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ABSTRACT
Heterogeneous information networks (HINs), also called heteroge-
neous graphs, are composed of multiple types of nodes and edges,
and contain comprehensive information and rich semantics. Graph
neural networks (GNNs), as powerful tools for graph data, have
shown superior performance on network analysis. Recently, many
excellent models have been proposed to process hetero-graph data
using GNNs and have achieved great success. These GNN-based
heterogeneous models can be interpreted as smooth node attributes
guided by graph structure, which requires all nodes to have at-
tributes. However, this is not easy to satisfy, as some types of nodes
often have no attributes in heterogeneous graphs. Previous stud-
ies take some handcrafted methods to solve this problem, which
separate the attribute completion from the graph learning process
and, in turn, result in poor performance. In this paper, we hold
that missing attributes can be acquired by a learnable manner, and
propose a general framework for Heterogeneous Graph Neural Net-
work via Attribute Completion (HGNN-AC), including pre-learning
of topological embedding and attribute completion with attention
mechanism. HGNN-AC first uses existing HIN-Embedding methods
to obtain node topological embedding. Then it uses the topological
relationship between nodes as guidance to complete attributes for
no-attribute nodes by weighted aggregation of the attributes from
these attributed nodes. Our complement mechanism can be eas-
ily combined with an arbitrary GNN-based heterogeneous model
making the whole system end-to-end. We conduct extensive ex-
periments on three real-world heterogeneous graphs. The results
demonstrate the superiority of the proposed framework over state-
of-the-art baselines.

CCS CONCEPTS
• Computing methodologies→ Neural networks; • Informa-
tion systems→ Social networks.
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1 INTRODUCTION
In the real world, the complex systems are always represented in
graph data structures, such as social networks, citation networks
and so on. There is a surge of interest in learning on graph data,
especially the heterogeneous graphs [31]. Heterogeneous graphs
consist of multi-typed nodes and edges, corresponding to depicting
various entities and their interactions in the real-world system.
Taking DBLP as an example, we can model it as a heterogeneous
graph which contains four node types (author, paper, term, venue)
and three edge types (paper-author, paper-term, paper-venue), as
shown in Figure 1 (b). Heterogeneous graphs can better model the
real-world systems than traditional homogeneous graphs since they
contain more comprehensive information and rich semantics.

Graph neural networks (GNNs) [42, 48], first proposed on ho-
mogeneous graphs, have shown state-of-the-art performance and
caught a great attention of researchers. GNNs have been widely
adopted in various tasks over graphs, such as graph classifica-
tion [9, 20, 43], link prediction [18, 29, 47] and node classifica-
tion [19, 38]. Recently, many well-performed models have been
proposed to process hetero-graph [15, 32] data using GNNs, such
as HAN [39] and MAGNN [11]. These GNN-based heterogeneous
models can be interpreted as smooth node attributes in neighbors
guided by graph structure. In order to learn node representation, all
nodes’ attributes are required. However, this is not always satisfied.
Some nodes have no attributes because the cost is prohibitively
expensive or even impossible (like sensitive personal information).
Especially in heterogeneous graphs, we usually cannot get the at-
tributes of all types of nodes, which will affect the performance of
GNN-based models. We divide the attribute missing in the hetero-
geneous graph into two categories. One is that the nodes that need
to be analyzed have no attributes, as shown the author nodes in
DBLP in Figure 1 (b). The other is that the nodes that do not need to
be analyzed have no attributes, as shown the actor nodes in IMDB
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Figure 1: The network schemas of IMDB and DBLP with in-
complete attributes. The colored items represent node types
to be analysed (classification, clustering). Only the movie
nodes in IMDBand paper nodes inDBLPhave raw attributes,
while other types of nodes have no attributes.

in Figure 1 (a). IMDB contains three types of nodes: movie, actor
and director. However, only movie nodes have attributes which are
bag-of-words representation of their plots. Similarly, in DBLP, only
paper nodes have attributes directly derived from their keywords.
Specifically, in DBLP, we usually perform analysis tasks on author
nodes, but the attributes of author nodes are hard to get. In IMDB,
we usually perform analysis tasks on movie nodes. Although movie
nodes have attributes, research shows that the attribute informa-
tion of actors and directors will also have a great impact on node
analysis tasks [11]. The missing attributes will significantly affect
the performance.

Although some types of nodes have no attributes, in most cases
these nodes without attributes will be directly connected to nodes
with attributes, so previous studies have adopted some handcrafted
ways to deal with this problem of missing attributes in heteroge-
neous graphs. Taking MAGNN and HAN as an example, in the
DBLP dataset, they use bag-of-words representation of paper key-
words as the attributes of papers, which seems to be reasonable.
But for authors, because no more relevant information is provided
in the dataset, they use bag-of-words representation of keywords
extracted from their published papers. This is the same as that an
author’s attribute vector comes from the mean of its directly con-
nected papers’ attribute vectors (which is actually done in IMDB).
What’s more, they use no computer-science-specialized pre-trained
word vectors [25] and one-hot representation as the attributes of
terms and venues, which may provide less effective information.

In this paper, we propose a general framework for Heterogeneous
Graph Neural Network via Attribute Completion (HGNN-AC). The
goal of the proposed framework is to solve the problem of missing
some types of node attributes in heterogeneous graphs via learning.
We use topological relationship between nodes as guidance to com-
plete attributes for no-attribute nodes by weighted aggregation of
the attributes of these attributed nodes. Specifically, HGNN-AC first
uses HIN-Embedding methods [8, 10, 30, 40] to obtain node embed-
dings, and then distinguishes different contributions of different
nodes by computing the attention value of node embeddings when
conducting weighted aggregation. This complement mechanism
can be easily combined with an arbitrary HINs model making the
whole system end-to-end. Note that there is a weak supervision

loss in the process of node attribute completion. The weak supervi-
sion loss, combining with the model’s prediction loss, are used to
optimize the learning process of attribute completion.

Our attribute completion framework can give a performance
improvement to GNN-based heterogeneous models. Specifically,
when the target types of nodes being analyzed have no attributes
(e.g., author nodes in DBLP), using the proposed framework to
complete attributes for this type of nodes can greatly improvemodel
performance. Even the target types of nodes already have attributes
(e.g., movie nodes in IMDB), using the proposed framework to
complete attributes for other types of nodes also can improve model
performance. This is because the nature of the GNN-based model,
i.e., completed attributes of other types nodes will be propagated
and aggregated to the target types of nodes to help themodel predict
better.

The contributions of our work are summarized as follows:
(1) We propose the problem of missing whole attributes of some

types of nodes which is the unique property of attributes
missing in heterogeneous graphs. Previous heterogeneous
methods usually do not consider the problem of missing
attributes, or use handcrafted ways (e.g., summing or averag-
ing) to replace missing attributes. To the best of our knowl-
edge, this is the first attempt to complete node attributes for
heterogeneous graphs.

(2) We propose a general framework for Heterogeneous Graph
Neural Network via Attribute Completion (HGNN-AC), which
solves the problem of missing attributes of some types of
nodes in HINs. This framework addresses the deficiencies of
the previous handcrafted approach by a learnable manner,
and is easy to be combined with an arbitrary HINs model.

(3) We conduct extensive experiments on the DBLP, ACM and
IMDB datasets to evaluate the performance of the proposed
framework. The results show that the performance of exist-
ing models can be significantly improved after combining
the proposed framework. We conduct a case study on the
ACM dataset to further demonstrate the superiority of the
proposed framework.

2 RELATEDWORK
2.1 Graph Embedding
Graph embedding [3, 6, 12] aims to project nodes in a graph into
a low-dimensional vector space, in which the representation of
nodes can reflect the relationship between nodes, so as to retain
the semantic information of nodes. This challenging topic has first
been addressed in homogeneous graphs, such as DeepWalk [26],
LINE [35], node2vec [13] and struc2vec [27]. Recently there are
some embedding methods for heterogeneous graphs. In heteroge-
neous graphs, the most important thing is how to distinguish the
heterogeneity of nodes and edges, and how to capture the rich
semantic information brought by network heterogeneity. For exam-
ple, metapath2vec [8] generates random node sequences guided by
meta-paths [30, 33], and then feeds the sequences to skip-gram [21]
model to generate node embeddings. HHNE [40] has further im-
proved metapath2vec by embedding nodes into the hyperbolic
space. Unlike Metapath2vec and HHNE, ESim [30] does not use
random walk to obtain node sequences, instead it generates node
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Table 1: Notations and Explanations.

Notations Explanations

V The set of nodes
E The set of edges
G A heterogeneous graph
V+ The set of nodes with attributes inV
V− The set of nodes without attributes inV
𝑣 A node 𝑣 ∈ V
N+
𝑣 The set of neighbors of node 𝑣 ∈ V+

𝐴 Topological structure
𝑋 Node attributes
𝑋𝐶 Node attributes after attribute completion
𝐻 Node embedding based on topology 𝐴
𝑍 The final node embedding

embeddings by learning from sampled positive and negative meta-
path instances.

All these above embedding methods can learn good representa-
tions of nodes, which can be used directly for downstream tasks.
However, all of the graph embedding methods introduced above
have the limitations of ignoring node attribute information.

2.2 Graph Neural Networks
Graph neural networks (GNNs) are introduced in [28] with the
purpose of extending deep neural networks to deal with arbitrary
graph-structured data. They are divided into two types: spectral
domain [2, 7, 16, 19] and spatial domain [5, 14, 38, 41, 46]. The
methods based on spectral domain adopt the spectral representa-
tion form of graphs. The methods based on spatial domain define
convolutions directly on the graph, and aggregate feature informa-
tion from spatial neighbors for each node, such as GraphSAGE [14]
and GAT [38]. However, the above graph neural networks are used
to deal with homogeneous graphs. Very recently, some studies have
attempted to extend GNNs to heterogeneous graphs. For example,
HAN [39] model based on the hierarchical attention, including
node-level and semantic-level attentions, learns the importance
between meta-path [30, 33] based nodes and the importance of
different meta-paths respectively. Then HAN aggregates attributes
from meta-path [30, 33] based neighbors in a hierarchical manner.
MAGNN [11] model which contains the node content transfor-
mation to encapsulate input node attributes, the intra-meta-path
aggregation to incorporate intermediate semantic nodes, and the
inter-meta-path aggregation to combine messages from multiple
meta-paths. GTN [44], which generates new graph structures by
identifying useful connections between unconnected nodes on the
original graph, can learn effective node embeddings on the new
graphs in an end-to-end fashion.

Without exception, these methods mentioned above do not give
an appropriate solution for the problem of missing whole attributes
of some types of nodes in heterogeneous graphs. They only com-
plete attributes by averaging or summing, or directly use one-hot
vectors, which are not satisfactory. In this paper, we propose the
attribute completion for heterogeneous graphs to fill this gap.

3 PRELIMINARY
We first give formal definitions of some important terminologies
related to heterogeneous graphs. We then give some notations and
explanations used throughout this paper.

Definition 1. Heterogeneous Graph.A heterogeneous Graph,
denoted as G(V, E, 𝐹 , 𝑅, 𝜑, 𝜙), whereV represents the set of nodes,
E the set of edges, 𝐹 the set of node types and 𝑅 the set of edge
types, where |𝐹 | + |𝑅 | > 2. Each node 𝑖 ∈ V is associated with a
node type mapping function 𝜑 : V → 𝐹 , and each edge 𝑒 ∈ E is
associated with an edge type mapping function 𝜙 : E → 𝑅.

As shown in Figure 1 (a), we construct a heterogeneous graph to
model IMDB. It consists of three types of nodes (movie, actor and
director) and two types of edges (movie-actor and movie-director).

Definition 2. IncompleteAttributes inHeterogeneousGraph.
Given a heterogeneous graph G(V, E, 𝐹 , 𝑅, 𝜑, 𝜙), 𝑋 is defined as
node attributes. Incomplete Attributes means that ∃𝐹 ′ ⊂ 𝐹 and
𝐹 ′ ≠ ∅, in which each node 𝑖 ∈ V associated with a node type
mapping function 𝜑 : V → 𝐹 ′ has no attributes.

As shown in Figure 1 (a), in IMDB, only movie nodes have at-
tributes, while directors and actors have no attributes.

Definition 3. Heterogeneous Graph Embedding. Given a
heterogeneous graph G, the task is to learn a 𝑑-dimensional node
representation ℎ𝑣 ∈ R𝑑 for all 𝑣 ∈ V with 𝑑 ≪ |V| that are able to
capture rich structural and semantic information involved in G.

The notations are summarized in Table 1. Next we will introduce
the framework of attribute completion for heterogeneous graphs.

4 HGNN-AC FRAMEWORK
In this section, we propose a node Attribute Completion frame-
work for Heterogeneous Graph Neural Network (HGNN-AC). The
framework follows the principle that the generated attributes of a
no-attribute node (i.e., 𝑣 ∈ V−) should come from the attributed
nodes (i.e., 𝑣 ∈ V+). The main idea is that we use topological in-
formation as guidance to calculate the contribution to the node
𝑣 ∈ V− among the directly connected neighbors 𝑣 ′ ∈ N+

𝑣 , which
can be a reference when we execute attribute completion.

4.1 Overview
The goal of the proposed framework is to solve the problem of some
types of nodes having no attributes in heterogeneous graphs. It
uses topological relationship between nodes as guidance to com-
plete attributes for the no-attribute nodes (i.e., 𝑣 ∈ V−) through
attributed nodes (i.e., 𝑣 ∈ V+). Figure 2 shows the proposed frame-
work for node attribute completion. Given a heterogeneous graph
G with only some types of nodes having attributes, HGNN-AC
first computes nodes’ embeddings 𝐻 via network topological struc-
ture 𝐴, and then uses 𝐻 to evaluate node topological relationship
by exploiting the attention mechanism [1, 4, 20, 23, 37] to learn a
sortable score to determine which directly connected attributed
nodes are best suited to contribute attributes to no-attribute nodes.
After knowing the best nodes, HGNN-AC completes attributes for
nodes in setV− by weighted aggregating the attributes of nodes
in set V+ according to the score. In order to prevent overfitting,
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Figure 2: The overview of the proposed framework. Given a orginal heterogeneous graph with some types of nodes having no
attributes as input, we first calculate node embeddings via network topology 𝑨. Then we randomly drop some attributes and
perform attribute completion. The attribute completion process is essentially a weighted aggregation of directly connected
neighbors’ attributes, where weights are decided by the attention derived from node’ embeddings. After attribute completion,
we get a new heterogeneous graph with all node having attributes and send it to HINs model. Note that we have a completion
loss between dropped attributes and reconstructed attributes. The combination of completion loss andmodel’s prediction loss
makes the whole model end-to-end.

and also to ensure that the attribute completion process can be
guided, HGNN-AC first randomly drops some attributes of nodes
inV+, and then reconstructs these attributes at the same time of
the attribute completion process. In this way a completion loss
can be calculated between dropped attributes and reconstructed
attributes, making the attribute completion process guided. Finally,
nodes with completed attributes, together with the network topol-
ogy 𝐴, as a new graph, are fed to HINs models. The overall model
can be optimized in an end-to-end manner by combining the loss
of prediction and the loss of attribute completion as the final loss.

4.2 Pre-learning of Topological Embedding
In heterogeneous graphs, nodes have topology information (all
nodes have) and attribute information (some types of nodes don’t
have, e.g., author and subject nodes have no attributes in the ACM
dataset). Homophily is the principle that a contact between similar
entities occurs at a higher rate than among dissimilar entities [22].
Due to the existence of network homophily [22, 24, 49], the topol-
ogy and attribute information always express the similar or same
semantics. For example, a scholar has a closer connection with the
papers and venues in the field of his/her study, so scholar, paper
and venue nodes share similar topologies. These nodes also have
similar attributes because they are in the same field. With that in
mind, we make an assumption that the relations of nodes’ topology
information can reflect well the relations of nodes’ attribute infor-
mation. In this paper, HGNN-AC uses existing heterogeneous graph
embedding methods such as metapath2vec [8] or HHNE [40] to
get node embeddings based on network topology. However, these

skip-gram based methods always utilize single meta-path and may
ignore some useful information. In order to get better embeddings,
HGNN-AC first obtains more comprehensive node sequences by
random walk according to the frequently used multiple meta-paths,
and then feeds these sequences to the skip-gram model to learn
node embeddings 𝐻 .

4.3 Attribute Completion with Attention
Mechanism

For the case that some types of nodes have no attributes, some pre-
vious studies [11, 39, 44] solve this problem by averaging aggregate
attributes of the directly connected neighbors. But we noticed that
the directly connected neighbors of each node play different roles
and have different importance in attribute aggregation. This may
be because these nodes are of different types, or because their local
topologies are different, that is, the more neighbors a node has, the
less important it is to each neighbor. After getting the embeddings
of the nodes, HGNN-AC uses attention mechanism to automatically
learn the importance of different direct neighbors, then aggregates
attribute information for nodes in set V− from their first-order
neighbors in setV+.

Given a node pair (𝑣,𝑢) which are directly connected, the at-
tention layer can learn the importance 𝑒𝑣𝑢 which means the con-
tribution of node 𝑢 to node 𝑣 . The contribution of node 𝑢 can be
formulated as:

𝑒𝑣𝑢 = 𝑎𝑡𝑡 (ℎ𝑣, ℎ𝑢 ),
where ℎ𝑣 and ℎ𝑢 are the topological embeddings of nodes 𝑣 and
𝑢, and 𝑢 ∈ V+. 𝑎𝑡𝑡 (·) denotes the function which can perform
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attention mechanism. Note that 𝑎𝑡𝑡 (·) is shared for all node pairs
because our assumption is universal for all node pairs.

Furthermore, HGNN-AC adopts a masked attention mechanism
which means we only calculate 𝑒𝑣𝑢 for nodes 𝑢 ∈ N+

𝑣 , where N+
𝑣

denotes the first-order neighbors of node 𝑣 in set V+. It is obvious
that first-order neighbors are likely to have more contributions, so
this strategy can filter a large number of non-contributing nodes
and reduce computation by adopting masked attention:

𝑒𝑣𝑢 = 𝜎 (ℎ𝑇𝑣𝑊ℎ𝑢 ),

where𝑊 is the parametric matrix, and 𝜎 an activation function.
After obtaining all direct neighbors’ scores, a softmax function

is applied to get normalized weighted coefficient 𝑎𝑣𝑢 :

𝑎𝑣𝑢 = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑒𝑣𝑢 ) =
𝑒𝑥𝑝 (𝑒𝑣𝑢 )∑

𝑠∈N+
𝑣
𝑒𝑥𝑝 (𝑒𝑣𝑠 )

.

Then, HGNN-AC can perform weighted aggregation of attributes
for node 𝑣 according to weighted coefficient 𝑎𝑣𝑢 :

𝑥𝐶𝑣 =
∑
𝑢∈N+

𝑣

𝑎𝑣𝑢𝑥𝑢 .

For node 𝑣 , if none of its neighbor nodes has attributes (i.e.N+
𝑣 =

∅), we set the attribute vector of node 𝑣 to a zero vector. But in fact,
this situation almost never occurs, so it has little impact on model
performance.

Specially, the attention process is extended to a multi-head atten-
tion to stabilize the learning process and reduce the high variance
(brought by the heterogeneity of networks), as done in many ex-
isting methods [38, 39]. In this way, the weighted aggregation of
attributes for node 𝑣 can be rewritten as:

𝑥𝐶𝑣 =𝑚𝑒𝑎𝑛(
𝐾∑
𝑘

∑
𝑢∈N+

𝑣

𝑎𝑣𝑢𝑥𝑢 ),

where 𝐾 means that we perform 𝐾 independent attention process
and𝑚𝑒𝑎𝑛(·) means we average the 𝐾 results.

4.4 Dropping some Attributes
The proposed framework is for node attribute completion, and we
expect the completed attributes can give a performance improve-
ment to the HINs models. However, there is a question that how do
we evaluate these new attributes generated by the proposed frame-
work? In other words, how can we ensure the attribute completion
process is learnable and the generated attribute is indeed correct?

In order to solve this problem, the proposed framework adopts
a strategy of dropping some attributes. HGNN-AC first randomly
drops some attributes of nodes in V+, and then reconstructs these
attributes at the same time of the attribute completion process. In
this way, a completion loss can be calculated between dropped
attributes and reconstructed attributes, making the attribute com-
pletion process guided and learnable.

To be specific, for nodes in V+, HGNN-AC randomly divides
them into two parts V+

𝑑𝑟𝑜𝑝
and V+

𝑘𝑒𝑒𝑝
according to a small ratio 𝛼 ,

i.e. |V+
𝑑𝑟𝑜𝑝

| = 𝛼 |V+ |. HGNN-AC first drops attributes of nodes in
V+
𝑑𝑟𝑜𝑝

and then reconstructs these attributes via attributes of nodes
in V+

𝑘𝑒𝑒𝑝
by conducting attribute completion. The reconstructed

attribute of node 𝑣 can be formulated as:

𝑥𝐶𝑣 =𝑚𝑒𝑎𝑛(
𝐾∑
𝑘

∑
𝑢∈V+

𝑘𝑒𝑒𝑝
∩V+

𝑖

𝑎𝑣𝑢𝑥𝑢 ),

where 𝑣 ∈ V+
𝑑𝑟𝑜𝑝

, 𝑢 ∈ V+
𝑘𝑒𝑒𝑝

andV+
𝑘𝑒𝑒𝑝

∩V+
𝑖
means that masked

attention is also adopted here. The 𝐾 and function𝑚𝑒𝑎𝑛(·) have
the same meanings as above.

Our goal is that the reconstructed attributes are as close to the
raw as possible. Here we introduce a weakly supervised loss to
optimize the parameters of attribute completion. We use euclidean
distance as the metric to design the loss function as:

L𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑖𝑜𝑛 =
1

|V+
𝑑𝑟𝑜𝑝

|
∑

𝑖∈V+
𝑑𝑟𝑜𝑝

√
(𝑋𝐶
𝑖
− 𝑋𝑖 )2 .

4.5 Combination with HIN Model
Now, we have completed attributes nodes in V−, and the raw
attributes nodes in V+, then the new attributes of all nodes are
defined as:

𝑋𝑛𝑒𝑤 = {𝑋𝐶𝑖 , 𝑋 𝑗 |∀𝑖 ∈ V−,∀𝑗 ∈ V+}.
The proposed framework keeps topological structure unchanged,
so the new attributes 𝑋𝑛𝑒𝑤 , together with network topology 𝐴, as
a new graph, are sent to the HIN model:

𝑌 = Φ(𝐴,𝑋𝑛𝑒𝑤),

L𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 = 𝑓 (𝑌,𝑌 ),
where Φ denotes an arbitrary HINs model, 𝑌 and 𝑌 are model’s pre-
diction and label respectively, and 𝑓 is the loss function, depending
on the specific task of the model.

Finally, we apply the proposed framework to a HIN model. The
loss of label prediction and the loss of attribute completion are
combined as the final loss of this new model. After that, the overall
model can be optimized via back propagation in an end-to-end
manner:

L = _L𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑖𝑜𝑛 + L𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛,
where _ is a weighted coefficient to balance these two parts.

5 EXPERIMENTS
5.1 Datasets
To evaluate the effectiveness of attribute completion by the pro-
posed framework, we use three common HINs datasets. The statis-
tics of the three datasets are summarized in Table 2.

(1) DBLP1. We extract a subset of DBLP with 14328 papers (P),
4057 authors (A), 20 venue (V) and 8789 terms (T). Authors
are divided into four research areas according to the con-
ferences they submitted. In this dataset, papers’ attributes
are bag-of-words representation of their keywords, authors’
attributes are bag-of-words representations of keywords ex-
tracted from their published papers, terms’ attributes are no
computer-science-specialized pre-trained word vectors [25]
and venues’ attributes are one-hot vectors. Only papers’ at-
tributes are directly derived from the dataset.

1https://dblp.uni-trier.de/
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(2) ACM2. We extract a subset of ACM using the same principle
as HAN [39]. The papers are divided into three classes ac-
cording to the conference they published. Then we construct
a heterogeneous graph that comprises 4019 papers (P), 7167
authors (A) and 60 subjects (S). In this dataset, papers’ at-
tributes are bag-of-words representations of their keywords,
authors’ and subjects’ attribute vectors come from the mean
of their directly connected papers’ attribute vectors. Only
papers’ attributes are directly derived from the dataset.

(3) IMDB3. We extract a subset of IMDB with 4780 movies (M),
5841 actors (A) and 2269 directors (D). Movies are divided
into three classes according to their genres. In this dataset,
movies’ attributes are bag-of-words representations of their
plots; actors’ and directors’ attribute vectors come from the
mean of their directly connected movies’ attribute vectors.
Only movies’ attributes are directly derived from the dataset.

Note that, while all types of nodes in the above datasets seems
to have attributes, it is in fact the result of some handcrafted de-
signs from previous works. That is, only papers in DBLP and ACM,
and movies in IMDB have their own attributes that can express
their real semantic information. In the following experiments, if
the comparison experiment requires node attributes, we use these
handcrafted attributes as input. But when conducting experiment
of our framework, we get rid of these handcrafted attributes as our
framework can complete missing attributes automatically.

For semi-supervised learning on the above three datasets, the
labeled nodes are divided into training, validation, and testing sets
by 10%, 10%, 80%, respectively.

5.2 Baselines
We combined the proposed framework with two state-of-the-art
models, i.e., MAGNN and GTN, denoted as MAGNN-AC and GTN-
AC respectively. We compare the performance of MAGNN-AC and
GTN-AC with some existing methods, including MAGNN and GTN.

(1) Metapath2vec [8]: a skip-gram based heterogeneous embed-
ding method which performs meta-path based random walk
and utilizes skip-gram to generate embedding. We test on
all meta-paths separately and report the best results.

(2) GCN [19]: a homogeneous GNN. This model uses an efficient
layer-wise propagation rule that is based on a first-order
approximation of spectral convolutions on graphs. We test
GCN on serveral meta-path based homogeneous graphs and
report the best results.

(3) GAT [38]: a homogeneous GNN. This model operates graph-
structured data by leveraging masked self-attentional layers.
We test GAT on serveral meta-path based homogeneous
graphs and report the best results.

(4) HetGNN [45]: a heterogeneous GNN. This model jointly con-
siders node heterogeneous contents encoding, type-based
neighbors aggregation, and heterogeneous types combina-
tion.

2http://dl.acm.org/
3https://www.imdb.com/

Table 2: Statistics of datasets.

Datasets Nodes Edges Attributes

DBLP

# author(A):4057
# paper(P):14328
# term(T):7723
# venue(V):20

# A-P:19645
# P-T:85810
# P-V:14328

# A:handcrafted
# P:raw
# T:handcrafted
# V:handcrafted

ACM
# paper(P):4019
# author(A):7167
# subject(S):60

# P-P:9615
# P-A:13407
# P-S:4019

# P:raw
# A:handcrafted
# S:handcrafted

IMDB
# movie(M):4278
# director(D):2081
# actor(A):5257

# M-D:4278
# M-A:12828

# M:raw
# D:handcrafted
# A:handcrafted

(5) HAN [39]: a heterogeneous GNN. This model is based on
the hierarchical attention mechanism. It generates node em-
bedding by aggregating attributes from meta-path based
neighbors in a hierarchical manner.

(6) MAGNN [11]: a heterogeneous GNN. This model realizes the
prediction task through three steps (Node Content Trans-
formation, Intra-meta-path Aggregation, Inter-meta-path
Aggregation), and uses encoder functions to further improve
performance.

(7) GTN [44]: a heterogeneous GNN. Thismodel is able to learn a
new graph structure which involves identifying useful meta-
paths and multi-hop connections automatically. Due to the
large memory and computing power this model required,
we sampled multiple sub-networks and trained in batches
according to the sampling method provided by [17].

5.3 Implementation Details
For the original settings/parameters of themodel (MAGNN or GTN),
we keep them unchanged. For the proposed framework, we use the
following settings: We set the dropout ratio to 0.5 when conducting
the masked attention and we extend masked attention to a multi-
head attention with the number of attention head 𝐾 = 8. We set
divided ratio 𝛼 of 𝑁 + to 0.3 , and loss weighted coefficient _ to 0.5.
The learning rate of the proposed framework’s parameters is 0.005.
For a fair comparison, we set the embedding dimension to 64 for all
methods compared. The code and data of this work are available at
https://github.com/liangchundong/HGNN-AC.

5.4 Node Classification
Node classification is a traditional task to evaluate the quality of
the learned node embeddings. We perform node classification tasks
under two types of datasets to compare the performance of differ-
ent models. One type of dataset is that the nodes that need to be
classified have no raw attributes. Here we choose the DBLP dataset
for experimentation. Another type of dataset is that the nodes that
need to be classified have raw attributes, while other types of nodes
have no attributes. Here we choose the ACM and IMDB datasets
for experimentation. We verify the effectiveness by combining the
proposed framework with MAGNN and GTN respectively. First, we
generate embeddings of the labeled nodes (i.e., authors in DBLP, au-
thors in ACM and movies in IMDB). Then we feed the embeddings
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Table 3: Results (%) on DBLP dataset on the node classification task.

Datasets Metrics Training Metapath2vec GCN GAT HetGNN HAN MAGNN MAGNN-AC

DBLP

Macro-F1

1% 88.76 86.99 32.68 86.61 89.37 92.45 92.99
5% 90.49 89.03 57.20 90.60 90.83 92.44 93.64
10% 91.09 89.53 64.57 91.09 91.24 92.44 93.80
20% 91.50 90.06 66.92 91.72 91.69 92.53 93.92
40% 92.55 90.37 73.23 92.03 91.84 92.97 94.06
60% 93.25 90.57 77.17 92.26 92.01 93.30 94.04
80% 93.48 90.74 78.20 92.39 92.15 93.77 94.22

Micro-F1

1% 89.91 87.55 48.74 87.73 90.12 93.11 93.51
5% 91.19 89.58 70.79 91.17 91.49 93.02 94.09
10% 91.74 90.02 75.90 91.64 91.88 93.02 94.22
20% 92.14 90.53 76.98 92.23 92.30 93.08 94.34
40% 93.09 90.83 79.61 92.55 92.46 93.50 94.46
60% 93.76 91.01 81.62 92.79 92.65 93.83 94.46
80% 93.94 91.15 82.22 92.92 92.78 94.27 94.61

Table 4: Results (%) on ACM and IMDB datasets on the node classification task.

Datasets Metrics Training Metapath2vec GCN GAT HetGNN HAN MAGNN MAGNN-AC

IMDB

Macro-F1

1% 35.23 39.72 49.52 37.32 52.49 50.78 53.50
5% 42.37 42.95 53.08 42.70 56.16 54.28 57.94
10% 44.29 43.70 53.61 45.68 57.02 56.39 58.69
20% 46.42 44.75 54.81 48.92 57.61 58.11 59.67
40% 47.70 45.26 55.09 51.61 57.75 59.39 60.18
60% 48.25 46.72 55.71 53.00 57.66 59.97 60.60
80% 48.73 47.13 55.40 53.24 57.23 60.02 60.75

Micro-F1

1% 39.55 44.01 51.32 38.62 54.38 51.62 54.74
5% 44.33 46.41 53.73 43.52 56.74 54.46 58.26
10% 46.15 47.02 54.14 46.56 57.35 56.53 58.97
20% 48.08 47.44 55.02 49.70 57.82 58.16 59.84
40% 49.55 47.62 55.29 52.47 57.98 59.46 60.38
60% 50.06 48.49 55.91 53.91 57.87 60.05 60.79
80% 50.68 48.73 55.67 54.25 57.46 60.15 60.98

ACM

Macro-F1

1% 58.38 66.83 88.58 81.67 86.95 85.58 88.95
5% 66.20 72.45 89.20 86.49 88.65 86.12 90.31
10% 67.81 70.79 89.29 88.20 89.39 86.60 90.29
20% 69.95 70.41 89.59 89.16 90.01 88.01 91.51
40% 71.15 70.82 89.77 90.14 90.82 89.42 92.75
60% 71.74 69.67 89.72 90.71 91.51 90.39 93.46
80% 72.18 67.23 89.42 91.01 91.71 90.79 93.79

Micro-F1

1% 63.18 71.74 88.60 82.20 87.37 85.95 89.26
5% 68.88 74.95 89.10 86.55 88.62 86.24 90.48
10% 70.29 74.10 89.19 88.18 89.32 86.67 90.43
20% 72.12 74.02 89.47 89.12 89.89 88.08 91.64
40% 73.17 74.57 89.65 90.11 90.73 89.48 92.90
60% 73.65 74.10 89.60 90.64 91.37 90.42 93.57
80% 74.14 72.69 89.29 90.93 91.56 90.80 93.87

to a linear support vector machine (SVM) [34] classifier with differ-
ent training ratios from 1% to 80%. Note that for a fair comparison,
only the nodes in the testing set are fed to the linear SVM, because
in semi-supervised experiments, labels in training set and testing
set have participated in the process of model training. Since the

variance of graph-structured data can be very high, we repeat the
process 5 times and report the averaged Macro-F1 and Micro-F1.

As shown in Table 3, MAGNN-AC performs best across different
training ratios on the DBLP dataset after combining the proposed
framework. On the DBLP dataset, researchers usually perform task
analysis on author nodes with labels which have no raw attributes.
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(a) GTN-DBLP (Macro-F1) (b) GTN-DBLP (Micro-F1)

(c) GTN-ACM (Macro-F1) (d) GTN-ACM (Micro-F1)

Figure 3: Comparison between GTN and GTN-AC.

After using the proposed framework to complete the attributes of
authors, conferences and term nodes, MAGNN-AC is 0.34%-1.39%
more accurate than MAGNN which exceeds that of all comparison
algorithms. In another way, compared with MAGNN, MAGNN-AC
reduces the error rate by 6.16%-22.86%.

In Table 4, we perform node classification tasks on the paper
nodes in ACM and the movie nodes in IMDB. These two types
of nodes have attributes, while other types of nodes have no raw
attributes. After completing attributes by the proposed framework,
MAGNN-AC also performs the best across different training ratios.
On the ACM dataset, model performance has improved significantly
(3.00%-4.24%) after attribute completion. That is, the error rate is
reduced by 30.50%-50.08%. Most notably, MAGNN-AC outperforms
HAN while MAGNN underperforms HAN. This is due to the fact
that the proposed framework provides a better representation of
node attributes. On the IMDB dataset, MAGNN-AC has a 0.63%-
3.80% improvement, that is, it reduces the error rate of MAGNN by
1.60%-9.10%. Note that MAGNN-AC has a greater superiority when
the training ratio decreases, which illustrates that the model will
be more stable when combined with the proposed framework.

Here we present the comparative results between GTN and GTN-
AC visually in the form of bar charts. From Figure 3, we can see
that the performance of GTN-AC has been significantly improved
on the ACM and DBLP datasets. It further proves the superiority of
the proposed framework.

All above results show that better node attributes can be obtained
through the proposed framework that uses the attentionmechanism
for attribute completion under the guidance of topological relations.
For a node, its neighbors are often not equally important. Vanilla
methods use handcrafted manner and ignore unequal importance
of neighbors, making the generated attributes of no-attribute nodes
inefficient and compromising model performance. Our framework
can automatically learn the importance of different direct neighbors.
Moreover, the proposed framework can solve the problem of more
than one type of missing attributes of heterogeneous datasets.

(a) MAGNN (b) MAGNN-AC

(c) GTN (d) GTN-AC

Figure 4: Visualization of the paper nodes of embeddings in
the ACM dataset. Different colors correspond to different re-
search areas in ground truth.

5.5 Visualization
We conduct the task of visualization to show a more intuitively
comparation. We learn the node embeddings of methods mentioned
above (i.e., MAGNN, GTN, MAGNN-AC and GTN-AC) on the ACM
dataset and project the embeddings into a 2-dimensional space.
Then we utilize t-SNE [36] to visualize the paper embeddings in
ACM and colored the nodes based on their classes.

As shown in Figure 4, MAGNN and GTN do not perform so
well. Some papers belong to different classes are mixed with each
other, and the boundary is blurry. After combining the proposed
framework, MAGNN-AC shows a clearer boundary and denser
cluster structures to distinguish different classes in visualization,
and so is GTN-AC. It demonstrates that the accurate attribute in-
formation can make a significant contribution to heterogeneous
graph analysis. However, MAGNN and GTN only use handcrafted
methods to obtain the missing node attributes, resulting in poor
model performance. Under the guidance of topological relations,
the framework improves the performance of the model greatly by
using the attention mechanism for attribute completion, and can
effectively distinguish papers belonging to different research fields.

5.6 Case Study
In order to prove the superiority of the proposed framework, we use
MAGNN as an example to compare and analyze the ACM dataset by
combining different node attributes processing methods. The ACM
dataset contains three types of nodes: paper, author, and subject.
Only papers’ attributes are directly derived from the dataset. We
carry out the following five designs according to different process-
ing methods of attributes, and compare the performance of the
models through the node classification task. We also repeat the
process 5 times and report the averaged Macro-F1 and Micro-F1.
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Table 5: Results (%) of node classification on ACM dataset using different attributes.

Datasets Metrics Training MAGNN MAGNN-onehot1 MAGNN-onehot2 MAGNN-AC1 MAGNN-AC2

ACM

Macro-F1

1% 85.58 83.16 86.71 88.24 88.95
5% 86.12 85.00 87.24 89.60 90.31
10% 86.60 85.86 87.76 89.61 90.29
20% 88.01 88.14 89.66 90.86 91.51
40% 89.42 89.87 91.13 92.18 92.75
60% 90.39 90.84 92.01 93.03 93.46
80% 90.79 91.15 92.56 93.55 93.79

Micro-F1

1% 85.95 84.09 87.02 88.67 89.26
5% 86.24 85.31 87.29 89.87 90.48
10% 86.67 86.08 87.77 89.89 90.43
20% 88.08 88.30 89.66 91.12 91.64
40% 89.48 89.98 91.17 92.42 92.90
60% 90.42 90.87 92.02 93.20 93.57
80% 90.80 91.17 92.53 93.70 93.87

(1) MAGNN: The attributes of paper nodes are bag-of-words
representations of their keywords. The attribute vectors of
author and subject nodes come from themean of the attribute
vectors of paper nodes they are directly related to.

(2) MAGNN-onehot1: The attributes of paper nodes are bag-of-
words representations of their keywords. The attributes of
author nodes are one-hot vectors. The attribute vectors of
subject nodes come from the mean of the attribute vectors
of the paper nodes directly related to them.

(3) MAGNN-onehot2: The attributes of paper nodes are bag-of-
words representations of their keywords. The attributes of
author and subject nodes are one-hot vectors.

(4) MAGNN-AC1: The attributes of paper nodes are bag-of-
words representations of their keywords. The attributes of
the author nodes are obtained by using the proposed frame-
work to complete. The attributes of subject nodes are one-hot
vectors.

(5) MAGNN-AC2: The attributes of paper nodes are bag-of-
words representations of their keywords. The attributes of
author and subject nodes are both obtained by using the
proposed framework to complete.

The results are shown in Tables 5. As we can see, MAGNN-AC2
achieves the best performance. MAGNN-AC2 has an obvious im-
provement, i.e. 3.00%-4.24% and 1.23%-3.19% more accurate than
MAGNN and MAGNN-onehot2. MAGNN-AC1 is the second best,
right after MAGNN-AC2. So we believe that using the mean of
the attribute vectors of the directly connected paper nodes as the
attributes of the author nodes and the subject nodes will result
in similar node attributes and reduce the effective information
provided to the model. For any author node, not all paper nodes
connected to it are equally important. At the same time, it is not
advisable to simply assume that there is no relationship between
node attributes. Therefore, the proposed framework learns different
importance of neighbors and obtains better node attributes to im-
prove performance by using the attention mechanism for attribute
completion under the guidance of topological relations, as shown
in results.

(a) Divided ratio 𝛼 (b) Weighted coefficient _

Figure 5: Parameters Analysis.

5.7 Parameters Experiments
We investigate the sensitivity of parameters and report the scores
of node classification (i.e., Macro-F1 and Micro-F1) on ACM dataset
with the divided ratio of node attributes and weighted coefficient of
completion loss in HGNN-AC. Each presented score is an average of
the scores in different training proportions (explained in Section 5.4).
We show the results in the form of line charts in Figure 5 .

(1) Divided ratio of node attributes 𝛼 : We first test the effect of
the divided ratio of node attributes. The result is shown in
Figure 5 (a). We can see that with the growth of the divided
ratio, the performance shows a trend of first rising and then
slowly decreasing. This is because HGNN-AC needs a proper
attribute divided ratio. Dropping too many attributes will
result in insufficient completed attributes. Dropping too few
attributes will result in biased loss calculations.

(2) Weighted coefficient of completion loss _: In order to achieve
the best performance of the model, we test the effect of the
divided ratio of node attributes. The result is shown in Fig-
ure 5 (b). We also find that with the growth of the weighted
coefficient, the performance shows a trend of first rising and
then slowly decreasing. This is reasonable. Too small coef-
ficient of completion loss will weaken the guiding role of
completion loss on the process of attribute completion, while
too large coefficient will weaken the role of prediction loss.
Therefore, we choose an appropriate proportion to achieve
the best overall performance.
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6 CONCLUSION
In this paper, we propose HGNN-AC to solve the problem of missing
attributes in heterogeneous graphs by a learnable manner. HGNN-
AC includes two parts, pre-learning of topological embedding and
attribute completion. We obtain node topological embedding by us-
ing HIN-Embedding methods. Then we use topological relationship
between nodes as guidance to complete attributes for no-attribute
nodes by weighted aggregation of the attributes of these attributed
nodes with attention mechanism. Finally, we get an end-to-end
model after combining the proposed framework with arbitrary HIN
method. In experiments, we combine HGNN-AC with MAGNN and
GTN model. The results on node classification demonstrate the
superiority of the proposed framework over the state-of-the-arts.
The task on visualization shows the effectiveness of HGNN-AC.
The case study also demonstrates its good interpretability.
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