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Abstract

We show that deep networks trained to satisfy demographic parity often do so
through a form of race or gender awareness, and that the more we force a network
to be fair, the more accurately we can recover race or gender from the internal state
of the network. Based on this observation, we investigate an alternative fairness
approach: we add a second classification head to the network to explicitly predict
the protected attribute (such as race or gender) alongside the original task. After
training the two-headed network, we enforce demographic parity by merging the
two heads, creating a network with the same architecture as the original network.
We establish a close relationship between existing approaches and our approach
by showing (1) that the decisions of a fair classifier are well-approximated by our
approach, and (2) that an unfair and optimally accurate classifier can be recovered
from a fair classifier and our second head predicting the protected attribute. We use
our explicit formulation to argue that the existing fairness approaches, just as ours,
demonstrate disparate treatment and that they are likely to be unlawful in a wide
range of scenarios under US law.

1 Introduction

Autonomous systems that make substantive decisions about people must conform to relevant anti-
discrimination legislation. Within the US legal system, two common tests of anti-discrimination
legislation are referred to as disparate treatment and disparate impact [37]]. Disparate treatment
corresponds to the idea that people should not be treated differently because of their membership of a
protected group (such as race or gender), while disparate impact refers to the idea that seemingly
neutral practices should not cause a substantial adverse impact to a protected group. Importantly, it
has been argued [[7] that there are a large range of scenarios where disparate treatment is unlawful
even when performed as a remedy to disparate impact. This is in departure from the EU where more
latitude exists when rectifying indirect discrimination (analogous to disparate impact) [67].

Consequentially, disparate treatment doctrine prevents a wide range of actions intended to address
sustained inequality [9]. Of particular relevance to our work is a 1991 amendment to Title VII
[60]. This amendment explicitly prohibits the “use [of] different cutoff scores for . . . employment
related tests on the basis of race, color, religion, sex, or national origin”, even if done for reasons of
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Figure 1: Feature representations of unconstrained (left), fairness-regularized (center), and
group-aware (right) ResNet50 models. The plots show tSNE [63] embeddings of last-layer rep-
resentations of the CelebA dataset [43]]; red points correspond to male individuals, blue points to
female ones. Classifiers are trained to identify if people are smiling. The use of fairness constraints
during training causes a mixed manifold (leff) to separate into largely disjoint sets (center). Similar
behavior is observed when training a two-headed model (right) that predicts gender and ‘smiling’.

affirmative action. In this paper, we examine the relationship between existing methods for enforcing
demographic parity (a definition closely related to avoiding disparate impact) that are commonly
claimed to not exhibit disparate treatment and methods for demographic parity that alter the cutoff
score on the basis of inferred race or gender. In doing so, we raise fundamental questions about the
legality of existing approaches for enforcing demographic parity.

In particular, we examine the behavior of deep neural networks trained to satisfy demographic
parity either with a fairness regularizer [72] or by preprocessing [33]]. Such models could learn
an internal representation that either (7) is independent of the protected attribute (as methods from
fair representation learning aim to do—see Appendix [B] for related work), or (ii) that distinguishes
between groups so as to tune “separate” classifiers for each group in a way that results in the
demographic parity of the network. In the context of US law, it is vital to understand which case
occurs in practice. If the learned algorithms treat people differently on the basis of their race or gender,
this may correspond to disparate treatment. We find that networks trained to satisfy demographic
parity via a fairness regularizer or preprocessing fall into the second case. Figure [I] provides an
illustration of this finding. Moreover, we find that the more strongly demographic parity is enforced,
the more predictive the internal representation is of the protected attribute.

Building on the observation that the protected attribute is implicitly learned, we train a neural network
with a second classification head that explicitly predicts the protected attribute. After training, we use
the second head response to directly reduce demographic disparity. On certain tasks we show that our
approach is tightly related to existing regularizer and preprocessing approaches and conclude that
these approaches, just as ours, demonstrate disparate treatment.

To summarize, we make the following contributions:

1. The internal state of a fair network trained with a fairness regularizer or preprocessing is strongly
predictive of the protected attribute. As the fairness is more strongly enforced, the accuracy of
predicting the protected attribute increases (Section 3).

2. Merging a second classification head with the network is an effective approach for creating
demographic parity-fair classifiers. We show that the performance of our approach closely tracks
the optimal accuracy-fairness trade-offs of Lipton et al. [42]]; however, in contrast to their method,
ours does not require explicit access to the protected attribute (Section ).

3. As our principal contribution, we show cases where the decisions of a fair model (via regularizer
or preprocessing) are well-approximated by our approach. Similarly, the decisions of an uncon-
strained classifier can be approximated by a weighted sum of the fair classifier and our second
head (Section[5.1).

4. Using the close relationship between a demographic parity-fair classifier and our explicit approach
we are able to identify individuals who are systematically disadvantaged by the fair classifier, and



who would receive a positive decision if their apparent race or gender were different. This allows
us to conclude that the fair method exhibits disparate treatment (Section[5.2).

2 Preliminaries

A binary classifier is a function A : X — ) that, given a datapoint = from feature space X, aims
to accurately predict the datapoint’s assigned label y € Y = {0,1}. We consider thresholded
classifiers of the form h(z) = 1(f(x) > 0), where f is a continuous function f : X — R. We
want h to be as accurate as possible, while at the same time being fair with respect to a protected
attribute s € S = {0, 1} according to the fairness notion of demographic parity.

Definition 2.1 (Demographic Parity) [33|[I8] A classifier h : X — {0, 1} satisfies demographic
parity under distribution P if its prediction h(X) is independent of the protected attribute S, i.e.,

P(h(X)=1S=0) =Ph(X)=1]S=1).
We measure the violation of demographic parity by the demographic disparity (DDP), given by
DDP = DDP(h;P) :=P(h(X) =1|S =1) —P(h(X) = 1|5 = 0). (1)

In this paper, we examine two popular fairness methods for training deep neural networks to satisfy
demographic parity:

Regularized Fair Classification One common approach for learning a fair classifier is to add a
regularizer to the standard training objective [e.g., (L1} [72} 147} 44| 140, |56} I8]. Such regularizers
are used to enforce numerous fairness definitions and typically impose a continuous relaxation of
a discrete fairness measure such as the DDP (). The regularizer used in [72] is a sigmoid-based
relaxation of the squared value of (T)), evaluated on a dataset (z;, y;, $;)"_; with i.i.d. samples from P:
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The fairness regularizer is added to the overall loss and trades-off fairness versus accuracy via a
multiplicative hyperparameter A\, where higher values of lambda encourage an increase in fairness at

the cost of accuracy. In the paper, we report experimental results for 7/?\,]313 (f). Appendix E presents
results for a related regularizer. Note that we follow [8, [72] in applying the regularizer (2)) to the
sigmoid output of the networks. This differs from approaches such as [76,[16] that enforce relaxed
fairness constraints on margin distances and have recently been criticized for their ineffectiveness [44]].

Preprocessing: Massaging the Dataset We also examine the preprocessing method of [33], which
alters target labels prior to training. Massaging ‘promotes’ negative points from the disadvantaged
group to the positive label if they have a (comparatively) high positive class probability as calculated
by an unconstrained classifier and ‘demotes’ positive points from the advantaged group to the negative
label if they have a low positive class probability. The number of changed labels is controlled by a
parameter A € [0, M], where A = M results in the same fraction of positive points for both groups.

Fair Representation Learning methods learn data representations such that any ML model trained
on top of such a representation would be fair 78,146, 10} 1} [79} 20, 45 231150} 75,130, 154, |5]]. These
techniques come in various flavors, and are considered preprocessing or in-processing methods.
When used to train demographic parity-fair classifiers, these methods try to learn representations that
contain no information of the protected attribute Consequently, these techniques should not show the
phenomenon of attribute awareness we found for networks regularized to satisfy demographic parity
or trained on massaged datasets, at least not when examining the final representation layer. However, it
is an interesting question for future work whether methods for fair representation learning suffer from
attribute awareness in earlier network layers. Like us, adversarial approaches like [46} 10\ 1} 20, [20]]
train a second head, but in contrast to our approach they are trained adversarially in a minmax
formulation, while the objectives of our two heads are jointly minimized in a multitask setting.

In general these fair representation learning methods have noticeably different behavior to prepro-
cessing or regularized fairness methods. Because they try to solve a harder problem of learning a
representation that guarantees the fairness of any downstream classifier, rather than making a single



classifier fair, they typically show worse accuracy trade-offs than other methods. As such, while
we did not did not attempt the analysis set out in Section 5 on these methods, we do not expect our
fairness results to hold for them.

To set the ground for our paper, we now discuss the closely related work of Lipton et al. [42]. We
discuss further related work in Appendix [A]and [B]

Implicit Disparate Treatment Lipton et al. [42] examine the popular claim that machine learning
models that do not use protected information at test time do not exhibit disparate treatment [24, 77,
76,116, 74, 147, 126]). [Lipton et al.|recommend caution and observe that if the protected attribute s
is a deterministic function s = g(x) of the non-protected features x, any sufficiently powerful ML

model can learn a function f(z,s) = f(z) with f(z) = f(z, g(x)). They argue that even though
the protected attribute is not provided at test time, such a model would constitute a case of disparate
treatment since it makes decisions based on the implicitly reconstructed protected attribute. However,
beyond a synthetic experiment in which a classifier discriminates based on hair length (as a proxy for
gender), they do not study whether—or how—implicit disparate treatment happens in practice.We
provide strong evidence that deep neural networks that are enforced to satisfy demographic parity
by means of a regularizer or preprocessing suffer from disparate treatment, even when not explicitly
using the protected attribute at test time—and that they do so by separating last-layer representations
based on protected attributes.

A second contribution of Lipton et al. [42]] is to prove that the most accurate classifier among all
classifiers satisfying a bound on the demographic disparity utilizes group-specific thresholds (a similar
result has also been shown by Menon and Williamson [49]). They then propose a postprocessing
method that greedily chooses per-group decision thresholds for a classifier that has been learned
without fairness constraints; this requires access to protected attributes at test time. In Section 4] we
compare our proposed two-head approach for demographic parity-fairness to their approach.

3 Protected Attribute Awareness in Fair Networks

Here, we provide evidence that deep networks that use a fairness regularizer or preprocessing to
satisfy demographic parity, learn an internal representation that separates groups, thus allowing each
group to be treated differently. To measure how well a fair network separates the protected groups,
we examine how accurately a linear classifier can recover the protected attribute from the output of

the last layer. We present results for the fairness regularizer 7/?\,[)13 (f) defined in () on one dataset;
see Appendix for the results with Massaging [33], another regularizer and on a second dataseﬂ

Experimental Setup From the CelebA image dataset [43]] and nine of its 40 binary attributes, we
choose a target attribute and a protected attribute, such as SMILING and YOUNG. We use [S3] as
reference for restricting our study to only nine of the 40 attributes. For each distinct pair of target and
protected attribute, we train ResNet50 models for twelve different values of the fairness parameter \.
For each model, we then train a linear classifier using logistic regression to predict the protected
attribute from the model’s frozen last-layer representation. We refer to these classifiers as the group
classifiers. See Appendix for technical details and descriptions of the datasets.

Evaluation For each pair of target and protected attribute, we evaluate if increasing A increases
the accuracy of the group classifier. We test for a monotonic relationship using the Kendall-tau
correlation 7 [35] on 12 datapoint pairs (consisting of fairness parameter A and the accuracy of
the group classifier). Additionally, we compute a two-sided p-value for the null hypothesis of
independence between A and the group classifier’s accuracy. Since the regularized approach can
collapse to a trivial near-constant classifier when A is too large, we discard models when their accuracy
is too close to the one of the constant classifier (concretely, if their accuracy is not at least the constant
classifier’s accuracy plus 25% of the additional accuracy that the unconstrained classifier achieves).

Results Figure 2] summarizes our results. For 71 out of 72 experiments the Kendall-tau correlation
shows a positive correlation between A\ and the protected attribute accuracy, with p < 0.05 for
62 experiments. Those experiments show a very strong monotonic relationship with a correlation
higher than 0.49. For nine experiments, we observe lower but still positive values of the correlation
coefficient 7. Only for one experiment we observe 7 < 0, but with insignificant p = 0.64.

2Code is available at https://github. com/mlohaus/disparatetreatment,
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Figure 2: Left: Kendall-tau rank correlations between fairness parameter )\ and the accuracy
of the group classifier For each pair of protected and target attribute, we first train 12 regularized
ResNet50 models with varying fairness parameter A\. Subsequently, the linear group classifier is
trained on the frozen last-layer representation to predict the protected attribute. From the resulting
12 pairs of A and protected attribute accuracy, we test for a monotonic relationship between A and
protected attribute accuracy by computing the Kendall-tau rank correlation. The color and size of a
square correspond to the value and magnitude of the correlation coefficient. For almost all tasks, the
accuracy of predicting the protected attribute increases as the fairness parameter increases.
Right: We show how the linear separability of gender increases with the regularization strength when
the target attribute is ATTRACTIVE and the protected attribute is MALE. As we increase the fairness
parameter )\, the group classifier accuracy increases by up to more than 8%, reaching 98% accuracy.

Conclusion For both fairness regularizers and the Massaging preprocessing method we find that
increasing the fairness parameter increases the ability to recover the protected attribute from
the last layer. This increase in accuracy is a cause for concern since disparate treatment can occur if
a system is able to infer the protected attribute (cf. Section[Z). We build on this initial analysis in
Sections @] and [5]and show that disparate treatment occurs in practice.

4 Explicit Group Awareness for Enforcing Demographic Parity

In this section, we evaluate a novel post-processing approach explicitly designed to exhibit dis-
parate treatment while using the same single network architecture used by preprocessing and
regularized approaches. In short, a network with two fully-connected output heads on the last-layer
representation is trained: one head f : X — R is trained to minimize a logistic loss over the target
variable y, and the other head ¢ : X — R to minimize a squared loss over the protected attribute s.
We use the squared loss to encourage g to take values close to zero or one. Overall, we minimize the
following objective:

0070 = - (3 Brce(o(7).vi) + (glar) — 5:)”
=1

A weighted sum of the two heads results in a classifier F' that satisfies (approximate) demographic
parity. The function F takes the form F(z) = f(z) + a1g(x) + as for coefficients a1,a3 € R.
Even though we train two heads, we can compress them into a single head and generate a single-
headed architecture that makes the same decisions. More precisely if f(z) = wy - z(z) + by and
g(z) = wy - z(x) + by, with z(x) being the last-layer representation, then F'(z) = (wy + ajwy) -
z(z) 4+ (by 4+ a1by + a2). This results in a single-headed network with identical architecture to the
preprocessing and regularized approaches. We consider our approach a post-processing method as it
doesn’t induce a fair classifier until we compress the two heads.
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Figure 3: Comparison of different single architecture approaches We compare our group aware
model to a fairness-regularized model (left plot) and the approach of Lipton et al. [42] (right plot)
on the task of predicting the target ATTRACTIVE with respect to the protected attribute MALE. For
all methods, we observe the typical trade-off: as the model becomes fairer (DDP is closer to 0), the
target accuracy for ATTRACTIVE decreases. All methods obtain similar accuracy for a particular
DDP value. However, the regularizer approach is unable to achieve near perfect fairness and saturates
around a DDP value of —0.1. Note that Lipton et al. [42] requires the protected attribute at test time,
while we infer the protected attribute. More datapoints are shown in the scatter plot for Lipton et al.
[42] and our approach because they can be generated by varying thresholds without retraining. In
contrast, the regularized approach requires a full-retraining for every choice of fairness parameter.

As we show, there are substantial advantages to post-processing, both in terms of stability and
efficiency of training. However, the key limitation of existing methods is that they either require
knowledge of the protected attribute [42, 3] or more complex systems at evaluation time that must
also infer the protected attribute [73}51]]. We remove this limitation, by compressing our two-headed
approach into the same architecture used by the preprocessing and regularized approaches. This
matching architecture is key to the legal argument in the following sections: our approach explicitly
exhibits disparate treatment while sharing a common architecture and making similar decisions to
other approaches.

Model Construction We consider a standard network backbone (e.g., ResNet50), with two heads.
We present results with a ResNet50 in the body of the paper, and include further results with the
MobileNetV3-Small architecture in Appendix [D.2] To find a; and ay such that the predictions of the
thresholding rule 1(F(z) > 0) are fair and maximally accurate, we perform a grid search on valida-
tion data and select the most accurate classifier that does not exceed a given demographic disparity.

We compare our approach to Lipton et al. [42] who’s similar approach provides optimal per-group
thresholds, but requires explicit knowledge of the protected attributes at test time. If the group
classifier g is perfect, our approach and Lipton’s approach coincide. If g does not predict the protected
attribute well, our procedure can only perform worse than Lipton’s (cf. Theorem 4 in their paper). In
our computer vision setting, however, the accuracy of predicting the protected attribute is typically
very high (e.g., on MALE from CelebA, we achieve an accuracy of around 98%), and, as we show,
the performance of our approach is very close to that of [42]].

Results Figure [3|compares the accuracy-fairness trade-off of our approach, the regularizer approach,
and Lipton et al. [42]]. Since the computational cost of fully training 12 regularized models (with the
same 12 fairness parameter values as in Section [3)) is much higher than training one model for our
approach and Lipton’s, we compute 20 solutions with our grid search or Lipton’s greedy search. All
three methods offer similar accuracy for a particular level of demographic disparity. However, for the
regularized model, it is difficult to control this trade-off or to find very fair solutions. In contrast, our
approach and [42] allow easy selection of a model with a particular demographic disparity. While the
performance of our approach and [42]] is similar, we do not require the protected attribute at test time.

Table [T]reports the accuracy obtained under strict fairness constraints. With respect to the accuracy-
fairness trade-off all methods perform comparably. However, if we require a substantial reduction of
unfairness (second block of rows in Table[T), the regularizer approach and preprocessing often fail



Table 1: Accuracy of single architecture approaches under strict fairness constraints. We show
the accuracy of various approaches at substantially decreased demographic disparity. In the first block,
we require the DDP to be half that of the DDP of the unconstrained classifier, in absolute value. For all
methods, we report the most accurate model of all sufficiently fair models. In the second, the DDP can
be at most 20%. Failure to reach the required fairness is indicated with a cross. For small reductions
in disparity, all methods have a similar accuracy-fairness trade-off. However, the regularized approach
often fails to find sufficiently fair solutions. Our approach always finds a sufficiently fair solution
and is comparable to Lipton’s approach, which requires the protected attribute at test time.
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50% disparity reduction
Lipton 0.7955 0.8452  0.9469 0.8959  0.9680 0.8641  0.92400.8770
Our Approach  0.8021 0.8419  0.9463 0.8905 0.9775 0.8615  0.92270.8756
Massaging 0.7992 0.8337  0.9481 0.9002 0.9718 0.8546  0.92070.8679
Regularizer Rpp ~ 0.8021 0.8274 X 09023 X 0.8350 X 0.8701
80% disparity reduction
Lipton 0.7719 0.8344  0.9336 0.8959 0.9632 0.8456  0.91370.8617
Our Approach  0.7698 0.8332  0.9301 0.8881  0.9647 0.8436  0.91180.8592
Massaging 0.7674 0.8185 X 08989 X X X 0.8573
Regularizer Rpp X 0.8274 X X X X X X

to find a valid solution. In contrast, Lipton et al. [42] and our approach always find sufficiently fair
solutions due to their direct search for per-group thresholds.

Conclusion Our method has several advantages: (i) Other approaches require training a new model
for every fairness parameter A, which might make tuning A very expensive until a desirable level of
fairness is reached. Our approach only requires a single explicit model and the output scores of the
two heads. (ii) Due to the simple weighted sum, we make the influence of the group classifier in
the final decision explicit and transparent. In summary, our approach reliably finds high accuracy
solutions for a given demographic disparity without requiring the protected attribute at test time.

S Disparate Treatment in Fair Networks

In this section we examine the tight relationship between our explicit approach and the behavior of
fair neural networks. First, we reconstruct the fair network with our group-aware method by building
a weighted sum of the two heads and merging them into one (Sectiond). Second, from a given fair
neural network, we recover the corresponding unconstrained model using only the fair network and
the group classifier from our approach. The relationship between fair model and our approach allows
us to identify individuals who are treated differently based on inferred group membership and to
demonstrate disparate treatment.

5.1 Fair Networks Behave like the Explicit Approach

We recover the predictions of a fair model 7 by using the target task head f and group classifier g. We
use logistic regression to find parameters a1, az € R such that 1(f(z) 4+ a19(x) +az > 0) accurately
replicates 1(ry(z) > 0). Since we can merge the weighted sum into a single output head, our
two-headed approach has thus found a model of the same original architecture with one output head
that predicts equivalently to the fair model. Next, we show that it is possible to recover the predictions
of the unconstrained model ~ with a weighted sum of the fair classifier r and the group classifier g.
We run logistic regression to find b1, b2 € R such that 1(ry(x) — b1g(x) — by > 0) recovers the
prediction y = 1(h(z) > 0). Coefficients a; and ag, or by and by are found using validation data.

Error Bars and Random Baseline For both experiments, a substantial challenge lies in the random
behavior of training a deep network. The solution found highly depends on its initial seed. To take
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Figure 4: Left: Reconstructing the fair classifier. For a range of \ (z-axis) we find a1 and as so
that f 4+ a1g + a2 mimics the predictions of a regularized classifier 7. For the entire range of fairness
parameters, the predictions of the regularized model are closely recovered by our approach. Right: Re-
covering the unconstrained classifier. We find parameters b; and b, such that ) —b; g — b recovers
the predictions of an unconstrained classifier &. From the fair model ) and the group classifier g we
can replicate an unconstrained classifier’s predictions, as accurately as another unconstrained model.
Here, we predict ATTRACTIVE with protected attribute MALE. Reconstruction accuracy is directly
comparable to rerunning the method with a different random seed (black lines, random baseline).

this instability into account, we provide baselines that measure how decisions vary when retraining
networks. In the first experiment, we compute error bars by repeating the process for five different
initial random seeds of ). We compute a random baseline by comparing the five models to a
sixth, differently initialized model 7. In the second experiment, we recover five unconstrained
models trained with different initial seeds (for the error bars) and we compute a random baseline by
comparing the predictions to a sixth unconstrained model.

Results In Figure ff] we show regularized ResNet50 models trained to predict ATTRACTIVE; the
protected attribute is MALE (see Appendix [D.3]for other tasks, models, and preprocessing results).
The left panel evaluates how accurately our explicit approach recovers the predictions of the reg-
ularized model 5. We find that most of the error in recovering predictions can be attributed to
classifier instability, and that retraining a classifier from scratch with a new random seed gives
similar disagreement to using our reconstructed classifier. In the right panel of Figure 4] we plot
the reconstruction accuracy of r) — by g — by with respect to the unconstrained classifier. By simply
adding the group classifier response g(x) to r(x), we obtain the predictions of the unconstrained
classifier. Compared to the baseline, we recover the unconstrained classifier responses for all
r with similar fidelity to simply retraining the target classifier from scratch.

5.2 Identifying Disparate Treatment in Deep Networks

We can now quantify the disparate treatment of a neural network. By exploiting our explicit estimation
of the protected attribute, we can ask the counterfactual question: how would the decision have
changed if the individual had belonged to the other group?

Experimental Setup As described in the previous subsection, we find the closest weighted sum
f + a1g + a9 of the two heads that best replicates the decisions of a given model . Then, for every
individual x in the test set, we replace the group classifier response g(x) with the median output of
the group that = does not belong to. We evaluate how many times the prediction changes when the
second head output is replaced by this counterfactual.

Results Figure [5] shows the proportion of individuals for whom their prediction changes. For the
fairest models in the left panel, up to 30% of all individuals receive a different outcome when their
second head output g(z) is replaced by the median output of the other group. This is substantially
more than the number of changed predictions, which we obtain when retraining with a different
random seed (roughly 7% of the points). As expected, the proportion of changed predictions linearly
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Figure 5: Uncovering disparate treatment. How many individuals are treated differently in fair
neural networks based on their protected attribute? With our approach, we find a single-headed
network that approximates the decisions of the fair model (c.f. Section[5.T). Our explicit formulation
allows us to replace the group classifier output g(x) of an individual = from group s € {0, 1} with
the median output g; _ of the other group 1 — s. We plot the proportion of all points where the
label changes (orange curves), and the proportion of points in each protected group (red and blue)
for which the prediction either changed from 0 to 1 (markers pointing up) or changed from 1 to 0
(markers pointing down). Left: As the fairness parameter increases and fairness of the regularized
model improves (zero is fair), the proportion of changed predictions increases. For the fairest model,
around 30% of points would obtain a different outcome if their perceived gender changed. Center:
When we observe a small change in demographic disparity, we observe only a small proportion of
points treated differently. In this plot the DDP is improved from —0.15 to —0.1. In these cases it is
difficult to determine if disparate treatment is occurring. Right: We conduct the same experiment for
Massaging [33]]. Again, up to 35% of predictions change if the predicted group membership changes.

increases with model fairness (governed by the parameter A\). Similar behavior occurs for both the
regularized approach (Figure[5] left) and preprocessing (right).

While the behavior of our system is difficult to distinguish from that of a retrained fair classifier,
the disagreement between retrained classifiers means that we cannot point to an individual and
conclude that they received a different decision because of their protected attribute. Nonetheless, in
scenarios where changing the protected attribute alters a much greater proportion of decisions than
the proportion of decisions where the classifiers disagree (see Figure [5]left and right, in contrast to
center) we can conclude that it is likely particular individuals suffered disparate treatment.

Conclusion When fair networks show the same behavior as our explicit awareness model, we can
analyze the influence of group membership. Using our explicit approach, we can evaluate how fair
networks systematically treat individuals differently on the basis of their protected attribute.

6 Legal Implications of our Analysis

We provide an extensive discussion of the legal implications of our analysis in Appendix [A} here we
provide an overview of our argument.

The analysis set out in the appendix is restricted to areas where the doctrine of disparate treatment
is relevant. This includes areas where decisions are made concerning an individual’s access to:
education, employment, and housing. We start by noting that by design our approach exhibits
disparate treatment. It assigns individuals into different racial or gender-based groups and uses this
to alter cutoff scores in a way that explicitly violates Title VII [60] as outlined in the introduction.
What is less straightforward is the relationship of the methods that we have shown to have the same
systematic behavior as our new approach.

The overall legal argument can be decomposed into three parts:



1. Disparate treatment may occur even if the treatment is based on inferred attributes (such as race or
sex) rather than explicitly provided attributes.

2. By construction, our explicit formulation (Section[d) exhibits disparate treatment.

3. Other fairness approaches considered exhibit the same behavior as our explicit approach, and as
the relevant tests for disparate treatment are based on systematic behavior, these approaches also
exhibit disparate treatment.

Finally, we explicitly identify the individuals likely disadvantaged by enforcing fairness, and consider
circumstances where the use of such systems may be acceptable, and look at existing legal arguments.

7 Conclusion

We showed how popular existing methods for enforcing demographic parity in deep networks learn
an internal representation that is more predictive of the protected attribute. The close coupling
between the behavior of these approaches to our explicit model provides a tool to identify individuals
who are likely to be systematically favored or disfavored by virtue of their protected attribute and
to conclude that existing methods for enforcing fairness do so through disparate treatment. We
have shown that the use of some fairness methods on some datasets exhibits disparate treatment.
Our findings do not imply that all methods for enforcing demographic parity suffer from disparate
treatment, merely that some can, and that caution should be used when deploying such methods.

Furthermore, our approach for enforcing fairness offers a more efficient and reliable way of enforcing
a chosen degree of demographic parity. Unlike regularization-based approaches that require multiple
training runs with different regularization parameters to find a desired trade-off, our approach allows
for joint training of both heads once, and then a search for the desired trade-off by tuning weights
using precomputed network responses on a validation set, and then finally merging the two heads. As
such, it is possible to efficiently find a family of classifiers from the original architecture, of varying
fairness and accuracy for little more compute than training an unfair classifier in the first place.

In hindsight, our findings are perhaps unsurprising. Regularizing methods try to balance decisions
made by the classifier while minimizing the logistic loss. This requires the calibration of the classifier
to be preserved as much as possible. To this end, a fairly regularized classifier should maximally
distort points closest to the decision boundary, while trying to minimally alter the scores of other
points. Massaging methods train one classifier, and then push points closest to the decision boundary
over it, before training a new classifier to replicate these decisions. While both methods explicitly
treat members of different groups differently, they do so at training time and rely on this behavior
generalizing to unseen data. In contrast, our approach simply moves the decision boundary at test-time
for points identified as belonging to a particular group. However, following these intuitions, it is not
unreasonable that all three methods relabel the same set of points that an unconstrained classifier
would be least confident about.

While our analysis presents several challenges to deploying fair ML systems in the US, it is consistent
with other rulings on discrimination in US law. In general, the US requires that considerations of
equity and affirmative action are satisfied by shaping an entire process to be more inclusive, and not
simply by imposing race or gender-based quotas on outcomes [3221]]. However, the opaque nature
of ML makes it extremely challenging to define fair algorithms without formulating the definitions in
terms of outcome For this reason, we believe that legal reform is needed to explicitly allow the use
of fair ML techniques as a tool to reduce disparate impact and increase equity.
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Appendix

A Legal Implications of our Analysis

The analysis set out in this section is restricted to areas where the doctrine of disparate treatment
is relevant. This includes areas where decisions are made concerning an individual’s access to:
education, employment, and housing. We start by noting that by design our approach exhibits
disparate treatment. It assigns individuals into different racial or gender-based groups and uses this
to alter cutoff scores in a way that explicitly violates Title VII [60] as outlined in the introduction.
What is less straightforward is the relationship of the methods that we have shown to have the same
systematic behavior as our new approach.

Overview
Our argument can be decomposed into three parts. We address each point in detail below:

1. Disparate treatment may occur even if the treatment is based on inferred attributes (such as race or
sex) rather than explicitly provided attributes.

2. Our explicit formulation (Section []) exhibits the behavior used to indirectly identify disparate
treatment.

3. Other fairness approaches considered exhibit the same behavior as our explicit approach, and as
the relevant tests for disparate treatment are based on systematic behavior, these approaches also
exhibit disparate treatment.

Finally, we explicitly identify the individuals likely disadvantaged by enforcing fairness, and consider
circumstances where the use of such systems may be acceptable, and look at existing legal arguments.

1. Implicit Disparate Treatment Multiple machine learning papers [[76} [16| 52, [2]] have asserted
that machine learning systems that do not explicitly take into account knowledge of the protected
attribute at prediction time cannot be performing disparate treatment. From a legal perspective, this
is an oversimplification. Many of the legal tests for disparate treatment involve a demonstration
of intent to treat protected groups differently [37], and it is irrelevant if knowledge of the groups
is given as data from a trusted party or inferred from a photograph or other data. As an example
of case law supporting this, [28] gives Hunt v. Cromartie [61] where the plaintiffs demonstrated
that location was used as a proxy for race in an instance of disparate treatment. The situation
considered here is even more extreme than that of Hunt v. Cromartie. As we use photographic
data as input, to deny that disparate treatment can occur here is the same as denying that disparate
treatment can occur on the basis of an individual’s appearance.

2. The Disparate Treatment of Our Approach Systems which explicitly alter scoring on the basis
of race or gender are widely acknowledged as being examples of disparate treatment, with [28]]
writing that there is such wide agreement that it is not worth discussing. While creating a system
that makes explicit use of a protected attribute when making decisions demonstrates intent, it is
not the only way to do so. In particular, as it is difficult to explicitly demonstrate intent when
someone is either unable or unwilling to explain honestly why they made decisions, the courts
recognize indirect evidence of the form: *“. . . evidence, whether or not rigorously statistical,
that employees similarly situated to the plaintiff other than in the characteristic (pregnancy, sex,
race, or whatever) on which an employer is forbidden to base a difference in treatment received
systematically better treatment” United States Court of Appeals for the Seventh Circuit [63] with
similar judgments repeating these arguments occurring in ] . By design, our approach explicitly
treats ‘similarly situated” individuals, i.e. those who receive a similar score f(x) from a classifier
trained without consideration of their protected attribute, differently by changing their score and
adding the term a1 g(x) + a2 which explicitly depends on their inferred protected attribute.

3. The Disparate Treatment of Other Approaches As the implicit argument of the previous section
relies on the systematic behavior of a decision-making system, it can be directly applied to systems
trained to satisfy a fairness constraint. In such cases, we only know that the system enforces the
constraint, but not necessarily how. However, as we are only concerned with the system behaviour,
i.e. the decisions made, if the system is closely mimicked by our approach, the same argument
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applies, and we can identify those individuals with similar scores f(x) who probablyﬂ receive
different decisions by virtue of their race or gender.

Identifying Disadvantaged Individuals We can therefore identify individuals that are likely to
have received an unfavorable decision by virtue of their inferred protected attribute. As we can recover
a close approximation of the decisions of the fair model of the form r(x) ~ f(z) — a19(z) — as,
individuals who initially receive a score f(x) in the region f(x) € Jas, a1 + ag) are likely to receive
different decisions by virtue of their inferred race or gender g(x)E]‘

Potential Mitigation One possible defense, that would only be valid in vary narrow circumstances,
is to reject the relevance of the classifier f trained on ground-truth data without fairness considerations,
and to claim that individuals with similar f(z) scores are not in fact “similarly situated” [63]. It
is always possible to generate some classifier’| f from an existing classifier r, by subtracting any
arbitrary terms of the form a;g(x) + ag from 7(x). As such, the existence of f is insufficient to
conclude that the existing classifier r exhibits disparate treatment, and we also need to know that
individuals with similar scores f(z) are “similarly situated”. As such, where this unaware classifier f
was trained on data that does not correspond to a direct measure of performance, and is known to be
systematically biased [7} 67, there is little reason to believe that individuals with similar scores are
also “similarly situated”. This argument was proposed outside of algorithmic fairness by Selmi [57]
who argued that a stronger defense could have been mounted in [62] by challenging the predictive
value of the test.

Existing Legal Arguments

A full summary of the existing debate is out of scope for what is primarily a machine learning paper,
and we only touch upon three papers to indicate the range of opinions. Kroll et al. [41]] argued that
protected attributes should not be used as part of the decision-making system, but that the use of ML
fairness methods that use protected attributes at training time was less likely to be considered an
instance of disparate treatment than an ex-post correction that explicitly alters the score of individuals
with a particular race or gender. In particular, Kroll et al. [41] considered [[63]] and similar judgements
and concluded that compared to ex-post measuresm “incorporating nondiscrimination in the initial
design of algorithms is the safest path that decision makers can take.” This argument hinges upon
an explicit lack of understanding of the behavior of ML systems, i.e., without knowing the details
of how an opaque fair system behaves it is not possible to say that it exhibits disparate treatment.
Hellman [28]] argued that as disparate treatment depends upon intent, in certain circumstances, the
use of protected attributes can be acceptable at decision time. Bent [9] offered two main arguments:
First, that as disparate treatment hinges upon intent, the combined use of racial data (even if only at
training time) with any form of fairness constraints shows an expressed intent to treat different races
differently, and should also be considered disparate treatmentﬂ%]

In response to Bent [9], we note that: (i) bias-preserving fairness metrics [66] (i.e., the majority of
existing fairness metrics) ensure that classifiers are sufficiently accurate for all groups, by matching

* As the reconstruction is not exact, we cannot be certain, however, note that the evidence provided does not
even need to be rigorously statistical [63].

>This relies on g(z) being close to an indicator function with 94% of function responses being either 0 or 1
with a tolerance of £0.1.

SHere, we consider f an arbitrary classifier, and not necessarily the unconstrained classifier trained on the
data.

TEx-post methods adjust an already generated scoring system by choosing different thresholds for members
of different groups.

8Bent [9] argues that this should hold for any form of fairness constraint, not just the forms of demographic
parity we consider.

The second argument Bent [9]] considers is the difference between running an algorithm with and without
race-based fairness constraints. |Bent argues that any individual receiving a change in decision should be
considered evidence of a difference in treatment. This argument is problematic due to the non-deterministic
behavior of deep learning algorithms. As shown in Figuresf]and[3] simply rerunning the same algorithm with a
different seed can result in significant changes in labels assigned to the test set, and what is needed is evidence
of a systematic change in treatment over and above the expected intrinsic variability. Inherently, such evidence
cannot come from considering a single individual, but must occur at the population level. See also related
discussion in [36] regarding the [9] and the ill-determined nature of ‘unfair’ classifiers.
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the distribution of errors over different groups. (ii) Kroll et al. [41] also argued that in [62] the
court’s lack of concern regarding the use of race to determine that the scoring mechanism was equally
effective for all racial groups indicated that this was a legitimate use of racial data. Putting these
two arguments together, it seems likely that enforcing many forms of fairness need not be a form of
disparate treatment, and that it depends instead on specific facts of implementation and particularly if
it is possible to identify individuals who are systematically disadvantaged by the fact of their race
under a fair system.

Our position lies midway between Kroll et al. [41]] and the first argument of Bent [9], and is simply
that a blanket decision if algorithmic fairness violates disparate treatment is inappropriate and depends
upon the facts of the particular ML system considered and the data it is deployed on. Our position
is that the improved understanding from using the techniques set out in this paper is sufficient to
determine that some ML fairness systems also exhibit disparate treatment (see Section[3|and Figure [I));
and, more importantly, the decisions made by a fair regularized classifier are indistinguishable from
those training a classifier designed to exhibit disparate treatment (see Section ).

Summary

While it may not be possible to determine a priori if a particular fairness definition gives rise to
disparate treatment, our decomposition of existing fair classifiers into an unconstrained classifier f,
and a second head that rescores the response using inferred race or gender, strongly aligns with
the legal definition of disparate treatment. As such, we believe that this decomposition will be of
value in determining the legality of deploying fair systems in practice. From a practical perspective,
this disparate treatment is most strongly observed when the unconstrained classifier f has high
demographic disparity, and demographic parity is strongly enforced. This makes it unlikely for any
of the considered fairness methods to be appropriate tools to enforce equity without legal reform.

B Other Related Work

Bias and Bias Amplification in Deep Neural Networks Numerous papers have found deep net-
works discriminate based on protected groups [39, 112} 4} 22| 6] and even amplify bias present in the
training data [80, [13} 170l 31} 168 53]. Deep models have also been found to “overlearn”, that is they
learn representations encoding concepts that are not part of the learning objective; e.g., encoding
race when trained to predict gender [59, I58]]. [59] argue that overlearning is problematic from a
privacy perspective as it reveals sensitive information. However, they do not consider if it allows
models to disparately treat different groups. To detect unintended classifier bias, [6}[15] synthesize
counterfactual images by changing latent factors of a generative model, corresponding to attributes
such as race, and seeing how performance alters. This is related to our approach, however, they do
not examine how fair models alter this behavior, and our decomposition of models into two heads
allows us to reason counterfactually without generating images.

Exploiting Disparate Treatment Several papers propose to use protected information for learning
group-dependent models, in order to improve performance and / or fairness, assuming that doing so is
legally acceptable and the protected information is available [39} 125/ 119} 164]]. Also the idea of using
an estimate or score of the protected attribute is not new: Menon and Williamson [49] and Oneto
et al. [51] propose to infer the protected attribute from non-protected features and to use the inferred
attribute to learn “group specific” models, as a way to enforce demographic parity or equalized odds.
While these approaches are similar to our approach presented in Section[d} the interpretation provided
by|Oneto et al.|is quite the opposite from ours: they consider their approach as a means of overcoming
disparate treatment while we argue that such an approach should not be treated differently than an
approach that explicitly uses protected information.

Bias Mitigation Methods In the last few years, a plethora of fairness notions, that is definitions of
fairness-concerning bias, along with methods for mitigating such bias have been proposed, both in
supervised and unsupervised learning. The methods in supervised learning are usually categorized
into three groups: preprocessing methods, in-processing methods, and postprocessing methods (see
[14} 48] for survey papers). In this paper we study methods from each of the three groups (cf.
Section2): the regularizer approach belongs to the group of in-processing methods (and so does our
strategy proposed in Section ), the massaging method of [33]] is a preprocessing method, and the
strategy of [42] is a postprocessing method. While the earlier papers on fair ML primarily considered
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tabular data, more recently, bias mitigation has also been studied in the context of deep learning
(17,170,169, 55, [71]. Fazelpour and Lipton [21]] discuss a broader human-centered view going beyond
altering algorithms with parity metrics.

C Implementation Details

Here we report details omitted, for reasons of space, from the body of the paper. In Section|C.1 we
give details about the datasets that were used. In Section [C.2] we give the formulation of a second
regularizer, which is the absolute value of the relaxed DDP measure, and provide details on model
training and the grid search procedure for our approach.

C.1 Datasets

CelebA The CelebA dataset [43]] contains 202, 599 images of celebrity faces with 40 binary annota-
tions, such as WEARING_GLASSES, SMILING or MALE. We use the Aligned&Cropped subset and
its standard split into train, test, and validation data. We center-crop the images and resize them to
224 x 224. During training, we randomly crop and flip images horizontally. We use [55]] as reference
for choosing target and protected labels.

FairFace The FairFace dataset [34]], published under CC BY 4.0 licence, contains 108501 images
collected from the YFCC-100M Flickr dataset and are annotated with GENDER, RACE, and AGE.
We binarize the attribute RACE into WHITE and the union of all other groups. From AGE, we build
several binary attributes: BELOW_20, BELOW_30, and BELOW_40. In our experiments, we use
the provided validation data with 1.25 padding as our test data, and from the provided train data, we
prepared our own random and balanced validation split. We center-crop the images and resize them to
224 x 224. During training, we crop randomly, and flip the images horizontally with probability 0.5.

C.2 A Second Regularizer and Experimental Details.

In Section 2| we have introduced the squared fairness regularizer 7€Dp (cf. @2)), used by Wick et al.
[72]]. We performed our experiments also with another regularizer [47], denoted by R2bs. It is similar
to Rpp, but with the squaring function replaced by the absolute value, that is

~ 1 1

Rabs =l o(fl(x;)) — —mm— o(f(xz;))|. 3
Models and Optimization Given a fixed target attribute and protected attribute, we train all param-
eters of a pretrained ResNet50 [27] or MobileNetV3-Small [29] backbone provided by PyTorch
with binary cross entropy loss. MobileNetV3-Small contains 2.8M parameters and is more resource
friendly than the much bigger ResNet50. Hence, for some experiments we only used MobileNetV3-
Small to save computation time. The dimension m of the last-layer representation z € R™ is

m = 2048 for the ResNet50 and m = 1024 for MobileNetV3-Small.

We train all models, including our approach, with the Adam Optimizer [38] (learning rate is 10~% on
CelebA and 105 on FairFace, batchsize is 64) for a total of 20 epochs and select the model with
the highest average precision achieved on the validation set. In addition, we employ a learning rate
scheduler that reduces the learning rate by a factor of 10 if there is no progress on the validation loss
for more than 8 epochs. To have meaningful regularizer losses for each batch, we use stratified batches,
such that the prevalence of the protected attribute is roughly the same as the overall prevalence. For
the classification loss, we use binary cross entropy loss with a sigmoid activation.

If we train the models with one of our two fairness regularizers, the range for the fairness parameter A
isA €[0,0.1,0.5,1,2, 3,4, 5,10, 15, 20, 30]. For the Massaging preprocessing method, the range is
A €[0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1.0].

Grid Search The grid search procedure of our approach chooses all combinations of a1 and as from
a grid of 200 equidistant points between —15 and 15. Going through all combinations, we choose the
most accurate model that satisfies the user-chosen fairness constraint. We continue to search in the
interval of the grid points which are closest to the current solution by forming another grid of 200
equidistant points in this interval. We continue this recursion 4 times.
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D Extended Experimental Results

In Section we complement the results on protected attribute awareness in fair networks in-
cluding results using the second regularizer (3)). In Section[D.2] we apply our explicit approach to
MobileNetV3-Small and compare to all other fairness approaches. Finally, in Section[D.3]and [D.4]
we extend our main result about identifying disparate treatment to different target tasks, models, and
fairness approaches.

D.1 Protected Attribute Awareness

In this section, we report further results on protected attribute awareness in fair neural networks. We
plot last-layer tSNE visualizations for another CelebA task in Figure [6] and for a FairFace task in
Figure[6] Similar to Figure[T]in the body of the paper, gender is separated into two clusters when we
regularize the model for demographic parity.

In Figure [8] we plot the Kendall-tau correlations when using MobileNetV3-Small for both of the
two presented regularizers. As with a ResNet50 model, we observe a strong association between
fairness parameter and an increase in group awareness. However, for the R255 regularizer a positive

association is less often significant than for ﬁDp. In Figure@ we apply Massaging preprocessing
with a varying fairness parameter. Results on FairFace are presented in Figures|10|and
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last-layer representation last-layer representation of a model last-layer representation of a model
of unconstrained model regularized for demographic parity with explicit protected group awareness
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Figure 6: tSNE visualization of feature representations of unconstrained (left), fairness-
regularized with Rpp (center), and group-aware (Section E[) (right) Resnet50 models. Each
point is colored according to the protected attribute MALE, and we aim to classify the binary label
ATTRACTIVE. Similar to the main paper, we observe that the fair model in the center and the group
aware model on the right separate the genders.

last-layer representation last-layer representation of a model last-layer representation of a model
of unconstrained model regularized for demographic parity with explicit protected group awareness
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Figure 7: tSNE visualization of feature representations of unconstrained (left), fairness-
regularized (center), and group-aware (right) Resnet50 models. In this figure, we use the Fair-
Face dataset. Each point is colored according to the protected attribute GENDER, and we classify
the binary label BELOW_30. Similar to CelebA, we observe that gender is separated into disjoint
clusters in fair and group aware models, whereas they were mixed in the unconstrained model.
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(b) MobileNetV3-Small with regularizer ’R S on CelebA.

Figure 8: Kendall-tau correlation between fairness parameter and protected attribute accuracy.
Similar to the results in the main paper, where ResNet50 was used, we also find for MobileNetV3-
Small that group awareness is increasing as the fairness parameter is increased. In (b) we evaluate the

regularizer Rabs and, although on fewer tasks, observe a similar behavior.
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(a) MobileNetV3-Small with Massaging preprocessing on CelebA.

Figure 9: Kendall-tau correlation between fairness parameter )\ and protected attribute accu-
racy. Similar to the regularized approaches, we find an increased group awareness for the Massaging
preprocessing method, especially when the protected attribute is MALE.
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Figure 10: Kendall-tau correlation between fairness parameter )\ and protected attribute accu-
racy. Similar to the findings on the CelebA dataset, we also find an increased group awareness on
FairFace for the protected attributes RACE and GENDER.
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Figure 11: (Left) Kendall-tau correlation between fairness parameter )\ and protected attribute
accuracy. (Right) Increase of protected attribute accuracy of the group classifier learned on the
last layer of ResNet50.
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(a) Demographic parity violation (DDP) of unconstrained ResNet50
on CelebA.
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ing ResNet50 with regularizer Rpp on CelebA.

Figure 12: (Top) Demographic parity violation (DDP) of the unconstrained classifier. The
increase in group awareness is more moderate for those tasks where the unconstrained classifier
is very unfair, for example for the task (column) MALE. However, this is not always the case as
for protected attribute SMILING and target BANGS for example. (Bottom) Maximum increase of
protected attribute accuracy. Compared to the unconstrained model, we show the highest difference
to the second head accuracy of fair models. Even though the unconstrained model is fair, for example
for a few target tasks when protected attribute is SMILING, the increase in second head accuracy can
still be large.
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D.2 Our Explicit Approach.

Table 2: Accuracy under strict fairness constraints. The first block requires a reduction of the
absolute value of the DDP of at least 50%, the second at least 80%. The protected attribute is MALE
from CelebA dataset and we use the MobileNetV3-Small architecture. Crosses indicate that the
method did not achieve the required fairness. Similar to the main paper, the regularizer Rpp often
fails to find sufficiently fair solution. The regularizer R3S always finds fair solutions, however, at
high costs in accuracy, often resulting in trivial solutions. Our explicit two-headed approach can
always find a fair solution and is comparable to Lipton, which, contrary to us, requires the true
protected attribute.

Qﬁe% \oo“@%

< \3@@&/ S < C\@@‘é .
co D S v N\ » A O
R R & ¥

50% disparity reduction

Lipton 0.8034 0.8441  0.9473 0.9001 0.9658 0.8609  0.92000.8773
Our Approach  0.8023 0.8439  0.9445 0.8930 0.9773 0.8613  0.92120.8762
Massaging 0.7986 0.8424  0.9396 0.9012 0.9661 0.8572  0.91350.8520
Regularizer Rpp ~ 0.7959 0.8446 X 0.8993 X 0.8603 X 08710

Regularizer R255  0.7935 0.8311 0.8443 0.8962  0.9545 0.8609 0.4997 0.8728
80% disparity reduction

Lipton 0.7775 0.8352  0.9331 0.9001 0.9618 0.8403  0.9106 0.8606
Our Approach  0.7741 0.8347  0.9310 0.8921  0.9652 0.8443  0.91050.8580
Massaging 0.7612 0.8204 X 0897 X X X 0.8468
Regularizer@Dp 0.7740 0.8294 X 08989 X X X 0.8562

Regularizer R%s  0.7693 0.8311 0.8443 0.8962  0.9407 0.5182 0.4997 0.8307

Classification Task Attractive with Protected Attribute Male
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Figure 13: Comparison of different fairness approaches using the MobileNetV3-Small architec-
ture. We compare our group aware model to fairness-regularized models (left plot) and the approach
of Lipton et al. [42] (right plot) on when predicting the target ATTRACTIVE with respect to the
protected attribute MALE. For all methods, we observe the typical trade-off: as the model becomes
fairer (DDP is closer to 0), the target accuracy for ATTRACTIVE decreases. All methods obtain
similar accuracy for a particular DDP value. However, the regularizer Rpp is unable to achieve near
perfect fairness and saturates around a DDP value of —0.1. The regularizer R355 collapses to a trivial
fair solution. Note that Lipton et al. [42] requires the protected attribute at test time, while we infer
the protected attribute.
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D.3 Fair Networks Behave like our Explicit Approach.

In this section, we conduct the experiments from Section [5.1] on other tasks and computer vision
models. Predicting SMILING we use our approach to reconstruct fair models and recover the
unconstrained model using a ResNet50 with Rpp regularizer (Figure, using a MobileNetV3-Small
with ﬁDp regularizer (Figure , and using a MobileNetV3-Small with Massaging preprocessing
(Figure [T6). In Figure [I7] and [I8] we recover the unconstrained model from fair ResNet50 and
MobileNetV3-Small models predicting either ATTRACTIVE or YOUNG. Overall, we are able to
replicate the behavior of fair models using both heads of our explicit approach and to recover the
unconstrained model from a fair model with the group classifier head. Sometimes, as observed
in Figure [T7) the unconstrained classifier cannot be recovered from the fairest models within the
performance of the random baseline.
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Figure 14: Recovering the unconstrained classifier and reconstructing fair classifiers. We train
ResNet50 models with the Rpp regularizer for the target SMILING and protected attribute MALE.
Again, we can reconstruct fair models with our approach and we can recover the unconstrained model
by adding the second head to the fair model.
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Figure 15: Recovering the unconstrained classifier and reconstructing fair classifiers. We train

MobileNetV3-Small models with the Rpp regularizer for the target SMILING and protected attribute
MALE. Similarly to the analysis above with a ResNet50, our observations hold for MobileNetV3-
Small models as well.
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Figure 16: Recovering the unconstrained classifier and reconstructing fair classifiers. We train
MobileNetV3-Small models with the Massaging preprocessing for the target SMILING and protected
attribute MALE. When using Massaging, we can reconstruct the resulting fair models with our
approach. However, it reconstructs the most fair models slightly less accurately than a retrained fair
model.
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Figure 17: Recovering the unconstrained classifier. For different models and fairness approaches
for the target ATTRACTIVE and protected attribute MALE, we evaluate how our approach can
reproduce the behavior of the fair model. From regularized ResNet50 models we can recover the
unconstrained model well. From fair regularized or massaged MobileNetV3-Small models we recover
the unconstrained model slightly worse than a retrained unconstrained model.
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Figure 18: Evaluating reconstruction accuracy of our approach. For different models and fairness
approaches for the target YOUNG and protected attribute MALE, we evaluate how close our approach
is. In this example, we can recover the unconstrained model from fair models using the second head
well. The accuracy for fair ResNet50 models is below the random baseline.
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D.4 Disparate Treatment in Fair Networks.
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Figure 19: We perform our analysis described in Section on CelebA with target attribute AT-
TRACTIVE and protected attribute MALE. For both the regularizer and the preprocessing, up to 35%
of all points would receive a different outcome if their inferred attribute changed. As expected, only
in one group negative predictions change into positive predictions; at the same time only for the other
group positive prediction change to negative predictions.
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Figure 20: We perform our analysis described in Section on CelebA with target attribute SMIL-
ING and protected attribute MALE. We trained MobileNetV3-Small models with (Left) the ﬁDp
regularizer, or (Right) the Massaging preprocessing method. We observe a similar behavior as above.
Since the regularized approach is not improving fairness further than DDP = —0.1, the fraction of
changed predictions is only slightly higher than the baseline.
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