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ABSTRACT

Machine learning models often preserve biases present in training data, leading to
unfair treatment of certain minority groups. Despite an array of existing firm-side
bias mitigation techniques, they typically incur utility costs and require organi-
zational buy-in. Recognizing that many models rely on user-contributed data,
end-users can induce fairness through the framework of Algorithmic Collective
Action, where a coordinated minority group strategically relabels its own data to
enhance fairness, without altering the firm’s training process. We propose three
practical, model-agnostic methods to approximate ideal relabeling and validate
them on real-world datasets. Our findings show that a subgroup of the minority can
substantially reduce unfairness with a small impact on the overall prediction error.

1 INTRODUCTION

As machine learning (ML) tools become increasingly accessible, more firms deploy them for decision-
making. However, ML models often perpetuate societal biases present in their training data, lead-
ing to unfair outcomes across demographic groups (Barocas & Selbst, 2016). Moreover, most
fairness-preserving learning algorithms incur a non-negligible cost in accuracy or computational
resources (Menon & Williamson) 2018 |Zhao & Gordon, [2019; [Dehdashtian et al.| 2024} [Sadeghi
et al.| 2022)), which can discourage practical adoption.

Since firms control the ML pipeline, end-users lack access to directly enforce fair treatment. Yet,
affected users routinely generate and share data, through clicks, ratings, or other contributions, that is
used to train the firm’s models. Such cases, where users collaborate to influence what firms learn,
are not uncommon and are well-documented (Sigg et al., 2025)). Consequently, if underrepresented
minority groups collaboratively alter the data they share, they might be able to steer the learned model
towards fairer behavior, even without access to the firm’s training pipeline.

For example, consider a human resources company that makes a profit by filling vacancies and
trains ML models on resumes to predict the skills of the candidates. While the majority may have
more formal education and college degrees, disadvantaged groups may have informal training or
internships. As a result, the ML model does not assign the correct skills to the minority due to their
lack of formal education, despite their practical experience. The minority members can react to this
injustice by collectively submitting their resumes, but reframing their reported skills, such as sales or
management. Appendix [A]describes other examples where such collective action is applicable.

This idea is reminiscent of pre-processing fairness techniques (Kamiran & Calders} [2009; |Luong
et al2011; Zemel et al.,|2013; Madras et al., |2018])), which modify the data before model training.
Unlike these prior approaches, which assume centralized control over the data, we consider the
setting of algorithmic collective action (ACA) (Hardt et al., 2023 [Ben-Dov et al.,|2024; Baumann
& Mendler-Diinner}, 2024; Sigg et al., [2025; |Gauthier et al.||2025]), in which a small group of users
strategically modifies their own data to influence the correlations learned by the model.

We adapt the erasure strategy from [Hardt et al.| (2023)) to reduce predictive correlation between
group membership and the target label by relabeling minority samples. The collective is restricted
to members of the minority group since minority members are more motivated to join collective
action (Saleem et al.l 2021} [Begeny et al.,2022) and can be efficiently mobilized (McAdam)| |1999;
Michelson, 2005), while majority-group users may be less inclined to disrupt the status quo. We
show that when a classifier is trained on data affected by this form of ACA, standard fairness metrics
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Figure 1: Minority-only collective action can substantially improve fairness. With only 6 label flips,
the fairness violation of logistic regression goes down by over 75% with only a negligible increase in
prediction error. Circles and crosses represent majority and minority points, respectively.

improve substantially. This improvement is illustrated in Figure [T} where a small minority collective
significantly reduces unfairness with minimal impact on prediction error.

The key obstacle in implementing the erasure strategy is that it requires knowledge of each user’s
label under a counterfactual group membership. Computing such counterfactual labels exactly would
require access to an underlying causal model, which is typically infeasible in practice. To overcome
this challenge, we propose three model-agnostic methods to estimate the counterfactual labels.

To summarize, our main contributions are: (1) We divert from the common firm-side fairness methods
and focus on user-side by introducing the setting of minority-only algorithmic collective action
for fairness in ML (Section [2), and design three algorithms that Pareto-dominate the random-choice
baseline. (2) Through experiments on benchmark datasets, we demonstrate that these algorithms
can significantly improve fairness metrics with only a slight accuracy cost and few label flips,
and minimal knowledge of majority-group data. (3) We investigate fundamental limitations of
minority-only collectives and provide theoretical results showing that better representations and
better counterfactual approximation methods can improve these algorithms.

2 COLLECTIVE ACTION FOR FAIRNESS

To establish the connection between fairness and ACA, Section 21| first defines the problem setting
and how unfairness can be measured. Then, Section[2.2]describes the theoretical framework of ACA
and how it can be utilized to mitigate bias. Finally, Section [2.3] formally relates between ACA to
group fairness metrics through counterfactual fairness.

2.1 GROUP FAIRNESS FOR CLASSIFICATION

We consider a setting in which a firm uses ML to predict a binary label y € {0, 1}. The firm collects
data from its users, forming a dataset D = {(z;, a;,y;)};_,, where z; € R denotes user i’s feature
vector, a; € {0, 1} is a sensitive attribute indicating binary group membership (a; = 0 for the majority
group, a; = 1 for the minority), and y; € {0,1} is the true label. We assume the users are drawn
independently and identically distributed (i.i.d.) from a distribution Py over R™ x {0,1} x {0, 1}.
The firm trains a classifier b : R™ — {0, 1} to minimize the prediction error, defined as

Error (h) =P[h(z) # y]. @)
To do so, the firm minimizes the empirical error on D via Empirical Risk Minimization (ERM).
In the group-fairness paradigm, the sensitive attribute a € {0, 1} partitions the data into subgroups,
and fairness criteria seek to ensure similar outcomes across these groups. Common metrics include

statistical parity (SP) (Calders et al.,[2009; Dwork et al.,2012) and equalized odds (EqOd) (Hardt
et al.,[2016)). In this work, we focus primarily on violations of EqOd, formally defined as

EqOd (h) = % Z [Plh(z)=1la=1,y=2] —Plh(z) =1la =0,y = 2], 2)
z2=0,1

which measures the differences between true positive and false positive rates. Appendix [B.1]provides
formal definitions and further discussion of these metrics.
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ERM-trained models tend to achieve low predictive error, but this often comes at the cost of fairness
violations under SP and EqOd (Menon & Williamson, [2018; Zhao & Gordon, [2019; Bardenhagen
et al.,2021;|Sanyal et al.| [2022). Despite significant progress in fairness research, most solutions have
traditionally focused on firm-side solutions: pre-processing the dataset, in-processing modifications
to the training algorithm, or post-processing the classifier’s predictions. These approaches almost
always incur errors or additional pipeline complexity, discouraging firms to deploy them in practice.

While most prior work has focused on firm-side solutions, this work shifts the focus to user-side
methods that do not require the firm’s participation. Since users generate the training data, they
can collectively influence the learned model by strategically modifying their own behavior. For
instance, consider a digital platform that recommends content to a user based on classifier predicting
engagement labels y; € {will engage, will not engage}. The classifier, trained on historical user
interactions, may unintentionally rely on group membership rather than individual preferences when
making recommendations for minority members. In response, users can coordinate to alter their
interaction patterns, such as clicking on or avoiding certain items. This ACA affects the dataset in a
way that steers the learned classifier toward fairer outcomes, and is generally studied under the field
of algorithmic collective action (Hardt et al.| [2023).

2.2 ALGORITHMIC COLLECTIVE ACTION

In social sciences, collective action refers to the coordinated efforts of individuals working together
to pursue a shared goal (Olson, |1989; [Marwell & Oliver, |1993)). [Hardt et al.[(2023)) adapt this notion
to ML, proposing that a group of users, termed a collective, can strategically modify their data to
align the behavior of a trained classifier 2 with the collective’s goals. In this formulation, the training
distribution is a mixture distribution D ~ P, = aP* + (1 — «)Py, where P* and PP are the collective
and base distributions, and « € [0, 1] denotes the proportion of the collective.

Relation to fair representation learning. With user agency over the data, one possible form of
ACA for fairness is to modify their features to increase correlation with the label y = 1. An analogous
firm-side approach is fair representation learning (FRL), which learns a transformation from the
input space to a representation space such that ERM leads to a classifier that is both accurate and
fair (Zemel et al., 2013} Jovanovic et al., 2023). However, a hindrance of FRL in the context of ACA
is that the transformation must be applied consistently at inference time, requiring active cooperation
from each minority member to transform their features. In contrast, our setting assumes users have
control only over the labels and cannot intervene in other parts of the machine learning pipeline.

Erasing a signal. Suppose the collective seeks a classifier that is invariant under a transformation
g : R™ — R™ applied to the features. The success of the collective can be quantified as

S(a) =PFolh(g(x)) = h(z)], ©)

the probability, under the base distribution, that the classifier’s prediction remains unchanged after
applying g to the features. In words, the collective’s goal is to erase the signal g: to ensure the
classifier behaves identically regardless if the g is applied. Intuitively, if g embeds a feature pattern
correlated with group membership (i.e., minority or majority), then achieving invariance under g
promotes fairness by reducing the classifier’s dependence on group-identifying information.

To achieve signal erasure, |Hardt et al.[(2023) propose the collective relabels itself with the most likely
label under the transformation g. Formally, the strategy is defined as

x,y — x,argmax Py (y'|g () . 4
y’€{0,1}

Since this strategy leaves the features unchanged, it is well-suited for settings where the minority
is limited to modify only their labels, such as ours. For e-optimal Bayes classifiers (Definition [2)in
Appendix [B.Z)), Hardt et al|(2023) prove the following lower bound for its success
2(1 -
S)>1-2U0=9) ¢ )

- a (1—e)a’

where 7= E | max [Py (y'|z) —Po (v'|g (z))|| captures the sensitivity of y under g.
z~Po |y'€{0,1}
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Figure 2: Visualization of KNN scoring methods with £=3. The minority is represented by the squares

and the majority by circles, marked with a positive “+” or a negative “—” label. (a) RB-label: Two
of the nearest majority neighbors have a positive label, resulting in the score s=2. (b) RB-dist: The
average distance to the nearest positive majority neighbors results in the score s= — (d1+ds+ds) /3.

Note that the strategy in Equation () may require some majority members to relabel themselves with
the label y = 0. Such a change might deter them from participating in the collective action, either
because majority members are unwilling to give up their advantage or prefer to maintain the status
quo. To avoid this conflict, we restrict the collective to include only minority members. We discuss
the implications of this restriction in Section 5]

2.3 COUNTERFACTUAL FAIRNESS

The concept of counterfactual fairness (CF) (Kusner et al.,|2017;|Garg et al., 2019;|Wu et al., 2019)
bridges between signal erasure success to group fairness. To introduce this idea, assume that a
sample z is generated by a causal model, in which the group membership A is a causal parent. Then
a classifier h is counterfactually fair if its predictions are invariant to interventions on the group
membership, i.e., h () = h (x4 ) for any o', where 2., denotes an intervention on a causal
parent U of a sample z. In certain causal contexts, CF implies or aligns with group fairness criteria
such as SP or EqOd (Anthis & Veitch| [2023). Therefore, if ACA induces a counterfactually fair
classifier, it may also induce a fair classifier under SP or EqOd.

As focus is on fairness for the minority, we relax the original definition of CF (Kusner et al.,2017).
Definition 1. A classifier h is minority-focused counterfactually fair if under any context X = x,

Po (h(@aca) = 91X =2, A=1) =Py (h(zaca) =ylX =2, A=1), ©)

for any value o’ attainable by A.

By this definitions, changing the group membership of a minority individual, in a counterfactual
sense, has no effect on the classifier’s prediction. ACA can theoretically enforce such fairness by
applying the erasure strategy from Equation (4)) with the counterfactual signal g (z) = x4, which
replaces a minority individual with its majority-group counterfactual. This ACA aligns the signal
erasure success from Equation (3) with minority-focused counterfactual fairness from Definition [I]
The following proposition, proved in Appendix [C.I] formalizes this alignment.

Proposition 1. A Bayes classifier trained on P, is minority-focused counterfactually fair if and only
if the success of a minority collective is S = 1.

This result directly connects between ACA theory to fairness. Thus, perfect success of the collective
is equivalent to achieving minority-focused counterfactual fairness.

3 APPROXIMATING THE COUNTERFACTUAL LABEL

This section describes how a minority collective can approximate a signal-erasure strategy to promote
fairness in practice. While the theory of signal erasure has been studied before (Hardt et al., [2023};
Gauthier et al., [2025)), prior work lacks empirical evaluation. In this paper, we present the first
practical algorithm for signal erasure and provide experimental results in Sectiond] As discussed
in Section a suitable signal to erase is g () = x4, where each collective member relabels
themselves according to Equation (4).

However, end-users lack access to the true causal model and cannot compute the counterfactual
labels directly. To address this limitation, we propose to assign each collective member 7 a score s;,
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Figure 3: The lowest EqOd violation a collective can achieve greatly improves as the collective
size increases, up to a certain point. Each point is a mean of 10 runs, with the standard deviation
being smaller than the markers. In all the datasets we experimented on, the lowest EqOd violation
converges around o = 0.3. Additional results are presented in Figure@in the appendix.

which serves as a proxy for the likelihood that they would receive the label y = 1 if they belonged
to the majority. Given a budget of M label flips, the collective selects the M members with the
highest scores; these individuals flip their labels from y = 0 to y = 1. The budget M controls the
accuracy—fairness tradeoff, where a higher budget typically leads to better fairness, but higher error.

We introduce three scoring functions, each capturing a different notion of similarity to majority users:

1. Rank by probability (RB-prob): Train a regressor f : R™ — R on exclusively majority data
(a = 0) to estimate the probability P (Y = 1|X = x) of having the label y = 1. Each collective
member ¢ receives a score based on the model’s prediction:

si = f(xi). @)

2. Rank by label (RB-label): For each collective member i, identify the set K; of their k£ nearest
majority neighbors using Euclidean distance. The score is the number of neighbors with the label

y=1:
JEK;
3. Rank by distance (RB-dist): Restrict the neighbors set K; to only majority users with the label
Y = 1. The score is the negative mean Euclidean distance to these neighbors:

1
si=—7 > i — 2. 9)

JEK;

Intuitively, RB-prob assigns a higher score where a classifier trained solely on majority data predicts
a higher likelihood of the label y = 1. RB-label scores collective members according to the frequency
of y = 1 among their majority neighbors, while RB-dist prioritizes those who are closer majority
users with y = 1. Figure 2] provides visualizations for RB-label and RB-dist.

4 EXPERIMENTAL RESULTS

This section evaluates the performance of our methods. We compare the three methods, RB-label,
RB-dist, RB-prob, against a random baseline that flips y = 0 labels to y = 1 for M randomly selected
collective members. We conducted experiments on the tabular datasets COMPAS (Mattu et al.| 2016),
Adult (Becker & Kohavil[1996)), HSLS (Jeong et al.,[2022)), ACS-Income (Ding et al.,|2021)), the image
dataset Waterbirds (Sagawa et al.,|2020) and the text dataset CivilComments (Borkan et al.,|2019).
For Waterbirds, we use features extracted from a pre-trained ResNet-18 (denoted Waterbirds-Full)
and for CivilComments, we used the extracted features from Hugging Face’s pre-trained bert-base-
uncased model (denoted CivilComments-Full). In addition to the complete features of Waterbirds and
CivilComments, we also include experiments on the PCA features, with 85 components for Waterbirds
(denoted Waterbirds-PCA) and 100 components for CivilComments (denoted CivilComments-PCA).
Details on the datasets and the pre-processing are provided in Appendix

All reported metrics are computed on a fixed test set, without any ACA, and averaged over 10
independent runs for each method described in Section [3] In each run, we randomly selected a
minority collective to apply the method. For the KNN-based methods, we tuned the neighborhood
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Figure 4: Our proposed methods are consistently more efficient than randomly flipping labels,
requiring less label flips to attain the same level of EqQOd. Each marker is the mean of 10 random
runs with a specific number of label flips. The standard deviation is presented by the error bars. The
dashed line shows the mean EqOd for a classifier trained on the dataset without collective action.

size k using a 15% validation split from the train set, optimizing for EqOd and SP. Finally, we trained
a gradient-boosted decision tree on each modified train set. More technical details are given at
Appendix [D.2]and the complete set of results can be found in Appendix [E.2]

Importance of collective size While the number of label flips M is the primary factor for balancing
between accuracy and fairness, the size of the collective, «, also plays a role. In addition to bounding
the possible number of flips, increasing « also expands the candidate pool from which the most
effective labels to flip can be selected. To measure this effect, the experiments included a range of «
values, each tested with multiple values of M. For each o, we define the best achievable EqOd as the
minimum EqOd across all tested values of M. As shown in Figure 3| increasing o improves the best
achievable EqOd until saturating around o = 0.3. We fix this value for all remaining experiments.

Flipping cost Since each method scores candidates differently, they may also vary in efficiency,
that is, the number of label flips required to achieve a given level of fairness. To evaluate efficiency,
Figure @] plots EqOd as a function of number of label flips M, where lower curves indicate more
efficient methods. The random baseline consistently yields the worst EqOd across all values of M,
highlighting the value of informed relabeling algorithms. However, no single method dominates the
others in all settings: While RB-prob and RB-label often outperform the other methods, RB-dist can
surpass them in specific cases (e.g., Figure [a)), or perform comparably to the random baseline in
others (Figure[dc). These results suggest that a well-chosen scoring function enables the collective to
achieve a desired level of fairness with fewer label flips, reducing the “cost” of ACA and mitigating
the accuracy loss from excessive relabeling.

Interestingly, beyond a certain number of flips, EqQOd begins to increase, indicating that excessive
flipping can shift unfairness from the minority to the majority. This upturn reflects the fundamental
limits of minority ACA for fairness, a point we elaborate on in Section [5]

Partial knowledge of the majority In all previous experiments, we assumed that the collective
has full access to the majority data to estimate the counterfactual labels. Here we investigate the
performance of our methods when limiting this knowledge. To visualize the fairness-error tradeoff,
we measure the error and EqOd for a range of label flips, yielding a set of pairs (Error, EQOd). This
set forms a Pareto front, representing the tradeoff. A Pareto front is said to dominate another if it
lies entirely to the left (lower error) and below (lower unfairness) of the other. The Pareto fronts in
Figure [5] exhibit that a collective employing RB-prob, when restricted to only 10 majority members,
performs similarly as a collective with full knowledge. While the Pareto fronts remain similar, limited
majority knowledge can increase the number of required flips. This is evident when comparing to the
zero-knowledge scenario, designated as random in Figure[d This finding implies that the fewer flips
the collective is allowed, the more important it is to have access to the majority data.

5 LIMITATIONS OF MINORITY COLLECTIVE ACTION

Previous work on ACA assumes that the collective is uniformly sampled from the distribution Py and
that the collective has a perfect oracle for the conditional distribution Py (Y| X). Yet, our method
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Figure 5: Limiting the knowledge of the collective about the majority does not significantly harm the
Pareto front. Each point is the mean of 10 runs and the curves are fitted to guide the eye.

restricts collective participation to minority members and approximates this conditional distribution.
Those differences introduce limitations to the existing theory, which we analyze in this section.

Collective restricted to the minority. As mentioned above, we
focus on collectives composed solely of minority members, unlike
prior work. This restriction expresses scenarios in which majority
members lack incentives to support changes that would benefit the
minority, and instead prefer to preserve the status quo. Naturally,
this limitation reduces the collective’s impact.Consider a binary
classification task on the two-dimensional 4-Gaussian mixture model
P4somm where each Gaussian belongs to a distinct combination of
label and group membership, as illustrated in Figure[6] Each label
consists of a large majority subgroup and a significantly smaller
minority subgroup. We can then state the following informal result
about the EqOd fairness violation of ERM.

Figure 6: The distribution
P4cmm used in Proposition
The color signifies the label,
and the density shows the
group membership.

Proposition 2 (Informal). Consider the dataset Pygp, where every
minority point participates in the ACA by flipping all y = 0 labels
toy = 1. Then, under sufficiently separable clusters, with high
probability, the EqOd of the ERM classifier minimizing the logistic
loss will asymptotically approach 0.5.

The formal Proposition [5is provided in Appendix [C.2]along with all necessary assumptions, which
holds for a broader family of distributions and can be extended to any dimensionality R? using
techniques similar to those in[Chaudhuri et al.| (2023). Although Proposition [2]is not a formal lower
bound, it emphasizes an important limitation: ACA restricted to the minority cannot generally achieve
perfect fairness, even under very advantageous conditions involving a maximum-sized collective, a
strong strategy, and a disregard for accuracy. This limitation stands in contrast to standard firm-side
bias mitigation methods, which in principle, achieve perfect fairness. There are several reasons why
relabeling alone may not be enough to get perfect fairness. For one, relabeling according to the
counterfactual implicitly assumes that the label is determined by the same features across the majority
and minority, but this assumption is not valid under certain distribution shift between the groups. To
illustrate, consider a firm training a classifier to screen candidates for a managerial position. Majority
members may be more educated, while minority members may have more hands-on experience rather
than formal education. In this case, a counterfactual label associated with the majority is disjointed
from the features associated with the features, rendering the signal erasure strategy irrelevant. Future
work could study this problem and determine when it is beneficial to change the features as well.

We empirically corroborate the findings of Proposition [2| on real world datasets by examining the
fairness—accuracy tradeoff of several fair learning methods. Figure[7]compares the Pareto fronts of
RB-prob, one of our minority ACA methods, with established firm-side methods. We observe that
the lowest fairness violation achievable by RB-prob is greater than that of the firm-side approaches.
However, the firm-side methods are able to arrive at perfect fairness only at a cost of prohibitively
high prediction error. But, inspecting the region where the error is small compared to the base
classifier, the fairness of RB-prob is comparable to that of the firm-side methods.
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Figure 7: User-side method cannot achieve perfect fairness, while the firm-side pre-processing method
FARE [Jovanovic et al.|(2023)) and the post-processing method calibrated equalized odds Pleiss et al.
(2017) attain 0 EqOd with large error. However, RB-prob’s fairness is better than the base classifier,
with a smaller error than the firm-side methods.

Estimating counterfactuals. In Section [3| we proposed methods to estimate which individuals
would receive a counterfactual label that is different than their original label. However, the success
lower bound in Equation (5) assumes perfect knowledge of Py and of the underlying causal model.
To account for the estimation error, we model the collective’s prediction as the output of an algorithm
A (x) ~ Pymax, (y|zao) that has an error rate p, defined as

p:=Py(A(x) # argn;&/mx[?o [v']g (z)]). (10)

Given this definition, we derive the following lower bound on success, proved in Appendix [C.3}
Proposition 3. With algorithm A (x) with label error p, the success of the collective is bounded by

_2-a) €
S(a) 21 1-20a (QA-e@0-2p)a o

This bound recovers Equation (5) when p = 0, but higher values of the error p worsen the bound.
Next, we show how to use FRL to reduce the error p, thereby improving the lower bound.

Impact of feature representations Since the methods RB-label and RB-dist rely on KNN, their
performance is sensitive to the choice of distance metric and feature representation. In our main
experiments, we used Euclidean distance in the original feature space, which is convenient but could
be suboptimal. Here, we explore whether FRL can learn a more suitable representation space for
KNN. A fair representation maps the data into a space where the group-based bias is removed while
preserving informative features. Intuitively, such representations may help RB-label and RB-dist
to better estimate the counterfactual labels. To formalize this intuition, we consider predicting the
counterfactual label of minority points using a 1-NN classifier on majority data, i.e., assigning each
minority point the label of its nearest neighbor in the majority. In settings where the minority is
distributed differently than the majority (e.g., Psgmm), this task can be challenging. The following
informal result compares the error of 1-NN in the original features space to its error in FRL.

Proposition 4 (Informal). Let data be drawn from Psgum, and ppiain denote the error of a 1-NN
classifier that assigns the label of the nearest majority neighbor in the original feature space.
Then there exists a fair representation in which a 1-NN classifier achieves error pggy such that,
asymptotically with respect to the dataset size, prr. < Pplain-

The formal statement, Theorem[I]can be found in Appendix The result suggests that FRL can
reduce the counterfactual label error p of RB-label and RB-dist, consequently improving the lower
bound of the collective’s success according to Proposition [3] Empirically, Figure [§]indicates that
applying FARE (Jovanovic et al.| 2023) before the KNN step improves the Pareto front for RB-dist.
On the other hand, methods that rely purely on predictive information, such as RB-prob, can perform
worse, due to FRL inadvertently removing features predictive of the class label.

6 RELATED WORK

Optimizing for fairness often comes at the cost of reduced classification accuracy, leading to the
well-documented accuracy—fairness tradeoff (Menon & Williamson) 2018} [Zhao & Gordon, 2019;
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Figure 8: The Pareto fronts for using a fair representation when computing the KNN for RB-dist
dominate the Pareto fronts for KNN computed on untransformed features. The blue stars represent
the KNN without transforming the data, and the yellow triangles represent the KNN when the data is
transformed using FARE [Jovanovic¢ et al.[(2023). The lines are fitted to guide the eye.

Dehdashtian et al.| 2024; |Sadeghi et al., 2022). In response, previous work has proposed fairness
interventions at different stages of the ML pipeline: pre-processing methods modify the training data
before learning (Kamiran & Calders|, 2009; [Luong et al.,|[2011} Zemel et al., [2013; Jovanovic et al.,
2023)), in-processing methods adjust the learning algorithm itself (Agarwal et al.,[2018; Nam et al.|
2020; Sagawa et al., [2020; [Liu et al.| [2021)), and post-processing methods correct the predictions
of a trained (unfair) classifier (Hardt et al., 2016} |Alghamdi et al., [2022; Tifrea et al., 2024} Cruz &
Hardt, 2024)). A firm can introduce any of these categories into its pipeline, while users, who control
only their data can only partially implement pre-processing methods. However, as mentioned in
Section [2.2] using feature-changing pre-processing methods such fair representation learning (Zemel
et al.| 2013 Jovanovi€ et al.||2023) demand changing those features during inference time as well.

Still, some pre-processing methods change only the labels, similarly to our proposed collective action.
The method by [Luong et al.|(2011) compares between the minority KNN and majority KNN and
flip the labels according to the difference of positive labels between the two groups of neighbors.
This method resembles RB-label, with the difference that RB-label examines only the majority KNN
in order to approximate the counterfactual. The approach of Kamiran & Calders| (2009)) trains a
regressor to predict y = 1 outcome probabilities, and flip the label of minority members with y = 0
labels and high probability according to the regressor to have y = 1, and similarly flip majority
y = 1 labels to y = 0. Flipping from both groups supposedly preserves the error of the classifier.
Our method RB-prob differs by training the regressor only on the majority to better approximate
the counterfactuals. Since this approach requires flipping the labels of majority members as well, it
cannot be completey adopted by the collective. In Appendix [E.T|we compare the between RB-prob
to CND and KDP, and find that our method is more efficient in terms of number of label flips.

7 CONCLUSION

This work demonstrates that user-side methods can effectively reduce unfairness in machine learning.
While much of the existing fairness research focused on firm-side methods, these often come at a
cost that may not be worth to the firm. This catch emphasizes the importance of studying user-side
approaches for bias mitigation. We show empirically that ACA can considerably reduce unfairness in
a variety of datasets, though not completely. Importantly, we also examine the limitations of a minority
being composed of only minority members, and how the success is affected by approximating the
counterfactual labels. Our proposed methods require the collective to relabel themselves, which
often comes with a price, as the users have to go against their true nature. However, as has been
studied on real world cases, minority members willingly participate in collective action to benefit
their demographic, after being encouraged by their community (Begeny et al., |2022) or by the
media (Saleem et al) 2021) and efficiently mobilized in large-enough scales (McAdam) [1999;
Michelsonl [2005)).

We also note that in general, ACA methods can be exploited by malicious parties seeking self-gain
or harming other communities, and it is important to discuss these limitations and possibly regulate
them. Overall, this paper shows a practical use case of collective action in the hopes of sparking
further research into applications of ACA and user-side methods for social good.
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REPRODUCIBILITY STATEMENT

We publish all code necessary to reproduce the experiments in the paper. The details of how we
pre-process he datasets are described in Appendix [D.I]and also contained in our codebase. Finally,
we provide the training details in Appendix

LLM USAGE STATEMENT

We used ChatGPT to rephrase some sentences and find better words to improve the reading flow of
the paper.

REFERENCES

Alekh Agarwal, Alina Beygelzimer, Miroslav Dudik, John Langford, and Hanna Wallach. A
reductions approach to fair classification. In Proceedings of the 35th International Conference on
Machine Learning, volume 80, pp. 60-69. PMLR, 2018.

Wael Alghamdi, Hsiang Hsu, Haewon Jeong, Hao Wang, Peter Michalak, Shahab Asoodeh, and
Flavio Calmon. Beyond adult and COMPAS: Fair multi-class prediction via information projection.
In Advances in Neural Information Processing Systems, volume 35, pp. 38747-38760. Curran
Associates, Inc., 2022.

Jacy Anthis and Victor Veitch. Causal context connects counterfactual fairness to robust prediction
and group fairness. In Advances in Neural Information Processing Systems, volume 36, pp.
34122-34138. Curran Associates, Inc., 2023.

Vincent Bardenhagen, Alexandru Tifrea, and Fan Yang. Boosting worst-group accuracy without
group annotations. In NeurIPS 2021 Workshop on Distribution Shifts: Connecting Methods and
Applications. OpenReview, 2021.

Solon Barocas and Andrew D. Selbst. Big data’s disparate impact. California Law Review, 104(3):
671-732, 2016.

Joachim Baumann and Celestine Mendler-Diinner. Algorithmic Collective Action in Recommender
Systems: Promoting Songs by Reordering Playlists. In Advances in Neural Information Processing
Systems, volume 37, pp. 119123-119149. Curran Associates, Inc., 2024.

Barry Becker and Ronny Kohavi. Adult. UCI Machine Learning Repository, 1996.

Christopher T. Begeny, Jolien van Breen, Colin Wayne Leach, Martijn van Zomeren, and Aarti Iyer.
The power of the Ingroup for promoting collective action: How distinctive treatment from fellow
minority members motivates collective action. Journal of Experimental Social Psychology, 101:
104346, 2022.

Omri Ben-Dov, Jake Fawkes, Samira Samadi, and Amartya Sanyal. The Role of Learning Algorithms
in Collective Action. In Proceedings of the 41st International Conference on Machine Learning,
volume 235, pp. 3443-3461. PMLR, 2024.

Daniel Borkan, Lucas Dixon, Jeffrey Sorensen, Nithum Thain, and Lucy Vasserman. Nuanced
Metrics for Measuring Unintended Bias with Real Data for Text Classification. In Companion
Proceedings of The 2019 World Wide Web Conference, pp. 491-500. Association for Computing
Machinery, 2019. ISBN 978-1-4503-6675-5.

Toon Calders, Faisal Kamiran, and Mykola Pechenizkiy. Building Classifiers with Independency
Constraints. In 2009 IEEE International Conference on Data Mining Workshops, pp. 13—18, 2009.

Kamalika Chaudhuri, Kartik Ahuja, Martin Arjovsky, and David Lopez-Paz. Why does throwing
away data improve worst-group error? In Proceedings of the 40th International Conference on
Machine Learning, volume 202, pp. 4144-4188. PMLR, 2023.

André Cruz and Moritz Hardt. Unprocessing seven years of algorithmic fairness. In The Tivelfth
International Conference on Learning Representations, 2024.

10



Under review as a conference paper at ICLR 2026

Sepehr Dehdashtian, Bashir Sadeghi, and Vishnu Naresh Boddeti. Utility-fairness trade-offs and
how to find them. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pp. 12037-12046, 2024.

Frances Ding, Moritz Hardt, John Miller, and Ludwig Schmidt. Retiring Adult: New Datasets for
Fair Machine Learning. In Advances in Neural Information Processing Systems, volume 34, pp.
6478-6490. Curran Associates, Inc., 2021.

Cynthia Dwork, Moritz Hardt, Toniann Pitassi, Omer Reingold, and Richard Zemel. Fairness through
awareness. In Proceedings of the 3rd Innovations in Theoretical Computer Science Conference, pp.
214-226. Association for Computing Machinery, 2012. ISBN 978-1-4503-1115-1.

Sahaj Garg, Vincent Perot, Nicole Limtiaco, Ankur Taly, Ed H. Chi, and Alex Beutel. Counterfactual
fairness in text classification through robustness. In Proceedings of the 2019 AAAI/ACM Conference
on Al, Ethics, and Society, pp. 219-226. Association for Computing Machinery, 2019. ISBN
978-1-4503-6324-2.

Etienne Gauthier, Francis Bach, and Michael I. Jordan. Statistical collusion by collectives on learning
platforms. In Forty-Second International Conference on Machine Learning, 2025.

Moritz Hardt, Eric Price, and Nathan Srebro. Equality of Opportunity in Supervised Learning. In
Proceedings of the 30th International Conference on Neural Information Processing Systems, pp.
3323-3331, 2016.

Moritz Hardt, Eric Mazumdar, Celestine Mendler-Diinner, and Tijana Zrnic. Algorithmic Collective
Action in Machine Learning. In Proceedings of the 40th International Conference on Machine
Learning, volume 202, pp. 12570-12586, 2023.

Haewon Jeong, Hao Wang, and Flavio P. Calmon. Fairness without Imputation: A Decision Tree
Approach for Fair Prediction with Missing Values. Proceedings of the AAAI Conference on
Artificial Intelligence, 36(9):9558-9566, 2022.

Nikola Jovanovié, Mislav Balunovic, Dimitar Iliev Dimitrov, and Martin Vechev. FARE: Provably
Fair Representation Learning with Practical Certificates. In Proceedings of the 40th International
Conference on Machine Learning, pp. 15401-15420. PMLR, 2023.

Faisal Kamiran and Toon Calders. Classifying without discriminating. In Control and Communication
2009 2nd International Conference on Computer, pp. 1-6, 2009.

Matt J Kusner, Joshua Loftus, Chris Russell, and Ricardo Silva. Counterfactual fairness. In Advances
in Neural Information Processing Systems, volume 30. Curran Associates, Inc., 2017.

Evan Z Liu, Behzad Haghgoo, Annie S Chen, Aditi Raghunathan, Pang Wei Koh, Shiori Sagawa,
Percy Liang, and Chelsea Finn. Just Train Twice: Improving Group Robustness without Training
Group Information. In Proceedings of the 38th International Conference on Machine Learning,
volume 139, pp. 6781-6792, 2021.

Binh Thanh Luong, Salvatore Ruggieri, and Franco Turini. K-NN as an implementation of situation
testing for discrimination discovery and prevention. In Proceedings of the 17th ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining, pp. 502-510. Association
for Computing Machinery, 2011. ISBN 978-1-4503-0813-7.

David Madras, Elliot Creager, Toniann Pitassi, and Richard Zemel. Learning Adversarially Fair and
Transferable Representations. In Proceedings of the 35th International Conference on Machine
Learning, volume 80, pp. 3384-3393. PMLR, 2018.

Gerald Marwell and Pamela Oliver. The Critical Mass in Collective Action. Cambridge University
Press, 1993.

Jeff Mattu, Julia Larson, Lauren Angwin, and Surya Kirchner. How We Analyzed the COMPAS Re-
cidivism Algorithm. https://www.propublica.org/article/how-we-analyzed-the-compas-recidivism-
algorithm, 2016.

11



Under review as a conference paper at ICLR 2026

Doug McAdam. Political Process and the Development of Black Insurgency, 1930-1970. University
of Chicago Press, 1999.

Aditya Krishna Menon and Robert C. Williamson. The cost of fairness in binary classification. In
Proceedings of the 1st Conference on Fairness, Accountability and Transparency, pp. 107-118.
PMLR, 2018.

Melissa R. Michelson. Meeting the Challenge of Latino Voter Mobilization. The ANNALS of the
American Academy of Political and Social Science, 601(1):85-101, 2005.

Junhyun Nam, Hyuntak Cha, Sungsoo Ahn, Jacho Lee, and Jinwoo Shin. Learning from failure:
De-biasing classifier from biased classifier. Advances in Neural Information Processing Systems,
33:20673-20684, 2020.

Mancur Olson. Collective action. In The Invisible Hand, pp. 61-69. Palgrave Macmillan UK, 1989.
ISBN 978-1-349-20313-0.

Geoff Pleiss, Manish Raghavan, Felix Wu, Jon Kleinberg, and Kilian Q Weinberger. On fairness and
calibration. In Advances in Neural Information Processing Systems, volume 30. Curran Associates,
Inc., 2017.

Bashir Sadeghi, Sepehr Dehdashtian, and Vishnu Boddeti. On Characterizing the Trade-off in
Invariant Representation Learning. Transactions on Machine Learning Research, 2022.

Shiori Sagawa, Pang Wei Koh, Tatsunori B. Hashimoto, and Percy Liang. Distributionally Robust
Neural Networks. In Eighth International Conference on Learning Representations, 2020.

Muniba Saleem, lan Hawkins, Magdalena E. Wojcieszak, and Jessica Roden. When and how negative
news coverage empowers collective action in minorities. Communication Research, 48(2):291-316,
2021.

Amartya Sanyal, Yaxi Hu, and Fanny Yang. How unfair is private learning? In Proceedings of the
Thirty-Eighth Conference on Uncertainty in Artificial Intelligence, volume 180, pp. 1738—1748.
PMLR, 2022.

Dorothee Sigg, Moritz Hardt, and Celestine Mendler-Diinner. Decline now: A combinatorial model
for algorithmic collective action. In Proceedings of the 2025 CHI Conference on Human Factors
in Computing Systems. Association for Computing Machinery, 2025. ISBN 979-8-4007-1394-1.

Alexandru Tifrea, Preethi Lahoti, Ben Packer, Yoni Halpern, Ahmad Beirami, and Flavien Prost.

FRAPPE: A group fairness framework for post-processing everything. In Proceedings of the 41st
International Conference on Machine Learning, volume 235, pp. 48321-48343. PMLR, 2024.

Yongkai Wu, Lu Zhang, and Xintao Wu. Counterfactual fairness: Unidentification, bound and
algorithm. In Proceedings of the Twenty-Eighth International Joint Conference on Artificial
Intelligence, IJCAI-19, pp. 1438—1444. International Joint Conferences on Artificial Intelligence
Organization, 2019.

Richard Zemel, Yu Wu, Kevin Swersky, Toni Pitassi, and Cynthia Dwork. Learning Fair Representa-
tions. In Proceedings of the 30th International Conference on Machine Learning, volume 28, pp.
325-333. PMLR, 2013.

Han Zhao and Geoff Gordon. Inherent tradeoffs in learning fair representations. In Advances in
Neural Information Processing Systems, volume 32. Curran Associates, Inc., 2019.

8 APPENDIX

A MOTIVATING EXAMPLES

To recognize real-world problems that lend themselves well to collective action for fairness one needs
to look for the following few characteristics:
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* Firm and goal: A firm trains a predictive model primarily to minimize average error, with
little incentive to protect minority groups.

» End-users: People who use the platform and whose behavior generates data for the firm’s
dataset.

 Disadvantaged group: A subgroup of end-users who is treated unfairly.

* Relabeling possibility: How the minority can relabel themselves to make the trained classifier
fairer.

Here we suggest several cases that answer these characteristics.

1. Content moderation

* Firm and goal: A global social-media company optimizes a high-recall harmful-content
detector measured on its largest user pools.

* End-users: Everyday users of the platform who can flag offensive content.

* Disadvantaged group: Slurs, insults, or cultural references specific to minority com-
munities are not flagged often enough, so the model fails to detects harmful content in
those groups’ languages.

* Relabeling possibility: The minority flags borderline content from their community
that the platform’s global guidelines ignore.

2. Resume screening

e Firm and goal: A multi-national HR firm trains a classifier to extract skills from
resumes.

* End-users: Job applicants submitting resumes.

* Disadvantaged group: Applicants from a disadvantaged minority may lack formal
education and degrees compared to the majority, but may have informal training which
the classifier ignores.

* Relabeling possibility: Applicants can reframe their work experience, e.g. framing
working at a store as being a salesperson, or managing shifts as managerial experience.

3. Medical treatment prediction

* Firm and goal: A nationwide insurer builds a treatment-recommendation model to
minimize average costs and adverse events.

* End-users: Patients who report their treatment outcomes (pain levels, recovery time,
side effects).

* Disadvantaged group: Minority groups may experience different side effects or recovery
rates than the majority, so the model recommends suboptimal treatments for them.

* Relabeling possibility: Individual patients record more detailed outcomes rather than
underreporting, e.g., consistently marking “still in pain” instead of “fine”.

4. Credit scoring

* Firm and goal: A lender trains a credit-risk model to predict defaults and set loan terms,
using historical repayment data.

* End-users: Borrowers whose repayment or default becomes training labels.

* Disadvantaged group: Disadvantaged groups may not have credit cards or have never
taken loans, and only deal with cash but still pay their bills. These actions are “credit-
invisible”.

* Relabeling possibility: A borrower can report their payed bills, such as rent or utilities,
as repaid loans. These become additional positive repayment labels.

5. Recommender systems

* Firm and goal: A streaming platform trains recommender system to maximize en-
gagement, heavily weighted toward mainstream content|Baumann & Mendler-Diinner
(2024).

* End-users: Users who like, skip, or re-listen to songs.

 Disadvantaged group: Niche genres or local musicians get suppressed, as engagement
data mostly comes from the majority’s preferences.

* Relabeling possibility: Users can promote underrepresented content by repeatedly
listening, liking, or playlisting it.
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U

Figure 9: Assumed causal model for data generation and prediction. The group membership A and
the other latent variables U are the causal parents of the observable features X . The classifier outputs

a predicted label Y that depends on the features X .

B PRELIMINARIES

B.1 STATISTICAL PARITY AND EQUALIZED ODDS

Among the various ways fairness can be defined in machine learning, group fairness is one of the
most studied. Group fairness requires that a model’s predictions should not systematically differ
between protected groups. One standard measure of this is statistical parity (SP), which captures the
difference in the probability of a positive prediction across groups. Formally, it is defined as

SP(h) = [P [ (x) = 1la = 1] - P[h () = Lja = 0], (12)

where a smaller SP value indicates fairer treatment across groups. However, SP does not account for
the ground-truth labels ¥, and thus optimizing for SP can degrade the overall accuracy. For example,
a classifier that always predicts § = 1 will have perfect SP but a high prediction error. Alternatively,
a stricter notion called equalized odds (EqOd) Hardt et al.| (2016) requires that both the true positive
rate and false positive rate be equal across groups. Here the EqOd difference is defined as

EqOd (h) = % Z |Plh(z)=1la=1,y=2]—Plh(z)=1a=0,y =z2]|. (13)
z2=0,1

B.2 SUBOPTIMAL BAYES CLASSIFIER

Definition 2 (e-suboptimal classifier). A classifier f : X — Y is e-suboptimal on a set X' C X
under the distribution P if there exists a ' with TV (]P’Y‘X:I, ]P)Q/\X:m) < e such that forall x € X'

[ (z) = argmax P’ (y|x) .
yeY

TV (-, ) is the total variation distance between two distributions. The definition is discussed more in
Hardt et al.| (2023)).

C THEORETICAL RESULTS AND PROOFS

C.1 COUNTERFACTUAL FAIRNESS AS SUCCESS

Proposition 1. A Bayes classifier trained on P, is minority-focused counterfactually fair if and only
if the success of a minority collective is S = 1.

Proof. For this proof, we assume the data is generated according to the causal model presented in
Figure[9] where the features X are conditioned on the group membership A and other latent causal

parent U. The features X are then used by a classifier to compute a predicted label h (z) Y. In our
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case, the predicted label is the output of an optimal Bayes classier that predicts the most probable
label as h () = argmax, P (y|x).

The data distribution is a mixture distribution between the majority distribution P 4 and the minority
distribution P 4—1, which is defined as

Po=(1—B)Pa=o + BPa=1, (14)
where (3 is the proportion of the minority in the data.

The collective is employing the signal erasure strategy from Equation (@), where the erased signal is
the counterfactual of z if they were a member of the majority group A = 0, or formally as

g(l') = TA+0 NP(XAFO)- (15)

The training distribution is a mixture distribution of the data distribution Py and the collective
distribution IP*, which is defined as

P, = oP* + (1 — a)Py. (16)

We now write the success of the collective (Equation (3)) in terms of the Bayes classifier as

S =Py h(z)=h(g(x))]

=Py {arg max P, (y|z) = argmaxP,, (y|g (x))} . (n
y y

To compute this probability, we split it into two cases, conditioning on the group membership A.

When conditioning the success on the majority group A = 0, then g () = « as the intervention on A,
which converts to the majority, does not change the value of A, which is already the majority. This
trivially leads to

Sa—o =Py {argmax]P’a (y|lz, A =0) = argmax P, (y|lg (), A = O)]
Y y

=P {argmaX]P’a (ylx, A =0) = argmax P, (y|z, A = O)} (18)
y y

=1.

For conditioning the success on the minority, recall that the data is generated according to the causal
model in Figure 9] which means that intervention on the group membership A can be passed down to
the features X as

P (h(2ac0) =yl X, A= 1) = P (h(2) = y| Xaco, A= 1) = P (h(2) = ylg (X), A = 1).
19)
This can be used to write the success conditioned on the minority as

Sa—1 =Pg {argmaxPa (ylz, A=1) = argmax P, (y|g (), A =1)
y y

=P, {argmax]?a (h(zac1) =yl X, A=1) =argmax P, (h (zac0) =y|X, A= 1)} .
Y y

(20)
The first term is rewritten to use the intervention notation even though the intervened variable is
unchanged.

As the proportion of the minority is known to be 3, the success can be written by combining
Equations (I8) and (20) using the law of total probability as

S=1-p+pP {argmax]P’a (h(zac1) =yl X, A=1) =argmaxP, (h(zaco) =y|X, A= 1)}
y y

=1-p <1 — Py {argmaxl[”a (h(zac1) =y|X,A=1) =argmaxP, (h(zac0) =y|X,A= 1)}) .
y y

21
This equality can be examined under two scenarios: when the success is perfect S = 1 and when the
classifier is minority-focused counterfactually fair.
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When the success is S = 1 If the success of the collective is S = 1, then Equation leads to
Py |largmax Py, (h(xa1) = y|X,A=1) = argmax P, (h (zac0) =y|X, A=1)| =1. (22)
Y Y

This means that it is certain that
argmax Py (h(zac1) =y|X,A=1) = argmax P, (h(zac0) =y|X,A=1), (23)
y y
Since the label is binary, then it follows that the same applies to using arg min. Therefore, for all
y € {0,1} we have
Po(h(zac1) =yl X, A=1) =Py (h(v40) =yl X, A= 1), (24)

which is the definition of a minority-focused counterfactually fair classifier (Definition|[T]).

When the classifier is one-sided counterfactually fair If the classifier is one-sided counterfactually
fair (Definition E]) then by definition

Py |argmax Py, (h (241) = y|X,A=1) = argmax P, (h (zac0) =y|X, A=1)| =1 (25)
y y
and plugging that in Equation (1)) results in S = 1. O

C.2 IMPOSSIBILITY OF FAIRNESS UNDER ERM

The following proposition follows the structure of Theorem 6 in|Chaudhuri et al.| (2023)). For a vector
x € R4, let D (z) denote a distribution on R¢ with mean x. Let p and m be the number of majority
and minority sample, respectively with p > m.

Assumption 1 (Concentration Condition, Assumption 2 from |Chaudhuri et al.| (2023)). Let
T1,...,Tn HRY D(0) in R There exist maps Xmax,c,C : Zy x [0,1] x Zy — R such that
Soralln > ng, all 6 € (0,1), and all unit vectors v € R<, with probability at least 1 — §

‘ ?faX , {vTxi} € [Xmax(n, 0,d) — ¢(n, 6,d), Xmax(n, d,d) + C(n,d, 5)]
ic{l---n

and lim,, o, C(n,0,d) = 0, lim,,_,+ ¢(n,d,d) = 0.

Data Model Labels y € {—1,1} and protected attribute « € {—1,1} define four groups whose
class-conditional distributions share the same shape D(-) but have different means:

x| (y,a) ~ D(yp + yay),

where 1,9 € R2 and pu L 1, with i = g/ ||p|| and ¢ = v/ ||¢||. For concreteness, take 1 =
|l (0,1) T and ¥ = []0]| (1,0) T. Without loss of generality, let the majority attribute be aps = +1
(the minority is a,,, = —1). Thus the two majority means lie on the positive diagonal +(x + ¢) and
the two minority means on the negative diagonal +(u — ).

Let B, A be two sets of points that are sampled from D(0). We will always associate B with
negatively labelled points and A with positive, as will be clear below. Following |Chaudhuri et al.
(2023)), define the sets

A, ={z+p:xze A} —B,={z+p:x€—-B}

We split by attribute and (for the minority) allow arbitrary relabeling before training. Write A,

Bﬁ/f for the majority parts and AZL, B;;" for the minority subsets used with positive/negative labels in
training after centering. Incorporating the attribute shifts, set

M M M M m m m m
Au,w__w+Au’ Bwb_"'w_"Bu’ mw__‘_w_’_Au’ uﬂll—_w"_Bu’

and similarly for the relabeled minority pieces Azlf and B;’ff (these are subsets of Affﬂb and B/,
respectively).
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If the minority were absent, the ERM SVM converges to the spurious direction

w$§j X i+ .

However, we assume that the minority is performing some relabeling. As a result, we denote the set
AZ“Jr as the samples relabeled with y = 1 and the set A}~ as the samples keeping the original label
y = 0. Similarly we denote the set BI’L”’Jr as the positive minority keeping their labels and B/~ as
the positive minority who flip to y = 0.

Proposition 5. Suppose D(0) satisfies Assumption|l|and
Xonar(P,6,2) = Xmax(m, 6,2) > 29[| + ¢(p,6,2) + C(m,6,2). (26)

Then, for any (possibly adversarial) relabeling of minority training examples, if p — oo, with
probability at least 1 — 40, the SYM ERM solution converges to the same spurious solution wg,,

, this limit satisfies EqOd (w;*pu) —

i+ . Under a centrally symmetric D(0) and when ||u|| = ||3
0.5.

Proof. As|Chaudhuri et al.|(2023) shows, the ERM solution can be written as w* = o™i + aﬂ*qﬁ,
where

*

s (an+o8) -+ sw (a+osd) @

o = ar min
a€[-1,1],06{-1,1} pc{z|y=0} ze{z|y=1}
and 8 = v1 — a2,
With the shorthand
fila) = sup (ap+opY) 'z, foi(e):= sup (af+0oB) x,
ZL’GAIWw IEAm'i
My o
fs(@):= sup (p+0Bd) 'z,  fir(a):= sup (ii+0B) z,
reE—BM re_B™*
st Mot
the SVM objective is

F(a) = min { max (f1 (a) = aflull + o8|y
7 (@) = allull - Bl

f1.- (@) = allull - oBlw])

o+ max (f3 (a) = allul + Bl

fort (@) = allull = oBl,

(
furs (@) = allull = oBlw1) }

By Assumption [I} for the majority group of size p, there exists X,,, c,, C}, such that, with probability
at least 1 — 49 and for all «,

fi(a), fs(a) € [Xp — ¢p, Xp + Cy). (27)

. . . m,+ m m,+ m i 1
For any minority relabeling, A o S A, and —B, . € —B",, so the same assumption gives

f2,:|:(a)a f4,:|:(a) S Xm + Cma (28)
where X,,, := Xpax(m, §,2) and C,,, := C(m, d,2). Using Equation , we get
Xp = Xm 2 2||9]| + ¢ + Cra (29

Combining Equations (27) to (29), still uniformly in cv, we obtain

fi(a) = fax (o) Z209), fi(e) = fax (@) = 2][¢],

f3(0) = fox (@) > 200, fs () — fas (a) > 2] (0
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Case 1: ¢ = 1. Consider the first inner maximum inside F'(«). Compare the majority entry
(associated with f; () to the minority entries (fa,— (), f1,—(a)):

[f1 (@) = allpll + Bl = [fo. (@) = allpll = Bl = (f1 () = fa.= () + 28 |||
> 2|1l + 28
>0

and similarly against f; _. Hence the first maximum equals fi — a||u|| + B||¢||. For the second
inner maximum, the same comparison yields the majority term f3 — «/|| || + 3/|¢||. Summing then
for o = 1 we have,

Fy(a) = fi(e) + fs(a) = 2al[ull + 2 8][¥ |

Case 2: 0 = —1. For the first inner max in F'(«),
[f1 (@) —allpll = BN = [f2. (@) — allull + Bl1I] = (f1 (@) = fo.— () = 28 [[¥]l
> 2[[¢ll =289l
>0

and likewise against f; _. Thus the first maximum equals f1 — c||p]| — 3||||. The second inner max
is analogous and equals f3 — «||u|| — B||¢||. Therefore,

F_(a) = fi(a) + f3(a) — 2af|ull — 28][¢]].

For every a, Fy (a) = (f1 + f3) — 2alu]| + 28||v] and F_(a) = (f1 + f5) — 2alu]| — 28]I].
so Fy (o) > F_(«). Hence the optimal sign is 0 = —1 and the objective reduces to

F(a) = (fi(a) + fs(a)) — 2al|pll — 28]¥].-

Maximizing «||p|| + B|||| is equivalent to minimizing F'(«) up to the bounded change (due to As-
sumption 1) of f1(a) + f3() . Next, we use the following lemma.

Lemma 1 (Approximate Maximization Lemma - I, Lemma 14 from (Chaudhuri et al.| (2023)). Let
F(a) = f(a) + g(a) where g(a) = au + V1 —a?v, u,v > 0, and f(a)) € [-L,U]. Let

u

ap € argmax, F(a), and let oy = T € argmax, g(a).

Then, the angle between (ap, /1 — aF.) and (g, /1 — a2) is at most cos™ (1 — \/%), and
mazoF(a) > Vu? +v? — L.

Applying Lemma [l with u = ||x|| and v = ||¢/|| shows that (e, 3) approaches

_ [ L
(ag, fg) = (\/lmw|5+|wn2’ x/HMIQHWHQ)

as p — oo. Thus
wt — w:pu = agﬂ"‘ﬁng
independently of how the minority samples were relabeled in training.

Under a centrally symmetric D(0) and if ||| = ||¢]|, the majority group (a = +1) separates perfectly
in the limit, while the minority group (a = —1) has symmetric measure about the threshold, giving
TPRy=+1 = 1, FPRy,=41 — 0,and TPR,—_; = FPR,—_; — % Hence EqOd(wg,,) — 0.5.

O

This result can also be extended to R using techniques similar to those in Chaudhuri et al.|(2023).
This result also encompasses the 4-Gaussian mixture model Pygyvy used in SectionE] as a special
case, leading to the following.

Proposition 2 (Informal). Consider the dataset PGyy, where every minority point participates in
the ACA by flipping all y = 0 labels to y = 1. Then, under sufficiently separable clusters, with high
probability, the EqOd of the ERM classifier minimizing the logistic loss will asymptotically approach
0.5.

18



Under review as a conference paper at ICLR 2026

C.3 SUCCESS BOUND WITH LABEL ERROR

The following proof uses Lemma 11 from Hardt et al.| (2023).

Lemma 2 (Lemma 11 from |Hardt et al.| (2023)). Suppose that P, P’ are two distributions such that
TV(P, P') < e. Take any two events E1, Ey measurable under P, P'. If P(Ey) > P(E») + 1=,
then P/(El) > P/(Ez)
Proposition 3. With algorithm A (x) with label error p, the success of the collective is bounded by
2(1-a) €
S >1-— — . 11
@2 T 5y~ T2 an

Proof. This proof follows closely the proof of Theorem 5 by |Hardt et al.| (2023)). We start under the
assumption of an optimal Bayes classifier, setting e = 0.

When the new label ' is wrong with probability p, then we can think of the collective as being union
of two sub-collectives: one with the correct label and one with the incorrect label. In the binary case
this can be formulated with correct subcollective P as having label ¢’ = arg max, Py (y|g (z)) and
the incorrect subcollective P~ as with label ¢’ = arg min,, P, (y|g (x)). Then we can write the train

distribution as
Po=a(pP~+(1-p)PT)+(1-a)P

(3D
=apP” + (1 -p)aPt + (1 - a) P.
Denote y* (z) = argmax, P, (y|g ()), then the probability to get prediction y* is
Po(y'|lz) = apP~ (y*|z) + (1 — p) aP" (y*|2) + (1 — a) Ry (y"|2) (32)
=(l=pat+l-a)R(y|z),
and the probability to get the prediction y # y* is
Po (ylz) = apP~ (ylo) + (1 — p) aP™ (ylz) + (1 — a) Po (y|x) (33)

=ap+(1—a)R(ylz),
where PT (y*|z) =1, P~ (y*|z) =0, PT (y*|z) = 0, P~ (y*|z) = 1 by definition.
A Bayes classifier h returns the most probable label h (z) = arg max,, P (y|z). Therefore, a Bayes
classifier will output y* if the probability is greater, which can be written as the condition
Po (y"|z) > Pa (ylz)
(I=patl—a)B(ylz)>ap+(1—a)b(ylz) (34)
(1=2p)a> (1 -a) (B (ylz) — Po(y*|z)).
Let 7 (x) = max, [P (y|z) — Py (y|g (z))], then
Po (ylz) — Po (y"|z) < Po (ylz) — Po (ylg (x)) + Po (y"|g () — Po (y"|x)
<27 (x).
With that, the condition in Equation can be written as
1-2p)a>2(1—a)7(z). (36)

(35)

With that, the success can be bounded as
S=Plf(x)=f(g(x))]
= Py[f (¢) =y ()]
> Py[(1-2p)a>2(1—a)r ()]

=P {1—m7(’x)>0} )
= Eomr, [1{1—m7(x)>0}] G
> Emwp; ([11 - 519;&7 (x)}

—1- ﬁr
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With sub-optimality ¢ > 0 A result of Lemma2]is to write the condition in Equation as
€

(1—2p)a>2(1—oz)7’(x)—|—1_6, (38)
which by following the same steps as with € = 0 results in the final bound
2(1-a) €
S >1- — . 39
@ 2 5y T2 (39
O

C.4 LABEL ERROR WITH BETTER REPRESENTATION

For the following we assume a similar setting as in Appendix [C.2] visualised as a 2D distribution
in Figure[6] We are given the majority data, and tasked with labeling the minority data. Assume
all labels are distributed equally P[Y’ = 1] = P[Y = —1] = 1. The minority features X, are

distributed as Xpyin ~ N (Yptmin, Bmin) With Xipin € R<. The label gjfﬁ%q is predicted according to
a INN classifier from n majority samples D,, = (z;,¥;);—,. Majority samples with y = +1 are
distributed as X ~ A (p, X), and with y = +1 are distributed as X_ ~ N (—p, ).

Theorem 1. Assume that p,).,. > "'y > 0. Further, consider the setting with ¥, = I, and the
minority (i.e. test) distribution introduced above with P[Y = 1] = P[Y = —1] = 0.5 and X,pin ~
N(y,umina Emin)~

Then, there exists a projection P € R?*¢

such that asymptotically for n — oo, err}, < errim.

Proof. Consider the projection on the hyperplane perpendicular to w, where w = #=f=. The

wa

wlw:’

projection matrix associated with this transformationis P = I —

Let us denote the symbols after the projection as [i := P, fimin := Ppmin, U 1= (PXPT)*jiand
Siin = PYmin PT. Here we denoted using AT the pseudoinverse of the matrix A. Note that since P
is an orthogonal projection matrix, it holds that PP = P and P” = P.

We apply Lemma [3| to obtain closed forms for the asymptotic error of INN applied to the initial
representation and to the features after the projection P. Namely, using the notation v := X1 we
have:

1

. 1 .
eIT|NN = ipxmmm:ﬂylw =-1]+ §PXmi"\y:71[leN =1] (40)

1 T min 1 —v’ min
—_(1-e | L)) e ( Emn 1)
2 VUT Zinv 2 VUT Zminv

T, .
— 1@ fmn (42)
V vl Eminv

=1-®(SNR), 43)
T
_ — _ — U _HKmin
where we used the fact that &(—z) = 1 — ®(z) and we denote SN R : st

Similarly, let us denote the SNR corresponding to 1NN applied on the projected representation as

_T
follows: SN Ry 1= —e—fmin__
proy V T}szinﬁ

To show that errjny > err|jhy it suffices to prove that SN R < SN Rpy;.

We begin by rewriting the numerator of SN R,j. Since . € I'm(P) and because on Im(P) the
operators ¥~ and (PXP")* represent the same transformation, it follows that:

o= (PYP)* p=%""a.
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Moving on the the denominator of SN R,,j, we have that:

In the second line we used the fact that 3, = I, in the third line we use the identity P2 = Pdueto
P being a projection matrix, in the forth line we use P™ = P since P is an orthogonal projection
(i.e. P is symmetric) and in the fifth line we use the fact that & € I'm(P), and hence, Pt = 7.

Putting everything together, and using the fact that ¥ (and thus, X ~1) is positive definite (i.e.
xSz > 0,Vz € RY) we get that:

TR LT Ty—1, .
o]l [Z~ 1 u
O]
Lemma 3. For a unimodal minority distribution X i, ~ N (lmin, Xmin) it holds that:
T
i SO RN N S
"rLll—)Holo ]P)Xmin [le - 1} =1 @ <\/m> ’
where v := ' " and ® is the CDF of a standard Gaussian.
Proof. Let us denote §inn = lim, oo gjf;; and let p; and p_ be the densities of two class-

conditional distribution. Notice that the two class conditional training distributions are supported on
the entire domain of R%. Therefore, in the asymptotic regime, the label §j;ny at a test point z is given
according to the class-conditional distribution that has higher density. Namely, we have:

g — -1 lprr('I) <p*(x)a
INN 1 otherwise.
Given Xin ~ N (fmin, Zmin ), We can then write the probability of predicting gy = —1 as:

Px, [glNN = _1] =Px,, [p+($) <p- ({L‘)] :

Using the closed forms for the pdf of a Gaussian, we write the corresponding log-probabilities as
follows:

1

logpy(x) = —5(90 — ) 'S 71(2z — p) + const.
1 To—

logp_(z) = —i(m +u) X7 1(x + p) + const.

Using the fact that log is monotonically increasing and Y (and by extension ¥~!) is a symmetric
matrix, we can write after some simple calculations:

Pxo[finn = —1] = Px,, [0 X712 < 0.

Let us denote the random variable Z := (uX~1)X. Since Z is a linear transformation of Gaussian
random variable, it is itself Gaussian and we can write its mean and variance as follows:
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Wz = vT,umin, and 0'% = UTZminU, where v := MTZ_l.

After this change of variable, we can rewrite the probability of predicting ¢jjny = —1 as:
IP)Xmin [QINN = _1] = ]P)Z [Z < 0]
—E[Z
_o Y EP
Var[Z]
- _(/LTE_l)TMmin
VTS ) S (15 1)

( ("S™) T fimin )
=1—-7 .
VETE DTS (w21

O

Note that the error from Theorem [I] is defined the same as p (Equation (I0). This leads to the
following.

Proposition 4 (Informal). Let data be drawn from Psguy, and ppiain denote the error of a 1-NN
classifier that assigns the label of the nearest majority neighbor in the original feature space.
Then there exists a fair representation in which a 1-NN classifier achieves error pggy such that,
asymptotically with respect to the dataset size, prrr. < Pplain-

D TECHNICAL DETAILS

D.1 DATASETS

COMPAS The Correctional Offender Management Profiling for Alternative Sanctions (COMPAS)
dataset contains the data of criminal defendants in Broward county sheriff’s office in Florida with
the task of predicting the recidivism risk. The label in this dataset represents whether the person re-

offended and the sensitive attribute is the race. We follow the same data cleaning and pre-processing
as|/Alghamdi et al.| (2022).

Adult The Adult dataset/Becker & Kohavi|(1996) contains demographic features of US citizens
and is tasked with predicting the income level of an individual. The label represents if the individual
has income higher than $50,000 and the sensitive attribute we use is the race. We follow the same
data cleaning and pre-processing as|Alghamdi et al.| (2022).

HSLS The High School Longitudinal Study of 2009 (HSLS) Jeong et al.| (2022} contains details of
high-school students across the US and the task is to predict the academic success of the students.
The label represents the exam score and the sensitive attribute is the race. We follow the same data
cleaning and pre-processing as|Alghamdi et al.|(2022).

ACS-Income |Ding et al.[(2021) offer different classification tasks derived by US census data. In
our work we used the pre-defined task of predicting level of income denoted as ACSIncome, where the
data is already pre-processed. The label represents if the individual has income higher than $50,000
and the sensitive attribute is the race.

Waterbirds The waterbirds dataset|Sagawa et al.|(2020) contains images of landbirds and water-
birds super-imposed on either land or water backgrounds, with the task of classifying the image
as of a landbird or a waterbird. The label represents the type of bird, and the sensitive attribute is
whether the background is land or water. To obtain the features, we used the output of the penultimate
layer of a pre-trained ResNet-18 network from PyTorch|| We report the results on those features

'https://pytorch.org/vision/main/models/generated/torchvision.models.resnet18.html
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as Waterbirds-Full. We also performed PCA (using scikit-learn) and kept the first 85 principal
components which retain about 75% of the variance, and report the results of these components as
Waterbirds-PCA.

CivilComments The CivilComments datasetBorkan et al.[(2019) is a collection of text comments
found on the internet, with the goal of training a classifier to fairly detect toxicity. For this paper,
we modified the dataset to keep only the comments that include either christian or muslim (but not
both), with a label 0 meaning toxic and 1 meaning safe. To obtain the features, we used the word
embeddings given by Hugging Face’s bert-base-uncased modeﬂ We report the results on those
features as CivilComments-Full. We also performed PCA (using scikit-learn) and kept the first
100 principal components which retain about 75% of the variance, and report the results of these
components as CivilComments-PCA.

D.2 TRAINING

All classification experiments were trained with scikit-learn’s histogram-based gradient boosting
classification tree with the default parameters ﬂ When there was not a pre-defined test set, we set the
train-test split as 80-20 before applying the collective action.

The probabilities for RB-prob were inferred by training scikit-learn’s histogram-based gradient boost-
ing classification tree on the majority data with the default parameters, and using its predict_proba
function. For LFR [Zemel et al.| (2013) we used the implementation in Holistic AI’s open source
library [| with the default parameters. For FARE Jovanovi¢ et al.|(2023) we used the official imple-
mentationE]with hyperparameters v = 0.85, kK = 200 and n = 100. For all distance computation we

used the Euclidean norm ¢2-norm as d (v, u) = ||v — ull, = />, (vi — w)’.

E ADDITIONAL RESULTS

E.1 COMPARISON WITH PRIOR WORK

We compare our method RB-prob with the existing methods KDP|Luong et al.|(2011)) and CND Kami/
ran & Calders|(2009) in Figure[I0] Note than CND requires flipping labels for both majority and
minority members, and we report the total number of label flips. Figure[T0|shows that our method,
motivated by the counterfactual labeling, is more efficient in terms of required number of label flips,
than the existing works.

E.2 EXPANDED RESULTS

The following figures include the results of the experiments reported in the main text using all methods
on all dataset, both with EqOd (Equation (2)) and SP (Equation (I2)) as a measure of unfairness

Zhttps://huggingface.co/google-bert/bert-base-uncased
3scikit-learn.org/stable/modules/generated/sklearn.ensemble. HistGradientBoostingClassifier.htm]
*https://github.com/holistic-ai/holisticai

>https://github.com/eth-sri/fare
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Figure 10: Fairness per number of label flips of the Random baseline, our method RB-prob, and the
existing methods KDP (Luong et al.| [201T)) and CND (Kamiran & Calders| [2009). Our method is
more efficient than prior work, requiring less flips to achieve the same level of fairness. Note that in
this experiment CND could flip any label, while all other methods were restricted to the labels of
30% of the minority.
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Figure 11: The lowest EqOd violation a collective can achieve greatly improves as the collective
size increases, up to a certain point. Each point is a mean of 10 runs, with the standard deviation
being smaller than the markers. In all the datasets we experimented on, the lowest EqOd violation
converges around o = 0.3.
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Figure 12: Our proposed methods are consistently more efficient than randomly flipping labels,
requiring less label flips to attain the same level of EqOd. Each marker is the mean of 10 random runs
with a specific number of label flips. The dashed line shows the mean EqOd for a classifier trained on
the dataset without collective action.
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Figure 13: Limiting the knowledge of the collective about the majority does not significantly harm
the Pareto front. Each point is the mean of 10 runs and the curves are fitted to guide the eye.
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Figure 14: The firm-side pre-processing method FARE Jovanovi¢ et al.|(2023)) and the post-processing
method calibrated equalized odds [Pleiss et al.| (2017) attain 0 EqOd with large error, while RB-prob
with @ = 0.3 (Section [3) has much smaller error and less unfairness than the base classifier, but
unable to get 0 EqOd.
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Figure 15: The Pareto fronts for using a fair representation when computing the KNN for RB-dist
dominate the Pareto fronts for KNN computed on untransformed features. The blue stars represent
the KNN without transforming the data, and the yellow triangles represent the KNN when the data is
transformed using FARE (Jovanovic et all,[2023)). The lines are fitted by a polynomial of degree 2 to

guide the eye.

29



	Introduction
	Collective Action for Fairness
	Group fairness for classification
	Algorithmic collective action
	Counterfactual fairness

	Approximating the Counterfactual Label
	Experimental Results
	Limitations of Minority Collective Action
	Related work
	Conclusion
	Appendix
	Motivating examples
	Preliminaries
	Statistical parity and equalized odds
	Suboptimal Bayes classifier

	Theoretical Results and Proofs
	Counterfactual fairness as success
	Impossibility of fairness under ERM
	Success Bound With Label Error
	Label Error With Better Representation

	Technical Details
	Datasets
	Training

	Additional Results
	Comparison with prior work
	Expanded results


