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Abstract

Real-world graph data environments intrinsically exist noise
(e.g., link and structure errors) that inevitably disturb the ef-
fectiveness of graph representation and downstream learning
tasks. For homogeneous graphs, the latest works use original
node features to synthesize a similarity graph that can correct
the structure of the noised graph. This idea is based on the ho-
mogeneity assumption, which states that similar nodes in the
homogeneous graph tend to have direct links in the original
graph. However, similar nodes in heterogeneous graphs usu-
ally do not have direct links, which can not be used to correct
the original noise graph. This causes a significant challenge in
noised heterogeneous graph learning. To this end, this paper
proposes a novel synthesized similarity-based graph neural
network compatible with noised heterogeneous graph learn-
ing. First, we calculate the original feature similarities of all
nodes to synthesize a similarity-based high-order graph. Sec-
ond, we propose a similarity-aware encoder to embed original
and synthesized graphs with shared parameters. Then, instead
of graph-to-graph supervising, we synchronously supervise
the original and synthesized graph embeddings to predict the
same labels. Meanwhile, a target-based graph extracted from
the synthesized graph contrasts the structure of the metapath-
based graph extracted from the original graph to learn the
mutual information. Extensive experiments in numerous real-
world datasets show the proposed method achieves state-of-
the-art records in the noised heterogeneous graph learning
tasks. In highlights, +5~6% improvements are observed in
several noised datasets compared with previous SOTA meth-
ods.

1 Introduction

Graph representation learning is one of the most significant
research fields in artificial intelligence, since most intelligent
applications are based on graph representations such as rec-
ommendation systems (Lv et al. 2021; Fan et al. 2019; Zhao
et al. 2017), social networks (Qiu et al. 2018; Li and Gold-
wasser 2019; Wang et al. 2019a), biomedicine (Gaudelet
et al. 2021; Fout et al. 2017; Davis et al. 2019), fraud de-
tection (Shchur et al. 2018; Dou et al. 2020), e-commerce
(Ji et al. 2021; Zhao et al. 2019), etc. However, real-world
graph data environments inherently contain noise data (e.g.,
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Figure 1: Homogeneity assumption works for noised homo-
geneous graph but failed in noised heterogeneous graph.

structure errors, etc.) that challenge the representation mod-
els. Specifically, representation models are required to main-
tain their effectiveness in noised graph data environments.

The latest works attempting to solve this problem by op-
timizing graph structure (Wang et al. 2021; Wei et al. 2022)
or synthesizing graph structure (Fatemi, El Asri, and Kazemi
2021; Franceschi et al. 2019; Jin et al. 2020; Liu et al. 2022)
to alleviate the noise. Nowadays, graph synthesizing-based
methods achieve impressive performance in noised homo-
geneous graph representation learning, based on the homo-
geneity assumption to create a synthesized graph to cor-
rect the noise homogeneous graph. As an example shown
in Fig.1 (a), a paper citation graph has four paper nodes: P1,
P2, P3, and P4. The links between nodes represent the ref-
erences among the papers. The red link means P1 and P4
are incorrectly realized to have a reference relationship. To
fix these error links, a similarity graph can be constructed
in advance by calculating the node-to-node feature similar-
ities without using links. It can be observed that P1 and P4
have minimal similarity values (0.03), which means P1 is
unlikely to cite P4 in the original graph. Thus, the original
noised graph will likely be corrected by calculating the loss
between it and the similarity graph. This idea is based on
the homogeneity assumption, which states that similar nodes
tend to have direct links in a homogeneous graph.



However, the above solution can not be simply applied
to the heterogeneous graphs. As an example shown in Fig.1
(b), a heterogeneous graph represents the relationships be-
tween papers and authors. A similarity graph shows that P1,
P2, and P3 are similar enough to have a link. We will obtain
a wrong correction result if we directly calculate the loss
between the original and similarity graphs. This is because
links in a heterogeneous graph do not represent “similar” se-
mantics. Different types of links represent different seman-
tics that need to be specifically dealt with. Current meta-
path-dependent (Wang et al. 2019b; Fu et al. 2020) or edge-
relationship-oriented (Zhou et al. 2023; Lv et al. 2021; Zhao
et al. 2022; Zhu et al. 2019; Zhang et al. 2019; Schlichtkrull
et al. 2018; Du et al. 2023) models prone to misconnections
in links when there are errors in the graph structure, leading
to effectiveness degradation. Thus, maintaining representa-
tion models’ effectiveness in noised heterogeneous graphs is
still challenging.

To address this challenge, we propose a novel Noise-
HGNN model compatible with noised heterogeneous graph
learning. Since the similarity and heterogeneous graphs rep-
resent different semantics, we do not calculate their mu-
tual information to correct the noised graph. Instead, two
novel modules, Similarity-aware HGNN, and Metapath-
Target contrastive learning, are proposed. In the Similarity-
aware HGNN module, the synthesized similarity graph is
used to reinforce the node attention during the representation
learning instead of directly supervising the noised graph.
In the Metapath-Target contrastive module, instead of di-
rectly contrasting synthesized and noised graphs, we con-
trast the metapath-based graph (extracted from the noised
graph) and the target-based graph (extracted from the syn-
thesized graph) that represent the same semantics. Then, the
representations of both the noised and synthesized graphs
are jointly utilized to predict the labels during model train-
ing. Finally, the noised graph representation is used to pre-
dict the label during the testing. Extensive experiments on
five real-world datasets demonstrate the effectiveness and
generalization ability of NoiseHGNN. The proposed Noise-
HGNN achieves state-of-the-art records on four out of five
extensively benchmark datasets under the noised data envi-
ronment. In highlights, in the complex and noise-sensitive
dataset (DBLP, PubMed, and IMDB), +3 ~ +6% improve-
ment is observed compared with peer methods. In the rest of
the datasets, +1~ +2% improvement is observed compared
with peer methods. The code and datasets are available at
https://github.com/kg-cc/NoiseHGNN.

In summary, our contributions are as follows:

e It is the first work, to our best knowledge, to investigate
noised heterogeneous graph representation learning and
achieves state-of-the-art records.

The proposed Metapath-Target contrastive learning
bridges the homogeneity assumption to the noised het-
erogeneous graph representation.

The proposed similarity-aware HGNN takes advantage
of the similarity graph from traditional homogeneous
graphs to the noised heterogeneous graph representation
learning.
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2 Related Work
2.1 Graph Structure Learning

For homogeneous graphs, existing methods address erro-
neous link perturbations by constructing and refining the
graph structure based on the homogeneous graph assump-
tion through graph structure learning. These methods cor-
rect the structure of noisy graphs by synthesizing similar-
ity graphs using features of the original nodes. Specifically,
existing methods employ probabilistic models (Wang et al.
2021; Franceschi et al. 2019) and metric learning models
(Fatemi, El Asri, and Kazemi 2021; Franceschi et al. 2019;
Jin et al. 2020; Liu et al. 2022) to parameterize the adjacency
matrix and jointly optimize the parameters of the adjacency
matrix and GNNs by solving downstream models. However,
in heterogeneous graphs, similar nodes are often not directly
connected, making it difficult to use these methods to correct
the original noisy graph. For heterogeneous graphs, HGSL
(Zhao et al. 2021) simultaneously performs Heterogeneous
Graph Structure Learning and GNN parameter learning for
classification. However, it does not account for the potential
noise introduced by erroneous edges within the heteroge-
neous graph structure.

2.2 Heterogeneous Graph Neural Network

HGNNSs can generally be categorized into two types based
on their strategies for handling heterogeneity: message-
passing based HGNNSs, meta-paths based HGNNG .

Message-passing based HGNNs. RGCN (Schlichtkrull
et al. 2018) assigns different weight matrices to various re-
lation types and aggregates one-hop neighbors. RSHN(Zhu
etal. 2019) builds a coarsened line graph to get edge features
and adopts message passing to propagate node and edge fea-
tures. SimpleHGN(Lv et al. 2021) incorporates relational
weight matrices and embeddings to characterize heteroge-
neous attention at each edge. Additionally, Space4AHGNN
(Zhao et al. 2022) defines a unified design space for HGNNs
to exhaustively evaluate combinations of multiple technolo-
gies. SIotGAT (Zhou et al. 2023) designs a slot for each type
of node according to the node type and uses the slot attention
mechanism to construct the HGNN model.

Meta-paths based HGNNs. Another class of HGNNs
captures higher-order semantic information through meta-
paths. HAN(Wang et al. 2019b) employs hierarchical at-
tention mechanisms to capture both node-level importance
between nodes and the semantic-level importance of meta-
paths. MAGNN(Fu et al. 2020) enhances this approach with
several meta-path encoders to comprehensively encode in-
formation along meta-paths. In contrast, the Graph Transfor-
mation Network(Yun et al. 2019) (GTN) can automatically
learn meta-paths through graph transformation layers. How-
ever, for heterogeneous graphs with multiple edge types,
meta-path-based methods are less practical due to the high
cost of acquiring meta-paths. HetGNN (Zhang et al. 2019)
addresses this issue by using random walks to sample fixed-
size neighbors for nodes of different types and then applying
recurrent neural networks (RNNs) for representation learn-
ing. Seq-HGNN (Du et al. 2023) designs a sequential node
representation learning mechanism to represent each node
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Figure 2: The overall framework of the proposed model.

as a sequence of meta-path representations during the node
message passing.

3 Preliminaries
3.1 Heterogeneous Graph

A heterogeneous graph (Sun and Han 2012) can be defined
as G = {V,&,¢,v}, where V is the set of nodes and &
is the set of edges. Each node v has a type ¢(v) and each
edge e has a type 1(e). The sets of possible node types and
edge types are denoted by T,, = {¢(v) : Yo € V} and
T. = {u(e) : Ye € &£}, respectively. For a heterogeneous
graph |¢| + |¢| > 2. When |T,| = |T.| = 1, the graph
degenerates into an ordinary homogeneous graph.

A node v has a feature vector x,. For node type ¢ € ®, all
type-t nodes v € {v € V|¢(v) = t} have the same feature

dimension d(t) = dg (”),i.e., Xy € Rdg (m. Nodes of different
types can have different feature dimensions (Lv et al. 2021).
For input nodes feature type, we use = 0 to denote using
all given features, = 1 to denote using only target node
features, and 7 = 2 to denote all nodes with one-hot fea-
tures.

3.2 Noised Heterogeneous Graph

Let G = {V,&, ¢,v} denote a heterogeneous graph. N be
the number of nodes, i.e., N = [V|, and M be the number
of links, i.e., M = |£|. The sets of node types is denoted by
T, = {¢(v) : Yv € V}. An edge e corresponds to an edge
type ¥(e) connecting two types of nodes v; and v;, with the
node types ¢(v;) and ¢(v;) respectively.
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We simulate the erroneous link scenario in real data by
modifying the target node v; from 7}, connected to v;.
Specifically, for all datasets, we randomly modify the target
nodes of 30% of the M links, preserving the heterogeneous
graph edge type ¢(e). This ensures that the modified edge
types remain consistent with their original types.

4 The Proposed Method

The proposed model mainly consists of four modules: a
graph synthesizer, a graph augmenter, a similarity-aware
graph encoder, and a graph contrastive module, as shown
in Fig 2. The synthesized similarity graph contains high-
order semantics used to adapt the noise link weights by the
similarity-aware graph encoder. The contrastive learning be-
tween the target graph (from the synthesized graph) and the
meta-path graph (from the noised graph) can further allevi-
ate noise links.

4.1 Similarity Graph Synthesizer

In this work, the synthesized graph is a similarity graph.
The base assumption of the similarity graph is that if two
nodes are similar, they will likely have natural relationships.
Thus, the similarity graph can potentially supervise the noise
graph. Two processes are essential to synthesize a similarity
graph: (1) node feature projection and (2) similarity adjacent
matrix synthesizing.

Node Feature Projection. The node features need to be
projected into a unified feature space due to the heterogene-
ity of nodes. Therefore, we design type-specific linear trans-
formations to project the features of different types of nodes



X ¢ into the unified feature space Z, as defined in equation
1.

291 — WL X% 4 por

21
Z%2 = Wo2 X P2 L po2 29

Z = = (1)
Zbm = Wom X Pm 4 pPm ZN

where ¢,,, denotes the node type, X ¢~ represents the fea-
ture matrix of the node type ¢, W®m is a learnable matrix,
b®m denotes vector bias. We transform the node features us-
ing type-specific linear transformations for nodes with fea-

tures and use X¢m € RV*4™ o denote the node feature
matrix and Z € RY*? denotes the transformed node fea-
tures.

Graph Feature Projection. The graph projection
projects the graph-independent feature Z into the graph-
dependent feature Z. Let n as an indicator to categorize the
graph data environment on feature types. 7 = 0 indicates
that all attributes of nodes are embedded into the node fea-
tures (e.g., title, description, abstract, and name of a node).
17 = 1 means only the target node’s attributes are embed-
ded into the node features. = 2 denotes the node’s one-hot
attributes are used. According to the value of 7, the graph
feature projection is defined as equation 2.

a(ZW +b), n € (0] Z1

Z = 7 =

ZN
2
where W is the parameter matrix, ¢ is a non-linear func-
tion that makes training more stable, A = A + I is the adja-
cency matrix with self-loop while D is the degree matrix of
A.

When 7 = 0, a simple linear projection is applied. This is
because, in this case, the node features already contain the
first-order graph features (i.e., attributes of the node). When
n = 1,2, a typical graph convolutional network is used to
aggregate topology information into the node feature. This
is because, in this case, the node itself contains no semantics
that need to be enriched from the graph structure.

Similarity Adjacent Matrix Synthesizing. To construct
the adjacent matrix, we first calculate the similarity value
node-to-node based on the graph-dependent node feature Z.
The equation 3 presents the process for calculating the node
similarity.

o (D#ADHzW), el

Sij = 3)
where S ; is the cosine similarity between feature z; and
z;.S € RVXN ‘and N is the total number of graph node.
Similarity adjacent matrix S is usually dense and repre-
sents fully connected graph structures, which are often not
meaningful for most applications and can lead to expensive
computational costs (Wang et al. 2021). Therefore, we ap-
ply the k-nearest neighbors (kNN)-based sparsification on

|Zi] - 2]
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S. Specifically, we retain the links with the top-k connection

values for each node and set the rest to zero. Let A% rep-

resent the Similarity adjacent matrix, as defined in equation
Sij S tOp-k(Si)7

4.
Al —
K { Sz‘j ¢ tOp—k(Si),

where top-k(S;) is the set of top-k values of row vector S;.
For large-scale graphs, we perform the kNN sparsification
with its locality-sensitive approximation (Fatemi, El Asri,
and Kazemi 2021) where the nearest neighbors are selected
from a batch of nodes instead of all nodes, reducing the
memory requirement.

At last, combining the graph-independent node feature Z
and the synthesized adjacent matrix A?, the synthesized sim-
ilarity graph G can be expressed as follows:

Sijv

0. 4)

G’ ={z,A% )

4.2 Graph Augmentation

Augmentation is widely used in graph contrastive learning
and representation learning. It can enhance mutual infor-
mation and improve the model’s generalization ability. In
this work, we apply the masking mechanism to augment the
graph. In detail, for a given adjacency matrix A, we first
sample a masking matrix M € {0, 1}V %~ where each ele-
ment of M is drawn independently from a Bernoulli distri-
bution with probability p(*). In NoiseHGNN, we use this
graph enhancement scheme to generate enhanced graphs
from both the noise and synthesized graphs. The adjacency
matrix is then masked with M and M?:

A=A M

. (6)
A=A o M

where A and A° are the augmented noise graph and
augmented synthesized graph, respectively. To obtain dif-
ferent context structures in the two views, edge discarding
for the two views is performed with different probabilities

p £ p(A”) Other advanced enhancement schemes can
also be applied to NoisesHGNN, which is left for future re-
search.

4.3 Similarity-Aware HGNN Encoder

The base idea of the similarity-aware encoder is to aggre-
gate the neighbor feature through attention and similarity. In
detail, the primary process of the similarity-aware encoder
is (1) correlation coefficient, (2) similarity-aware attention,
and (3) attention-based aggregation.

Correlation coefficient. The same as the classic Graph
Attention Network (GAT), we first calculate the correlation
coefficient e; ; between a node ¢ and its neighbors j, as the
equation 7 shows.

ei,j = a([Wz||Wz,]),j € Index(4;
05 = a([Wz|[Wz)),j € Index(A]

1,7 T

)

(7
)

e



Here, W is a learnable parameter, while z is the projected
node feature. a(-) is a projection network that projects con-
catenated features to a scalar number ranging from O to 1.0.
Index(A;) denotes a set that contains all indexes of nodes
that are neighbors of node ¢ in the noise graph.

Index(A?) denotes a set that contains all indexes of
nodes that are neighbors of node ¢ in the synthesized sim-
ilarity graph G?.

Similarity-aware attention. Similar to GAT, we calcu-
late the attention a; ; through the Softmax(-) operation on
correlation coefficient e; ;. However, the difference is that
the proposed attention also considers the similarity graph’s
adjacent matrix, as shown in equation 8.

exp(LeakyReLU(e; ;)) -
i — , A
I Zkemdex(&) exp(LeakyReLU(e; ) 7 .
exp(LeakyReLU(e! ) _ ®)
ol = 3
1,] ]

Zkelndex(gf) exp (LeakyReLU(e?,k))

From the above attention, the similar node pairs will have
a higher attention coefficient, while the dissimilar node pairs
will only have zero attention value. This potentially inter-
cepts the message propagation on error-prone links when the
corresponding attention is zero.

Attention-based aggregation. The aggregation aims to
obtain the graph representation H from node feature Z and
adjacent matrix A. Let W denote a learnable parameter of
the aggregation process. The noise and synthesized similar-
ity graphs share the same W®. o(-) denote a LeakyReLU(-)
operation. Equation 9 defines the node representation calcu-
lated by similarity-aware attention « and node feature Z.

hi:O'< Z Oéij-Wa~Zj>
jE€Index(A;)

)
E?a( Z afj~Waozj>

j€Index(AY)

where j € Index(A;) and j € Index(A?) represent the
neighbors of node 7 under the noise and synthesized graphs
respectively. h; and hY represent the node representations of
node v; under the noise and synthesized similarity graphs,
respectively.

Finally, all nodes get the graph representation H, which
can be represented as follows:
hy hY

HY =
hYy

H = :
hn

(10)

where H denotes all node representations under the noise
graph, while H? denotes all node representations under the
synthesized similarity graph.

4.4 Graph Learning

Learning Objective. So far, we have the graph representa-
tions H and HY. The representations can be used for mul-
tiple downstream objectives such as node classifications,
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graph classifications, clustering, link prediction, etc. This
work focuses on node classifications, which categorize a
node instance into a class label. Let MLP(-) represent a linear
neural network. The learning objective ( node classification)
is defined as follows:

Y = Softmax(MLP(H)),
Y? = Softmax(MLP(H?))

(1)

where Y and Y? are the predictions obtained under the noise
graph and the synthesized similarity graph, respectively.

Classification loss. The datasets normally have two char-
acteristics: single-label and multi-label. For single-label
classification, softmax and cross-entropy loss are used. For
multi-label datasets, sigmoid activation and binary cross-
entropy loss are used. Let Log(-) represent the cross-
entropy for both single-label and multi-label in general. Y
is the ground truth label of the classification. The classifica-
tion loss is defined as equation 12.

L, =Lcp(Y,Y)

_ 12
L =Lcp(Y?Y) (12)

where L, is the classification loss for the noise graph rep-
resentation. L is the classification loss for the synthesized
similarity graph representation.

Contrastive Loss. To better mitigate the error links in the
noise graph structure, we extract the meta-path A¥ graph
from the noise graph structure (e.g., author-paper-author
(APA) in the DBLP) and also extract the target graph Ab
from the synthesized similarity graph, as presented in equa-
tion 13.

A¥
AO

=MetaPath(A)

1
—Target(A?) (13

Based on the above subgraphs, we then use the scaled
cosine loss function to calculate graph contrastive loss L.
Since the higher-order synthesized similarity graph is an ad-
jacency matrix with higher-order semantic information, it
can alleviate the errors in the meta-paths graph. Specifically,
the contrastive loss L, is calculated as follows:

4T A
ICA)T]] - 1A%
where the scaling factor ~ is a hyper-parameter adjustable

over different datasets, A¥ denotes the graph obtained from
the noise graph via meta-paths and A? denotes the target
graph extracted from the synthesized graph.

Final Loss. Combining equation 12 and 13, the final loss
function is formulated as:

Ly=(1 ),y =1 (14)

L="Lo+Lo+L, (15)

The whole process of the above equations is organized as
a pseudo-code algorithm, see the appendix for details.



DBLP(0.3) IMDB(0.3) ACM(0.3) PubMed_NC(0.3) Freebase(0.3)
Macro-Fl Micro-Fl Macro-F1 Micro-F1 Macro-Fl Micro-Fl Macro-Fl Micro-F1 Macro-F1 Micro-F1
GCN (2016) 50.97+0.14 52.35+0.17 37.86+£3.93 50.60+1.73 86.38+1.21 86.46+1.14 36.28+2.78 41.39+2.81 17.162£0.22 53.66+0.18
GAT (2017) 63.11+1.48 64.38+£1.23 38.53+5.65 49.65+4.58 79.02+3.35 79.61.60+3.26 34.08+4.66 39.53+3.89 17.83+0.73 54.63+0.23
RGCN (2018) 43.02+1.83  45.02+1.53 39.79+1.77 47.28+0.90 54.37+2.38 55.36+2.25 15.2843.30  19.76+3.96 - -
RSHN (2019) 67.01£1.47 67.69£1.39 31.40+3.92 48.09+1.45 80.43+£2.09 80.43+1.83 - -
HAN (2019) 62.32+1.79 63.43+1.59 38.64+4.7 49.93+2.97 78.31£1.29 78.19+1.37 -
HetGNN (2019) 59.31+0.23  60.23£0.36  37.36+0.75 40.85+0.86 74.45+0.13 74.39+0.15 -
MAGNN (2020) 60.83+1.40 62.66£1.07 14.30+0.20 39.98+0.12 88.67+0.84 88.64+0.73 - - - -
HGT (2020) 48.11+4.39  53.66+2.54 45.26+0.89 55.62+0.16 81.52+1.82 81.43+1.77 46.65+3.63  49.53+2.61 10.40+0.94 49.31+0.13
simpleHGN (2021)  65.54+1.03 67.63+0.75 58.214£2.20 62.93+0.92 89.65+0.52 89.64+0.48 42.25+4.67 47.90+3.40 27.10£1.54 56.79+0.48
spacedHGNN(2022) 65.43+1.12 67.81£0.55 55.43+0.54 61.91+0.94 88.52+0.74 88.63+0.34 42414359  47.14+3.16  26.93+0.78 53.54+0.33
Seq-HGNN(2023)  67.89+0.26 68.93+0.37 56.23+0.43  62.34+0.29  90.02+0.23 90.09+0.31 44414431 48.54+4.01 27.93+0.84 55.94+0.48
SlotGAT(2024) 68.23+0.75 69.77£0.19 54.89+1.77 62.47+0.97 90.64+0.46 90.65+0.42 44.76+3.36  50.88+1.54 28.14+1.31 56.56+0.64
NoiseHGNN 71.96+0.33  73.16+0.19 60.46+0.69 63.94+0.26 90.16+0.49 90.10+0.46 50.92+3.52  55.81+3.20 30.57+2.94 56.96+0.67

Table 1: Peer comparison on node classification task. 30% error link rate is applied to the datasets. Vacant positions (

@ 9

) mean

out of memory in our computational environment. The best record is marked in bold, and the runner-up is underlined.

5 Experiments
5.1 Experiment Settings

Datasets. Table 2 reports the statistics of the benchmark
datasets widely used in previous studies (Lv et al. 2021;
Zhou et al. 2023; Zhao et al. 2022). These datasets span var-
ious domains, such as academic graphs (e.g., DBLP, ACM),
information graphs (e.g., IMDB, Freebase), and medical-
biological graphs (e.g., PubMed). For node classification,
each dataset contains a target node type, and all nodes of
this target type are used for classification.

Node Node Edge error

Classification Nodes Types Edges Types  link Target  Classes
DBLP 26,128 4 239,566 6 30%  author 4
IMDB 21.420 4 86.642 6 30%  movie 5
ACM 10,942 4 547,872 8 30%  paper 3

Freebase 180,098 8 1,057,688 36 30%  book 7

PubMed NC 63,109 4 244,986 10 30% disease 8

Table 2: Statistics of Datasets.

Baselines. We compare our method with several state-
of-the-art models, including HAN (Wang et al. 2019b),
MAGNN (Fu et al. 2020), HetGNN (Zhang et al. 2019),
HGT (Hu et al. 2020), RGCN (Schlichtkrull et al. 2018),
RSHN (Zhu et al. 2019), SimpleHGN (Lv et al. 2021),
Space4dHGNN (Zhao et al. 2022), Seq-HGNN(Du et al.
2023) and SlotGAT (Zhou et al. 2023). Additionally, we in-
clude comparisons with GCN (Kipf and Welling 2016) and
GAT (Velickovic et al. 2017).

Evaluation Settings. For node classification, following
the methodology described by Lv et al. (2021), we split the
labeled training set into training and validation subsets at
80%:20%. The testing data are fixed, with detailed numbers
provided in the appendix. For each dataset, we conduct ex-
periments on five random splits, reporting the average and
standard deviation of the results. For our methods, we per-
form a grid search to select the best hyperparameters on the
validation set. The results of the node classification are re-
ported using the averaged Macro-F1 and Micro-F1 scores.
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5.2 Main Results

Table 1 presents the node classification results on a 30%
noise data environment compared with peer methods. The
comparison metrics are mean Macro-F1 and Micro-F1
scores. It can be observed that NoiseHGNN consistently
outperforms all baselines for Macro-F1 and Micro-F1 on
DBLP, IMDB, Pubmed, and Freebase. Overall, NoissHGNN
achieves an average +4.2% improvement on Macro-F1 and
+2.6% on Micro-F1 compared with runner-up. In highlight,
NoiseHGNN achieves the best results on IMDB and Pubmed
datasets, with an average improvement of +5.9%. This is be-
cause IMDB and Pubmed are noise-sensitive datasets since
their node features are just one-hot embedding, which con-
tains no semantics. All the information is stored in the
topology of the graphs, which have 30% error links. In
the medium-size dataset, DBLP, NoiseHGNN performs sta-
ble, with a +3.5% improvement compared with the previ-
ous SOTA method. In the large and non-trivial dataset, Free-
base, NoiseHGNN still obtained 30.57% Macro-F1, which
is 2.4% higher than the previous SOTA method. Notably,
NoiseHGNN gets the runner-up results (90.16%) in the
ACM dataset, with -0.48% lower than SlotGAT (90.64%).
This is because ACM is a noise-insensitive and trivial
dataset, while the latest methods can achieve 90% and even
higher results. Its nodes contain rich semantic embedding
that can be simply used for node classification without using
graph links.

5.3 Ablation Study

In this section, we demonstrate the effectiveness of Noise-
HGNN through ablation experiments with w/o Graph Syn-
thesized and Meta-Target Graph. As shown in table3,
NoiseHGNN with graph synthesized and Meta-target graph
achieves superior results across all datasets. Specifically,
on the smaller DBLP dataset, NoisesHGNN with the graph
synthesizer and Meta-target graph improves Macro-F1 and
Micro-F1 scores by 2.41% and 3.81%, respectively. On the
largest dataset, Freebase, the improvements are 11.40% in
Macro-F1 and 3.24% in Micro-F1. Notably, on the IMDB
dataset, NoiseHGNN achieves significant improvements of
42.01% in Macro-F1 and 25.83% in Micro-F1. These results



demonstrate that the higher-order synthesized graphs gener-
ated by the graph synthesizer effectively mitigate the nega-
tive effects of erroneous links, leading to substantially better
performance.

Datasets w/o Graph Synthesizer ~w/o Meta-Target Graph w/ All
pLp  Macro-Fl 70.26+1.23 71.660.58 71.960.33
Micro-FI 70.47+1.28 72.78+0.58 73.160.19
IMDB Macro-Fl 43.46+6.58 59.77+1.77 60.460.69
Micro-FI 50.78+1.29 63.46+0.73 63.90+0.26
ACM Macro-Fl 89.4020.92 89.32+0.61 90.160.49
Micro-FI 89.34+1.09 89.42+0.60 90.100.46
Pubmed NC Macro-Fl 49.92+1.32 49.40+1.74 50.92+3.52
ubme Micro-Fl 51.32+1.52 52424352 55.81+3.20
Freeb Macro-Fl 27.44+1.96 28.16+2.47 30.57+2.94
€ebAe Micro-Fl 55.14+1.33 56.15£0.34 56.9620.67

Table 3: Ablation Study: w/o Graph Synthesized and Meta-
Target Graph.

5.4 Parameter Analysis

In this subsection, we explore the sensitivity of the hyperpa-
rameter k in NoiseHGNN. The parameter k determines the
number of neighbor nodes to be used in the S high-order syn-
thesized graph based on k-nearest neighbors (kNN). To un-
derstand its impact on our model’s performance, we search
the number of neighbors & in the range of {5, 15, 25, 35,45}
for all datasets. Our results indicate that selecting an ap-
propriate k value can significantly enhance the accuracy of
NoiseHGNN across various datasets. As is demonstrated in
Fig. 3, the best selection for each dataset is different, i.e.,
k = 15 for Freebase and IMDB, &£ = 25 for Cora and
PubMed NC, and k£ = 35 for ACM. It is commonly ob-
served that selecting a value of k that is either too large or
too small can lead to suboptimal performance. We hypoth-
esize that an excessively small £ may restrict the inclusion
of beneficial neighbors, while an overly large k£ might intro-
duce noisy connections, thereby degrading the overall per-
formance.

ACM:90.16
901
801
DBLP:71.96
S 701
— IMDB:60.46
¥ 601
e PubMed_NC:50.92
& 501
=
40
Freebase:30.57
301 /’_0\.\
20— : : ‘ ‘
5 15 25 35 45
Number of Neighbors k
—— DBLP IMDB —+— Freebase
—— ACM —s— PubMed_NC

Figure 3: Effect of parameter k in top-k(-) selection in equa-
tion 4.
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5.5 Visualization Analysis

To visually represent and compare the quality of the embed-
dings, Fig. 4 presents the t-SNE plot (Van der Maaten and
Hinton 2008) of the node embeddings generated by Noise-
HGNN on the DBLP dataset. Consistent with the quantita-
tive results, the 2D projections of the embeddings learned
by NoiseHGNN show more distinguishable clusters, both
visually and numerically, compared to simpleHGN and Slot-
GAT. The Silhouette scores support this (Rousseeuw 1987),
where NoiseHGNN achieves a score of 0.21 on DBLP, sig-
nificantly higher than the scores of 0.12 for simpleHGN and
0.13 for SIotGAT.

)

( NoiseHGNN Silhouette Score: 0.21 |

Figure 4: The t-SNE visualization of the graph representa-
tion. The proposed method achieves a good silhouette score
0.21).

6 Conclusion, and Future Work

This paper presents the first study addressing the problem
of error link perturbation in heterogeneous graphs. To tackle
this issue, we propose a novel method, NoiseHGNN, which
effectively extracts valid structural information from the
original data, thereby mitigating the negative impact of erro-
neous links. Extensive experiments on numerous real-world
datasets demonstrate that the proposed method achieves
state-of-the-art performance in noisy heterogeneous graph
learning tasks. In highlights, +5~6% improvements are ob-
served in several noised datasets compared with previous
SOTA methods.

In the future, we intend to explore the performance of
heterogeneous graphs in complex environments. Specifi-
cally, we intend to address the problem of model failure in
the presence of missing features, missing links, and erro-
neous link perturbations. We hope to advance the robustness
and applicability of heterogeneous graph neural networks in
more complex and uncertain real-world scenarios.
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