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Abstract—Graph classification, aiming at learning the graph-
level representations for effective class assignments, has received
outstanding achievements, which heavily relies on high-quality
datasets that have balanced class distribution. In fact, most real-
world graph data naturally presents a long-tailed form, where the
head classes occupy much more samples than the tail classes, it thus
is essential to study the graph-level classification over long-tailed
data while still remaining largely unexplored. However, most exist-
ing long-tailed learning methods in visions fail to jointly optimize
the representation learning and classifier training, as well as neglect
the mining of the hard-to-classify classes. Directly applying existing
methods to graphs may lead to sub-optimal performance, since the
model trained on graphs would be more sensitive to the long-tailed
distribution due to the complex topological characteristics. Hence,
in this paper, we propose a novel long-tailed graph-level classifica-
tion framework via Collaborative Multi-expert Learning (CoMe) to
tackle the problem. To equilibrate the contributions of head and tail
classes, we first develop balanced contrastive learning from the view
of representation learning, and then design an individual-expert
classifier training based on hard class mining. In addition, we ex-
ecute gated fusion and disentangled knowledge distillation among
the multiple experts to promote the collaboration in a multi-expert
framework. Comprehensive experiments are performed on seven
widely-used benchmark datasets to demonstrate the superiority of
our method CoMe over state-of-the-art baselines.

Index Terms—Balanced contrastive learning, class-imbalanced
learning, hard class extraction, multi-expert learning.

1. INTRODUCTION

RAPH-STRUCTURED data [1], [2], [3] is ubiquitous in
G a variety of domains, such as social networks, protein-
protein interaction networks, and citation networks. Graph clas-
sification [4], [5], [6], [7], as one of the most fundamental tasks
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in data mining for graphs, has attracted significant attention.
It attempts to predict the class label and the property of each
graph in a dataset. Promising applications include property
prediction for quantum mechanics [8] and functional assessment
of chemical compounds [9].

Graph neural networks (GNNs) [1], [2], [10], [11] have be-
come one of the most prominent approaches in graph repre-
sentation learning and achieved remarkable progress for graph
classification. The key idea of GNNS is to iteratively propagate
and aggregate the information from the neighbors of each node
in a graph for generating node-level representations [12]. Af-
terward, a readout function [13], [14] integrates all of the node
representations into a graph-level representation, which is then
fed into a classifier to predict the graph label. Hence, the learned
graph-level representation can incorporate the characteristics of
the topological structure and reveal the whole semantic informa-
tion of the graph, which works well for the downstream graph
classification task. In spite of this, the huge success of GNNs is
typically built on high-quality datasets of having a roughly bal-
anced distribution. Nevertheless, real-world datasets commonly
exhibit long-tailed class distributions, where a large portion of
tail classes occupy a limited number of data whereas few head
classes have most of the data. For example, in the Cora citation
network, the proportion of the instances in head class Neural
Network is about 26.8%, while those in the tail classes Rule
Learning and Reinforcement Learning are only about 7.9% and
4.8% respectively. In such scenarios, directly adopting GNNs
on long-tailed graph datasets may lead to notorious prediction
bias and significant performance degradation, since the model is
prone to being dominated by the head class while attention to tail
classes is easily overlooked. Consequently, the high-frequency
head classes may achieve impressive predictive performance,
while the low-resource tail classes receive unsatisfactory ac-
curacy, thereby hindering the strength of GNNs learned from
long-tailed graph data.

To tackle the problem caused by long-tailed data distribu-
tion, existing studies have proposed lots of methods [15], [16],
[171, [18], [19], [20] in computer vision, which fall into three
categories: re-sampling, re-weighting, and ensemble learning.
The re-sampling strategy [15], [21] aims to balance the data
distribution in the head and tail classes, including over- and
under-sampling. Over-sampling replicates existing samples in
the tail classes, whereas under-sampling discards some sam-
ples from the head classes to reduce the imbalance. However,
re-sampling can lead to over-fitting or under-fitting problems,
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since improper re-sampling may excessively utilize the minority
samples or abandon useful information in the majority samples.
The re-weighting strategy [22], [23] modifies the weights of
the losses from different classes to make the long-tailed data
contribute properly to training. But plain re-weighting strategy
could benefit classifier learning while hurting representation
learning, because it may under-represent the head classes and
cause unstable training [24], [25]. Different from the formers,
ensemble learning [18], [26] combines multiple expert networks
from a complementary perspective to obtain reliable and robust
predictions, whose works have achieved satisfactory progress.
Nevertheless, most current ensemble learning methods lack mu-
tual supervision among different experts and knowledge transfer
is also deficient.

Despite the wealth of the researches in visions, however, to the
best of our knowledge, the long-tailed graph-level classification
is yet rarely explored. Thus, it is essential to pay insight into
the task for meeting the demand of the practical applications.
When dealing with long-tailed graphs, because of the complex
topology structure and the ubiquitous over-smoothing issue
caused by the message passing in GNN-based encoder [27], the
classification model trained on graphs would be more sensitive
to the long-tailed class distribution and it thus is necessary to
improve all the components of the model that can be affected by
the long-tailed distribution, such as the representation learning
and classifier training. Nevertheless, due to the shortcomings of
the existing methods in visions discussed above, directly apply-
ing them to the long-tailed graph data cannot solve such prob-
lems roundly and effectively, which may result in sub-optimal
performance. Moreover, many existing methods focus on the
training of the hard samples by re-sampling or re-weighting
while ensemble learning lays emphasis on aggregating differ-
ent perspectives by multiple experts for more comprehensive
data exploration. These strategies overlook the selection of the
hard-to-classify classes, which leads to many samples being
indistinguishable from the non-target classes (i.e., hard classes)
but still having high confidence. Instead, the selection of the
hard classes for all samples is actually a more refined and
comprehensive way to distinguish samples that are difficult to
classify accurately and acquire higher classification accuracy.
Hence, it is highly desirable to proposed a novel method to
jointly optimize representation learning and classifier learn-
ing as well as effectively capture hard classes for long-tailed
graphs.

To address these issues, based on Collaborative Multi-expert
Learning, we propose a novel framework named CoMe for long-
tailed graph classification. The key idea of CoMe is to propose
tailored balanced contrastive learning along with individual-
expert classifier training to jointly optimize the representation
learning and classifier learning, and then fuse and distill the
multiple expert networks from both global and local views
for stronger collaboration capability. Specifically, CoMe first
introduces tailored balanced contrastive learning to alleviate the
class imbalance for representation learning, which can effec-
tively balance the contributions of the head and tail classes on
the contrastive loss. Then, we propose the balanced predicted
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probability in the classifier learning for each expert from both
global and local perspectives to alleviate the influence of the
sample sizes in different classes on embedded representations
and enhance the hard class mining. Moreover, to fully benefit
from multi-expert/ensemble learning, we fuse different expert
models by gating functions to increase the diversity of the
whole training network and meanwhile, we perform knowledge
distillation among experts in a disentangled manner to encourage
them learn extra knowledge from others and decouple the effects
of the predictions for the target class and non-target classes.
Comprehensive experiments are conducted to show that the
proposed method can greatly improve the performance of the
long-tailed graph classification compared with existing state-of-
the-art methods over multiple benchmark datasets. Moreover,
the combination of tailored representation learning and clas-
sifier training is highly effective for dealing with imbalanced
settings. To summarize, the main contributions of our work are as
follows:
® This paper studies long-tailed graph-level classification un-
der the multi-expert learning framework, which jointly op-
timizes the representation learning and classifier training,
and explores the organic fusion and effective cooperation
among expert networks.
® We propose a framework to balance the contributions of
the head and tail classes on both representation learning
and classifier learning. We explicitly capture the hard-to-
classify classes for all samples and equip the multi-expert
learning with gated fusion and disentangled knowledge
distillation to enhance the long-tailed learning.
® Extensive experiments are performed on various com-
monly used datasets to validate the superiority of the
proposed approach against existing state-of-the-art models.

II. RELATED WORK

In this section, we briefly review the related works in three
aspects, namely graph-level classification, long-tailed learning,
and contrastive learning.

A. Graph-Level Classification

Graph-level classification is one of the most critical problems
in the graph domain, which aims at predicting the class label
of the entire graph. Existing algorithms for graph classification
can be broadly categorized into graph kernel-based methods and
GNN-based methods. The core of classic graph kernels is to
decompose each graph into substructures (e.g., graphlets [28],
subtrees [29], or shortest paths [30]) to measure the similarity
between two graphs. Recent works have focused on designing
expressive GNNs [1], [10], [11], [31] and achieved remarkable
success. The key idea of GNNs [1], [2], [10], [32], [33] is to
iteratively update the node feature according to its neighbor
nodes with pooling methods [13], [14] to integrate all node
representations and characterize meaningful representation of
the whole graph. Our paper goes further and explores a challeng-
ing and under-explored scenario, i.e., long-tailed graph-level
classification.
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B. Long-Tailed Learning

Long-tailed learning aims to alleviate the impact of class
imbalance on model training, and there are currently three main
strategies to address this practical problem: re-sampling [15],
[16], [34], [35], [36], [37], re-weighting [22], [38], [39], [40],
[41], and ensemble learning [18], [26], [42], [43], [44]. For the
re-sampling group, SMOTE [15] aims to rebalance the data
distribution by generating new samples and performing inter-
polation in the tail classes, which belongs to an over-sampling
approach. GraphSMOTE [35] extends SMOTE to the graph
domain by encoding and synthesizing new samples based on
the similarity between nodes, and training an edge generator
to model relationship information. For the re-weighting group,
LDAM [22] proposes a label-distribution-aware margin loss
inspired by minimizing a margin-based generalization bound.
DisAlign [39] develops an adaptive calibration function that
enables the adjustment of classification scores for individual
data points. As for ensemble learning, RIDE [18] designs an
effective strategy to reduce model variance and bias as well
as mitigate computational costs via dynamic expert routing.
LFME [42] aggregates knowledge from multiple experts and
proposes a knowledge distillation framework to learn a unified
student model. Our work inherits the advantages of ensemble
learning and is dedicated to organic cooperation and supervision
among experts to promote effective long-tailed learning.

C. Contrastive Learning

Contrastive learning (CL) learns the common and discrimina-
tive attributes by a contrasting principle among the positive and
negative pairs. Many approaches have been proposed with com-
petitive performance [45], [46], [47], [48], [49]. SimCLR [45]
combines the data augmentations and a learnable nonlinear
transformation in CL to learn the representations. MoCo [46]
builds a dynamic dictionary with a queue and a moving-
averaged encoder to facilitate contrastive self-supervised learn-
ing. SupCon [48] extends the contrastive approach to the fully-
supervised setting, which allows for effective leverage of the
label information. MoCov2 [47] improves MoCo by using a
multi-layer perceptron (MLP) projection head and more data
augmentations to ease the burden on the batch size in training.
SACC [50] incorporates strong and weak augmentations into
instance- and cluster-level CL for deep clustering. Moreover,
there are many recent methods extending CL to graph do-
mains [51], [52], [53], [54], [55], [56], [57]. GraphCL [51]
designs four types of graph augmentations to incorporate various
priors for effective CL. CGCN [52] proposes a semi-supervised
contrastive loss to maximize the homogeneity of the original
topology graph and the self-adaptive one. For long-tailed graph
classification, our paper focuses on designing tailored super-
vised contrastive learning that balances the head and tail classes
to learn effective graph-level representations.

III. PRELIMINARIES

In this section, we first briefly present the basic notations and
formal terminologies for the long-tailed graph dataset. Then, we
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provide the problem definition for the long-tailed graph-level
classification task and give an introduction to the GNN-based
classifier.

Notations: Given a graph dataset G = {G,y;}Y, with M
classes, where G is the i-th graph and y; € {1,..., M} is the
ground-truth class label of G;. Let N; denote the number of
graphs in the j-th class and assume that Ny > Ny > --- > Ny
without loss of generality. The imbalance factor (IF) of the
dataset is defined as N;/Nj; to measure the extent of class
imbalance. Let p(G|y) be the probability density function of
graph G conditioned on the class y. A dataset is long-tailed if
the following relationships hold:

{fp(Gly =j)dG > [p(Gly = j")dG, Vj <j",
lim; . [ p(Gly = j)dG =0,

where j',7” € {1,..., M} are indices of class labels. Equa-
tion (1) indicates that for any given class index j' < j”, the
number of samples in the j'-th class is larger than the number
of samples in the j”-th class. In other words, the above formula
reflects that the class size successively decays with the class
index increasing and the probability finally approaches zero in
the last few classes. Under the long-tailed setting in (1), the
classes can be divided into head, medium, and tail classes based
on different numbers of graphs. The number of graphs in head
classes is far more than that of tail classes.

Problem Definition: The target of long-tailed graph-level clas-
sification is to train an unbiased classification model based on
the long-tailed graph dataset. The model needs to learn effective
and discriminative representations for all the graphs, such that it
is not overwhelmed by the abundant head classes and is able to
correctly classify the graphs in all classes. Further, the trained
classifier should have a powerful generalization ability on a
balanced test dataset.

GNN-based Classifier: To obtain effective probability as-
signments on the classes for each graph, GNN is the most
popular strategy in graph representation learning. We begin with
leveraging GNN as the encoder to acquire the whole graph
representation, which reasonably captures the node attribute
and structure information. Specifically, the propagation rule in
a layer of GNN is

! ! !
) = ¢ (B0, AD (00 hoexie).

ey

where hg) is the learned representation of node v in Graph
G at the [-th layer, A'(v) is the neighbors of node v, Cél)

and Ag ) are the combination and aggregation functions at the
l-th layer, respectively. Based on the node-level representations
obtained by a L-layer GNN, a pooling operation READOUT
is performed to merge them into a graph-level representation of
graph G, which is formulated as

h = READOUT({b'" : v/ € V}), )

where V' is the node set of graph G. Then, the graph representa-
tion of fusing attributive and topological information can be used
for graph-level classification, where the representation is fed into
a classifier, such as a multi-layer perceptron (MLP) followed
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15

Framework overview of the proposed CoMe. Balanced contrastive learning and classifier learning from both global and local views are performed to

jointly guide the individual-expert training. Then the experts are integrated by gated multi-expert fusion and disentangled inter-expert knowledge distillation for

long-tailed graph classification.

by a softmax function, to derive the probability assignment of
graph G.

However, direct employment of the GNN-based classifier on
a long-tailed dataset easily results in prediction bias, since the
model may be dominated by the high-frequency head classes.
Hence, ensuring the high accuracy of the GNN-based classifier
for both head and tail classes is what we focus on.

IV. THE PROPOSED METHOD

In this section, we introduce our proposed framework named
CoMe, which explores the challenging long-tailed graph clas-
sification in the context of multi-expert learning. Our CoMe
mainly contains four modules, i.e., balanced contrastive learn-
ing of individual expert, individual-expert classifier learning,
multi-expert fusion module, and inter-expert distillation module.
Fig. 1 presents the framework overview of the proposed method.
In the following, we show the four parts of our framework CoMe
in detail.

A. Balanced Contrastive Learning of Individual Expert

The high performance of collaborative multi-expert learning
is based on the fact that each expert network has excellent
learning ability. Thus, we first discuss the representation learning
of the individual expert. To accommodate the long-tailed dataset,
we propose a tailored balanced contrastive learning (BCL) to
generate discriminative representations for each expert, which
can facilitate a balance between the contributions of head and tail
classes and alleviate the problem caused by insufficient samples
in the tail classes.

Contrastive learning [45] is a self-supervised learning that ex-
tracts meaningful representations by maximizing the similarity

of positive pairs and minimizing the correlation of negative pairs
based on two augmented view of the data. To achieve this, data
augmentation plays a vital role in contrastive learning to enrich
the dataset and acquire the positive/negative pairs. To increase
the diversity of the experts, we leverage different graph aug-
mentation strategies in different expert networks. Specifically,
we consider four strategies following [51]:

o Attribute Masking: We randomly mask a few entries of the
node attributes in the graph. This strategy slightly disturbs
the node features, which would not essentially change the
semantic information.

® Node Dropping: We randomly delete a certain portion
of nodes in each graph along with the connected edges
removed, the probability of a node being removed follows
a uniform distribution.

e FEdge Perturbation: We randomly add or delete several
edges from each graph. It is premised on the assumption
that the semantic information is resistant to variations in
edge connection patterns.

e Subgraph: We utilize the random walk algorithm to sample
asubgraph from the original graph with the assumption that
the main semantics can be preserved in the local structure
to some extent.

Assume that a total of K experts are employed and in the
k-th expert model, we obtain two augmented datasets {GF, G5}
through different augmentations on the original N graphs, where
the subscripts (i.e., @ = 1, 2) denote the a-th augmented view.
The graphs in G and G5 are fed into the shared GNN encoder
to learn the graph-level representations as (2), which are de-
noted by HY = {h™", ..., h}\}k} and HY = {h2* .., hi}k},
respectively. As the traditional contrastive learning [45], the
learned representations are then mapped into a shared space
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by an MLP to compute the contrastive loss, where the mapped
embeddings are denoted by Z¥ = {z;", ... zy"} and Z =
{z2*, ... ,z?\}k}, respectively. To balance the contributions
of the head and tail classes in contrastive learning without
sacrificing the accuracies of the head classes, we introduce
the trainable anchors F(k) = {e¥,... ek} as learnable class
representations. Specifically, we define the balanced contrastive
loss for the i-th graph and the k-th expert as

ck=
exp(zy - T hg’k T
_ Z ’LU(Z+) log ( + ( )/ )17k ’
7z €P(i)Uek EzjeA(i)uE(k) exp(z; - T(h;")/7)
(3)
with

Ai) = {z; € ZY U Z5}\2; ",
P(i) ={z; € A(i) 1 y; = i},

1,k .
z-T(hi’k) _JzE z € A(i),
z-h"  zeE®F),

a, zy € P(i),

_ ok
L, zy=ey,

wiz) = {
where T is the temperature hyper-parameter, w(z.. ) is the weight
function, y; is the true label of the i-th graph, and « € [0, 1]
is a weight parameter. The set A(¢) contains all the graph
representations from the k-th expert except the representation
zi’k for the ¢-th graph from the first augmented view, and the
set P(i) includes the representations of the graphs that belong
to class y; in A(7).
Next, we theoretically illustrate the usefulness of the defined
loss CF for representation learning on long-tailed data. Denote

W; as the cardinality of P(i), P(i) = {z{,z3 ...z}, }.pf =
.k K
exp(zf - T(h;")/7) /3, cawumm) Pz - T(h;*)/7) for
1,k
q=1,2,...,W;, pf = exp(e}, - T(h; )T 20, eatioE®m)
exp(z; - T(h;™)/7),and p* = p] + - +pf, +pd €[0,1].
Then the balanced contrastive loss in (3) can be rewritten as

CF = —a(logp{ + -+ +logpiy,) — logpg.

To achieve the minimum of C¥, according to the Lagrange
multiplier method [58], the Lagrange equation is formed as

F = —a(logp, +~~+logp§,i) —logpt
+ 1 + - 4oy, +pd 1),

where A is the Lagrange multiplier. We take the first-order
derivatives of F" with respect to A, ', pd and set the derivatives
equal to 0, which are formulated as

oF

— =pl +-+pfy +pd —pt =0,
OA @

or Lo azo

—_— = = = 5

opy pe
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oF 1
o ia=0.
dpd pe

By jointly solving the above equations, we obtain that p;~ =
apt/(aW; + 1) and pF = p*/(aW; + 1). Hence, if p™ =1,
CF achieves its minimum with

exp(zs - T(h!*)/7) _ 1
Nz W
D z,c AG)UE (k) €XP(Z; - T(h;*)/r)  Wit1/a
satisfied for any z € P(i), which is the probability that two
graphs in the same class are a positive pair.

As for the original supervised contrastive loss (SupCon)
in [48], which is defined as

Ch=— Z log

z P (i)

exp(z - T(h;j"*)/7) .
>z A €xXP(Z; - T(h;"*)/7)

It can be similarly obtained that when CF reaches its minimum,
for any z, € P(i), we have

exp(zy - T(h)")/7) 1
Tk = “
> eag exp(zy - T(hy")/m) Wi

We can observe in (4) thata larger W yields a smaller probability
that two graphs in the same class are a positive pair, which
causes a greater contribution from the negative log of (4) to
CF. Tt implies that when the training in SupCon converges,
the high-frequency head classes have a greater impact on the
loss than the low-resource tail classes since the samples in
head classes possess larger W; (= 2N,, — 1), which inevitably
inhibits the performance of the tail classes.

Let W}, and W, be the cardinalities of P (i) and P(i,), where
i, and ¢, are the head- and tail-class graphs, respectively. By
introducing the class anchors E(k) and the weight w(z4 ) in
(3), our BCL reduces the difference of the probabilities that
two graphs are a positive pair in the head and tail classes from
1/Wy —1/Wyto 1/ (W + 1/a) — 1/ (W), + 1/a). When « is
smaller, the difference could be smaller, which balances the
contributions of the head and tail classes to the loss in (3).
In addition, with the decrease of «, the weight of the contrast
between the graph and the corresponding class representation
in (3) would be higher, which improves the contrast intensity
between them, thereby bearing the ability to push graphs in
the same class close to each other and implicitly benefits hard
class learning. Hence, the proposed balanced contrastive loss
enhances the performance of the learned representation over
long-tailed graph data.

B. Individual-Expert Classifier Learning

Based on the learned embedding H” from the original graphs
in the aforementioned balanced contrastive learning, we feed it
into a classifier network such as an MLP, to obtain the logit vec-
tors O% = {of, ..., ok }. Then we use the softmax-like function
to derive the predicted probability assignment for each graph
sample. If the naive softmax function is adopted, for the i-th
graph and the k-th expert, the predicted probability of assigning
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to the j-th class is defined as

ko eXp(Oﬁj)

E= e, 5)
P T exp(of )

where of ; is the j-theentry in the logit vector o. Apparently, the
naive softmax function cannot mitigate the impact of the long-
tailed distribution on the classifier, which inevitably leads to the
learned classification model dominated by the high-frequency
head classes. It implies that the learned logits from the classifier
implicitly incorporate the effects of the sample sizes for different
classes, which is not beneficial to the testing graph whose
ground-truth label belongs to the tail class. Hence, we need to
eliminate the effects of the sample sizes for different classes on
the logits, which can indirectly equilibrate their impacts on the
trained classifier.

To this end, we leverage the idea of Bayesian inference and
incorporate class frequency into the predicted probability by
treating it as the prior information. Specifically, we propose the
balanced predicted probability as follows,

k . .
: . px =07y =7)ply =7
pr;=ply=jlx=0f)= ( | — 2@( )
p(x = o7)
N exp(oF
_ — J p( 7,7j) 7 (6)
Zm:l Nm eXp(Oﬁm)

where y is the label of x and [V} is the number of graphs in the j-th
class of the dataset. The probability p(x = of|y = j) is defined
as ﬁﬁj in (5) and p(y = j) = N;/N. When the graph dataset
is completely balanced, i.e., N1 = --- = N}y, the defined pf’ j
naturally degenerates into the vanilla softmax function. Intu-
itively, the incorporation of the prior information p(y = j ) i
pk '; decouples the effects of sample size V; and the logit of on
the prediction result. Moreover, in the testing stage, a common
principle is to conduct softmax operation on the learned logit
vector for the testing sample to acquire the predicted probability.
Thus, accompanied by a supervised loss (e.g., cross entropy)
based upon the true labels and the balanced probabilities defined
in (6), the training process can be well supervised to alleviate
the influence of the sample sizes for different classes on the log-
its, which effectively avoids the prediction performance being
overwhelmed by sufficient head-class samples.

Hard-to-classify Class Mining: Further, under the long-tailed
setting, it is ubiquitous that the predicted class for the sample
in the tail class is not the ground-truth class but with a high
predicted score [59]. Hence, motivated by [60], [61], additional
attention shall be paid to hard class mining (HCM). For the i-th
graph and the k-th expert, we explicitly extract the hard classes
Qf by selecting classes with the top-M,..q largest logits of the
i-th row in OF and the ground-truth class, which is formulated
as

QF = TopHC{j : j # yi} U {yi}. @)
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Then, we define the balanced predicted probability focusing on
the hard classes by integrating QF into (6), which derives

= N; exp(of;j)
! Zmeﬂf Nm eXp(O?,'m)

Equation (8) presents a fine-grained characterization of the
probability assignment among the hard classes. It enables more
targeted and effective supervised classifier learning, which ulti-
mately leads to improved prediction accuracy for tail classes.

Based on the above discussion, to derive the expert network
with strong discrimination ability for graph classification, we
conduct classifier learning for each expert from both global and
local perspectives. From the global view, we resort to p; ; in (6)
to empower the ability of balancing the contributions of head and
tail classes in training, whereas from the local view, we enhance
the hard class learning with the help of p} ; in (8). Formally,
for the i-th graph and the k-th expert, the supervised loss of
individual classifier is defined as

S = —(log(py,) + log(Fi,))-

forany j € Qf ()

C. Multi-Expert Fusion Module

In addition to individual learning for each expert, how to
organically combine the losses from different experts is also
the focus of multi-expert learning since the graphs in different
classes may have heterogeneous interactions with different ex-
pert networks. Here we employ gating functions to control the
fusion process, which can be regarded as learnable weights and
trained along with expert networks. By the law of total proba-
bility, the joint prediction mechanism with multiple experts is
formulated as

K
p(y = 4:|0) = > _ple; = klof)p(y = yile; = k, 0f),
k=1

where of = (of |, ..., 05 )", Ois formed by stacking the logit
vectors of K experts, e; is a latent variable indicating the expert
index for the i-th graph, p(e; = k|o¥) is the gating function
of the k-th expert with S5, p(e; = k|o}) = 1 satisfied, and
p(y = yile; = k,oF) represents the predicted probability of the
k-th expert. For the gating function, we parameterize it as an
input-dependent soft assignment based on the cosine similarity
between the embedded logit of and the trainable gating proto-
type w”, which has the form as

w"/K)

W /r)’

exp(o; k.
E:k 1eXP(

where « is the temperature hyper-parameter. The value p(y =
yile; = k,0F) can be substituted by the balanced predicted
probability pfy or its variant p¥ ;- Hence, with the adoption

ple; = klo}) =

of both p¥ ', and pr ', from global and local views, the fused
supervised loss (FSL) of classifiers can be equipped as

>0t

i=1 k=1

EFSL — klO Sk
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In addition, following an analogous pipeline, we can similarly
fuse the balanced contrastive loss CF in (3) under different
experts, which derives the fused contrastive loss (FCL) as

>3 e

i=1 k=1

L:FCL _ k‘O Ck

Thoroughly, for the N graphs and K experts, the total fusion
loss for multiple experts is defined as

+ n‘CFCL

-3 e

i=1 k=1

EFusion _ £FSL

=klof)(SF+nck), )

where 7 is the pre-defined hyper-parameter to adjust the weight
between SF and C¥. With the adaptive fusion of multiple experts,
the diversity of the whole training network is increased, which
can jointly boost the performance of the graph-level classifica-
tion task on long-tailed data.

D. Inter-Expert Distillation Module

Besides the fusion of the experts, the knowledge distillation
among the experts is also significant to allow each expert net-
work to learn extra signals from others and achieve information
sharing. We employ the Kullback-Leibler (KL) divergence-like
metric to support the inter-expert distillation.

Here we define the balanced predicted probability among the
non-target classes as

= N; exp(of,j)
" Em;&yi Np, eXp(Oﬁm)

We easily have j5} ; = pf; /(1 —pf, ). In the standard KL
divergence, the distance between the probability assignments of
two experts for the ¢-th graph can be formulated as

k k
P}
KL(p||pf) = p},, log (p ’1”) + Y pkjlog <p )

by J#Yi bd

k k

: 1 — ph
k Piy; k Diy,
=piylog| 7 | +(1 —pi,)log | —=—
hd (pg,yi > e I- pg,yi

o
o) S log (p )

yied{l ., My}

J#yi LY
2 KL(bf|[bf) + (1 = pf,, )KL(BF[[B]),  (10)
where pi’c = (pi‘ila s 7pi'€7]y]) s bi = (pi,yi, 1 —pi7yi)T is the

binary probability assignment vector of whether it belongs
to the target class (i.e., the ground-truth class), and f)éc =
(BE1s s BY oy 13 DF i1+ Pl ) | represents the probabil-
ity assignment among the non-target classes. KL(b¥||b?) mea-
sures the similarity of the binary probability assignments of
the target class in different expert networks, while KL(p%||p?)
represents the similarity of the probability assignments among
the non-target classes in different expert networks. The weight
1— piﬁ 4, 18 negatively correlated with the prediction perfor-
mance. Under the long-tailed setting, we can find from (10)
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that due to the natural weight, the high prediction confidence
on the graphs in the head classes would inevitably suppress the
information sharing among the non-target classes between two
experts; whereas, the low prediction confidence on the sam-
ples in the tail classes would spontaneously hinder the mutual
learning of target knowledge between the experts, which further
inhibits the prediction performance of the tail classes under
the framework of collaborative multi-expert learning. Hence,
to better leverage the advantage of multi-expert learning, we
propose a disentangled metric (DKL) for knowledge distillation,
which is defined as

DKL(p{|[pf; A1, B2) = BIKL(b||bf) + BKL(B; ),
where (31, B2 are weight hyper-parameters. With the flexible
weight, DKL effectively avoids mutual inhibition between the
distillations of the target and non-targets to promote high-
performance cooperation.

Moreover, we analogously analyze the KL divergence
KL(p¥||p?) between two different experts’ probability as-
signments that focus on the hard classes with pF =
(BF 1, -, Pf )" and generate a disentangled version denoted
by DKL(p!|[pY; 51, Bs). Based on DKL(pt||p: 1, 32) and
DKL(p¥||p?; 1, B2), we incorporate both the global and local
perspectives as Section I'V-C to further promote the distillation
performance for the long-tailed data. Accordingly, the total
inter-expert distillation loss is defined as

K N
Elntcr _ ZZZ DKL pz \pl,ﬁl,ﬂﬁ

k=1 q#k i=1

+ DKL(p||BY; B1, B2)).- (11)

E. Joint Optimization Module for Graph Classification

Graph classification is essentially a supervised task and we
focus on the long-tailed data in this paper. Toward this end, we
incorporate the multi-expert learning framework to increase the
diversity of the whole network, where individual learning, multi-
expert fusion and inter-expert distillation are discussed to jointly
promote the performance of the long-tailed graph classification
task.

Formally, we unite the multi-expert fusion loss £Fs1°" in
(9) and the inter-expert distillation loss £™** in (11) to jointly
optimize our proposed framework CoMe, where the total loss £
is

L= L:Fusion 4 Gﬁlnter’ (12)
where e is the pre-defined hyper-parameter to adjust the influence
of £Fusion and £t on training.

After converges, we feed each test instance into the network
to obtain the logit vectors {of., }2 | and output the predicted
probability vector ptest by performing the softmax operation on
the averaged logit Otest = Zszl of . /K. The whole process
of our proposed CoMe is summarized in Algorithm 1.
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Algorithm 1: The Pseudo-Code of the Proposed CoMe.

Input: Graph dataset G = {G}, yi}f\il; Class number M
Expert number K'; Maximum iterations 7},

Output: Classification result y;

1: Initialize the parameters in balanced contrastive learning;

2:fort = 1to Ty do

3: Obtain {GF,G5}E | by graph augmentation;

4: Update the embeddings {HY, H%, Z¥, Z51 K | and the
logits {O*}X_| by the GNN-based encoder;

5:  Extract the hard classes 2 in (7) traversing all the
graphs and experts;

6: Calculate the losses £Fus° and £™t" in (9) and (11),
respectively;

7:  Conduct backpropagation and update the whole

network in CoMe by minimizing £ in (12);
: end for
: Obtain the predicted probability pes¢ With the averaged
logit O¢cst ON the test instance;
10: return y;

Nelioe]

F. Computational Complexity Analysis

In training, we adopt the mini-batch stochastic gradient de-
scent to optimize our method. Assume that the batch size is B
and the complexity of producing embeddings and logits from
the GNN-based encoder is O(W). For K experts, we calculate
the balanced contrastive loss in O(Kd(Y.2 | |A(i)| + BM))
time, where A(7) is defined in (3), d is the dimension of the
embeddings and M is the number of classes. The complex-
ity of classifier learning is O(K BM). Moreover, the time
complexities of the multi-expert fusion and inter-expert distil-
lation are O(K (M + B)) and O(KB(M — 1)), respectively.
Hence, the total computational complexity of our approach is
O(KW + KdY.2 | |A(i)| + K BMd).

V. EXPERIMENTS

In this section, we first introduce the experimental settings
which include benchmark datasets, compared baselines, and im-
plementation details of the proposed method. Then we conduct
experiments to validate the effectiveness of CoMe. We aim to
answer the following research questions.

® RQI: Does our proposed CoMe outperform baseline meth-

ods in long-tailed graph classification?

® RQ2:How do different components of CoMe contribute to

the overall classification performance?

® RQ3:How do the hyperparameters in CoMe affect the final

classification performance?

® RQ4:How does disentangled knowledge distillation affect

the classification performance of CoMe?

A. Experimental Setup

Datasets: We evaluate the proposed CoMe against several
baselines on seven publicly accessible datasets from various
fields, including a) social networks: COLLAB [62], b) synthetic:
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Synthie [63], ¢) bioinformatics: ENZYMES [64], and d) com-
puter vision: MNIST [65], Letter-high [66], Letter-low [66],
and COIL-DEL [66]. Among the seven datasets utilized in
the experiments, COLLAB and ENZYMES datasets are nat-
ural graph datasets derived from real-world data, while the
Synthie dataset is a synthetic graph dataset. Additionally, the
visual-world MNIST dataset is represented as graphs by setting
the superpixels as nodes and their spatial relations as edges,
while the Letter-high, Letter-low, and COIL-DEL datasets are
transformed into graph structures by representing the lines in
letters as undirected edges and considering the endpoints of these
lines as nodes, all originating from real-world image datasets.
To ensure that the datasets follow Zipf’s law exactly [67], we
processed the original training sets into standard long-tailed
datasets with different imbalance factors (IFs), while the valida-
tion and test sets remained to be balanced. We choose distinct
IFs for each dataset to ensure the number of training samples
in the tail class with the least samples falls within the range of
2to 4.

Baselines: To demonstrate the efficacy of our proposed
framework, we compare our CoMe with a range of compet-
itive long-tailed learning baselines. Below we give a brief
introduction to nine baseline models, which can be divided
into four main categories, i.e., , data re-balancing, loss re-
weighting, information augmentation, and contrastive learning
based methods. Among the baseline methods considered, Graph
augmentation, G 2 GNN, and GraphCL are specifically designed
for long-tailed learning on graphs, whereas CB loss, LACE
loss, SupCon, and SBCL are adapted from approaches orig-
inally developed for long-tailed classification tasks in visual
world.

e GraphSAGE [10] serves as a basic GNN encoder in our
implementation, where we utilize the mean aggregator to
aggregate feature information. This method is used as the
base encoder for CoMe and other baselines.

® Over-sampling [68] technique often incorporates repeating
samples from tail classes randomly as a means of making
datasets balanced.

e CB loss [38] is a loss re-weighting approach at the class
level. To tackle the training problem for imbalanced data,
CB loss adds class-balanced weighting to the loss function
for class 7 inversely, which is proportional to the effective
number of samples.

® LACE loss [69] is another re-weighting technique that
adjusts the prediction probabilities using the label frequen-
cies, the LACE loss function employs adjustment to the
logits during the model inference phase.

® Graph augmentation [70] is a popular technique in graph
representation learning that enhances model generalization
and generates extra training data. We use over-sampling to
increase training data and select either edge permutation or
node dropping as one of the two fundamental topological
augmentations.

® G2GNN [71] measures the graph kernel-based simi-
larity between different graph samples to construct a
Graph-of-Graph (GoG), which links graphs with their
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TABLE I
OVERALL PERFORMANCE (%) WITH VARIOUS IFS ON SEVEN BENCHMARK DATASETS FOR LONG-TAILED GRAPH CLASSIFICATION

Model COLLAB Synthie ENZYMES MNIST Letter-high Letter-low COIL-DEL

IF=10 IF=20 [IF=15 IF=30 IF=15 [IF=30 IF=50 [IF=100 IF=25 IF=50 [IF=25 [IF=50 [IF=10 IF=20
GraphSAGE 63.07 5333 3474 3025 30.66 25.16  68.67 63.46 51.06  42.16  86.00 8432 3880 31.32
Over-sampling ~ 72.33 7025 3525 3350 3233 2850  64.69 59.78 53.62 4420 8848  86.72 3920  26.96
CB loss 68.78  65.85 3475  30.75 3219 2683  68.85 63.40 5376  45.06  87.46 8544 4172 3234
LACE loss 68.33 6477 3325 3085 31.16 2550 69.72 64.59 4746 3894  87.89 8469 4196  32.18
Augmentation 7285  71.14 3937 3537  32.08 2675  72.18 68.17 4928 4236 8832 8640  38.18  30.80
G?GNN,, 7394  71.89  38.08 2794 3500 29.17 7091 66.73 5891  51.12 8949 8798 3832 2798
G?GNN, 7450 7276  40.19 3753 3583 2950  73.69 70.31 5885 4996  89.84 87.80 39.18 31.06
GraphCL 69.33 6736 4025 3625 36.66 29.83  69.37 65.12 5734 4893  89.28 87.89 42.02  33.19
SupCon 69.25  67.14 4034 3725 37.08 30.67 69.76 64.88 5729 4893  89.12 8736 4293 3420
SBCL 71.63  69.12  42.08 38.19 37.63 3241  75.06 72.12 5773  51.38  90.54 89.03 44.78  37.64
CoMe 76.88 7440 4225 3850 38.00 3350 76.24 72.80 63.42 5412 91.67 90.56 46.56  38.88

The best results are shown in boldface and the second-best results are underlined.

k-nearest neighbors. After constructing the kNN graph,
neighboring graph representations are aggregated to-
gether via the GoG propagation on the established kNN
graph.

e GraphCL [51] proposes four distinct strategies to augment
input graphs and learn graph-level representations, which
aims to maximize the mutual information between the
original graph and its augmented variants.

e SupCon [48] is an extended version of the contrastive loss,
which leverages label information effectively. SupCon al-
lows more than one view to be positive so that views of the
same label can be attracted to each other in the embedding
space.

e SBCL [72] tackles the limitations of contrastive learning
by clustering each head class into multiple subclasses of
comparable sizes to the tail classes, thereby achieving sub-
class balance and learning more balanced representation
space for long-tailed data.

Implementation Details: In all experiments, we used Graph-
SAGE [10] as the GNN backbone encoder, with a two-layer
MLP classifier. To optimize all models, we utilized the Adam
optimizer with a fixed learning rate of 0.0001 and a batch size
of 32. For our proposed CoMe, we set the expert number K
to 3 to balance performance and efficiency. We also set the
temperature hyper-parameter 7 and the contrast weight « for the
BCL module to 0.2 and 0.05, respectively. For joint training, we
set the contrast weight 7 to 1.0 and the inter-expert distillation
weight e to 0.6. Moreover, we tuned the hyper-parameters of
HCM number M),,q, and the DKL hyper-parameters 3; and
(B2 for each dataset. All baseline models are implemented in
PyTorch using the open-sourced code provided by the original
paper. The top-1 average accuracy of 10 run times is employed
for evaluation.

B. Overall Comparison (RQI)

In this section, we evaluate the performance of CoMe on
long-tailed graph classification and compare it with various
baseline methods. Table I presents the experimental results on

seven benchmarks with different IFs. Based on the quantitative
results, the following observations can be made:

® Based on the classification accuracies on all seven datasets,
we observed a sharp decrease in the performance of all
methods as the long-tailedness between head and tail
classes increases. This indicates that GNNs are highly
susceptible to long-tailed distribution and degrade severely
in such long-tailed settings.

e For all four types of baseline methods, information aug-
mentation and contrastive learning approaches mainly
focus on learning better representations, while loss re-
balancing methods aim to balance the classifier during
training. From the results, it can be observed that exist-
ing baselines fail to balance the representation learning
and classifier training in long-tailed learning, which leads
to sub-optimal classification performance. Overall, infor-
mation augmentation approaches outperform re-balancing
approaches on most datasets as they incorporate additional
knowledge to enrich the tail classes. Moreover, contrastive
learning baselines demonstrate relatively stable perfor-
mance across all datasets.

e From the table, it can be concluded that our CoMe achieves
the best performance on all seven datasets compared with
all the baselines. It is mainly attributed to the fact that for ef-
fectively addressing the long-tailed problem in graph data,
our CoMe not only enhances representation learning with
balanced contrastive learning but also promotes classifier
balancing with balanced predicted probability. Compared
to methods that directly adapt from image long-tailed
classification approaches, which mainly concentrate on
rebalancing the classifier (CB loss, LACE loss) or improv-
ing representations (SupCon, SBCL), our approach excels
in effectively addressing the specific long-tailed problem
encountered in graph data. In addition, CoMe outperforms
other competitors with a large margin under strict imbal-
ance settings (COIL-DEL with IF = 10 and 20), where
most classes have fewer than 5 training instances. This
highlights the importance of employing hard class mining
to derive the expert network with strong discrimination
ability.
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TABLE I
COMPARISON WITH SEVERAL VARIANTS FOR ABLATION STUDY (%) ON
LETTER-HIGH AND ENZYMES DATASETS (MULTI-EXPERT FRAMEWORK:
MEF; BALANCED CONTRASTIVE LEARNING: BCL; HARD CLASS MINING:
HCM; GATED MULTI-EXPERT FUSION: GMEF; DISENTANGLED INTER-EXPERT
DISTILLATION: DIED)
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TABLE III
EFFECTIVENESS ANALYSIS (%) OF BALANCED CONTRASTIVE LEARNING AND
BALANCED PREDICTED PROBABILITY ON THE SYNTHIE AND LETTER-HIGH
DATASETS (UNSUPERVISED CONTRASTIVE LEARNING: UCL; SUPERVISED
CONTRASTIVE LEARNING: SCL; BALANCED CONTRASTIVE LEARNING: BCL;
BALANCED PREDICTED PROBABILITY: BPP)

MeF BCL HCM GMeF DIeD| , Leter-high — ENZYMES
Accuracy A Accuracy A

M|V 5492 - 3500 -
M| vV v 5747 +2.55 35.67 +0.67
AR 6234 +7.42 3693 +1.93
MV v/ 6254 +7.62 37.00 +2.00
M|V 62.85 +7.93 37.13 +2.13
Ms| vV V vV | 6265 +7.73 3733 +2.33
M|V VvV VvV V| 6342 +850 3800 +3.00

C. Ablation Study (RQ2)

Ablation study on major components: We conduct an ablation
analysis for the key components in our CoMe, i.e., multi-expert
framework (MeF), balanced contrastive learning (BCL), hard
class mining (HCM), gated multi-expert fusion (GMeF), and
disentangled inter-expert distillation (DIeD). We analyze the
effect of each component by adding them to the base model until
obtaining the complete method. In all cases, the classification
results in the training process are generated by the balanced
predicted probability. Table II demonstrates the results of the
ablation study. The base model (M) includes only the model
ensemble, without any of the other key components. Adding
HCM (M>) and BCL (M3) to the baseline model significantly
improves accuracy on both datasets. Particularly, M3 shows a
substantial improvement, emphasizing the importance of bal-
anced contrastive learning for effective representation learning.
Furthermore, the combination of HCM and BCL (My) leads
to further accuracy improvements. The introduction of gating
prototypes (M) enhances discrimination ability and enables
the dynamic fusion of multiple experts, resulting in higher
accuracy. Incorporating disentangled inter-expert distillation
(M) also contributes to accuracy improvement by facilitating
effective knowledge sharing between experts through disentan-
gled knowledge distillation. Finally, when all key components
are combined (M7), the model achieves the best performance,
underscoring the collective impact of the key components on
overall accuracy.

Ablation study on BCL and BPP: To analyze the effect of
balanced contrastive learning, we carry out an experiment by
substituting BCL with unsupervised contrastive learning (UCL)
and supervised contrastive learning (SCL). Table III shows the
experimental results on two datasets. From the table, we can
observe that the classification accuracy of using both BCL and
BPP is higher than combining UCL or SCL with BPP, indicating
that BCL learns better representation in the long-tailed settings.
However, employing BCL without BPP results in a minor
drop in classification accuracy. These results suggest that the
combination of BCL and BPP can lead to significant improve-
ments in both representation learning and classifier learning,

Synthie Letter-high
UCL SCL BCL BFP Accura}llcy A Accuracy gA
36.25 - 53.60 -
v vV | 3735 4110 6037  +6.77
v vV | 4023 4398 61.65 +8.05
v 39.62  +337  60.69  +7.09
vV V| 4225 +600 6342 +9.82

which can ultimately enhance the overall performance of the
model.

D. Hyper-Parameters Analysis (RQ3)

In this section, we study the key hyper-parameters in our
CoMe, i.e., the hard class mining number M},,;q, the balanced
contrastive learning weight 7, and the inter-expert distillation
weight e. We tune My,,q separately by fixing other hyper-
parameters, and jointly tune the loss weight hyper-parameters
n and e. Fig. 2 demonstrates how these hyper-parameters affect
classification performance.

The impact of My,.q on the classification performance of
CoMe is illustrated in Fig. 2(a) and (b). The experimental results
on the COIL-DEL and Letter-high datasets show a similar trend,
where the classification accuracy initially improves with an
increase in Mp,q. Our model achieves the best performance
when the hard class ratio (Mpayq/M) is around 0.3, which
corresponds to 30 out of 100 classes for the COIL-DEL dataset
and 5 out of 15 classes for the Letter-high dataset. We also
conduct more fine-grained adjustments to My,,,q around 30 on
the COIL-DEL dataset in Fig. 3. When M},,,q is set around 30,
the differences in performance are minimal, which indicates a
relatively consistent and steady trend. however, setting M, ,,q to
a value that is either too small or too large brings limited gains
due to the under- or over-exploration of hard categories. Further,
when dealing with a new dataset, the optimal value of M arq
may vary depending on the dataset’s specific characteristics. We
recommend conducting a small-scale hyper-parameter tuning
around 0.3 x M to select a suitable M,,.q for the new dataset.

The loss weight parameters are critical in adjusting the
importance of different loss components during training. The
impact of 1 and e is visualized in Fig. 2(c) and (d). In
our experiments, we vary n € {0.1,0.5,1.0,1.5,2.0} and € €
{0.2,0.4,0.6,0.8,1.0} on the Synthie dataset (IF = 15) and
Letter-high dataset (IF = 25). The results indicate that the
model is not significantly impacted by the change of ¢, and
the optimal performance is achieved when ¢ is set to 0.4 for
Synthie and 0.6 for Letter-high. Moreover, the classification
accuracy increases when 7 is raised from 0.1 to 0.5, suggesting
that balanced contrastive learning significantly contributes to
better representation learning.
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Fig. 3.  Fine-grained sensitivity analysis of hard class number on COIL-DEL
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TABLE IV
EFFECTIVENESS ANALYSIS (%) OF DISENTANGLED KNOWLEDGE DISTILLATION
ON THE ENZYMES, LETTER-HIGH AND LETTER-LOW DATASETS (TARGET
CLASS DISTILLATION: TCD; NON-TARGET CLASS DISTILLATION: NTCD;
DISENTANGLED DISTILLATION: DD)

ENZYMES Letter-high Letter-low

TCD NTCD DD Accuracy A Accuracy gA Accuracy A
3713 - 6285 - 90.88 -
v o/ 37.67 +0.54 63.18 +0.33 9120 +0.32
v 3731 +0.18 6276 -0.09 91.11 +0.23
v 37.57 +044 6295 +0.10 9131 +0.43
vV o/ V] 3800 +087 6342 +0.57 91.67 +0.79

E. Effect of Disentangled Knowledge Distillation (RQ4)

Performance gain of each distillation component: Here we
individually study the effects of knowledge distillations on
target and non-targets over the ENZYMES, Letter-high, and
Letter-low datasets. The accuracy and performance gain are
reported in Table IV. For each dataset, we present results for
five variants of the method, including 1) the vanilla training
baseline without inter-expert distillation, 2) classical knowledge
distillation using both target and non-target class distillation, 3)
target class distillation only, 4) non-target class distillation only,
and 5) disentangled distillation.

From the table, we can observe that the adoption of classical
knowledge distillation leads to an improvement in the overall
performance of the model. However, we notice that applying
target class distillation solely leads to less improvement or even
degrades the overall performance (e.g., 0.09% drop on Letter-
high dataset). It can also be observed that the performances
of using non-target class distillation only are comparable and

even better than the classical knowledge distillation (e.g., 0.43%
accuracy gain on Letter-low dataset). These experimental results
illustrate that knowledge related to non-target classes could
be more critical than target-class-specific knowledge. Finally,
the application of disentangled distillation provides the most
significant improvement to our model. This finding suggests that
separating different knowledge components in a disentangled
manner helps alleviate the issue of information-sharing sup-
pression between target class and non-target classes of different
experts.

Influence of distillation weight: To demonstrate the effective-
ness of the distillation weight of target and non-target class
knowledge distillation, we carry out an experiment to eval-
uate the performance under varying distillation weight set-
tings. The experimental results on three datasets are shown in
Fig. 4. We vary the target class distillation weight 3, across
{0.5,1.0,1.5,2.0} for all three datasets. Additionally, we tune
the non-target class distillation weight 3o within the range
of {0.5,1.0,2.0,4.0} for ENZYMES, {1.0,2.0,3.0,4.0} for
Letter-high, and {1.0,2.0,4.0, 8.0} for Letter-low.

Overall, the classification performance remains stable when
increasing 31 from 0.5 to 2.0. Additionally, we observed that the
highest improvement from target class knowledge distillation is
achieved when f; is set to approximately 1.0. These results
suggest that the model is relatively insensitive to the setting
of different 3, values. However, different settings of (5 can
have a significant impact on the classification performance, and
the optimal value of [y varies among the different datasets.
Specifically, for the ENZYMES dataset, the best performance is
achieved when [ is set to 0.5, and increasing the contribution
of non-target knowledge distillation results in a drop in accu-
racy. For the Letter-high and Letter-low datasets, we observed
an initial increase in accuracy as (3o becomes larger, but an
excessively large value of 35 can also lead to performance degra-
dation. These experimental results demonstrate that the optimal
selection of the non-target distillation weight is closely related
to the confidence of the experts. When the experts are confident,
i.e., the predicted probability of the target class is much higher
than all non-target classes, the non-target knowledge should be
valued more. Specifically, the experts are less confident in the
ENZYMES dataset, and the value of 35 should be set lower than
those in the other two datasets. Moreover, a larger value of [,
could increase the gradient contributed by non-target classes,
potentially leading to a degradation of the model’s accuracy.
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VI. CONCLUSION

In this paper, we study long-tailed graph-level classification
and propose a novel method termed Collaborative Multi-expert
Learning (CoMe) to handle the imbalanced setting of the dis-
tribution in graph datasets. CoMe incorporates the balanced
contrastive learning for representation learning, accompanied
by the classifier learning of each expert to alleviate the influence
of the sample sizes in different classes and enhance the hard
class mining. To combine the advantages of multiple experts,
we design a mechanism to fuse their diversities in a multi-expert
framework, thus enhancing the cooperation. Furthermore, we
develop a disentangled knowledge distillation to encourage the
knowledge transfer and mutual supervision among multiple
experts. Extensive experiments demonstrate that our proposed
CoMe consistently outperforms the competitive baseline meth-
ods on various benchmark graph datasets.

In our future work, there are several aspects of our proposed
model that deserve further investigation: i) the distribution of
the test set is unknown in real-world scenarios, and better
mechanisms need to be designed to overcome the unknown
distribution rather than the balanced distribution; ii) extending
our framework to more challenging settings such as noisy labels
or noisy graphs; iii) exploring more fundamental theoretical re-
search related to generalization beyond the training distribution
such as out-of-distribution problem.
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