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Graph neural networks (GNNss) have shown remarkable success in graph-level classification tasks. However,
most of the existing GNN-based studies are based on balanced datasets, while many real-world datasets exhibit
long-tailed distributions. In such datasets, the tail classes receive limited attention during training, leading to
prediction bias and degraded performance. To address this issue, a range of long-tailed learning strategies have
been proposed, such as data re-balancing and transfer learning. However, these approaches encounter several
challenges, including insufficient representation capacity for tail classes and their evaluation solely on uniform
test data, limiting their capacity to handle unknown class distributions. To tackle these challenges, we introduce
a novel framework, namely Knowledge-diverse Experts (KDEX) for long-tailed graph classification. Our
KDEX leverages a dynamic memory module to enable the transfer of knowledge from head to tail, which
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improves the representation ability of the tail. To deal with unknown test distributions, KDEX introduces a
knowledge-diverse expert training approach to train experts with different capacities in managing various test
distributions. Moreover, we train the hierarchical router in a self-supervised manner to dynamically aggregate
each knowledge-diverse expert during testing. Experimental results on multiple benchmarks reveal that our
KDEX outperforms current baselines in both standard and test-agnostic long-tailed graph classification.
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1 Introduction

The advanced capabilities of graph neural networks (GNNs) [28, 61] to model structured data have
recently led to extensive research on graph-level classification. GNNs have become a key technology
for learning graph representations [23, 38], demonstrating impressive achievements in a wide range
of applications, such as graph-level classification [32, 39, 42], novel drug discovery [36, 69], dynamic
systems [40, 41, 75], traffic flow forecasting [10, 25, 82], and recommender systems [22, 33, 50, 51].
The message-passing mechanism in GNNs enables the model to capture both the structural and
attributive information. A readout function then combines the representations of individual nodes
into a comprehensive graph representation, which is utilized for the downstream tasks.

Despite the impressive performance of GNNs, most of the existing studies are based on datasets
with an approximately balanced distribution [17], where each class has a similar number of instances.
However, in practical scenarios, many datasets follow a long-tailed distribution [8, 24], where a
small number of dominant head classes hold the majority of instances, whereas many tail classes
are characterized by a very scarce presence of instances. For example, in the real-world dataset
MSRC_21C [47], the head class has about 13.87% of the instances, while the tail class with the least
amount only accounts for only 0.4%. The long-tailed distribution poses a great challenge to GNNs,
as the model tends to be biased towards the head classes [2, 77]. Consequently, the performance of
GNNss on long-tailed datasets is significantly degraded, with the tail classes achieving poor accuracy,
which hinders the potential and effectiveness of GNNs trained on real-world long-tailed data.

Long-tailed data distribution has presented a significant challenge for machine learning in
recent years, prompting the development of various methods [44, 49, 63, 67]. These approaches
fall into three main groups: data re-sampling, cost-sensitive learning, and transfer learning. The
re-sampling method [5, 13] seeks to equalize the class distribution by over-sampling tail samples or
under-sampling head samples. Cost-sensitive learning [3, 60] re-weights the losses across different
classes to ensure that each class contributes appropriately to training. Transfer learning includes
head-to-tail knowledge transfer [7, 34] and model ensemble (ME) [30, 84]. Head-to-tail knowledge
transfer guides feature augmentation for tail-class samples using knowledge from the data-rich head
classes, resulting in more informative representations and better tail-class performance. Ensemble
learning combines multiple expert networks to achieve reliable and robust predictions. To facilitate
long-tailed learning for graph-structured data, many GNN-based methods [78] have been proposed
for long-tailed classification. For instance, Wang et al. [65] established a k-nearest neighbor graph
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Fig. 1. Performance of the cost-sensitive learning approach under long-tailed (forward), uniform, and in-
verse long-tailed (backward) test distributions. Here we manually processed the datasets into three forms
of distributions.

and utilized graph-of-graph propagation to aggregate neighboring graph representations. These
methods have shown significant improvements in handling long-tailed data distribution for graph-
structured data. RAHNet [45] introduced a method for enhancing the tail class by retrieving relevant
graphs, whereas CoMe [70] implemented knowledge distillation to improve cooperation among
multiple experts. HIERTAIL [62] provides a novel approach to addressing the long-tailed problem
by framing it as a multi-task learning framework and introduces a generalization bound that is
influenced by the range of losses across all tasks and the complexity of the tasks.

Despite the promising results demonstrated by these state-of-the-art algorithms, most existing
approaches still face three significant challenges: (i) Inadequate representation ability for the tail
classes. A major challenge is the insufficient number of samples for tail classes. Previous methods
[6, 46] focusing on balancing head and tail classes during training tend to overlook the significance
of effectively transferring knowledge to the tail classes with limited data. Consequently, this can
lead to inadequate representation for the tail classes, which in turn adversely impacts their ability
to generalize well. (ii) Inability to manage unknown test distributions. Many long-tailed learning
methods operate under the assumption that the test set distribution is uniform, which is not
always the case in practical scenarios. Here, we introduce the concept of an inverse long-tailed
test distribution, where the majority class during training becomes the minority class in testing.
Take the MIMIC database [19] as an example, where common medical conditions dominate the
training data, but the models trained on this database might encounter cases where rare diseases
become more prominent due to evolving health trends or new outbreaks. In this case, the rare
conditions make up a larger proportion in the testing phase, emphasizing the need for the model to
adapt to varying distributions. Figure 1 demonstrates that models trained with current long-tailed
recognition approaches (e.g., cost-sensitive learning) perform effectively on test data with uniform
or long-tailed class distribution but fail to handle the inverse long-tailed test class distribution. (iii)
Inefficient aggregation of diverse experts. SADE [79] utilizes a learnable weight to combine various
experts. However, our findings indicate that involving all experts in the classification of simple
head samples may introduce unnecessary computational overhead and noise, which results in
inefficient aggregation and potentially negative knowledge transfer. Therefore, developing efficient
aggregation mechanisms to leverage the strengths of diverse experts is crucial for improving the
performance of long-tailed learning.

After recognizing the limitations of current algorithms, we present a systematic framework
named Knowledge-diverse Experts (KDEX) for long-tailed graph classification. In order to tackle
the issue of inadequate representation capability for tail classes, we introduce a novel dynamic
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memory augmentation (MA) module, which combines direct features and memory features in
an adaptive manner to improve the model’s generalization ability. Specifically, direct features are
obtained by a GNN encoder, while the memory features reflect the discriminative centroids of the
direct feature, which complement the lack of sufficient supervision of direct features for the scarce
tail class. To enable knowledge learned from data-abundant classes to transfer to data-scarce tail
classes, direct features are further fused with suitable memory features dynamically. In addressing
the issue of test-agnostic long-tailed classification, we observed that models trained using traditional
softmax loss suit for the long-tailed test distribution. However, models equipped with existing long-
tailed learning approaches perform better on a uniform class distribution [79]. Drawing inspiration
from this observation, our proposed KDEX employs a knowledge-diverse expert learning strategy
that generates experts with varying distribution preferences. Each expert is optimized with an
expertise-guided objective function to handle specific distributions. In addition, we introduce a
hierarchical router that selects experts based on their expertise and reduces expert involvement for
simpler test samples. Comprehensive experiments are carried out on both standard and test-agnostic
long-tailed graph classification tasks, demonstrating that our approach significantly improves the
classification performance on realistic long-tailed graph datasets. The main contributions of this
work can be summarized as follows:

— A novel framework called KDEX is proposed to deal with classification with long-tailed graph
data. KDEX addresses the problem of poor representation ability for tail classes by developing
a dynamic memory mechanism. This mechanism adaptively merges direct and memory-based
features, enhancing the knowledge transfer from data-abundant classes to data-scarce classes
by integrating direct features with suitable memory features.

—We introduce a strategy called knowledge-diverse expert learning, designed to train ex-
perts using various objective functions specifically for managing test-agnostic long-tailed
classification. Moreover, a hierarchical router is developed to dynamically aggregate each
knowledge-diverse expert at test time in a self-supervised manner.

—Extensive experiments are carried out on both conventional and test-agnostic long-tailed
graph classification tasks, which validates the proposed KDEX’s superiority over current
leading models.

2 Related Work
2.1 Graph Classification

Graph-level classification aims to predict the label of each graph. This problem is different from
node classification, which focuses on individual node properties. For graph-level classification,
the objective is to extract a meaningful representation that can better represent the entire graph
[21, 43, 74]. Current approaches generally fall into two main groups: traditional graph kernel-based
methods and GNN-based models. Traditional graph kernel-based methods, such as graphlets [57],
random walk [26], and subtree kernel [56], decompose a graph into sub-structures and represent
them as a vector of frequencies. These methods have demonstrated the ability to capture different
levels of features in graph classification. However, they are heuristic algorithms with poor scalability,
flexibility, and high complexity. On the other hand, GNN-based models use convolutional operations
to learn hierarchical representations of nodes via message-passing mechanism [12] and employ a
readout function to derive representations of the entire graph [29, 59, 64, 71]. Compared to graph
kernels, GNNs are more flexible and can handle graphs with varying sizes and structures. In our
study, we make a step further and study an under-explored scenario where the training data follows
a long-tailed distribution, and the distribution of test classes remains unknown.
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2.2 Long-tailed Learning

Existing strategies in long-tailed learning are broadly divided into three groups: data re-sampling,
cost-sensitive learning, and transfer learning. Data re-sampling [5, 13] aims to equalize the distri-
bution of different classes, either by increasing the presence of tail class instances or reducing that
of head class instances, which has widely used in vision and text domains. Cost-sensitive learning
[3, 60] re-weights the loss across different classes to ensure appropriate contributions to training.
While the first two approaches often focus on enhancing the performance of tail classes, they might
inadvertently harm the accuracy of head classes. Transfer learning, on the other hand, focuses on
leveraging knowledge from well-represented areas to enhance performance in less represented
ones [80]. This category involves head-to-tail knowledge transfer [7, 34] and ensemble learning
(30, 84].

To adapt long-tailed learning to graph-structured data, various GNN-based methods recently
have been proposed for long-tail recognition on graphs [35, 37, 58, 76, 81, 83]. These approaches
primarily involve designing node-specific transformations or utilizing structural features to improve
long-tailed node-level classification. GraphSMOTE [81] extends the SMOTE [5] algorithm and
synthesizes new features for tail nodes by interpolating between two tail nodes. InGAGN [52]
generates virtual tail nodes by mixing all existing tail nodes together. However, our proposed
method KDEX differs from these approaches as it focuses on the under-explored and promising
field of long-tailed graph-level classification. GraphDIVE [15] tackles the imbalance problem by
leveraging multi-view graph representations and combining the expertise of multiple experts. These
multi-view representations capture the diverse intrinsic characteristics of the graph’s topological
structure. HIERTAIL [62] also presents an innovative framework for long-tailed classification on
graphs. It organizes related tasks into hypertasks and integrates a balanced contrastive learning
module that adaptively adjusts gradients for both head and tail classes, offering unified control over
the loss range across all tasks. RAHNet [45] directly tackles the long-tailed challenge at the graph
level by retrieving relevant graphs to augment tail classes and employing balanced contrastive
learning to enhance representations.

2.3 Mixture-of-Experts (MoE)

MoE employs multiple expert networks to divide the problem space into homogeneous segments
[1]. In contrast to ensemble methods, MoE typically utilizes only a few expert models to generate
the final prediction. Thus, a gating network is essential to decide how much each expert contributes
to the final prediction. There are three types of gating networks, i.e., soft gating, hierarchical gating,
and sparse gating. Soft gating [18] assigns a weight computed by a soft activation function to
each expert, which determines how much each expert’s prediction contributes to the final output.
Hierarchical gating [20] splits the input space into overlapping areas and applies simple models
to the data points within each area, with soft boundaries allowing data to lie simultaneously in
multiple regions. Sparse gating [55] assigns weights only to specific experts, leading to significant
improvements in model capacity and training time. Switch Transformer [11] further simplifies the
sparse gating by using Softmax activation over the hidden state to select the top expert, resulting in
superior scaling compared to earlier methods. Moreover, recent studies also combine MoE technique
with GNN. For instance, GraphMETRO [66] utilizes an MoE architecture featuring a gating model
and multiple expert models. Each expert generates a shift-invariant representation, which helps to
naturally address the distributional shifts commonly found in graph data. This work takes a further
step towards learning experts with diverse knowledge and utilizing a novel hierarchical router to
aggregate them.
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3 Preliminaries

Long-tailed Dataset. Consider a graph dataset G = {G; = (V;, E;, Xi), yi}fil with C distinct classes, in
which each G; represents the ith graph comprising a set of nodes V;, edges E;, and a node attribute
matrix X;. The class label for G; is y;, which falls within the set {1,..., C}. The total number of
graphs belonging to the jth class is Nj, such that the sum across all classes equals N, and it’s
assumed that N; > N, > --- > N¢. The imbalance factor (IF) of the dataset, defined as N;/N¢,
quantifies the level of class imbalance. In accordance with Zipf’s law [48], a dataset exhibits a
long-tailed distribution if N; = Ny X i™# for i = 1,...,C, where y is a parameter that determines
the imbalance severity, as reflected by the IF. For real-world data, the long-tailed class distribution
probably does not exactly, but approximatively, follows Zipf’s law.

Task Definition. The aim in addressing the long-tailed graph classification challenge is to develop
a classifier that can effectively classify graphs within a long-tailed dataset G without bias. The
classifier must be able to extract distinctive features for less represented tail classes without being
dominated by the abundant head classes, and classify both head and tail classes accurately using
certain balanced metrics. For instance, the average accuracy metric avg_acc = % Zle acc; can be
used to give equal importance to both head and tail classes, where acc; denotes the accuracy of
graphs in class j. For the standard long-tailed classification, the distribution of test classes d;(y) is
designed to be uniform (i.e., d;(y) = 1/C). The goal of test-agnostic long-tailed classification is to
train a model on a skewed training distribution ds(y) that is adept at performing across various
test distributions, whether they mirror the long-tailed training distribution (d;(y) = ds(y)), or even
present an inverse long-tail pattern (d; (y) = inv (ds(y))). The function inv(-) is used to denote the
reversal of the distribution such that the less frequent training classes become more common in
the test set and vice versa.

GNN-based Classifier. In order to generate effective probability assignments for each graph, we
employ GNN to derive the graph embedding, which can be defined as fp(-). GNN is able to capture
the information of node attributes and topological structure in a reasonable manner. More precisely,
the propagation rule of a GNN layer can be written as:

By = ¢ (b, AL (0 }oenion)). (1)

where ho") signifies the embedding of vertex v obtained at layer I, with N (v) indicating vertex
v’s adjacent vertexes. The functions C6) and ﬂf()l) serve as the layer-specific operations for
combining and aggregating vertex information, respectively. To obtain a graph-level representation,
a READOUT function is involved, which formulates the graph representation for a given graph
G as:

h = READOUT({h'P : v € V}). @)

Here V represents the vertex set of the graph G. By merging attribute and structural data, a
comprehensive graph-level representation is crafted. This aggregated representation is initially
processed through a multi-layer perceptron (MLP) and subsequently through a softmax function,
which calculates the probability distributions for graph G.

4 The Proposed Method

KDEX mainly contains three modules, i.e., dynamic MA, knowledge-diverse experts learning, and
hierarchical aggregation. Figure 2 illustrates a summary of the KDEX framework. In the following
sections, we delve into the details of KDEX’s three primary components.
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Fig. 2. Overview of the proposed framework KDEX. Dynamic MA and topological augmentation (TA) are
performed to jointly enhance the representation learning of both head and tail classes. Using the learned
representation, the framework trains multiple experts through various expertise-guided objective functions,
each having unique knowledge to handle different class distributions.

4.1 Dynamic MA

We introduce a dynamic MA module aimed at facilitating the transfer of knowledge from data-
abundant head classes to data-scarce tail classes. This module dynamically integrates direct features
with newly proposed memory features, enhancing the representation of both head and tail classes
comprehensively. Furthermore, we employ diverse topological augmentations (TAs) to increase
the within-class variety for all classes.

4.1.1  MA. z9irect is the direct graph-level representation derived straight from the GNN encoder,
specifically z#7¢¢* = h. The direct features often experience a decline in generalization capabilities
for tail classes due to limited supervision. Therefore, we suggest enhancing the direct graph
representation with an additional memory feature to improve discriminability. The memory feature,
z™emorY s cultivated through a memory association process that aggregates knowledge from both
data-abundant classes and data-scarce classes, employing varying levels of memory activation. We
dynamically combine z#"¢* and z¢™"¥ to obtain the final augmented embedding z%9, which
enhances generalizability to novel instances, particularly for tail classes. The MA module can be
represented as an augmented function fy (), which takes the direct feature as input and produces

an enhanced embedding as output: z#9 = f(z%irect).

Construct Memory Bank. Motivated by [34], we construct the memory bank M using a collection
of class prototypes M = {pi}iczl, where C corresponds to the counts of classes. Each memory proto-
type in M captures the collective information and acts as the centroid of its respective class, while
maintaining its distinctiveness from other memory prototypes. The prototype for the ith class is
computed as:

L N
E direct
;= — VA . (3)
Pi N; p— "

Here, N; denotes the count of samples belonging to the ith class, and z47¢! refers to the direct

feature associated with the nth sample. To further diversify the memory bank, we can leverage
z%reet to create k more prototypes for each category.

Aggregate Memory Feature via Gated Attention Block. For any given graph sample, we associate
the prototypes stored in the constructed memory bank by the gated attention block to assemble
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the memory feature. The memory feature serves as the knowledge carrier between different cate-
gories, especially from data-abundant classes to data-scarce classes. To aggregate while excluding
non-essential information, we employ an attention-based memory aggregation mechanism. This
approach evaluates the significance of each class prototype and dynamically combines them by
applying distinct weights for each prototype:

C
gmemory _ (T M — Z 0:Pi, (4)
i=1

where M is the memory bank matrix that contains C prototypes and o € R signifies the attention
weights assigned to the prototype of each category, calculated from direct features. This is achieved
by applying a softmax activation function to the outputs of a fully-connected layer, denoted as W,,
to derive the attention weights:

o = Softmax (WozdiVECt) ) (5)

Compose Augmented Embedding via Concept Fusion Block. Memory features are vital for improving
representations and compensating for the limited direct features in tail classes. However, memory
features may not contain useful information for data-rich head classes. To address this issue, we
introduce a concept fusion block, which evaluates the contribution of memory features to different
classes and adaptively combines them with direct features. We define the resulting embedding as
augmented embedding, which is a dynamic combination of direct and selected memory features.
This approach boosts the representations of tail classes without compromising the quality of
representations for head classes:

7049 — zdzrect +s5® Zmemory, (6)

where s is the concept fusion block, and ® signifies the element-wise multiplication. For deriving
the weights from z47¢“*, we use a lightweight network that includes a fully-connected layer W
and a Tanh activation function:

s = Tanh (Wszdire”) . (7)

4.1.2 TA. Dynamic MA, which serves as global knowledge enrichment, has already enhanced
the quality of classification on long-tailed data. However, the model’s generalizability to massive
unseen graphs is still limited by scarce data samples in the tail classes. To produce generalized and
robust representations for tail classes, we further involve data augmentation to enrich the graph
topological information. In particular, we utilize four key TA techniques as suggested in graph
contrastive learning (GraphCL) [72]: attribute masking, node dropping, edge perturbation, and
subgraph extraction.

In practice, we leverage the aforementioned graph augmentation techniques into expert learning
to encourage the discrepancy and enhance the diversity of dynamic memory. Specifically, a graph
G; performs stochastic graph augmentations 7 (-|G;) to obtain semantically preserved augmented
graph G; by randomly choosing from one augmentation strategy. Then the direct feature can be
recalculated as z4¢°t = f,(G).

4.2 Knowledge-diverse Expert Learning

One of the primary challenges in training an MoE model on long-tailed datasets is the neces-
sity to learn experts with diverse and effective capabilities from a single dataset. The current
ensemble-based methods to address long-tailed datasets focus solely on training experts to handle
a uniform distribution of test classes, which limits their efficacy for diverse class distributions.
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According to [79], the loss function used during training is strongly correlated with the learned
class distribution. Models trained with softmax loss perform well on long-tailed distributions, while
long-tailed methods excel in uniform distributions. Therefore, we introduce a knowledge-diverse
expert framework, where each expert has different expertise in handling various distributions.
This framework includes three types of experts: the uniform expert, the forward expert, and the
backward expert. The uniform expert ensures high classification performance on uniform distribu-
tions, while the forward and backward experts acquire knowledge from long-tailed and inverse
long-tailed distributions, respectively. Notably, all three knowledge-diverse experts utilize the same
GNN encoder and dynamic MA module. After obtaining the augmented embedding, each expert
forwards the learned representation through the expert-specific fully-connected classifier layers to
obtain the prediction probabilities, distinguished as q', q%, and q> for the three experts. We train
them using three distinct expertise-guided losses to optimize their capabilities.

The Uniform Expert. For the uniform expert Kj, our goal is to train an expert that excels at
handling uniform class distributions. We opt for the balanced cross-entropy loss to train this expert,
motivated by the success of logit-adjusted losses [46]. The softmax probability assigned to the cth

exp(qe)
S exp(qj)
implement a balanced softmax approach that adjusts the class prediction probabilities based on the

exp (qe+log 7°) c
T explallog 1) Here, we use 7° to denote
the label frequency of the cth class in the training set, i.e., 7€ = % Given the uniform expert’s
prediction probabilities q', and labels y, we can formally define the balanced cross-entropy loss as:

class can be represented as . To mitigate the effects of a skewed class distribution, we

prior occurrence rates of the classes in the training data:
N exp (ql1 4 +log nyi)

1
Lyce (a'y) = D~ log ~.
N &= chzl exp (q},j +log ﬂl)

®)

Here, q}’ j denotes the probability assigned to the jth class for the ith sample in the predictions.

The Forward Expert. In the training process, the forward expert K; is optimized by the soft-
max cross-entropy loss to enhance its ability to learn from the originally skewed distribution of
the training classes. This is due to the cross-entropy loss naturally giving greater weight to the
head classes, the forward expert is well-suited to perform well in these classes. Given the predic-
tion probabilities %, and corresponding labels y, the loss function used to optimize the forward

expert is:
gy 1 exp (a7,
Lee (q,y)=ﬁz—logﬁ. ©)
i=1 j=1€Xp (qi)j)

The Backward Expert. We aim to train the backward expert K3 to effectively handle the long-tailed
class distribution, with a focus on the tail classes. In order to achieve this, we propose using an
inverse cross-entropy loss function that is similar to logit-adjusted losses. To be specific, we alter

the logit-adjusted losses and add an inverse training prior 7, the softmax probability to be expressed

. exp(qi+log w° —log 7°) . .. .. .. .
as: se (@ +log mi—log 7] Here the inverse training prior 7 reverses the training label frequencies
7, calculated as #' = % With the backward expert’s prediction probabilities q°, and labels y, we

can define the inverse cross-entropy loss as:

N exp (q3 +log ¥ —Alogfryi)
Lin (¢%9) = 37 ), ~log —

i=1 =1

, (10)
exp (qij +logn/ — Alog ﬁf)
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where A is a hyper-parameter that determines the extent of adjustment based on the inverse
frequencies of the labels.

To optimize our proposed framework KDEX, we combine the balanced cross-entropy loss L.,
cross-entropy loss L., and inverse loss L;,, for joint optimization. The total training loss, L 4in,
is thus defined as:

-Etrain = -Ebce + Lce + Linvs (11)

and the complete training procedure of our KDEX is outlined in Algorithm 1.

Algorithm 1: The Training Procedure of KDEX

Input: Training dataset G = {G;, yi}fi > Maximum iterations Tnax;
Output: GNN encoder fy(-); Knowledge-diverse experts K, K3, and Ks;
1: fort =1 to Tp,ey do
Obtain the direct feature z#"¢* with fy(-);
Generate memory prototypes M using Equation (3);
Assemble memory feature z™°"Y using Equation (4);
Compose augmented embedding z**Y using Equation (6);
Obtain prediction probabilities ql, qz, and q3 based on Kj, K, and Kj3;
Calculate L., with q! and y using Equation (8);
Calculate £, with q and y using Equation (9);
Calculate £L;,, with q* and y using Equation (10);
Perform back-propagation and optimize the parameters by minimizing L;4in in Equa-
tion (11);
11: end for

R A A A

_
B

4.3 Hierarchical Expert Aggregation

Using the knowledge-diverse expert learning strategy, KDEX trains three experts to specialize
in different class distributions. SADE [79] and GraphMETRO [66] both utilized a method for
aggregating expert inputs using learnable weights. However, we observed that this method tends
to involve all experts, even for simple head samples, potentially introducing unnecessary noise
and computational overhead. To address the above challenge, we develop a hierarchical expert
routing module as shown in Figure 3, which leverages a two-level router to efficiently control the
aggregation of the experts. Moreover, motivated by the success of self-supervised learning in deep
neural models, we also propose to optimize the routing parameters in a self-supervised manner.

4.3.1 Hierarchical Routing. To address the first challenge, we first investigate the performance
of three knowledge-diverse experts on various test distributions. From Table 1, we can observe that
the forward and the backward experts are highly skilled in the head and tail classes, respectively.
However, it can be found that in most test distributions, the uniform expert outperforms others in
terms of overall accuracy.

Motivated by this finding, we propose a two-level hierarchical routing mechanism, in which we
assign the uniform expert for all the testing instances and dynamically control the engagement of the
forward and backward experts. The first-level router decides whether to engage the other two experts
in the decision-making process, distinguishing our method from existing soft gating mechanisms
like GraphMETRO, which treats every expert equally.The second-level router fuses the forward and
backward experts with different weights, only if it passes through the first router. This second-level
router operates similarly to a soft gating model. The hierarchical routing mechanism improves
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Fig. 3. Illustration of the hierarchical expert aggregation. The predictions of knowledge-diverse experts are
aggregated by a two-level router, and the hierarchical routers are optimized by maximizing the prediction
stability between two views.

Table 1. Accuracy of Knowledge-diverse Experts Tested across a Range of Distributions, Namely
Uniform, Forward, and Backward Long-tailed Distributions with IFs of 5 and 10

Test distribution The uniform expert The forward expert The backward expert
Head Med Tail All Head Med Tail All Head Med Tail All
Forward_10 80.37 56.18 3533 6591 8333 52.73 28.00 66.81 40.74 47.27 40.00 42.19
Forward_5 79.37 56.37 3250 61.26 81.87 5449 17.50 58.79 40.93 5135 50.00 46.02
Uniform 72.60 56.32 31.47 50.72 7640 47.20 16.00 42.50 38.60 43.52 40.40 40.96
Backward_5 72.00 58.00 3234 4396 72.00 50.63 16.29 3293 34.00 48.12 4543 4436

Backward_10 84.44 5247 36.61 42.05 8222 4588 20.00 3098 4444 3647 4400 42.64

The experts are trained on long-tailed Letter-high datasets with IF of 50. Classes are divided into the head, med, and
tail regions according to their numbers of samples.

the efficiency and performance of the knowledge-diverse experts during testing by selecting the
experts with the best expertise and reducing unnecessary expert engagement dynamically.

First-level Router. We employ the first-level router to make a binary decision y,, on whether
to allocate the forward and backward router for each training example individually. Since we
lack information on the class distribution and the label during testing, we propose to determine
the router state based on the confidence of the uniform expert’s prediction. Intuitively, if the
uniform expert is unable to provide confidence prediction for an unknown testing instance, but the
forward and the backward experts have the corresponding knowledge to handle the given instance,
then the router should output yo, =1 ideally or y,, =0 otherwise. Thus, we propose to train the
first-level router using a simple confidence-based binary classifier. This process includes projecting
the prediction output q! of the uniform expert through a fully connected layer W, and applying
the Sigmoid function S(x) to obtain a real activation value in the range of [0, 1]:

r1(G;) = S(W1q}), (12)

where r;(+) is the resulting first-level routing function. For the given test instance G;, yon is set to 1
when r1(G;) > y, where y is a threshold hyper-parameter and is emprically set to 0.5.
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Second-level Router. The second-level router is employed only when y,, =1, and it serves the
purpose of dispatching the testing sample to the right candidate among the forward and backward
experts. Inspired by the wide application of the MoE framework [11], we employ a gating function
to regulate the combination of experts. These functions assign weights in a soft manner, determined
by the similarity between the graph embedding f3 (G;) and a learnable gating prototype wy. This
can be mathematically expressed as follows:

exp (fo (Gi) - wi)
Yo exp (fo (G) - wi)
where r,(-) and r3(-) denote the gating functions for the forward and backward experts, respectively.

Finally, with the two-level hierarchical routers, we can efficiently aggregate the three experts

and obtain the output prediction probability of the KDEX framework for the unknown test graph
G; as:

1 (Gy) = (13)

3
R(Gi) = q} +1(r1(Gy) > 1) ) r(Gy) - qf, (14)
k=2
where I(+) is the indicator function to determine whether the first-level router should be turned on.
By aggregating the experts hierarchically, the knowledge-diverse experts can efficiently adapt to
different test class distributions with minimal expert engagement, which significantly enhances
both the performance and efficiency of the proposed model.

4.3.2  Self-supervised Aggregation. Through the hierarchical routing mechanism, the experts
within KDEX are effectively combined to address various test distributions. The remaining challenge
is how to optimize the routing parameters using unlabeled test data. Motivated by SADE [79],
which proposes a key insight that the routing functions should be aware of the adeptness of each
expert and ensure stable allocation of strong experts to the testing samples despite perturbations. In
light of this, we adopt the relative prediction stability as a means to optimize the routing functions
for the unknown test class distribution.

The maximization of the prediction stability strategy is employed to learn the routing functions
by generating two distinct views of the testing data. Specifically, for a given original view of
graph G;, we also use the same TA techniques introduced in Section 4.1.2 to generate a perturbed
view G; ~ 7 (+|G;). Following GraphCL [72], a mini-batch of B testing samples are fed into our
framework to obtain prediction probabilities, which are then aggregated using hierarchical routing.
The aggregated prediction probabilities for the nth sample in the mini-batch are denoted as q,;
and q, ; for the original and perturbed views, respectively. We employ the cosine similarity loss to
maximize the prediction stability between the two correlated views:

B
1
Lrout = _E nzz; Qn,i * qn,j- (15)

During test-time training, updates are applied solely to the parameters of the routing layers.
Since experts with greater proficiency often exhibit higher prediction concordance for classes
within their area of expertise, enhancing prediction stability would lead to increased involvement
of these skilled experts, enabling more effective handling of the unknown test class distribution.

4.4 Time Complexity Analysis

Given N as the total count of graphs in the dataset and |V| representing the average node count
per graph, the computational complexity for generating embeddings via the GNN encoder is
O(NLD |V|), with L denoting the GNN encoder’s layer count and D the embedding dimension. The
time complexity of obtaining augmented embedding is O(ND + CD), where C signifies the class
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Table 2. Statistics of the Graph Datasets Used in Our Experiments

Dataset  # Graphs # Average nodes # Average edges # Classes

COLLAB 5,000 74.49 2,457.78 3

ENZYMES 600 32.63 62.14 6
MNIST 60,000 75 1,393.27 10
Letter-high 2,250 4.67 4.50 15
Letter-low 2,250 4.67 4.50 15
COIL-DEL 3,900 21.54 54.24 100
ogbg-ppa 158,110 2434 2,266.1 37

count. For computing prediction probabilities of knowledge-diverse experts, the time complexity is
O(KND?), with K being the expert count. The hierarchical routing’s computational demand is also
O(ND + CD). Consequently, the overall computational complexity of KDEX is to O(NLD |V| +
ND +CD + KND?).

5 Experiments
5.1 Experimental Setup

5.1.1 Benchmark Datasets. In our evaluation of the proposed KDEX, we compare it with various
baseline models across seven publicly available datasets from different domains. These include:
social networks (COLLAB [68]), bioinformatics (ENZYMES [54], ogbg-ppa [16]), and vision datasets
(MNIST [9], Letter-high [53], Letter-low [53], COIL-DEL [53]). The statistics of the datasets are
reported in Table 2.

To strictly ensure that the datasets follow Zipf’s law [48], we transformed the training datasets
into long-tailed versions by applying various IFs, whereas we kept the validation and test datasets
balanced for standard long-tailed classification. For each dataset, we select specific IFs to guarantee
that the smallest tail class in terms of samples has a training size ranging from 2 to 4 (except for
MNIST due to its larger scale). For the test-agnostic long-tailed classification, we adjusted the test
sets to exhibit both long-tailed and inverse long-tailed distributions, simulating situations where
test distributions are unknown.

5.1.2 Baselines. In our evaluation of the proposed KDEX, we compare it with a range of com-
peting baselines. These baselines encompass four main strategies: (a) Data re-sampling methods,
including up-sampling [4]; (b) Loss re-balancing methods, including class-balanced (CB) loss
[6] and logit adjusted cross-entropy (LACE) loss [46]; (c) Information augmentation methods,
including graph augmentation [73] and G*GNN [65]; (d) Contrastive learning-based methods:
GraphCL [72] and supervised contrastive learning (SupCon) [27]. One recent baseline RAHNet
[45] with hybrid strategies is also included in evaluation.

5.1.3 Implementation Details. In our experimentation, we utilized GraphSAGE [14] as the core
GNN encoder, complemented by a two-layer MLP classifier. The Adam optimizer was the default
choice, with a learning rate of 0.0001 for preliminary training processes. And we set the batch size
to 32. For our proposed KDEX, we set the hyper-parameter A for inverse cross-entropy to 1.0, and
the augmentation ratio § to 0.1. During the test-time training period, we applied a weight decay of
0.0005, while maintaining the same optimizer and learning rate settings as those used in the initial
training phase. Implementations for baseline models were conducted in PyTorch, based on publicly
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Table 3. Results (Mean%+SD%) of Long-tailed Graph Classification

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

ode F=10 IF =20 F=15 IF =30 IF =50 IF = 100 F=25 IF = 50 F=25 IF =50 F=10 IF =20
SAGE 63.07+£0.90 5333+0.73 30.66+1.83 25.16£2.03 68.67+138 63.46+1.69 51.06+1.81 42.16+1.58 86.00+1.22 84.32+1.16 3880+1.27 31.32+1.41
us 7233+0.96  70.25+1.01 3233+147 2850+176 64.69+1.85 59.78+2.15 53.62+177 4420+1.82 88.48+1.49 86.72+0.97 39.20+0.99 26.96+1.33

CB loss 68.78+1.15 65.85+1.34 32.19+1.43 2683+1.66 6885+1.67 6340197 5376+1.80 45.06+1.87 88.01+1.18 86.46+1.34 41.72+1.65 3234+179
LACEloss 6833+1.21 6477+1.30 33.63+139 2670157 69.72+£1.65 6459+1.74 5562+175 47.68+1.81 88.81+141 8634+1.20 41.96+1.84 3218+1.82

Aug 7285+£0.99 71.14+1.20 32.08+1.35 26.75+1.61 7218+1.25 68.17+147 57.18+1.46 47.21+217 88324095 86.40+1.31 38.18+145 30.80+1.79
G*GNN,, 73.94+£149 7189+1.62 3500+1.77 29.17+185 7091+1.81 66.73+£1.94 5891+1.82 51.12+1.95 89.49+139 87.98+151 3832+1.94 27.98+2.10
G*GNN, 7450+£145 7276+1.70 3583+1.89 29.50+1.93 73.69+1.57 7031+£1.72 5885+1.97 49.96+2.12 89.84+1.27 87.80+1.40 39.18+1.87 31.06+1.95
GraphCL 69.33+£1.20 67.36+1.31 36.66+1.61 29.83+1.74 6937+149 6512+141 5734+175 4893+187 89.28+1.21 87.89+1.17 4202+175 33.19+191
SupCon 69.25+£1.19 67.14+£1.32 37.08+£1.70 30.67+1.78 69.76£1.50 64.88+1.54 57.29+1.67 4893+1.82 89.12+1.32 8736+130 4293+148 3420175
RAHNet 7431£1.37 72.93+145 39.02+1.52 34.16+1.65 7579+1.23 72.60+1.41 59.79+1.87 52.90+1.99 90.19+1.67 89.28+1.45 4532+1.42 38.48+1.59

KDEX 76.79+1.10 74.35+1.18 38.67+154 3354+1.59 76.67+0.91 72.77+1.15 63.80+1.64 53.29+175 91.55+1.43 90.48+1.11 47.48+1.28 37.32+150

Each dataset is processed with two varying degrees of IFs. The highest classification results are highlighted in bold, while the second highest are underlined for
clarity. SAGE, US, and Aug represent GraphSAGE, up-sampling, and augmentation, respectively.

available codes from their original studies. The evaluation focused on the top-1 average accuracy
from 5 runs, for both standard and test-agnostic long-tailed classification scenarios.

5.2 Comparisons on Long-tailed Graph Classification

This section presents the performance assessment of KDEX in the context of standard long-tailed
graph classification, benchmarking it against a range of long-tailed learning baseline approaches.
The results conducted on seven benchmark datasets with varying IFs, are summarized in Table 3.
Insights gained from these quantitative findings include the following key observations:

—With the rise in the disparity between head and tail classes (IF), there’s a noticeable drop in
performance for both the baseline methods and our proposed KDEX. For example, a doubling
of the IF leads to a 17.43% reduction in the classification accuracy of the GraphSAGE model
on the Letter-high dataset. This observation aligns with our initial hypothesis that GNNs are
particularly vulnerable to long-tailed distributions and their performance is degraded in these
scenarios.

—The findings suggest that methods involving information augmentation tend to surpass those
based on data re-sampling and cost-sensitive learning. This superiority might stem from
the fact that rebalancing strategies fail to actively introduce new knowledge to enhance
the underrepresented classes. Additionally, baselines utilizing contrastive learning show
consistently stable performance across various datasets.

—Our method consistently achieves the best results on most datasets. This superior performance
can be attributed to the use of dynamic memory to transfer additional knowledge from well-
represented classes to less-represented classes, which further leads to representations that
preserve better generalization ability. Notably, KDEX shows a significant improvement over
other methods in scenarios with severe imbalances. These findings highlight the effectiveness
of leveraging a diverse set of experts to navigate the challenges presented by varying class
distributions.

5.3 Results on Test-agnostic Long-tailed Classification

We assess the effectiveness of our proposed KDEX on test-agnostic long-tailed classification in
this section. To simulate the scenario of unknown test distributions, we convert the testing dataset
from a uniform distribution to long-tailed (Forward-LT) and inverse long-tailed (Backward-LT)
distributions with different IFs, resulting in seven different test distributions. Subsequently, we
evaluate all models trained with long-tailed class distribution on these various test distributions. In
addition to the baselines previously evaluated, we replaced our hierarchical routing module with
the expert aggregation module from SADE [79] for comparative analysis, which we refer to as
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Table 4. Test-agnostic Long-tailed Classification Result of Different Methods on Four
Different Benchmarks

ENZYMES MNIST
Model Forward-LT Uniform Backward-LT Forward-LT Uniform Backward-LT
10 5 2 1 2 5 10 50 20 10 1 10 20 50

GraphSAGE 63.68 56.40 48.60 30.66 3144 2320 17.37 88.18 84.06 80.84 68.67 64.62  62.13  58.19
Up-sampling 41.58 43.20 42.53 32.33 3493 30.00 2526 82.03 76.25 73.65 64.69 62.04 5812 56.87

CB loss 54.21 51.20 44.57 32.19 34.17 2480 19.47 88.56 84.20 80.53 68.85 62.80 60.29 57.75
LACE loss 56.89 53.60 48.60 33.63 36.01 31.60 27.41 87.65 83.51 80.21 69.72 67.81 66.12 63.75
Augmentation 56.31 54.40 51.39 32.08 3596 30.40 27.89 89.37 86.25 81.08 72.18 69.88 68.20 66.09
GraphCL 63.21 57.04 50.31 36.66 37.37 30.44 2980 87.98 82.84 80.11 69.37 62.30 60.22 58.75
SupCon 63.34 56.89 51.03 37.08 3552 29.58 2890 88.23 83.12 80.32 69.76 62.19  61.03 58.63
RAHNet 65.31 58.33 53.46 39.02 39.01 3549 3123 88.92 86.29 81.93 75.79 7034 68.71 66.01
KDEX-SADE 65.94 58.20 52.41 38.33 38.25 35.60 31.22 89.15 85.82 83.36 74.54 7126  69.54 66.41
KDEX 66.47 59.00 53.18 38.67 38.98 35.60 31.57 89.67 86.81 83.88 76.67 71.37 69.98 67.94
Letter-high Letter-low
Model Forward-LT Uniform Backward-LT Forward-LT Uniform Backward-LT
10 5 2 1 2 5 10 10 5 2 1 2 5 10

GraphSAGE 73.62  62.40 53.53 51.06 47.33 4331 3494 9252 9172 89.70 86.00 86.73  87.67 87.47
Up-sampling 57.36 5443 54.75 53.62 51.17 51.12 4439 93.18 92.03 90.88 88.48 88.78 88.12 87.47

CB loss 6593  60.15 55.72 53.76 53.10 5338 4549 9296 9248 91.40 88.01 88.17 87.72 87.13
LACE loss 71.63  63.60 59.65 55.62 56.68 54.88 49.67 92.53 91.63 90.87 88.81 89.50 88.67 88.54
Augmentation  69.01 63.75 61.22 57.18 56.99 54.43 4857 93.72 92.58 91.82 88.32 89.61 89.28 88.76
GraphCL 68.16  65.68 63.99 57.34 59.37  60.26 54.78 92.69 91.03 90.70 89.28 89.50 88.60 88.47
SupCon 68.05 65.23  63.56 57.29 5941 60.30 54.76 9258 9133 90.49 89.12 89.34 88.71 88.29
RAHNet 69.13 6598 66.30 59.79 59.27 5871 57.03 93.03 92.87 92.23 90.19 90.12 89.84 89.50

KDEX-SADE 69.01 66.06 65.71 61.60 61.83 60.55 58.85 9342 9293 92.13 90.18 90.04 89.97 89.23
KDEX 73.84 71.57 70.13 63.53 62.69 61.17 59.39 93.84 93.23 9240 91.47 90.65 90.41 89.76

The top performances are highlighted in bold.

KDEX-SADE. The results on four benchmarks with various test class distributions are presented in
Table 4. Based on the table, we can draw several conclusions.

First of all, GraphSAGE outperforms several long-tailed learning baselines on most forward
long-tailed test distributions owing to the Softmax activation it used, which naturally simulates the
long-tailed training distribution. Nevertheless, it struggles to adapt to other distributions, resulting
in poor performance on the uniform and inverse long-tailed distributions.

Moreover, existing long-tailed learning approaches cannot adjust to various test class distributions
effectively. The techniques of up-sampling and loss re-weighting mainly concentrate on acquiring a
balanced classifier that performs well on uniform distributions. Nonetheless, the classifier learned
using these techniques only specializes in uniform distributions, which can cause a decline in
performance when dealing with other test distributions.

Finally, our KDEX has demonstrated its ability to handle diverse test distributions. KDEX utilizes
several knowledge-diverse experts, each specializing in a particular class distribution. Furthermore,
KDEX surpasses KDEX-SADE by employing a hierarchical router to combine the outputs from
various experts rather than utilizing soft aggregation approach. This result indicates that adaptively
excluding redundant experts from the classification process aids in mitigating the adverse impacts
of noise introduced by less effective expert models. We highlight that the superiority of KDEX
becomes even more apparent as test distributions become more skewed, highlighting its robustness
in handling imbalanced test distributions.
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Table 5. Comparison with Several Variants for Ablation Study

ENZYMES Letter-high COIL-DEL
ME MA  TA  KEL Accuracy A Accuracy ¢ A Accuracy A
M|V 32.00 + 1.82 - 54.25 +1.67 - 40.60 + 1.41 -
M|V 3650+£1.60 +4.50 58.08+1.65 +3.83 45.88+137 +5.28
M| v v/ 37.83+£157 +583 60.09+1.64 +584 46.88+130 +6.28
M| v V' | 3550143 4350 5845+£171 +420 44.60+1.34  +4.00
M| vV V'V V| 3867+154 +6.67 63.80+1.64 +9.55 47.48+1.28 +6.88

The top performances are highlighted in bold. KEL, knowledge-diverse experts learning; ME,
model ensemble; MA, memory augmentation; TA, topological augmentation.

5.4 Ablation Study

We carry out an ablation study to evaluate the effectiveness of the major components in our KDEX.
Specifically, we investigate the impact of ME, MA, TA, and knowledge-diverse experts learning
modules on the overall classification performance. To this end, we gradually add each of the four
key components to the baseline model and report the classification accuracy and performance gain
(A) for each variant on three datasets, namely ENZYMES, Letter-high, and COIL-DEL. The results
are presented in Table 5. The variants include: (1) Mj, which is the baseline model with only the ME
technique; (2) M,, which combines model ensembling with MA; (3) M3, which further integrates TA
to form the complete dynamic MA module; (4) My, which studies the impact of knowledge-diverse
experts by excluding dynamic MA; and (5) Ms, which includes all four additional components and
forms the complete KDEX.

The results indicate that every supplementary component positively impacts the model’s clas-
sification performance. Specifically, M, brings significant improvement upon the baseline model
by incorporating MA, which validates the effectiveness of MA in transferring knowledge from
data-abundant classes to data-insufficient classes. Adding TA in Mj; leads to further improvement,
indicating that it improves the generalization ability to unseen test graphs. In My, we exclude the
influence of dynamic MA and study the impact of knowledge-diverse experts, which shows that
fusing the decisions of knowledge-diverse experts contributes to the adeptness of the model in
handling different classes. Finally, incorporating all four components in Ms achieves the highest
accuracy on all three datasets. Overall, our ablation study suggests that each of the additional
components can enhance the performance of KDEX, and the combination of all four components
leads to the best results.

5.5 Hyper-parameter Sensitivity Study

We perform various experiments to evaluate how varying settings of different hyper-parameters
influence the model’s performance in both standard and test-agnostic long-tailed classification
scenarios.

5.5.1 Influence of Different Hyper-parameters in Standard Long-tailed Classification. We inves-
tigate the sensitivity of three hyper-parameters in the standard long-tailed classification task,
including the inverse cross-entropy weight A, number of prototypes per class, and augmentation
ratio 8. The results are shown in Figure 4. Figure 4(a) illustrates the performance of our model
across different A settings on two datasets. We observed that increasing A from 0.5 to 1.0 improved
classification accuracy on both datasets. However, setting A to an excessively large value may
limit accuracy gains due to overemphasizing the inverse long-tailed distribution. Figure 4(b) shows
that increasing the number of prototypes per class results in slight performance improvements.
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Fig. 4. Sensitivity analysis of multiple hyper-parameters: (a) Inverse cross-entropy weight A on Letter-high
and COIL-DEL datasets; (b) number of prototypes per class on Letter-high and COIL-DEL datasets; (c)
augmentation ratio § on MNIST and ENZYMES datasets.

Table 6. Test-agnostic Long-tailed Classification Result w.r.t Different Settings of Hyper-parameter

Aandy
Letter-high Letter-high
A Forward-LT Uniform Backward-LT v Forward-LT Uniform Backward-LT
10 5 2 1 2 5 10 10 5 2 1 2 5 10

0.5 7296 70.53 68.62 63.16 61.55 59.96 59.17 0.3 73.62 7136 70.14 63.42 62.60 60.95 59.30
1.0 73.62 7157 70.13 63.53 62.69 6117 59.39 05 73.62 7157 70.13 63.53 62.69 61.17 59.39
2.0 7296 70.68 67.74 61.93 61.38 61.31 57.63 0.7 74.42 7151 70.05 63.53 6245 6095 59.18
4.0 7216 68.68 6599 61.12 59.37 60.26 54.78 09 73.08 71.07 70.05 63.25 62.76 61.02 59.26

The top performances are highlighted in bold.

However, since learning more prototypes can introduce additional computational overhead, we
use one prototype per class as our default setting. Figure 4(c) demonstrates the performance with
various TA ratios. It reveals that a ratio of 0.1 is appropriate for both datasets, as over-large values
may compromise the original graph’s structure.

5.5.2 Influence of A and y in Test-agnostic Classification. We further investigate the influence of
inverse cross entropy weight A and first-level router threshold y in the task of test-agnostic long-
tailed classification. Table 6 demonstrates the test-agnostic long-tailed classification results with
various settings of A and y on the Letter-high dataset. Consistent with our previous findings, the
highest test-agnostic classification accuracy is achieved when A is set to 1.0. Notably, increasing A
appropriately can improve the effectiveness of both forward and backward long-tailed classification.
These results indicate that a stronger backward expert not only enhances the model’s capability to
handle inverse long-tailed distribution but also leads to higher performance in forward long-tailed
classification. Regarding y, our model remains robust across different threshold settings, as changing
it from 0.3 to 0.9 results in minor performance variation. This indicates that the first-level router can
dynamically adapt to different threshold values through self-supervised optimization, effectively
determining the engagement of additional experts.

5.6 Impact of Dynamic MA

A comparison of classification accuracy of different regions is conducted in this section, along with

a case study demonstrating the role of dynamic MA in promoting knowledge transfer from head to
tail classes.
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Fig. 5. Comparison of classification performance across various methods for different regions of classes
within the Letter-high dataset.

5.6.1 Region Accuracy Comparison. We study the effects of dynamic MA on the accuracy of
region classification. To accomplish this, we compare the performance across head, medium, and
tail classes with various baselines. The results are presented in Figure 5. Our findings reveal that
although all methods show good results on the data-abundant head classes, they exhibit a significant
decline in performance on tail classes. For instance, on the Letter-high dataset, the GraphSAGE
model shows a performance gap of approximately 40% between head and tail classes. Moreover,
we found that the data re-sampling strategy, which involves up-sampling and CB loss, boosts the
performance for tail classes at the expense of head class performance. Finally, our proposed KDEX
framework enhances the classification accuracy of head, medium, and tail classes simultaneously by
facilitating knowledge transfer from data-abundant head classes to data-scarce tail classes through
dynamic memory. KDEX not only prevents under-fitting of head classes, as may occur with existing
re-balancing techniques, but also boosts generalization ability by increasing within-class diversity
with dynamic memory.

5.6.2 Case Study on MA. We present a case study to demonstrate how our MA module transfers
knowledge in this section. The memory feature is constructed based on different class prototypes
with varying attention coefficients, which are crucial to the memory feature’s quality. Figure 6
showcases the three memory prototypes receiving the highest attention. The Letter-high dataset
consists of graph forms of uppercase letters, with nodes representing end-points and edges corre-
sponding to lines. To classify a sample from the tail class “Letter W,” our dynamic memory assembles
knowledge from letters “A,” “M,” and “N,” which exhibit high topological correlations with the target
tail class. Using the dynamic MA mechanism, our model explicitly provides additional topological
and semantic enrichment to the tail class, leading to more robust representation learning.

5.7 Impact of Knowledge-diverse Experts

Here we first conduct an effectiveness and efficiency analysis of the various models in the context
of a test-agnostic long-tailed classification task on a large-scale graph dataset. Furthermore, we
present visualizations of the contributions of experts to demonstrate how knowledge-diverse
experts enhance performance in different scenarios.

5.7.1 Efficiency Analysis. We focus on the efficiency analysis of our framework and several
baselines on the large-scale dataset ogbg-ppa. We selected DeeperGCN [31] as the backbone
encoder due to the dataset’s scale and included the competitive baseline RAHNet in our comparison.
Table 7 presents the test-agnostic classification results, as well as the inference time on the test set
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Fig. 6. A case study of top-3 memory prototypes transferred from data-rich classes to the data-poor class.

Table 7. Effectiveness and Efficiency Analysis of Different Models on ogbg-ppa
Datasets with Different Test Distributions

Model ‘ Forward-LT Uniform Backward-LT ‘ Inference time (s)
| s0 20 10 1 10 20 50 |

DeeperGCN 65.56 59.11 56.20 50.21 49.72  46.07 4431 7.6674

RAHNet 71.70  66.23  62.51 56.93 56.06 53.74 50.25 13.5495

KDEX w/o KDE and HEA | 69.03 63.40 60.11 55.73 5480 51.29 48.01 8.3258

KDEX w/o HEA 7292 67.57 63.39 58.04 57.87 53.44 50.46 10.9492

KDEX 73.81 68.46 64.57 58.13 59.55 54.02 5146 9.6053

The top performances are highlighted in bold. HEA, hierarchical expert aggregation; KDE,
knowledge-diverse experts.

using a single RTX 3090 GPU. Our results show that KDEX achieves the best performance with
limited computational overhead compared to vanilla DeeperGCN. KDEX is also more efficient
than RAHNet, which uses a more complex retrieval framework. Among the variants of KDEX, the
use of knowledge-diverse experts improves classification performance on forward and backward
long-tailed test distributions, indicating that training experts in diverse areas enhance the model’s
adaptability to different test distributions. Additionally, hierarchical expert aggregation effectively
improves KDEX’s efficiency by dynamically reducing unnecessary expert engagement.

5.7.2  Visualization of Expert Engagement. We further visualize the average contribution of the
uniform, forward, and backward experts in various test class distributions. When the first-level
router is deactivated, the uniform expert takes 100% of the contribution. And when the first-level
is activated, the uniform expert takes 50% of the contribution, while the contributions of the
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Fig. 7. Contribution of the uniform, forward, and backward experts in various test class distributions.

forward and backward experts are decided by the second-level router. Figure 7 shows that expert
engagement varies significantly across test distributions. It is important to highlight that our
hierarchical routing module offers a reduction in computational overhead compared to SADE. For
example, in the uniform distribution, the uniform expert accounts for over 70% of the average
contribution. This finding suggests that the first-level router reduces expert engagement to enhance
efficiency when the uniform expert is capable of making confident decisions. Moreover, the forward
expert takes higher contributions in the forward long-tailed test distributions, while the backward
expert contributes more in the backward long-tailed test distributions. This implies that the second-
level router effectively adjusts the gating weights of forward and backward experts to cater to their
respective proficient classes.

6 Conclusion

This article addresses the relatively unexplored issue of long-tailed graph-level classification. GNNs
tend to perform poorly on long-tailed training distributions, and existing approaches to long-tailed
learning often struggle with learning good representations for the tail and handling unknown
test distributions. To mitigate the above limitations, we propose a knowledge-diverse experts
framework. KDEX incorporates the dynamic MA for representation learning, which facilitates
the knowledge transfer from data-abundant classes to the data-scarce tail classes. Moreover, we
employ a knowledge-diverse learning strategy to train experts with unique expertise for different
distributions and aggregate them with hierarchical routers for better performance and efficiency.
Extensive experiments on various benchmarks demonstrate that KDEX consistently outperforms
the competitive baselines in classification accuracy for both standard and test-agnostic long-tailed
graph classification scenarios. The primary limitation of this study is its focus on a limited range
of test distributions. Future efforts aim to seek methods that obviate the need for self-supervised
training on test samples for effective adaptation across more complex test distributions.
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