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Abstract

Learning high-level representations for graphs is crucial for
tasks like node classification, where graph pooling aggre-
gates node features to provide a holistic view that enhances
predictive performance. Despite numerous methods that have
been proposed in this promising and rapidly developing re-
search field, most efforts to generalize the pooling opera-
tion to graphs are primarily performance-driven, with fair-
ness issues largely overlooked: i) the process of graph pool-
ing could exacerbate disparities in distribution among vari-
ous subgroups; ii) the resultant graph structure augmentation
may inadvertently strengthen intra-group connectivity, lead-
ing to unintended inter-group isolation. To this end, this paper
extends the initial effort on fair graph pooling to the devel-
opment of fair graph neural networks, while also providing
a unified framework to collectively address group and indi-
vidual graph fairness. Our experimental evaluations on mul-
tiple datasets demonstrate that the proposed method not only
outperforms state-of-the-art baselines in terms of fairness but
also achieves comparable predictive performance.

Introduction
Graph Neural Networks (GNNs) have shown superior per-
formance in modeling graph-structured data in various do-
mains, such as social network analysis (Wang et al. 2023d),
recommendation system (Ying et al. 2018a), and urban com-
puting (Bao et al. 2017). These models, which are extensions
of Convolutional Neural Networks (CNNs) (Lee, Lee, and
Kang 2019), are specifically adapted to address the unique
challenges of non-Euclidean data that lacks spatial local-
ity and a fixed order (Gao and Ji 2019). A key application
of GNNs is graph classification, which involves algorith-
mically identifying class labels for subgraphs (i.e., the la-
bel of the central node). This task requires holistic graph-
level representations that can handle graphs of varying sizes
and topologies, underscoring the critical role of the pooling
mechanism in the process. To this end, various graph pooling
designs have been developed to create effective and mean-
ingful graph representations. For example, SAGPool (Lee,
Lee, and Kang 2019) utilizes a self-attention mechanism to
determine which nodes to retain or discard. Similarly, Graph
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U-net (Gao and Ji 2019) selects the top k most important
nodes to form a more compact graph while preserving cru-
cial information.

Despite their effectiveness, the existing pooling methods
can inadvertently introduce biases against subgroups de-
fined by sensitive attributes such as race, gender, and age.
Specifically, pooling layers, driven by performance opti-
mization, typically remove nodes to downsample represen-
tations, avoiding the introduction of noise into the computed
features, especially since graphs are frequently represented
sparsely. This process, however, often disproportionately af-
fects nodes from various subgroups, leading to skewed rep-
resentations in the downsampled subgraphs. As a result, the
labels of these subgraphs, represented by their central node
labels, may become excessively correlated with sensitive at-
tributes, embedding biases directly into the model outputs
and potentially resulting in discriminatory decisions against
the center node. Such biases can severely limit the adop-
tion of GNNs in high-stake decision-making scenarios, such
as job screening (Wang et al. 2023c), healthcare (Zhang
et al. 2023) and criminology (Zhang and Weiss 2022). For
instance, in the study of interaction networks of complex
diseases, researchers have identified specific subnetworks
that are associated with the disease (Cho, Kim, and Przy-
tycka 2012). In such cases, differences in the representa-
tion of various groups in subgraphs can lead to an overcor-
relation of diseases with sensitive attributes, which can af-
fect the subsequent allocation of social welfare healthcare
resources. Moreover, another critical limitation of existing
pooling-based graph methods is their neglect of graph struc-
ture bias (i.e., excessively linking nodes with similar sen-
sitive attribute values). When nodes are eliminated during
pooling, associated edges are removed, potentially resulting
in isolated nodes. To counteract this and maintain informa-
tion propagation in subsequent layers, existing methods em-
ploy an edge generation mechanism that increases the con-
nectivity of the graph (Gao and Ji 2019). However, this strat-
egy can unintentionally introduce graph structural bias as
nodes sharing sensitive attribute values are often more fre-
quently connected within graphs.

On the other hand, a number of research approaches
have been proposed to address bias and discrimination
in graph learning (Wang et al. 2024c), generally catego-
rized into group fairness (Mehrabi et al. 2021), aiming for
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Figure 1: An illustrative toy example showcases individual
unfairness while maintaining group fairness in pooling op-
eration, with relevance scores decreasing from left to right.

statistical equality among subgroups, and individual fair-
ness (Zhang 2024a; Zhang, Hernandez-Boussard, and Weiss
2023; Zhang 2024b), which ensures that similar individu-
als receive comparable treatment. However, harnessing their
fair graph learning capability to capitalize on the strong
graph learning capability of graph pooling is challenging
due to the distinctive downsampling and upsampling proce-
dures involved. In addition, although group fairness has been
widely studied (Kleindessner et al. 2019; Wang et al. 2024b,
2023b), it often ignores the nuanced impacts on individual-
level fairness within subgroups (Wang et al. 2024d). Specif-
ically, existing group fairness works focusing on statistical
equality between deprived group (e.g., male) and favored
group (e.g., female) can inadvertently neglect the experi-
ences of specific individuals within these groups (Zhang
and Ntoutsi 2019; Wang and Zhang 2024; Chu, Wang, and
Zhang 2024). In the scenario depicted in Figure 1, where
gender is the sensitive attribute, nodes v1 to v8 are ranked
in descending order by their importance scores to the cen-
tral node of their subgraph, and graph pooling selects the
top half to create a new graph. In this scenario, Model ‘A’ is
optimized for performance, while Model ‘B’ also enforces
group fairness (i.e., ensuring that the parity in the ratio of
males to females in the newly formed subgraph is main-
tained). However, while model ‘B’ achieves group fairness,
it may disproportionately impact an individual, such as v4,
because he is the only one in a worse position in the predic-
tion of model ‘A’ than in model ‘B’ despite other solutions
being possible. In other words, the use of group fairness con-
straints can lead to a decrease in individual fairness, where
certain individuals are unfairly disadvantaged.

To address these limitations, this paper pursues fair pool-
ing with group and individual awareness for the devel-
opment of fair GNNs, which is largely unexplored and
poses distinct challenges: i) Fairness-aware graph pool-
ing. Graph pooling involves unique downsampling and up-
sampling processes, and the bias during these processes
cannot be directly constrained by the loss function alone.
A unified design that incorporates fairness considerations
is therefore necessary. ii) Mitigating multiple sources of
bias. Graph data exhibits diverse biases stemming from var-
ious sources, including inherent biases in node attributes

and biases embedded within the structural relationships. A
holistic approach to address these biases simultaneously is
thus needed. iii) Jointly addressing individual and group
graph fairness. Existing fair graph research primarily fo-
cuses on either group or individual fairness, overlooking the
interplay between them. Addressing both aspects simultane-
ously demands innovative approaches that can navigate the
nuances associated with each type of fairness concurrently.

To this end, this paper introduces a novel framework, Fair
Graph U-net, which, to the best of our knowledge, is the first
to explore fairness in graph pooling while reconciling both
group and individual fairness. Specifically, Fair Graph U-net
ensures a consistent representation of diverse subgroups in
the devised graph pooling process by equitably selecting a
balanced number of nodes from various subgroups. More-
over, to counter potential individual-level unfairness (i.e.,
individuals disproportionately bearing the losses due to the
enforcement of group fairness constraints) that arises from
enforcing group fairness, a probabilistic distribution of valid
rankings is implemented. This implementation, inspired by
distributive justice theory, ensures a uniform distribution of
individual fairness loss, leading to consistent and fair treat-
ment at the individual level. Furthermore, Fair Graph U-net
incorporates fairness constraints when enhancing graph con-
nectivity to avoid introducing graph structural bias. This is
designed to prevent nodes from the same subgroups from
being excessively connected, thereby averting introducing
graph structure bias. The main contributions are:

• Problem. We investigate a novel problem in fair graph
pooling to extend the powerful generation capabilities of
convolutional pooling while addressing inherent biases
present in the pooling process.

• Method. We propose a novel framework, Fair Graph U-
net, designed to maintain a consistent representation for
each subgroup and ensure that each individual bears a
uniform group fairness loss, thus promoting individual
fairness while enforcing group fairness. Additionally, our
approach avoids introducing bias in the graph structure.

• Evaluations. Extensive empirical evaluations on three
real-world graph datasets show that Fair Graph U-net sur-
passes existing baselines across multiple fairness met-
rics while also maintaining comparable prediction per-
formance for downstream tasks.

Related Work
Graph Pooling. Graph Neural Networks (GNNs) have
emerged as a powerful tool for various tasks involving
graph-structured data (Zhang et al. 2024). They have shown
remarkable success in both node-level and graph-level
tasks, including node classification (Kipf and Welling 2016;
Veličković et al. 2017), graph classification (Sui et al. 2022;
Gao and Ji 2019; Lee, Lee, and Kang 2019), and graph gen-
eration (Rahman et al. 2019; Zhao et al. 2022). Among the
techniques central to the success of GNNs, graph pooling
stands out as a crucial computational feature that signifi-
cantly enhances performance at the graph level by providing
a condensed, holistic graph-level representation (i.e., center
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Figure 2: Overview of the proposed Fair Graph U-net framework.

node representation) (Yuan et al. 2022). Specifically, exist-
ing methods (Lee, Lee, and Kang 2019; Gao and Ji 2019;
Zhang et al. 2018) achieve this by calculating ranking vec-
tors to determine the importance of various nodes. By se-
lecting the top k important nodes to form a new graph, these
methods retain essential information and reduce the graph’s
complexity. Graph pooling techniques can be broadly cate-
gorized into flat pooling and hierarchical pooling (Liu et al.
2022). Flat pooling directly generates a graph-level repre-
sentation in one step, typically by taking the average or
sum of all node embeddings (Duvenaud et al. 2015). Hi-
erarchical pooling, on the other hand, gradually coarsens a
graph into a smaller-sized graph through two main meth-
ods: node clustering pooling (Ying et al. 2018b) and node
drop pooling (Gao and Ji 2019). These methods have en-
abled GNNs to achieve superior performance and have led
to their widespread adoption in various domains (Hamilton
2020). For instance, in the financial sector, banks have lever-
aged GNNs to analyze transaction networks (i.e., the trans-
action patterns of individual clients) for detecting fraudu-
lent activities or unusual user behavior (Dai et al. 2022).
This expanded application into critical decision-making sys-
tems demands that GNNs be not only effective but also
non-discriminatory (Yuan et al. 2022). In this context, graph
pooling, a powerful framework for downsampling and sum-
marizing graph data, also requires attention to its potential
biases but has largely been overlooked amidst the increasing
focus on fair GNNs.
Fairness in Graph. Much progress has been made to ad-
dress the discriminatory nature of GNNs (Mehrabi et al.
2021; Le Quy et al. 2022; Wang et al. 2025a), broadly cat-
egorized into group fairness (Dai and Wang 2021; Wang
et al. 2025b; Zhu et al. 2024) and individual fairness (Kang
et al. 2020; Wang et al. 2023a, 2024d). Those solutions often
import regularization strategies from traditional Euclidean
models to address bias in graph-structured data. However,
these methods are predominantly developed for Graph Con-
volution Networks (GCNs) (Dong et al. 2023), it is still hard
to understand their effect in conjunction with the graph pool-
ing operation, which is crucial for leveraging the full ca-

pabilities of GNNs. Specifically, for pooling methods with
graph topology, bias is encoded into the model throughout
its unique downsampling and upsampling procedure. In ad-
dition, most of the existing fairness works prioritize a single
fairness goal—be it individual or group fairness, and come
at the cost of the other. For instance, FDGNN (Wang et al.
2024a) utilizes counterfactual samples to learn disentangled
node representation to mitigate the multi-source biases and
enhance group fairness. To jointly address the above chal-
lenges, this work aims to tackle the root causes of bias in
graph pooling by i) mitigating multiple potential biases dur-
ing the pooling process and ii) taking an additional step to
ensure both group and individual fairness collectively.

Notation
Assume the input graph G = (V, E ,X) be an undirected at-
tributed graph; let V = {v1, v2, . . . , vn} denote the set of n
nodes, E ⊆ {{vi, vj} | vi, vj ∈ V} denote the set of undi-
rected edges with each edge represented as an unordered pair
{vi, vj}, and X is a n × D (n = |V |) node feature matrix
with the i-th row, xi ∈ RD, containing the D-dimensional
feature vector of node vi. Each node vi has a binary sensi-
tive attribute si ∈ {0, 1}, included in the feature set X. The
set of nodes belonging to the deprived group (e.g., female)
is denoted as Sd = {vi|vi ∈ V ∧ si = 0}, and the favored
group (e.g., male) is denoted as Sf = {vi|vi ∈ V ∧ si = 1}.
Let N1 and N2 represent the number of nodes in Sd and Sf ,
respectively. The graph structure can be denoted as the ad-
jacency matrix A ∈ {0, 1}n×n, where Ai,j = 1 if (vi, vj)
∈ E , and Ai,j = 0 otherwise. An edge Ai,j is classified as
an intra-edge if nodes vi and vj share the same sensitive at-
tribute value, and as inter-edge if they differ. In addition, we
use yi to denote the ground-truth label for node vi, where ŷi
is the predict label of vi.

Methodology
Fair Graph U-net: In a Nutshell
As depicted in Figure 2, the Fair Graph U-net comprises
four integral components: i) Fair Adaptive Subgraph Iden-
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tification Module identifies contextual subgraphs for each
node, ensuring they encapsulate diverse and pertinent infor-
mation from different subgroups. This establishes the basis
for fair and effective feature extraction in subsequent pro-
cesses. ii) Fair Graph Pooling Module focuses on extract-
ing vital features from the subgraphs. Meanwhile, it tackles
representational disparities among various subgroups and
alleviates individual unfairness introduced while enforcing
group fairness constraints. iii) Fair Edge Augmentation
Module enhances the graph structure for each node, en-
suring no nodes remain isolated post-pooling. It also incor-
porates a fair edge prediction mechanism that prevents the
introduction of structural bias. iv) Fair Graph Unpooling
Module, designed for upsampling the pooled graph, aims to
recover the original graph fairly and accurately. The subse-
quent sections will delve into the specifics of each module
and their collective role in Fair Graph U-net.

Fair Adaptive Subgraph Identification Module
Real-world graphs are often large and contain significant
noise (Pan et al. 2014), posing challenges in processing the
entire graph to obtain a graph representation (i.e., center
node’s representation). Furthermore, computing representa-
tions for large graphs can be prohibitively costly and of-
ten infeasible (Rossi, Zhou, and Ahmed 2017). To this end,
existing methods typically employ a fixed distance (e.g.,
1-hop) to generate a subgraph for each node (Jiao et al.
2020), which is inspired by the local dependency assump-
tion (Hamilton, Ying, and Leskovec 2017). This assumption
suggests that nodes are significantly influenced by their im-
mediate neighbors. However, this may result in important
nodes not being included and introduces structural bias (Ma
et al. 2022). Drawing upon previous work (Wang et al.
2024a), this module is introduced to extract contextual sub-
groups that contain significant information and are fairly
represented. Specifically, a related score (RS) for each node
pair is initially computed to overcome the limitations of gen-
erating subgraphs based on preset neighboring node dis-
tances, thereby capturing more relevant and contextual in-
formation from the graph. Mathematically, the RS measures
the relevance of node vj to node vi using PageRank (Jeh and
Widom 2003) is represented as RS = α(I− (1−α)Ã)−11,
where α, within the interval [0, 1], is the parameter that con-
trols the probability of re-starting from the central node, I is
the identity matrix, 1 is a vector of all ones, and Ã = AD−1

represents the transfer probability with D being the diagonal
matrix where Di,i =

∑
j Ai,j .

However, assigning equal transfer probabilities to each
neighboring node can lead to biases. Specifically, nodes
with the same sensitive attribute often have stronger con-
nections within the graph (Jiang et al. 2022). This results
in higher probability transitions to neighbors sharing the
same attribute, thereby over-representation of those nodes
in the subgraphs. To this end, a fairness constraint that ad-
justs the transfer probabilities to ensure equitable represen-
tation of different sensitive attribute groups is further intro-
duced. Specifically, the constraint first categorizes neighbors
based on their sensitive attributes and then equalizes the total

selection probability for each group during node transition.
This process ensures that the probability of moving to a node
from a particular group is equal during the transition, elim-
inating the influence of higher inter-connectivity within the
group. This is mathematically represented as:

∑
(Pva

|Ai,a = 1, sa ∈ Sd) =
∑

(Pvb
|Ai,b = 1, sb ∈ Sf ) (1)

where Pva
and Pvb

represent the transition probabilities to
neighboring nodes belonging to the deprived and favored
groups, respectively.

Fair Graph Pooling Module
With the obtained fair subgraphs, the subsequent challenge
is to derive fair graph representations without introducing
bias, particularly during pooling operations. Existing graph
pooling methods (Gao and Ji 2019; Lee, Lee, and Kang
2019) often overlook the issue of differences in subgroup
representation that can arise from the pooling process. This
results in biased pooled graphs, which in turn cause down-
stream tasks to inherit these biases. To this end, we introduce
a novel fair graph pooling method that facilitates pooling for
graph data while simultaneously addressing both group and
individual fairness; Fair Graph U-net fairly chooses a subset
of nodes to create a new, downsampled graph while ensuring
equitable representation of different groups in the new graph
with equalized individual loss.

To understand this process, let’s first discuss the train-
able projection vector ρ (shown as the yellow rectangle
in Figure 2) in Fair Graph U-net, which projects the D-
dimensional node features matrix (X) onto a 1-dimensional
(1D) space, enabling the application of fair k-max pool-
ing while maintaining consistent connectivity in the result-
ing pooled graph. Mathematically, this is defined as X̂ =

X
(

ρ
∥ρ∥

)
, where X̂ represents the matrix of scalar projec-

tions of the node feature vectors in X onto the projection
vector ρ. Each entry x̂i ∈ X̂ corresponds to the projected
feature vector of a node in the graph G, quantifying the re-
tained importance of each node’s features when projected
onto the direction of ρ.

Building on this, nodes are fairly sampled for downsam-
pling, aiming to retain as much information as possible from
the original graph while ensuring a consistent representa-
tion of different subgroups in the downsampled graph. To
achieve this, an equal number of nodes are selected from
each subgroup to form the new graph, adhering to the prin-
ciple of group fairness, which requires equitable treatment
across groups. A straightforward way is to choose the top
q
2 nodes with the largest scalar projection values on ρ from
each subgroup. However, this strategy is individual fairness
unaware. For instance, as illustrated in Figure 1, achieving
group fairness might result in a situation where only certain
nodes, such as v4, experience a notable change in their repre-
sentation or outcome. This leads to a scenario where the bur-
den of maintaining group fairness falls disproportionately on
individuals like v4. Such differential treatment, although in
line with group fairness objectives, might not be perceived as
fair by these affected individuals, thereby raising questions
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about the overall fairness of the outcome from an individual
perspective.

To mitigate the individual unfairness introduced by group
fairness constraints, we incorporate the Rawlsian difference
principle (Rawls 1971), which aims for equity by optimiz-
ing the well-being of the most deprived individuals. This
principle, drawn from Rawls’ theories, ensures that in a
state of equilibrium, all individuals maintain their status
quo since the welfare of the least deprived cannot be fur-
ther maximized, leading to fair outcomes for everyone. In
Fair Graph U-net, the concept of welfare is quantified by
the group fairness loss borne by individuals, which is evalu-
ated through changes in their ranking positions. Essentially,
the task involves finding a ranking that, while adhering to
the group fairness constraint, maximizes the utility of the
least-deprived individual. This objective is mathematically
defined as follows:

min
∑n

i=0 |(U(vi, pos)− U(vi, pos
′))− µ| (2)

where U(vi, pos) represents the welfare (utility) of individ-
ual vi when placed at position pos in a ranking, and µ de-
notes the average group loss borne by all individuals. The
objective is to minimize the absolute difference between in-
dividual utility and the average group loss, aligning with the
Rawlsian principle of optimizing the welfare of the least ad-
vantaged.

Building on this, we define a validity ranking Rvalid that
ensures group fairness can be created. Assuming distinct
utilities for each position (U(vi, pos)) to avoid ties, Rvalid

is defined as a set of rankings ri that satisfy group fairness,
meaning the number of samples from different subgroups in
the top q positions is equal:

Rvalid = {∀ri ∈ R, |{Sd ∩ topq(ri)}| = |{Sf ∩ topk = q(ri)}|}
(3)

We then induce a probability distribution D over Rvalid

that the minimum expected value obtained by any individual
vi is higher than the expected value that could be obtained
by any single ranking ri. However, since Rvalid may be ex-
ponentially large, direct enumeration is impractical. To this
end, we initially assign equal probability to all valid rankings
and incrementally adjust D. We use a weighted optimiza-
tion oracle to find new solutions that place more emphasis
on less satisfied individuals. By progressively shifting the
weight in D, we will obtain probability distributions that sat-
isfy both group fairness and individual fairness. Specifically,
for each probability distribution, individuals are categorized
into those that satisfy their expected satisfaction and those
that do not. Through an iterative optimization process, we
gradually adjust the distributions to ensure that as many in-
dividuals as possible meet their expected satisfaction while
maintaining the state of satisfied individuals until all indi-
viduals are added to the set of satisfied individuals. Mathe-
matically, it can be defined as follows:

min

(
max(

∑n
i=0 wvi

· V al(D, vi))−
∑

vi∈VSat
δvi

wvi

)
(4)

where wvi
denotes the probability assigned to each validity

ranking, V al(D, vi) represents the relevant scores of indi-

vidual vi under validity ranking ri with distribution D, δvi is
satisfaction threshold for the individuals, and VSat is a set of
individual that satisfy their expected satisfaction. By formu-
lating the problem this way, given a weighted optimization
oracle, we establish the groundwork for creating a separa-
tion oracle for the dual problem. Given the presence of a
separation oracle enables the polynomial-time resolution of
a linear program through the ellipsoid algorithm (Grötschel,
Lovász, and Schrijver 1981). Consequently, we can obtain
probability distributions that satisfy both group fairness and
individual fairness in polynomial time.

Overall, this module ensures consistent representation of
different groups in the downsampled graph while ensuring
that no individual is disproportionately disadvantaged when
enforcing group fairness constraints.

Fair Edge Augmentation Module
Existing graph pooling approaches sample crucial nodes to
create a new graph for improved feature encoding. How-
ever, the removal of nodes in this process, along with their
associated edges, may lead to isolated nodes in the pooled
graph. This has the potential to impact the propagation of
information in subsequent layers, particularly when utiliz-
ing GCN layers that depend on aggregating information
from neighboring nodes. Moreover, straightforward meth-
ods to enhance graph connectivity, such as directly linking
2-hop neighbors, can inadvertently exacerbate biases present
within the original graph structure, leading to graph struc-
ture bias. To address these challenges, this module aims to
fairly increase connectivity in the pooled graph. Specifically,
link predictors are trained using the edge distribution of the
original data. These predictors are subsequently used to en-
hance the graph’s connectivity, determining the likelihood of
a link between any two nodes vi and vj based on their sim-
ilarity, calculated through a weighted inner product. Mathe-
matically, the predicted relation (E(vi,vj)) between nodes vi
and vj is define as follows:

E(vi,vj) = softmax(σ(xi · Z · xj)) (5)

where σ represents the activation function, and xi = xi ⊙
x̂i1T denotes enhanced feature vector, while the parameter
matrix Z captures their interaction dynamics. In addition,
given that most connections in the input graph G are intra-
group, there is a risk of the module reinforcing these connec-
tions, which can lead to overassociation of the graph struc-
ture with sensitive attributes and thereby intensifying graph
structure bias. Therefore, we also assess the model perfor-
mance difference between inter-group and intra-group con-
nections when generating graph structure information. Over-
all, the fair edge augmentation module’s loss function is rep-
resented as:

LA = ∥E − A∥2F + ∥Einter − Ainter∥2F − ∥Eintra − Aintra∥2F
(6)

where E predicts the connections between nodes in V , and
Einter and Eintra represent the predicted connections be-
tween inter-group and intra-group nodes, respectively, while
Ainter and Aintra denote the actual connections.
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Fair Graph Unpooling Module
Aligned with the principles of encoder-decoder networks,
this module executes the reverse operation of the fair graph
pooling layer, efficiently restoring the graph to its initial
structural integrity. To achieve this, the positions of nodes
selected in the corresponding fair graph pooling layer are
recorded, guiding the placement of nodes back to their orig-
inal positions in the graph during the up-sampling phase.
Mathematically represented as follows:

Xl+1 = Dis(0N×D,Xl
, posori) (7)

where posori contains indices of selected nodes in the cor-
responding fair graph pooling layer that reduces the graph
size from N nodes to q nodes, and 0N×D represents an ini-
tially empty feature matrix for the restored graph. In addi-
tion, Dis(·) distributes the row vectors from the pooled fea-
ture matrix Xl

into the 0N×D matrix according to their orig-
inal indices stored in posori, and in Xl+1, the row vectors
corresponding to the indices in posori are updated with the
appropriate vectors from Xl

, while all other vectors remain
zero, effectively reconstructing the original feature matrix of
the graph.

Overall Objective Function
This section presents the overall objective function for op-
timizing Fair Graph U-net as depicted in Equation 8. This
function consists of three parts and is governed by the tun-
able hyperparameters β and γ, which are responsible for bal-
ancing the contributions of the various elements in the over-
all objective function. Specifically, the first term, LU , aims
to minimize the prediction loss. The next term, LF designed
to mitigate differences in relevant scores between subgroups,
and the last term, LA, aims to promote the fairness of the
edge predictor and avoid introducing structural bias.

argmin L = LU + βLF + γLA

=
1

|VL|
∑

vi∈VL

−(yi log(ŷi) + (1− yi) log(1− ŷi))

+ β

 1

|Sd|
∑

vi∈Sd

ℓ(ŷi, yi)−
1

|Sf |
∑

vj∈Sf

ℓ(ŷj , yj)

+ γLA

(8)

Experiment
Experiment Setting
Datasets and Baselines Experiments are conducted on three
commonly used datasets, including German dataset (Asun-
cion and Newman 2007), Credit dataset (Yeh and Lien
2009), and Bail Dataset (Agarwal, Lakkaraju, and Zitnik
2021). In addition, we compare Fair Graph U-net with
the following baseline methods, including, GCN (Kipf and
Welling 2016), Graph U-net (Gao and Ji 2019), SAG-
pool (Lee, Lee, and Kang 2019), FairGNN (Dai and Wang
2021), Graphair (Ling et al. 2023) and FairAGG (Zhu et al.
2024).
Evaluation Metrics. We evaluate the model performance
from two perspectives: classification performance and fair-
ness. For classification performance, we adopt the AUC

and F1-score to evaluate node classification performance.
Higher values of these metrics indicate better classifica-
tion performance. For fairness performance, we follow ex-
isting work on fair GNNs to use two widely applied evalua-
tions, i.e., Statistical Parity Differences (SPD) (Le Quy et al.
2022) and Equal Opportunity Differences (EOD) (Hardt,
Price, and Srebro 2016). A model is considered better in
fairness when it achieves lower values of SPD and EOD.
Additionally, we introduce the Maximum Individual Un-
fairness (MIU) as a measure of the individual’s unfairness
due to group fairness constraints. This is defined as Max
(U(vi, pos) - U(vi, pos

′)), where pos and pos′ represent an
individual’s position before and after adjustments imposed
by group fairness constraints.

Dataset Methods Accuracy F1-Score SPD EOD MIU

German

GCN 0.65 0.78 0.36 0.31 -
Graph U-net 0.73 0.82 0.26 0.21 -

SAGPool 0.71 0.81 0.18 0.16 -
FairGNN 0.67 0.82 0.09 0.05 0.13
Graphair 0.55 0.81 0.06 0.04 0.21
FairAGG 0.68 0.78 0.06 0.04 0.18

Fair Graph U-net 0.72 0.81 0.05 0.04 0.05

Credit

GCN 0.68 0.83 0.11 0.10 -
Graph U-net 0.76 0.81 0.18 0.15 -

SAGPool 0.69 0.71 0.15 0.12 -
FairGNN 0.68 0.78 0.12 0.10 0.11
Graphair 0.57 0.73 0.08 0.09 0.13
FairAGG 0.65 0.77 0.07 0.06 0.18

Fair Graph U-net 0.75 0.82 0.06 0.06 0.06

Bail

GCN 0.83 0.78 0.09 0.04 -
Graph U-net 0.81 0.77 0.16 0.17 -

SAGPool 0.82 0.75 0.14 0.13 -
FairGNN 0.81 0.77 0.07 0.05 0.08
Graphair 0.68 0.76 0.05 0.05 0.15
FairAGG 0.75 0.74 0.06 0.04 0.12

Fair Graph U-net 0.81 0.76 0.04 0.02 0.03

Table 1: Predictive and fairness performance for Fair Graph
U-net and baselines across three datasets (the darker cells
show the top rank and the lighter cells show the second
rank).

Experiment Results
Performance Comparison. We compare the performance
of Fair Graph U-net with six baselines on the three datasets.
To ensure a fair comparison, we select the optimal hyperpa-
rameter configurations for all methods based on their vali-
dation set performance. Note that GCN, Graph U-net, and
SAGPool do not incorporate group fairness constraints, ren-
dering their MIU scores inapplicable. Each experiment is re-
peated 10 times, and the average performance is reported,
with the results presented in Table 1. As one can see, Fair
Graph U-net outperforms all baseline methods across most
evaluation metrics. Specifically, Fair Graph U-net demon-
strates superior fairness performance (i.e., SPD, EOD, and
MIU) as evidenced by the significant margin overall base-
line methods across all datasets. This superior performance
in fairness can be primarily attributed to two reasons: i)
Fair Graph U-net effectively reduces the overcorrelation
with sensitive attributes in new graph representations by
balancing the representation of different subgroups during
the graph pooling process, and ii) it minimizes the influ-
ence of structural biases in subgraphs and edge augmen-
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tations, thereby reducing their impact on prediction out-
comes. In addition to its fairness advantages, Fair Graph U-
net also demonstrates exceptional utility performance, sur-
passing other methods in most cases. This indicates that Fair
Graph U-net not only addresses fairness concerns effectively
but also excels in capturing the underlying latent factors of
data, which enhances the model’s predictive performance.

Datasets German Credit Bail German Credit Bail
Fairness Metrics SPD MIU
Fair Graph U-net-G 0.03 0.07 0.03 0.11 0.13 0.06
Fair Graph U-net 0.05 0.06 0.04 0.05 0.06 0.03
Utility Metrics Accuracy F1-score
Fair Graph U-net-G 0.69 0.72 0.78 0.79 0.79 0.73
Fair Graph U-net 0.72 0.74 0.81 0.81 0.82 0.76

Table 2: Ablation study results for Fair Graph U-net and Fair
Graph U-net-G.

Individual Fairness Enhancement. To evaluate the effec-
tiveness of our balanced individual and group fairness strat-
egy, we compared it with strategies focused only on group
fairness. For this comparison, we introduced a variant of
our model, Fair Graph U-net-G, which emphasizes only
group fairness by ensuring an equal representation of dif-
ferent subgroups among the top q individuals. As shown in
Table 2, Fair Graph U-net-G, which lacks the individual fair-
ness component, exhibited a notable reduction in individual
fairness results compared to the original Fair Graph U-net
model. Additionally, there was a slight decline in overall per-
formance. This decline underscores the limitations of focus-
ing solely on group fairness: it may inadvertently reduce the
diversity of samples in the reduced graph, thereby diminish-
ing the model’s generalization capabilities.

Figure 3: Ablation study results for Fair Graph U-net, Fair
Graph U-net-Fix, and Fair Graph U-net-A.

Ablation Study. We conduct ablation studies to dissect the
contributions of each component within Fair Graph U-net
on improving fairness. Specifically, we evaluate Fair Graph
U-net without the fair adaptive subgraph identifying module
and without the fair edge augmentation module, denoted as
Fair Graph U-net-Fix and Fair Graph U-net-A, respectively.

Figure 3 presents the results of these studies. Compared to
the full Fair Graph U-net, Fair Graph U-net-Fix exhibits re-
duced fairness and performance. This is attributed to its ap-
proach of statically determining subgraphs based on a fixed
2-hop distance from each node. This strategy overlooks po-
tentially significant neighbors and exacerbates discrepancies
in group representation within subgraphs, leading to a down-
grade of the training quality of the model.

Figure 4: Exploring hyperparameters study results in the
Credit dataset.

On the other hand, Fair Graph U-net-A employs a
straightforward strategy of linking each node to its neighbors
within a 2-hop radius without considering fairness, leading
to diminished fairness and performance relative to the com-
plete Fair Graph U-net model. The decrease observed with
Fair Graph U-net-A underscores the vital role of the fair
edge augmentation module in mitigating biases associated
with the graph’s structure. This module’s absence in Fair
Graph U-net-A results in an overassociation of the reduced
graph with sensitive attributes, highlighting the importance
of this component in balancing fairness and performance ef-
fectively.
Parameters Sensitivity. We explore the sensitivity of Fair
Graph U-net with respect to two key hyperparameters: β,
which is tuned to optimize relevant score fairness, and γ,
aimed at enhancing graph structure. We assess the impact of
these hyperparameters on the model’s performance and fair-
ness by conducting experiments where β and γ are varied
across the set {1e−3, 1e−2, 1e−1, 1e0, 1e1, 1e2, 1e3}. Using
the Credit dataset as a case study, the outcomes are de-
picted in Figure 4. The results indicate a clear trend: in-
creases in β and γ generally lead to a decline in Fair Graph
U-net’s performance metrics. Specifically, a higher β im-
proves the model’s capability to achieve group fairness by
giving greater emphasis to samples from underrepresented
subgroups. Meanwhile, an elevated γ enhances the model’s
effectiveness in counteracting graph structure bias, thereby
elevating the overall fairness.

Conclusion
This paper introduces Fair Graph U-net, a novel approach
that extends the powerful generalization capability of convo-
lutional pooling to graphs while addressing its inherent bias
toward fair GNNs. Additionally, this paper takes one step
further to innovatively navigate the nuances associated with
group and individual graph fairness, unifying these two sep-
arate yet interconnected objectives in existing works. Exten-
sive experimentation with real-world datasets demonstrates
the superior capability of the proposed framework.

28491



Acknowledgements
This work was supported in part by the National Science
Foundation (NSF) under Grant No. 2245895.

References
Agarwal, C.; Lakkaraju, H.; and Zitnik, M. 2021. Towards a
unified framework for fair and stable graph representation
learning. In Uncertainty in Artificial Intelligence, 2114–
2124. PMLR.
Asuncion, A.; and Newman, D. 2007. UCI machine learning
repository.
Bao, J.; He, T.; Ruan, S.; Li, Y.; and Zheng, Y. 2017. Plan-
ning bike lanes based on sharing-bikes’ trajectories. In Pro-
ceedings of the 23rd ACM SIGKDD international confer-
ence on knowledge discovery and data mining, 1377–1386.
Cho, D.-Y.; Kim, Y.-A.; and Przytycka, T. M. 2012. Chapter
5: Network biology approach to complex diseases. PLoS
computational biology, 8(12): e1002820.
Chu, Z.; Wang, Z.; and Zhang, W. 2024. Fairness in Large
Language Models: A Taxonomic Survey. ACM SIGKDD
Explorations Newsletter, 2024, 34–48.
Dai, E.; and Wang, S. 2021. Say no to the discrimination:
Learning fair graph neural networks with limited sensitive
attribute information. In Proceedings of the 14th ACM Inter-
national Conference on Web Search and Data Mining, 680–
688.
Dai, E.; Zhao, T.; Zhu, H.; Xu, J.; Guo, Z.; Liu, H.; Tang, J.;
and Wang, S. 2022. A comprehensive survey on trustwor-
thy graph neural networks: Privacy, robustness, fairness, and
explainability. arXiv preprint arXiv:2204.08570.
Dong, Y.; Ma, J.; Wang, S.; Chen, C.; and Li, J. 2023. Fair-
ness in graph mining: A survey. IEEE Transactions on
Knowledge and Data Engineering.
Duvenaud, D. K.; Maclaurin, D.; Iparraguirre, J.; Bombarell,
R.; Hirzel, T.; Aspuru-Guzik, A.; and Adams, R. P. 2015.
Convolutional networks on graphs for learning molecular
fingerprints. Advances in neural information processing sys-
tems, 28.
Gao, H.; and Ji, S. 2019. Graph u-nets. In international
conference on machine learning, 2083–2092. PMLR.
Grötschel, M.; Lovász, L.; and Schrijver, A. 1981. The el-
lipsoid method and its consequences in combinatorial opti-
mization. Combinatorica, 1: 169–197.
Hamilton, W.; Ying, Z.; and Leskovec, J. 2017. Inductive
representation learning on large graphs. Advances in neural
information processing systems, 30.
Hamilton, W. L. 2020. Graph representation learning. Mor-
gan & Claypool Publishers.
Hardt, M.; Price, E.; and Srebro, N. 2016. Equality of op-
portunity in supervised learning. Advances in neural infor-
mation processing systems, 29.
Jeh, G.; and Widom, J. 2003. Scaling personalized web
search. In Proceedings of the 12th international conference
on World Wide Web, 271–279.

Jiang, Z.; Han, X.; Fan, C.; Liu, Z.; Zou, N.; Mostafavi, A.;
and Hu, X. 2022. Fmp: Toward fair graph message passing
against topology bias. arXiv preprint arXiv:2202.04187.
Jiao, Y.; Xiong, Y.; Zhang, J.; Zhang, Y.; Zhang, T.; and Zhu,
Y. 2020. Sub-graph contrast for scalable self-supervised
graph representation learning. In 2020 IEEE international
conference on data mining (ICDM), 222–231. IEEE.
Kang, J.; He, J.; Maciejewski, R.; and Tong, H. 2020. In-
form: Individual fairness on graph mining. In Proceedings of
the 26th ACM SIGKDD international conference on knowl-
edge discovery & data mining, 379–389.
Kipf, T. N.; and Welling, M. 2016. Semi-supervised classi-
fication with graph convolutional networks. arXiv preprint
arXiv:1609.02907.
Kleindessner, M.; Samadi, S.; Awasthi, P.; and Morgenstern,
J. 2019. Guarantees for spectral clustering with fairness con-
straints. In International Conference on Machine Learning,
3458–3467. PMLR.
Le Quy, T.; Roy, A.; Iosifidis, V.; Zhang, W.; and Ntoutsi,
E. 2022. A survey on datasets for fairness-aware machine
learning. Wiley Interdisciplinary Reviews: Data Mining and
Knowledge Discovery, 12(3): e1452.
Lee, J.; Lee, I.; and Kang, J. 2019. Self-attention graph pool-
ing. In International conference on machine learning, 3734–
3743. PMLR.
Ling, H.; Jiang, Z.; Luo, Y.; Ji, S.; and Zou, N. 2023. Learn-
ing fair graph representations via automated data augmenta-
tions. In International Conference on Learning Representa-
tions (ICLR).
Liu, C.; Zhan, Y.; Wu, J.; Li, C.; Du, B.; Hu, W.; Liu,
T.; and Tao, D. 2022. Graph pooling for graph neural
networks: Progress, challenges, and opportunities. arXiv
preprint arXiv:2204.07321.
Ma, J.; Guo, R.; Wan, M.; Yang, L.; Zhang, A.; and Li, J.
2022. Learning fair node representations with graph coun-
terfactual fairness. In Proceedings of the Fifteenth ACM
International Conference on Web Search and Data Mining,
695–703.
Mehrabi, N.; Morstatter, F.; Saxena, N.; Lerman, K.; and
Galstyan, A. 2021. A survey on bias and fairness in machine
learning. ACM computing surveys (CSUR), 54(6): 1–35.
Pan, S.; Wu, J.; Zhu, X.; and Zhang, C. 2014. Graph ensem-
ble boosting for imbalanced noisy graph stream classifica-
tion. IEEE transactions on cybernetics, 45(5): 954–968.
Rahman, T.; Surma, B.; Backes, M.; and Zhang, Y. 2019.
Fairwalk: Towards fair graph embedding.
Rawls, A. 1971. Theories of social justice.
Rossi, R. A.; Zhou, R.; and Ahmed, N. K. 2017. Estimation
of graphlet statistics. arXiv preprint arXiv:1701.01772.
Sui, Y.; Wang, X.; Wu, J.; Lin, M.; He, X.; and Chua, T.-
S. 2022. Causal attention for interpretable and generaliz-
able graph classification. In Proceedings of the 28th ACM
SIGKDD Conference on Knowledge Discovery and Data
Mining, 1696–1705.

28492
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