a)(n+1)]
2)Calib — {(xlr yl)J (xZJ yZ)J S (xn: y‘n)}; let q = Quantlle( ann ’ {S(xi' yi)}?=1)
and C;(x) = {y € Y,s(x,y) < q}. Then,

1
1—a <Prlyn; €l <1 -a+—
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Group Fairness

* Intuitive notion of fairness which requires that different groups are
treated equally

* Well-established metrics including:
 Demographic (Statistical) Parity
e Equal Opportunity
* Predictive Equality
e Equalized Odds
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Conformal Group Fairness Metrics

 We define conformal variations of the metrics for multiclass classification
* Let Cj(X) be the prediction set for X given threshold A

* WechangeY = y tobe y € C;(X).

Metric Definition
Demographic (or Statistical) Parity Pr [’y" € Cy(X) | X € ga: = Pr ﬁ ECN(X)| X € gb}, Vga,9p € G, Vi € yt+
Equal Opportunity Pr[ﬁ € Cy(X) ‘ Y =9,X € ga: = Pr ﬁ EC\(X)|Y =9,X € gb], VYga,9p € G, VY € yt
Predictive Equality Pr[ﬁ € Cy(X) ‘ Y #£§,X € ga: — Pr g cCx(X)|Y #45,X € gb], Yga,gy € G, Vi € YT
Equalized Odds Equal Opp. and Pred. Equality
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Motivation and Intuition

* In practice, achieving perfect fairness can be challenging or even
impossible [Barocas, 2023].

* Instead, we control the fairness disparity between groups and labels
to be within a closeness criterion, c.
* Ex. For Demographic Parity, we want

IPrlyn+1 € Ca(Tnt1) |Tnt1 € ga] — Prlynt1 € Ca(Tnt1) |Tnt1 € go)| < c
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Key Theoretical Insights

1. CP guarantee holds when applied to a subset of D_,;ip
* Intuition: Fairness is evaluated on groups within the population

2. Using the inverse quantile function, we can recover the coverage
level, for a given threshold A
* Intuition: We want to reverse the CP process to recover coverage

3. CP guarantee holds when considering any fixed label
* Intuition: Essential to balance disparity between groups for all positive labels
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Algorithm

(9.5) €Gx Y7 L

* We evaluate if a threshold A - J_mimmmm I .
can control the fairness g - S 1 Dot
disparity for every group and , =
positive label pair within some T g o
closeness criterion, c. |
Compute inverse A quantile on S,:,,M,m o
get label coverage rate for (g, ¥}

* For the best efficiency, we l
choose the smallest A, which “
still gives the base CP /i-\ -
guarantee </
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Experimental Setup

e Conduct experiments on five different datasets, including a mix of
graph and tabular datasets

* See the paper for the complete set of results
* Baseline: Conformal predictor using the quantile threshold

 Evaluation Metrics:

* Worst-case fairness disparity (1): Greatest coverage difference between
every pair of groups and positive labels

* Efficiency (1): Prediction set size
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Results (ACSIncome with APS)
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Results (Pokec-n with APS): Intersectional Fairness

Closeness Criterion:
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Auditing

* In addition to ensuring fairness of conformal predictors, our
framework can also audit fairness for a user given closeness criterion

e Qur framework can audit fairness for both known and black-box
conformal predictors.

* For black-box predictors, we can use a separate (exchangeable) D, 4 Set for
evaluation
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Framework Extensibility

The algorithm can be modified to:

1. Determine thresholds for each class independently to get better efficiency
(prediction set sizes)

2. Accommodate other (user-defined) metrics with minor changes (e.g.,
Predictive Parity Proxy).

We don’t require group information at inference time as this isn’t
necessarily available in online settings.

* A key differentiator of our work from existing works in group conditional CP
[Gibbs 2023, Jung 2023, Lu 2022]
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