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CHAPTER 1

Introduction

1.1 Motivation and Contribution

Recent years have witnessed a signi�cant shift from just model-centric Arti�cial Intelligence (AI), which

focuses on developing top-performing models, to data-centric AI, which emphasizes the quality and quantity

of the data in AI models. Concurrently, graph machine learning (GML), such as Graph Neural Networks

(GNNs) has emerged as a de-facto approach for graph-structured data by fusing the topological information

via message-passing and the feature information via neural transformation. Despite its unprecedented suc-

cess, its strong dependence on node features and graph topology also makes it vulnerable to data quality

issues, which would catastrophically impair GML performance. On the one hand, graphs, like many other

data modalities, suffer from conventional data-quality issues, e.g., imbalance. On the other hand, the intrinsic

complexity of graphs can exacerbate the aforementioned issues and bring up new ones. For example, the

imbalance issue that happens at the quantitative level could also occur at the topological level. The inherent

bias encoded in the sensitive feature might be ampli�ed by social interactions. These issues severely impair

downstream task performance and are challenging to diagnose due to the inherent complexity of graphs.

Given the criticality of the graph-data quality issues in compromising GML performance and also the

ubiquity of GML in real-world applications, my research strives toestablish the Data Quality-Aware Graph

Machine Learning framework, which identi�es data-quality issues on graph-structured data, diagnoses

the problems of existing GML methods when facing data-quality issues, proposes practical solutions

from the model/data-centric perspective to mitigate their negative impacts and customizes the devel-

oped Data Quality-Aware GML framework into real-world social-good applications. In Figure 1.1, I

systematically study the graph data-quality issues and propose solutions in the following four perspectives:

• (1) Topology [1, 2, 3, 4, 5]: issues caused by incorporating the graph topology/structure in machine

learning, e.g., heterophily topology, varying local topology, and missing topology issues.

• (2) Imbalance [6, 7, 8]: issues caused by quantitative imbalance of the training data on graphs, e.g.,

node-level and graph-level imbalance issues.

• (3) Bias [4, 6, 9]: issues caused by bias/unfairness of the training data on graphs, e.g., social interaction

bias and degree-related bias.

• (4) Limited Data [10, 11, 12]: issues caused by limited data, e.g., limited training and prompting data.

1



Figure 1.1: A comprehensive overview of my research contributions in Data Quality-aware Graph Machine
Learning, including discovering and handling Topology, Imbalance, Bias, and Limited Data Issues. The
developed framework has been used for real-world social-good applications, including infrastructure, chem-
istry, E-commerce, and Documental reading.

Moreover, I have tailored the well-developed Data Quality-Aware Graph Machine Learning for real-

world social-good applications, including molecular classi�cation in drug discovery, information retrieval

for e-commerce platforms, interdependency analysis of infrastructure networks, and question-answering for

document reading.

1.2 Dissertation Organization

The structure of the dissertation is as follows:

• Chapters 2-5: Graph topology acts as a double-edged sword in in�uencing GML performance. While the

topology can provide additional gleaning patterns to bene�t graph-based tasks, it may also compromise

the quality of the learned node representations when misapplied in unsuitable scenarios. Speci�cally,

these four chapters investigate 1) the heterophily topology issue in node classi�cation - how graph ma-

chine learning models behave worse in networks where neighboring nodes are different and we propose

a tree-decomposition to selectively aggregate neighboring information from different layers; 2) the vary-

ing local topology issue in link prediction - how different local subgraphs cause different nodes to have

2



different link prediction/recommendation performance, and we propose a neighborhood-aware denoising

mechanism to �lter out the outlier neighbors in the aggregation; 3) the noisy topology issue in session

recommendation - how the noisy graph connections misalign with the real-world context and we propose

a context-aware neighborhood aggregation to �lter out the outlier neighbors.

• Chapters 6-7: Imbalance in real-world data is widespread across various domains (e.g., chemistry/so-

cial), manifesting in diverse formats (e.g., quantity/topology), and exhibits different graph granularity

(e.g., nodes/graphs/edges). Consequently, my research focuses on handling these three granularities of

imbalance respectively, including 1) imbalance node classi�cation - how the imbalance training labels

would in�uence the node classi�cation and we propose a prototypical training mechanism along with im-

balanced label propagation to handle this issue) and 2) imbalance graph classi�cation - how the imbalance

labeled graphs would in�uence the graph classi�cation and we propose a graph-of-graph propagation and

structural augmentation to handle this issue).

• Chapters 8-10: Bias in real-world data presents signi�cant social risks, such as discrimination in crit-

ical decision-making systems and misinformation from large language models. My research addresses

three main categories of biases: 1) Social Interaction Bias - We explore how graph machine learning

is affected by interaction biases and propose an adaptive masking strategy to mitigate these effects. 2)

Degree-Related Bias - We analyze the inherent biases in current evaluation algorithms for link prediction

and recommender systems, particularly how they favor users with varying degrees of connectivity. 3)

Hallucination Bias - We address the challenge of ensuring the reliability of content generated by large

language models and propose the integration of knowledge graphs to improve content quality.

• Chapters 11: Recent success has demonstrated the signi�cance of data in powering the machine learning

model. However, in real-world cases, collecting numerous well-curated data is extremely time-consuming

and resource-extensive. This chapter focuses on handling these limited data issues in graph generation.

More speci�cally, we collect numerous well-curated graphs from diverse domains and train a large graph

generative model for graph generation. We demonstrate this large-scale training paradigm with suf�-

cient high-quality data would enable our model to learn fundamental transferable patterns across different

domains.

• Chapter 12: This chapter summarizes the dissertation by overviewing the four different categories of data

quality issues as well as their corresponding solutions we have investigated. Following that, we preview

the future directions to explore.
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CHAPTER 2

Topology Issue: Overcoming the Heterophily Topology in Node Classi�cation

Graph Neural Networks (GNNs) have achieved signi�cant success in learning better representations by per-

forming feature propagation and transformation iteratively to leverage neighborhood information. Neverthe-

less, iterative propagation restricts the information of higher-layer neighborhoods to be transported through

and fused with the lower-layer neighborhoods', which unavoidably results in feature smoothing between

neighborhoods in different layers and can thus compromise the performance on heterophily networks. In

this work, we �rst theoretically analyze the feature smoothing between neighborhoods in different layers and

empirically demonstrate the variance of the homophily level across neighborhoods at different layers. Mo-

tivated by these analyses, we further propose a tree decomposition method to disentangle neighborhoods in

different layers to alleviate feature smoothing among these layers. Moreover, we characterize the multi-hop

dependency via graph diffusion within our tree decomposition formulation to construct Tree Decomposed

Graph Neural Network (TDGNN), which can �exibly incorporate information from large receptive �elds

and aggregate this information utilizing the multi-hop dependency. Comprehensive experiments demonstrate

the superior performance of TDGNN on both homophily and heterophily networks under a variety of node

classi�cation settings.1.

2.1 Introduction

Graph representation learning has recently emerged as a powerful strategy for node classi�cation [13, 14,

15, 16], graph classi�cation [14, 17, 18, 19] and link prediction [20, 21] on graph-structured data. As the

generalization of deep learning to the graph domain, Graph Neural Networks (GNNs) have become one of

the most promising paradigms [22], which adopts a message-passing scheme to learn node representations

by utilizing both the node features and the graph topology [15, 16, 23]. A typical GNN architecture for node

classi�cation consists of two stages: message-passing and neural transformation. Firstly, messages are prop-

agated from neighboring nodes to their corresponding center nodes and then aggregated together via pooling

operations such as average pooling, min/max pooling, and learnable pooling. Afterward, the neural trans-

formation layer transforms the aggregated messages to extract useful node representations. These two stages

are packed together and termed as one layer of graph convolution. Deep GNNs iteratively perform multiple

graph convolutions to obtain a larger receptive �eld and thus incorporate information of neighborhoods in

higher layers [24, 25, 26, 27].

1https://dl.acm.org/doi/abs/10.1145/3459637.3482487
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Although GNNs have gained signi�cant achievements, most of existing works have been focused on ho-

mophily networks where neighboring nodes possess similar feature distributions or belong to the same class.

In this way, propagating neighboring embeddings would bene�t the prediction of the center nodes. Despite

the success of homophily networks, a common challenge faced by GNNs is node classi�cation on heterophily

networks where neighboring nodes do not necessarily share similar features or possess the same class label. In

this case, blindly aggregating neighborhood information to the center nodes as what most popular models do,

such as GCN and GAT, would, unfortunately, mix information from different classes together and essentially

hurt the performance of downstream node classi�cation. Stepping further, several methods propose deep

GNNs to incorporate higher-layer neighborhood information through iterative propagation [23, 27, 28, 29].

However, most of them are focused on handling over-smoothing issues and the incorporated higher-layer

neighborhood information may still come from different feature/class distributions, leaving the heterophily

issue unaddressed.

Given the challenge that features of higher-layer neighborhoods are over-smoothed with the lower-layer

neighborhoods and noticing the potential negative impact of this over-smoothing on heterophile networks,

we propose an effective framework, termed Tree Decomposed Graph Neural Network (TDGNN), to learn

node representations from larger receptive �elds without causing feature over-smoothing between different

layers of neighborhoods and allow �exible layer con�gurations to avoid under-performance on heterophily

networks. Our major contributions are listed as follows:

• Motivated by our theoretical analysis on feature smoothing and empirical demonstration of the variance of

the homophily level across neighborhoods in different layers, we propose a tree decomposition method to

disentangle features of neighborhoods in different layers, which can help alleviate the problem of feature

smoothing and provides more �exible layer con�gurations for complex networks.

• We capture and maintain the importance of multi-hop dependency in learning better representations within

our tree decomposition method by characterizing this multi-hop dependency by graph diffusion, which

ultimately leads to the construction of the proposed Tree Decomposed Graph Neural Network (TDGNN).

• We conduct experiments in both semi-supervised and full-supervised settings and on both homophily and

heterophily network datasets to comprehensively demonstrate the superiority of our proposed TDGNN

framework over existing methods. Additionally, we perform a parameter analysis to better understand and

contrast TDGNN to prior GNNs.
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2.2 Related Work

Deep Graph Neural Networks.Deep GNNs are related to over-smoothing and primarily aim to incorporate

higher-layer neighborhood information through iterative propagation. For example, SGC [23] and S2GC [27]

attempt to capture higher-layer neighborhood information by applyingK th power of the graph convolution

in a single neural network layer. APPNP [29] replaces the power of the graph convolution with the Person-

alized PageRank [30] and GDC [28] further extends APPNP by generalizing Personalized PageRank to an

arbitrary graph diffusion process. More recently, methods such as GCNII [24] and DAGNN [26], aggregate

embeddings at different layers and outperform all previously mentioned deep GNNs.

GNNs on Heterophily Networks.Heterophily has recently been raised as an important issue since it breaks

the traditional network homophily assumption that is widely adopted in many GNNs. More speci�cally, in a

heterophily network, the concept that linked nodes are likely from different classes or have dissimilar features

is initially recognized within the context of GNNs in [31]. Zhu et al. [32] proposes a set of effective designs

that allow GNNs to generalize to challenging heterophily settings, and Chen et al. [24] leverages initial

residual connection and identity mapping to enable GCN to express aK th order polynomial �lter with arbi-

trary coef�cients. In comparison, our work demonstrates that the poor performance of GNNs on heterophily

networks is caused by feature smoothing between neighborhoods in different layers. By decomposing the

computational tree of center nodes and increasing the depth of the GNNs, we can selectively devise suitable

layer con�gurations to boost the model performance on a heterophily network.

2.3 Methodology

In this section, we design a Tree Decomposed Graph Neural Network (TDGNN) by mainly solving the two

challenges mentioned in Section 2.1, which are feature smoothing between neighborhoods in different layers

and lack of consideration of the multi-hop dependency in GNNs. For the �rst challenge, we theoretically

show the feature smoothing between different layers when applying iterative propagation and further propose

a tree decomposition method to disentangle neighborhood information in different layers. For the second

challenge, we formalize the de�nition of the multi-hop dependency and characterize it through a graph dif-

fusion process. Combining the tree decomposition method to disentangle the neighborhood information on

different layers and the graph diffusion to model the multi-hop dependency, we propose TDGNN. We also in-

troduce two mechanisms to aggregate node representations of each layer: TDGNN-s, which directly sums the

representations of all layers together, and TDGNN-w, which assigns learnable weights and adaptively com-

bines the node representations of each layer. The framework is shown in Figure 2.3, which has three main

components: tree decomposition to handle feature smoothing between different neighborhood layers, graph

diffusion to model multi-hop dependency, and aggregation to combine representations of different layers.
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Figure 2.1: Visualizing the variance of homophily across neighborhoods at different levels according to the
distribution of the ratio of different layer neighborhoods in the same class as their corresponding center nodes
(i.e., (a) and (c)) and the cosine similarity of their embeddings (obtained from feeding node features through
only the transformation layers of a pre-trained 2-layer GCN) to their center nodes (i.e., (b) and (d)) for the
Texas and Cora datasets.

2.3.1 Tree Decomposition

The basic assumption in GNNs is that the neighborhood information of the center node leveraged by applying

feature propagation and aggregation can enhance the prediction performance of the center node itself [33].

Such an assumption is justi�ed by the core network property, homophily, where linked nodes tend to share

similar features and typically belong to the same class [31, 34]. However, the level of homophily might be

completely different among different networks or even among different subgraphs within the same network.

One extreme situation would be the heterophily network where linked nodes are likely from different classes

or have dissimilar features [32, 35].

In Figure 2.1, we show the level of homophily across different neighborhood layers in the Cora and Texas

datasets. More speci�cally, the level of homophily is measured by distributions of the ratio of neighborhoods

N k
i in different neighborhood layersk that share the same class as (in Figure 2.1(a) and Figure 2.1(c)) and

have similar embeddings to (in Figure 2.1(b) and Figure 2.1(d)) their corresponding center nodevi , which are

obtained from feeding node features only through the transformation layers in a pre-trained 2-layer GCN [15]

without introducing any bias from feature propagation. In the Cora dataset, it can be observed that the major-

ity of neighbors among their1st-layer neighborhoods have the same class as their corresponding center nodes,

but the number of center nodes that have most of their neighborhoods sharing the same class as themselves

decreases as the layer increases. Furthermore, the embeddings of these neighborhoods on the1st-layer, on av-

erage, have high similarity to their corresponding center nodes. This demonstrates the high homophily of the

Cora dataset on low layers and propagating features of nodes in these low layers fuse embeddings of nodes in

the same class and thus make embeddings of different classes more separable. However, even for this extreme

homophily layer in this strong homophily Cora dataset [36], not all of the nodes in the1st-layer have their
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neighborhoods sharing the same label with themselves, and this strong homophily becomes progressively

weaker as we reach further out to higher layers. For example, only around 10% of the nodes in the3rd-layer

have all their neighborhoods sharing the same class and over half of the nodes in the10th-layer have nearly

all neighborhoods different from themselves. Even worse, in the Texas dataset, even for low layers, most of

the neighborhoods have different classes from their center nodes, especially for nodes on the1st-layer, almost

all nodes belong to different classes from their center nodes, which demonstrates the strong heterophily of

the Texas dataset. Propagating features of nodes in such low layers to their center nodes fuses embeddings

of nodes in different classes and makes those nodes indistinguishable, which results in learning worse node

representations. Such feature smoothing among different layers is unavoidable as long as the procedure of

iterative propagation is taken, that is:during iterative feature propagation, the information of neighborhoods

in higher layers has to be transported through and fused with the information of neighborhoods in lower

layers and then propagated to their corresponding center nodes.

If we take the most popular GNN-variant, a 2-layer GCN, as an example (for simplicity), then after 2-layer

graph convolutions, the representation of the nodevi is:

h2
i = � (h0

i W 0)W 1(
1

(di + 1) 2 +
X

j 2N 1
i

1
(di + 1)( dj + 1)

)
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+
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i

� (h0
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i g

� (h0
k W 0)W 1 1

p
di + 1

p
dk + 1( dj + 1)

| {z }
2nd-layer neighborhood features

; (2.1)

which consists of three components corresponding to the feature information of neighborhoods in the0th; 1st,

and2nd layers. Eq. (2.1) intuitively shows that the embedding of nodevi after two iterative graph convolutions

contains the information of both1st and2nd- layer neighborhood information, which will compromise the

performance on Texas dataset since the feature and class information of the1st-layer is of great difference

from their corresponding center nodes according to Figure 2.1(a) and Figure 2.1(b). Even for the Cora dataset,

where the feature and class information of the1st-layer neighborhoods is similar to their corresponding center

nodes, still some center nodes have neighborhoods in the1st-layer different from themselves and for these

nodes, incorporating their neighborhood information might compromise their predictions.
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Figure 2.2: Tree decomposition of the center nodev1

in the given graph to two layers compared to the com-
putational graph in the original GNNs (e.g., GCN).

Thus, based on our analysis, to advance the

frontier of GNNs to be able to selectively leverage

neighborhood information in different layers, we

propose a tree decomposition method. More specif-

ically, our proposed method disentangles neighbor-

hoods in different layers and connects them directly

with their corresponding center nodes. These direct

connections allow the propagation of higher-layer

neighborhoods' information to their corresponding center nodes without any interference from lower-layer

neighborhoods along the way. Furthermore, this tree decomposition procedure enables more �exible layer

con�gurations of neighborhoods. For example in Figure 2.2, we decompose the computational tree in GNNs

of the center nodev1. Then, in the training process, we selectively propagate information of nodes in different

layers: propagating along the1st-layer subgraph, the2nd-layer subgraph, and both of these two subgraphs.

The choice depends on the network homophily of different layers and is determined by hyperparameter-

tuning. The adjacency matrix of thekth-layer subgraphT k obtained from tree decomposition can be com-

puted by the difference between corresponding powers of the normalized adjacency matrices with added

self-loops and formalized as follows:

T k = sign( bA k ) � sign( bA k � 1) + I ; (2.2)

sign( bA k ) ij =

8
>><

>>:

1; if bA k
ij > 0

0; if bA k
ij = 0 ;

(2.3)

wherebA 0 = I is the identity matrix andbA = eD � 1
2 eA eD � 1

2 is the renormalized adjacency matrix as previously

de�ned. The equivalence betweenT k and thekth-layer subgraph, including the self-loop, can be easily

proven, so we omit the details for brevity.

2.3.2 Multi-hop Dependency

Although the tree decomposition could avoid the issue of feature smoothing between different layers, we

also lose the multi-hop dependency captured by the original iterative propagation which might cause over-

smoothing [25]. Two nodes have multi-hop dependency if they are connected by a path in the network, and

speci�cally, k-hop dependency is de�ned as two nodes connected by at least one simple path with lengthk.

For example in Figure 2.2, features of nodev2 can not only be propagated along the edgev2 ! v1 to v1 but

also along the longer pathv2 ! v5 ! v6 ! v3 ! v1 to v1. However, after tree decomposition, the edge
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v2 ! v1 is the only way for propagating features ofv2 to v1. Instead of inserting multiple edges between the

higher-layer neighborhood nodes and their corresponding center nodes, we model this multi-hop dependency

via graph diffusion [28]. Speci�cally,bA i represents thei th-hop dependency and its entrybA i
pq measures the

strength of paths of lengthi in propagating features from nodevp to vq. Assuming the maximum hop of the

dependency we consider isK , sincekth-layer (k � K ) neighborhood nodes can only propagate their features

along paths of length fromk to K , thus the total multi-hop dependencies from nodevp to vq along these paths

is calculated as
P K

i = k
bA i

pq. Such multi-hop dependency across the spectrum fromk to K between a single

pair of nodes can be further generalized to all pairs of nodes in the graph via diffusion and de�ned as:

Ek;K =
KX

i = k

bA i ; (2.4)

whereEk;K considers dependencies from paths of lengthk to K , which could be used as the edge weights

for propagating node features in thekth-layer subgraph obtained from tree decomposition.

2.3.3 Tree Decomposed Graph Neural Network

Now, having motivated and introduced the two major components of our proposed framework, namely the

tree decomposition and multi-hop dependency formulations, we collect them together and present our Tree

Decomposed Graph Neural Network (TDGNN). As previously noted, an illustration of our proposed TDGNN

is shown in Figure 2.3, and its corresponding mathematical formulation is de�ned as:

H 0 = MLP(X ); (2.5)

H k = ( T k � Ek;K )H 0; k = 1 ; 2; :::; L; (2.6)

Z =

8
>><

>>:

P L
k=0 H k ; TDGNN-s

P L
k=0 � k H k ; TDGNN-w.

(2.7)

We �rst apply a Multilayer Perceptron (MLP) network to the original feature matrixX to get the initial

representations of nodesH 0 [26, 29]. Then, we decompose the whole network by calculating the adjacency

matrix T k of kth-layer tree based on Eq. (2.2) and Eq. (2.3). Thiskth-layer subgraph contains only edges

between center nodes and their correspondingkth-layer neighborhood nodes, including a self-loop. Since we

consider the neighborhood nodes up toL th-layer, thek is from 1 to L . Next, we utilize graph diffusion to

calculate the multi-hop dependencyEk;K based on Eq. (2.4) andK is the prede�ned maximum hop of depen-

dency we consider. Afterward, we propagate the initial node representationsH 0 along edges in each subgraph
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Figure 2.3: An illustration of the proposed Tree Decomposed Graph Neural Network (TDGNN). For brevity,
we only present the pipeline of predicting the label of one node.

following each corresponding adjacency matrixT k with the corresponding edge weight from multi-hop de-

pendencyEk;K to get representationsH k for each layerk based on Eq. (2.6). We collect representations

from each layer and aggregate them together using two aggregation mechanisms to get the �nal representa-

tionsZ based on Eq. (2.7). The �rst aggregation mechanism is to directly sum up the representations of all

layers together. The second aggregation mechanism is to assign learnable weights and adaptively combine

the representations of each layer. The corresponding two versions of our model are termed as TDGNN-s and

TDGNN-w, respectively. Ultimately,Z is employed to compute the cross-entropy loss for labeled nodes as:

L = �
X

v i 2V l

CX

j =1

Y ij log bZ ij ; (2.8)

where bZ is the probability distribution of each node belonging to each class and is obtained by applying

softmax on the �nal representationZ. Note thatVl � V is the set of training nodes with known label

information as previously de�ned andC is the total number of classes to be predicted.

In summary, our model decouples transformation from propagation [26], which enlarges the receptive

�elds without introducing more trainable parameters. Obtaining low dimensional representations before

propagation [29] makes the training process of TDGNN computationally ef�cient. Additionally, tree de-

composition preprocessing allows a more �exible choice of utilizing/combining different layers to propagate

features. The multi-hop dependency enables feature propagation along paths of various lengths, which con-

forms to other recent work [37]. Furthermore, applying learnable weight coef�cients equips TDGNN with

the ability to �exibly select an effective receptive �eld based on a speci�c network.
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2.3.4 Complexity Analysis

Compared to vanilla GCN, the additional computational load mostly comes from the tree decomposition and

the graph diffusion. Since tracking down the correspondingL-layer subgraphs is equivalent to calculating

the difference between corresponding powers of the normalized adjacency matrices with added self-loops by

Eq. (2.2), which is exactly given by graph diffusion, the time for the tree decomposition could be saved.

The time complexity for performing graph diffusion process isO(Kn 3) = O(n3) due toK times matrix

multiplication and can be reduced approximately toO(n2:81) if using the Strassen algorithm [38] or even fur-

ther toO(n2:38) [39]. Moreover, in practice, real-world graphs are extremely sparse, and thus, sparse matrix

multiplication methods [40] could also be used to further improve computational ef�ciency. Notably, both

the tree decomposition and the graph diffusion are preprocessing outside of the training, which signi�cantly

reduces the computational load of the whole framework.

For the space complexity, the bottleneck would be saving diffusion matricesbA k ; k = 1 ; 2; :::; K , and

the adjacency matrices of each subgraphT k ; k = 1 ; 2; :::; K , which leads toO(Kn 2) and constitutes a

severe threat for networks of large scale. However, as we highlighted before and demonstrate in Figure 2.4,

since higher-layer neighborhoods may have completely different features from their corresponding center

nodes and incorporating their information gains little bene�ts in learning better embeddings, we could only

consider lower-layer neighborhoods [41] and thus keep only the �rst few adjacency matrices. On the other

hand, most of the real-world networks have the small-world property that most nodes can be reached from

every other node by a small number of hops [42], which con�rms and helps justify why we can remove the

higher-layer adjacency matrices. Moreover, we could apply the same strategy as GraphSAGE [43] where

we sample nodes from the center node's local neighborhood via random walk and propagate features among

these sampled nodes [41]. Since this work focuses on disentangling neighborhoods and characterizing the

multi-hop dependency, the aforementioned is left as one future direction.

2.4 Experiment

In this section, we conduct extensive node classi�cation experiments to evaluate the superiority of our pro-

posed TDGNN model. We begin by introducing the datasets and experimental setup we employed. Then, we

compare TDGNN with prior baselines and some state-of-the-art (SOTA) deep GNNs.
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Table 2.1: Statistics of network datasets for node classi�cation.

Networks Nodes Edges Features Classes Train/Val/Test Type

Homophily
Cora 2708 5429 1433 7 140/500/1000 Citation network
Citeseer 3327 4732 3703 6 120/500/1000 Citation network
Pubmed 19717 44338 500 3 60/500/1000 Citation network

Non-
homophily

Cornell 183 295 1703 5 48%/32%/20% Webpage network
Texas 183 309 1703 5 48%/32%/20% Webpage network
Wisconsin 251 499 1703 5 48%/32%/20% Webpage network
Actor 7600 33544 931 5 48%/32%/20% Actor co-occurrence network

2.4.1 Experimental Settings

Datasets. We evaluate the performance of our TDGNN model and baseline models with node classi�ca-

tion on multiple real-world datasets. More speci�cally, we use the three standard citation network datasets

Cora, Citeseer, and Pubmed [44] for semi-supervised node classi�cation [45], where nodes correspond to

documents associated with the bag-of-words as the features and edges correspond to citations. For full-

supervised node classi�cation, in addition to the three citation networks we include three extra web network

datasets, Cornell, Texas, and Wisconsion [31], where nodes and edges represent web pages and hyperlinks,

and one actor co-occurrence network dataset, Actor [31], where nodes and edges represent actors and their

co-occurrence in the same movie. Table 2.1 contains the basic network statistics for each of these datasets.

Baselines.To evaluate the effectiveness of TDGNN, we choose the following representative supervised node

classi�cation baselines including SOTA GNN models.MLP [46]: 2-layer multilayer perceptron with dropout

and ReLU non-linearity, which is empirically shown in other works to perform well on non-homophily net-

work datasets [32].GCN [15]: GCN is one of the most popular graph convolutional models.GAT [16]:

Graph attention network employs an attention mechanism to pay different levels of attention to nodes within

the neighborhood set and is widely used as a GNN baseline.SGC [23]: Simple graph convolution network

removes nonlinearities and collapsing weight matrices between consecutive layers, which obtains comparable

accuracy and yields orders of magnitude speedup over GCN. We note that SGC collapses the traditional GNN

aggregation tree such that the center node receives the features directly from the �attened neighborhood while

being weighted according to the higher-order neighborhood information.APPNP [29]: APPNP links GCN

and PageRank to derive an improved propagation scheme based on personalized PageRank, which incorpo-

rates higher-order neighborhood information and meanwhile keeps the local information.Geom-GCN[31]:

Geom-GCN explores to capture long-range dependencies in non-homophily networks. It uses the geometric

relationships de�ned in the latent space to build structural neighborhoods for aggregation. Since Geom-GCN

is mainly designed for non-homophily networks, we only report its performance in full-supervised node

classi�cation where three non-homophily networks are included.DAGNN [26]: Deep adaptive graph neu-
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ral network �rst decouples the representation transformation from propagation so that large receptive �elds

can be applied without suffering from performance degradation. Then, it utilizes an adaptive adjustment

mechanism, which adaptively balances the information from local and global neighborhoods for each node.

GCNII [24]: GCNII employs residual connection to retain part of the information from the previous layer

and adds an identity mapping to ensure the non-decreasing performance as the GNN model goes deeper (i.e.,

successfully adds more layers). For baselines with multiple variants (Geom-GCN, GCNII), we only choose

the best for each dataset and denote it as model*.

Parameter Settings.We implement our proposed TDGNN and some necessary baselines using Pytorch [47]

and Pytorch Geometric [48], a library for deep learning on graph-structured data built upon Pytorch. For

DAGNN2, and GCNII3, we use the original code from the authors' GitHub repository. We aim to provide

a rigorous and fair comparison between different models on each dataset by tuning hyperparameters for all

models individually. The number of hidden units is searched fromf 16; 32; 64; 128g, the dropout rate is

searched fromf 0; 0:5; 0:8g, the weight decay is searched from[1e� 4; 2e� 2], the training epochs is searched

from f 300; 500; 1000; 1500; 3000; 4000g and the learning rate is set to be 0.01. We �nd that some baselines

even achieve better results than their original reports. Note that in this work, we do not treat the random seed

as a hyperparameter and therefore, the random seed �xed in previous models for reproducing results, if any,

is reset to be totally random to remove any potential bias and thus allow for more generalized comparison.

For reproducibility, codes of all of our models and corresponding hyperparameter con�gurations for results

in Table 2.2-2.3 are publicly available4.

2.4.2 Semi-supervised Node Classi�cation

For the semi-supervised node classi�cation, we apply the �xed split following [45] and random training/-

validation/testing split on Cora, Citeseer, and Pubmed, with 20 nodes per class for training, 500 nodes for

validation, and 1000 nodes for testing. For each model, we conduct 100 runs and report the mean classi�ca-

tion accuracy with the standard deviation in both the �xed and random splitting cases. Table 2.2 reports the

best mean accuracy with the standard deviation over different data splits where the best model per benchmark

is highlighted in bold and the number in parentheses corresponds to the neighborhood layers used at which

the best performance is achieved. For example, (0-4) means the corresponding performance is achieved when

we use the neighborhood of layers up to 4, and0-layer neighborhoods correspond to using the features of the

nodes themselves for prediction. The random split is to remove the positional bias from the training nodes as

nodes in the class centers tend to impose more in�uence and inductivity [49].

2https://github.com/vthost/DAGNN
3https://github.com/chennnM/GCNII
4https://github.com/YuWVandy/TDGNN
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Table 2.2: Semi-supervised classi�cation accuracy (%)� stdev over Cora, Citeseer, and Pubmed datasets.
Best and runner-up performances are reported inbold and underlined.

Method
Cora Citeseer Pubmed

Avg. Rank
Fixed Random Fixed Random Fixed Random

GCN 81.50� 0.79 (0-2) 79.91� 1.64 (0-2) 71.42� 0.48 (0-2) 68.78� 2.01 (0-2) 79.12� 0.46 (0-2) 77.84� 2.36 (0-2) 7.17
GAT 83.10� 0.40 (0-2) 80.80� 1.60 (0-2) 70.80� 0.50 (0-2) 68.90� 1.70 (0-2) 79.10� 0.40 (0-2) 77.80� 2.10 (0-2) 7.00
SGC 82.63� 0.01 (0-2) 80.18� 1.57 (0-2) 72.10� 0.14 (0-2) 69.33� 1.90 (0-2) 79.12� 0.10 (0-2) 76.74� 2.84 (0-2) 6.83
APPNP 83.34� 0.56 (0-10) 82.26� 1.39 (0-10) 72.22� 0.50 (0-10) 70.53� 1.57 (0-10) 80.14� 0.24 (0-10) 79.54� 2.23 (0-10) 3.83
DAGNN 84.88� 0.49 (0-10) 83.47� 1.18 (0-10) 73.39� 0.57 (0-9) 70.87� 1.44 (0-10) 80.51� 0.42 (0-20) 79.52� 2.19 (0-20) 2.33
GCNII* 85.57� 0.45 (0-64) 82.58� 1.68 (0-64) 73.24� 0.61 (0-32) 70.04� 1.72 (0-10) 80.00� 0.48 (0-16) 79.03� 1.68 (0-16) 3.83
TDGNN-s 85.35� 0.49 (0-4) 83.84� 1.45 (0-6) 73.78� 0.60 (0-8) 71.27� 1.71 (0-8) 80.20� 0.33 (0-5) 80.01� 1.96 (0-5) 1.33
TDGNN-w 84.42� 0.59 (0-4) 83.43� 1.35 (0-6) 72.14� 0.49 (0-6) 70.32� 1.57 (0-6) 80.12� 0.44 (0-5) 79.77� 2.04 (0-5) 3.67

Table 2.3: Summary of full-supervised classi�cation accuracy (%)� standard deviation over 8 datasets. Best
and runner-up performances are reported inbold and underlined.

Method Cora Cite. Pub. Corn. Tex. Wisc. Act. Avg. Rank
MLP 75.78� 1.84 (0) 73.81� 1.74 (0) 86.90� 0.37 (0) 80.97� 6.33 (0) 81.32� 4.19 (0) 85.38� 3.95 (0) 36.60� 1.25 (0) 5.57
GCN 86.97� 1.32 (0-2) 76.37� 1.47 (0-2) 88.19� 0.48 (0-2) 58.57� 3.57 (0-2) 58.68� 4.64 (0-2) 53.14� 6.25 (0-2) 28.65� 1.38 (0-2) 8.14
GAT 87.30� 1.01 (0-2) 75.55� 1.32 (0-2) 85.33� 0.48 (0-2) 61.89� 5.05 (0-2) 58.38� 6.63 (0-2) 55.29� 4.09 (0-2) 28.45� 0.89 (0-2) 8.00
SGC 87.07� 1.20 (0-2) 76.01� 1.78 (0-2) 85.11� 0.52 (0-2) 58.68� 3.75 (0-2) 60.43� 5.11 (0-2) 53.49� 5.13 (0-2) 27.46� 1.46 (0-2) 8.57
Geom-GCN* 85.35� 1.57 (0-2) 78.02� 1.15 (0-2) 89.95� 0.47 (N/A) 60.54� 3.67 (0-2) 66.76� 2.72 (N/A) 64.51� 3.66 (N/A) 31.63� 1.15 (N/A) 5.86
APPNP 86.76� 1.74 (0-10) 77.08� 1.56 (0-10) 88.45� 0.42 (0-10) 74.59� 5.11 (0-10) 74.30� 4.74 (0-10) 81.10� 2.93 (0-10) 34.36� 1.09 (0-10) 5.43
DAGNN 87.26� 1.42 (0-10) 76.47� 1.54 (0-10) 87.49� 0.63 (0-20) 80.97� 6.33 (0) 81.32� 4.19 (0) 85.38� 3.95 (0) 36.60� 1.25 (0) 4.71
GCNII* 88.27� 1.31 (0-64) 77.06� 1.67 (0-64) 90.26� 0.41 (0-64) 76.70� 5.40 (0-16) 77.08� 5.84 (0-32) 80.94� 4.94 (0-16) 35.18� 1.30 (0-64) 3.71
TDGNN-s 88.26� 1.32 (0-4) 76.64� 1.54 (0-8) 89.13� 0.39 (0-1) 80.97� 6.33 (0) 82.95� 4.59 (0, 4-5) 85.47� 3.88 (0, 4-5) 36.70� 1.28 (0, 3-4) 2.86
TDGNN-w 88.01� 1.32 (0-5) 76.58� 1.40 (0-2) 89.22� 0.41 (0-1) 82.92� 6.61 (0, 2-6) 83.00� 4.50 (0, 2) 85.57� 3.78 (0, 3-5) 37.11� 0.96 (0, 3-4) 2.14

* We reuse the results in [36] for Geom-GCN. 'N/A' indicates the corresponding layers are not reported.

We observe that TDGNN-s performs the best in terms of the average rank through all datasets and across

both random and �xed splits, which suggests the comprehensive superiority of TDGNN-s to other baselines.

Speci�cally, our TDGNN-s model outperforms the representative baselines, including GCN, GAT, SGC, and

APPNP, across all datasets by signi�cant margins. Compared with two recent deep GNN models, DAGNN

and GCNII*, TDGNN-s can still achieve comparable or even better performance. Especially when the data

split is random, TDGNN-s outperforms all other models, demonstrating the strong robustness of TDGNN-s

(in terms of dataset splits). It is also worth noting that our TDGNN model achieves the SOTA performance

with relatively shallow layers compared with DAGNN and GCNII*. On the Cora dataset, the best perfor-

mance is achieved when layers are used up to 4 and 6 for our TDGNN-s model, respectively, in �xed and

random data splitting. At the same time, DAGNN and GCNII require up to 10 and 64 layers to achieve the

best, which demands heavy computation and thus is time inef�cient. On the Citeseer dataset, our model also

utilizes up to the most shallow layers compared with DAGNN and GCNII* to achieve the SOTA performance.

Surprisingly, the weighted version of our model, TDGNN-w, performs poorly than TDGNN-s while still out-

performing most of the baselines. This is because the weight coef�cientsf � i gL
i =0 are only decided by training

nodes and the suitable weights for combining aggregated featuresf H i gL
i =0 and getting good predictions on

training and validation nodes might not be suitable for testing nodes, which inspires future work for a layer

aggregation mechanism that enables node-adaptive layer combination.
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2.4.3 Full-supervised Node Classi�cation

For the full-supervised node classi�cation task, we evaluate our TDGNN model and existing GNNs using 7

datasets: Cora, Citeseer, Pubmed, Cornell, Texas, Wisconsin, and Actor. For each dataset, we use 10 random

splits (48%/32%/20% of nodes per class for training/validation/testing) from [31]. Note that although [31]

reports that the ratios are 60%/20%/20%, this differs from the actual data splits shared on their GitHub [36].

We conduct 100 runs with each split evaluated 10 times and report the mean accuracy with the standard

deviation in Table 2.3. Here, the numbers in the parentheses again correspond to layers of neighborhoods

utilized (e.g., (0, 3-5) means the corresponding performance is achieved when we use neighborhoods of

layers 3 to 5 and0-layer neighborhoods corresponding to the center nodes themselves.)

First, we observe from Table 2.3 that TDGNN-w has the best average rank across the two types of net-

works (i.e., homophily and heterophily) with TDGNN-s ranking second. Next, we observe that TDGNN-w

signi�cantly outperforms the baselines across the heterophily networks. However, both variants of TDGNN

are slightly outperformed on the homophily networks in this full-supervised setting (whereas in most ho-

mophily networks under the semi-supervised setting, TDGNN-s performs the best). Thus, to better under-

stand the inner workings of TDGNN, we next perform a detailed parameter analysis.

2.4.4 Sensitivity Analysis

Figure 2.4: Results of models
with different layers onCora
(Top) andCiteseer (Bottom)

Here, we compare the performance of TDGNN with other baselines when

utilizing neighborhoods in different layers. Furthermore, we perform a

parameter analysis of TDGNN by varying the neighborhood layers (L )

and the multi-hop dependencies (K ).

First, to demonstrate the strength of the TDGNN-s model in shallow

layers, we visualize the performance of each model using layers from up

to 1 to up to 10 in Figure 2.4. For the Cora and Citeseer datasets, our

model achieves around 84% and 73% using only the �rst 2-layer neigh-

borhoods and the �rst three-layer neighborhoods, respectively. Compared

to two SOTA deep GNNs where DAGNN achieves the same level of per-

formance using 5 layers and 7 layers, and GCNII* achieves using 8 layers

and at least 32 layers, our model can leverage less neighborhood infor-

mation to achieve comparable performance, which clearly validates the

importance of considering multi-hop dependency. To some extent, this raises the concern over whether we

need deep GNNs to incorporate higher-layer neighborhood information in homophily networks or if shallow

feature information aggregated according to higher-order multi-hop dependencies provides suf�cient infor-
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Figure 2.5: Visualizing the effect of varying the maximum layer neighborhoods and the length of multi-hop
dependency on the performance of TDGNN.

mation. Besides, the continued high-level performance as model depth increases demonstrates the higher

resilience of TDGNN-s against over-smoothing.

Second, we vary the maximum layer of neighborhoods and the multi-hop dependency to study their effect

on the performance of the proposed two models: TDGNN-s on two representative homophily networks and

TDGNN-w on two representative heterophily networks. Both of the maximum layer of the neighborhoods

and the length of the multi-hop dependency are selected fromf 1; 2; 3; 5; 10g due to the small-world theory

that two nodes will be connected through few series of intermediaries [42]. Figure 2.5 visualizes the averaged

accuracy across 10 runs for various layers and dependency con�gurations. For two homophily networks, in-

cluding extra neighborhood layers signi�cantly increase the model performance for lower-layers and such

boosting effect becomes progressively weaker as more and more higher-layer neighborhood layers are in-

cluded, e.g., the performance increases from79:85 to 84:00 and from71:50 to 72:85 for Cora and Citeseer

when including the2nd-layer neighborhood while only from84:00 to 85:06 and from72:85 to 73:28 when

including the3rd-layer. This weaker boost as the layer number increases is also in line with the decreasing ho-

mophily level as observed in Figure 2.1. In comparison, for heterophily networks, in Figures 2.5(c) and 2.5(d)

we can observe a more signi�cant need for the decoupling of neighborhood layers since increasing the re-

ceptive �eld (i.e., increasing the maximum layer of neighborhoods) is not always advantageous. Similarly

including deeper multi-hop dependencies is not always a clear advantage as seen in the homophily networks

because lower-layer neighborhoods that have different labels or representations from their corresponding

center nodes may contribute more to their center nodes' prediction through longer dependency. We note that

these �ndings also align with our empirical analysis in Figure 2.1. Therefore, we believe that the increased

performance obtained by TDGNN over prior work is partially credited to its ability to separate the concept of

graph convolutions in deeper GNNs with higher-layer neighborhoods into both multi-hop dependencies and

decoupled neighborhood layers, which can allow any deep GNN model to be more �exibly customized via

hyperparameter tuning on a wider variety of complex networks.
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2.5 Conclusion

In this chapter, we theoretically analyze the feature smoothing of neighborhoods in different layers and pro-

pose a tree decomposition method that disentangles neighborhoods of different layers, thus allowing a more

�exible layer con�guration. Moreover, our work provides the �rst theoretical and empirical analysis that

unveils the importance of multi-hop dependency in learning better node representations and discloses its

connection with graph diffusion. Based on these insights, we design our Tree Decomposed Graph Neural

Network (TDGNN) model with two variants, TDGNN-s and TDGNN-w, which simultaneously address the

problem of feature smoothing between different layers and incorporate the multi-hop dependency. Extensive

experiments demonstrate that TDGNN outperforms representative baselines on a wide range of real-world

datasets across network types (including homophily and heterophily) and various node classi�cation task

settings.
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CHAPTER 3

Topology Issue: Analyzing the Varying Local Topology Issue in Link Prediction

While Graph Neural Networks (GNNs) have shown great power in learning node embeddings for link predic-

tion (LP), no previous works have explored its varying performance across different nodes and its underlying

reasons. To this end, we aim to demystify which nodes perform better by analyzing their local topology.

Despite the widespread belief that low-degree nodes exhibit poorer LP performance, our empirical �ndings

provide nuances to this viewpoint and prompt us to propose a better metric, Topological Concentration (TC),

based on the intersection of the local subgraph of each node with the ones of its neighbors. We empirically

demonstrate that TC has a higher correlation with LP performance than other node-level topological metrics,

offering a better way to identify low-performing nodes than using degree. With TC, we discover a novel

topological distribution shift issue in which newly joined neighbors of a node tend to become less interactive

with that node's existing neighbors, compromising the generalizability of node embeddings for LP at testing

time. To make the computation of TC scalable, we further propose Approximated Topological Concentration

(ATC) and justify its ef�cacy in approximating TC and reducing the computation complexity.1.

3.1 Introduction

Recent years have witnessed unprecedented success in applying link prediction (LP) in real-world applica-

tions [50, 51, 52]. Compared with heuristic-based [53, 54] and shallow embedding-based LP approaches [55,

56], GNN-based ones [21, 57] have achieved state-of-the-art performance; these methods �rst learn node/-

subgraph embeddings by linear transformations with message-passing and a decoder/pooling layer to predict

link scores/subgraph class. While existing works boost overall LP performance [58, 59] by more expressive

message-passing or data augmentation, it is heavily under-explored whether different nodes within a graph

would obtain embeddings of different quality and have varying LP performance.

Previous works have explored GNNs' varying performance on nodes within a graph, considering factors

like local topology [60, 61], feature quality [62], and class quantity [63]. While these studies have provided

signi�cant insights, their focus has primarily remained on node/graph-level tasks, leaving the realm of LP

unexplored. A more profound examination of the node-varying LP performance can enhance our compre-

hension of network dynamics [54], facilitate the timely detection of nodes with ill-topology [64], and pave

the way for customized data-driven strategies to elevate speci�c nodes' LP performance [65]. Given the

criticality of studying the varying LP performance and the apparent gap in the existing literature, we ask:

1https://openreview.net/forum?id=apA6SSXx2e
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Figure 3.1: Average LP performance of nodes across different degree groups based on DegreeTrain(i.e., node
degree by training edges) on Collab/Citation2. In(a)-(b), Performance@10 does not increase as the node
degree increases. In(c)-(d), few/lower-degree nodes do not perform worse than higher-degree counterparts.

Can we propose a metric that measures GNNs' varying LP performance across different nodes?

To answer a related question in the node classi�cation task, prior works observed that GNNs perform

better on high-degree nodes than low-degree nodes [60, 66]. Similarly, the persistent sparse topology issue

in the general LP domain and recommender systems [67, 68] indicates that nodes with zero-to-low degrees

lag behind their high-degree counterparts. However, as surprisingly shown in Figure 3.1(a)-(b), GNN-based

LP on these two large-scale social networks does not exhibit a consistent performance trend as the node

degree increases. For example, the performance@10 on Collab under all evaluation metrics decreases as the

node degree increases, while on Citation2, performance@10 �rst increases and then decreases. This counter-

intuitive observation indicates the weak correlation between the node degree and LP performance, which

motivates us to design a more correlated metric to answer the above question.

Following [21] that the link formation between each pair of nodes depends on the interaction between

their local subgraphs, we probe the relation between the local subgraphs around each node (i.e., its compu-

tation tree) and its GNN-based LP performance. Speci�cally, we propose Topological Concentration (TC)

to measure the topological interaction between the local subgraph of each node and the local subgraphs of

the neighbors of that node. Our empirical observations show that TC offers a superior characterization of

node LP performance in GNNs, leading to 82.10% more correlation with LP performance and roughly 200%

increase in the performance gap between the identi�ed under-performed nodes and their counterparts than de-

gree. Moreover, we discover a novel topological distribution shift (TDS) in which newly joined neighbors of

a node tend to become less interactive with that node's existing neighbors. Our contributions are as follows:
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• We propose Topological Concentration (TC) and demonstrate it leads to 82.10% more correlation with LP

performance and roughly 200% increase in the performance gap between the identi�ed under-performed

nodes and their counterparts than node degree, shedding new insights on degree-related issues in LP. We

further propose Approximated Topological Concentration (ATC) and demonstrate it maintains high corre-

lations to the LP performance similar to TC while signi�cantly reducing the computation complexity.

• We uncover a novel Topological Distribution Shift (TDS) issue according to TC and demonstrate its neg-

ative impact at the node/graph level for link prediction at the testing time. Moreover, we discover that

different nodes within the same graph can have varying amounts of TDS.

3.2 Related Work

Varying Performance of GNNs on Node/Graph Classi�cation. GNNs' ef�cacy in classi�cation differs

across nodes/graphs with varying label quantity [7, 63] and varying topology quality [32, 60, 61, 66]. To

enhance GNNs' performance for the disadvantaged nodes/graphs in these two varying conditions, previous

works either apply data augmentations to derive additional supervision [69, 70] or design expressive graph

convolutions to mitigate structural bias [71]. However, none tackle the varying performance of nodes in LP.

We �ll this gap by studying the relationship between node LP performance and its local topology.

GNN-based LP.GNN-based LP works by �rst learning node embeddings/subgraph embeddings through

linear transformation and message-passing, and then applying the scoring function to predict link probabil-

ity/subgraph class [21, 72]. It has achieved new SOTA performance owing to using the neural network to

extract task-related information and the message-passing to encode the topological properties (e.g., common

neighbors) [57, 73].

Varying Performance of GNNs on LP.As LP nowadays has been heavily used to enhance user experience

in social/e-commerce recommendations [74, 75], studying its varying performance across different users has

real-world applications such as identify users with ill-topology and take augmentation strategies. Although

no efforts have been investigated into the node-varying performance in GNN-based LP, prior work [68, 76]

have investigated the relation of node-varying LP performance with its degree, and both claimed that users/n-

odes with higher activity levels/degrees tend to possess better recommendation performance than their less

active counterparts, which also aligns with observations in GNN-based node classi�cation [60, 66]. However,

Figure 3.1(c)-(d) has already raised concern over the validity of this claim in LP. we follow [4] and theoreti-

cally discover that some node-centric evaluation metrics have degree-related bias in Appendix 9.4, implying

that the GNNs' varying LP performance could be partially attributed to the choice of evaluation metrics. To

mitigate this bias, we employ a full spectrum of metrics and �nd that degree is not so correlated with the node

LP performance. This motivates us to devise a better topological metric than the degree.
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3.3 Topological Concentration

Figure 3.2:(a)-(b): vi 's Topological Concentration: we calculate the average intersection betweenvi 's com-
putation tree and each ofvi 's neighbor's computation tree. The intersection between two computation trees
is the ratio of the observed intersections to all possible intersections.(c)-(d): two speci�cations of TC, cor-
responding to social and e-commerce networks. A higher triangle/square-based concentration indicates more
triangles/squares are formed amongv0 's local subgraph.

3.3.1 Topological Concentration: Intuition and Formalization

As the link formation between a node pair heavily depends on the intersection between their local sub-

graphs [21, 57], we similarly hypothesize the predictability of a node's neighbors relates to the intersection

between this node's subgraph and the subgraphs of that node's neighbors, e.g., the prediction of the links

f (i; j k )g2
k=0 in Figure 3.2(a) depends on the intersection betweenK -hop computational tree centered on

vi ; SK
i and K -hop computational trees centered on the neighbors ofvi ; fS K

j k
g2

k=0 . A higher intersection

leads to higher LP performance. For example, in Figure 3.2(c)-(d),v0 neighbors closely interact with them-

selves whilev0
0 neighbors do not, posing different topological conditions for the LP onv0 andv0

0. From graph

heuristics perspective,v0 shares common neighborsv1; v2; v3 with its incoming validation neighborsv4; v5

while v0
0 shares no neighbors withv0

4; v0
5. From the message-passing perspective, the propagated embed-

dings ofv0 andv4; v5 share common components since they all aggregatef vk g3
k=1 embeddings whilev0

0 and

v0
4; v0

5 do not share any common embeddings amongf v0
k g3

k=1 . When the subgraph (i.e., computation tree)

surrounding a node increasingly overlaps with the subgraphs of its neighbors, more paths originating from

that node are likely to loop nearby and eventually return to it, resulting in a more dense/concentrated local

topology for that node. Inspired by this observation, we introduceTopological Concentrationto measure the

average level of intersection among these local subgraphs as follows:
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