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Fig. 1: VAC-HGNN is composed of two main components: the Design Space View (A) and the Comparison View (B). The Design
Space View displays a subset of models within the design space and their corresponding search directions. The Comparison View, on
the other hand, allows users to perform a detailed comparison of selected models, which is further divided into three subcomponents:
the Model List (B1), and Model Exploration (B2).

Abstract—Heterogeneous graphs have found widespread application in real-world data sets that contain both semantic and structural
information. Graph neural networks (GNNs) have emerged as a popular tool for analyzing such graphs, and their design space has
been extensively researched. However, existing methods for searching the design space of heterogeneous graph neural networks
(HGNNs) tend to produce suboptimal results and can be computationally expensive, while also lacking explainability. To address these
limitations, we propose a methodology that compares searched models to identify optimal search directions, while also incorporating
explainability. Additionally, we create a visual analytics system called VAC-HGNN (Visual Analytics for Comparing HGNNs), which
enables HGNN practitioners to understand and compare HGNNs at three levels: graph level, group level, and individual level. The
system includes a design space view and a comparison view with rich interactions. We demonstrate the effectiveness and usability of

VAC-HGNN through two case studies and expert interviews.

Index Terms—Heterogeneous graphs, graph neural network, neural architecture search, design space, comparative analysis

1 INTRODUCTION

Heterogeneous graphs (HGs) are networks that consist of diverse en-
tities (nodes) and relationships (edges) [45], providing a means to
model intricate real-world data that contains both semantic and struc-
tural information [53,66]. One of the key downstream tasks of HGs
is link prediction in graph analysis [30], which includes tasks such as
website hyperlink prediction in web science [73], recommendations in
e-commerce [24,27], and synthetic lethality prediction in bioinformat-
ics [52]. The rising trend of link prediction using machine learning has
led to the proposal of graph neural networks (GNNs), which can effec-
tively harness and consolidate information from graph structures, and
possess strong representational abilities for graph data. Consequently,
GNNs have become a prevalent method for graph analysis [56, 71].
Following this development, to better capitalize on the heterogeneous

structural (graph) and content (node embedding) information available
in HGs, heterogeneous graph neural networks (HGNNs) have been
introduced, resulting in an enhancement in the predictive accuracy of
link prediction tasks on HGs [53,66].

The proliferation of HGNNs has resulted in the emergence of various
novel model architectures [13,70], such as HAN [54] and MAGNN [11].
Nonetheless, a pressing issue that arises from this development is the
need to effectively compare and identify a suitable model for a spe-
cific dataset and task context. In particular, the selection of a suit-
able HGNN entails an essential consideration of the search space of
HGNN [13,61,70]. This search space of HGNNs contains two compo-
nents: architecture components (ACs), such as aggregation functions,
and hyperparameters (HPs), such as learning rate [13,37,70]. Given



the typically vast size of the HGNN search space, several studies have
proposed methods for automating the search for graph neural structures
to facilitate the selection and comparison of HGNNs [12,13,61,70].
However, these studies are deficient in the following two aspects. First,
although the network architectures generated through these methods
have demonstrated commendable performance, their results are either
suboptimal within a restricted search space or require significant
computational resources for large-scale searches. For instance, cer-
tain techniques like Auto-GNN [72] and GraphNAS [12] concentrate
solely on intra-layer designs such as activation functions, without taking
into account inter-layer designs such as layer connectivity. Additionally,
some search space design techniques [12, 69] explore only ACs with
fixed HPs, which thus can result in suboptimal models. Despite other
methods [5,61,70] that consider a combination of ACs and HPs with
diverse possible options [37], the high computational costs still pose a
significant challenge in conducting the search. Therefore, it is crucial
to identify appropriate search strategies that minimize search costs and
ensure optimization by employing fine-grained comparisons. Second,
the search process in studies on graph neural network search (Graph-
NAS) has been observed to prioritize the selection of AC and HP based
on quantitative metrics, while failing to provide explanations for the
distinct behaviors of the designs. This underscores the importance of
interpretability in HGNNSs, particularly in contexts such as biomedical
research [6], crime prediction [50], and fraud detection [19], where
relevant stakeholders must comprehend and rely on the predictions of
HGNNSs [59]. To achieve a better understanding of the behavior of
HGNN models, various GNN interpretation algorithms [63] and visual
analytics (VA) solutions [7,22,25,34,40] have been proposed. GNN
interpretation algorithms are often employed to identify the nodes and
features that significantly contribute to the prediction, with the goal of
improving the understanding of the model. However, these methods
are generally restricted to detailed analysis of individual models, and
fail to provide comparative insights across multiple models. On the
other hand, existing VA solutions mainly focus on error pattern diag-
nosis of individual GNNs from a geometric metric perspective [25], or
evaluating the extent to which graph node embedding preserves input
graph features through correspondence between the three spaces (i.e.
the latent space, the topology space, and the feature space) [34]. While
these methods attempt to provide insight into model behavior, they
are unable to facilitate comparisons between different GNNs. Con-
sequently, there arises a necessity to conduct comprehensive model
comparisons and thoroughly investigate the search directions within
the space, with the aim of shedding light on the performance of HGNN
models and identifying appropriate ones for downstream tasks.

In this study, we propose a novel visual analytics system, named
VAC-HGNN (Visual Analytics for Comparing HGNNSs), designed to
facilitate in-depth comprehension of HGNNs with regard to link pre-
diction, as well as enable comparative analyses of these models. To
achieve a comprehensive understanding of various HGNNS, a two-stage
visualization approach is proposed, comprising a design space view
and a comparison view. In the design space view, we evaluate the per-
formances of thousands of HGNNSs for different datasets and categorize
them using Decision Tree algorithms. Representative models are then
selected for exploration in the comparison view, which incorporates
a three-level visualization consisting of a graph level, a group level,
and an individual level. At the graph level, the latent space view aids
in exploring the overall projection of results and identifying groups of
interest. Users can select a group and analyze behavioral patterns. At
a more granular level, the individual visualization with k-hop graphs
assists users in checking the structural information learned, with GNN
interpretation algorithms supporting the analysis of significance. To
enable detailed comparative studies between different HGNNs, the
two stages are connected, and coordinated interactions are provided
for comparisons at the three aforementioned levels. Two case studies
are performed on two real-world scenarios to demonstrate the efficacy
of the system. The main contributions of this study are summarized
as follows: 1) A dataset consisting of numerous HGNNs searched
across various domains; 2) A visual analytics system that enables
comprehensive understanding and comparative analysis of HGNNSs at

three distinct levels within the design space; 3) Two case studies and
expert interviews in different domains, which serve to showcase the
effectiveness and usability of the proposed VAC-HGNN system.

2 RELATED WORK
2.1 Heterogeneous Graphs

Embedding is a critical task in hypergraph analysis [53]. Embedding
methods can be broadly categorized into shallow or deep models [53].
Shallow network embeddings can be obtained through random-walk
methods or homogeneous graph decomposition. In contrast, deep
methods use neural networks to obtain embeddings and commonly rely
on message passing and GNNs [56]. Our work primarily focuses on
deep network embeddings, which offer greater potential for deeper
exploration despite their lower interpretability.

Homogeneous GNNs can be categorized into spectral and spatial
methods. Spectral-based GNNs, such as the Graph Convolutional Net-
work (GCN) [26], utilize the Graph Fourier Transform, but require
access to the entire graph’s data and cannot generate embeddings for
new nodes. To overcome this limitation, GraphSAGE [15] introduced
a generalized aggregation function and utilized sampling. Graph At-
tention Networks (GAT) [49] incorporate attention mechanisms. Het-
erogeneous GNNs, such as Relational Graph Convolutional Network
(RGCN) [43], use multiple convolution matrices to address edge het-
erogeneity. Heterogeneous attention mechanisms are used by models
like Heterogeneous Graph Attention Networks (HGAT) [31], Hetero-
geneous Graph Transformer (HGT) [20], and Heterogeneous Self-
Attention Neural Network (HetSANN) [18]. Meta-path-based models,
including Heterogeneous Graph Attention Network (HAN) [54], Graph
Transformer Networks (GTN) [65], and Multi-Agent Graph Neural
Network (MAGNN) [11], account for the special structure of heteroge-
neous graphs. Another aspect that researchers consider when designing
models for heterogeneous graphs is the downstream application that the
model will be used for, such as recommendation [10,32] and classifica-
tion [68, 74], among others. In our work, we focus on link prediction as
a specific task to enhance practitioners’ understanding of the proposed
models.

2.2 Design Space of GNN

Given the significant progress that GNNs have recently achieved, de-
signing and applying them has become a crucial research challenge
that requires domain knowledge from developers. To this end, Graph-
Gym [61] has established a GNN design space and a GNN task space,
aiming to identify the most suitable GNN design for a specific task.
The design space comprises intra-layer design, inter-layer design, and
learning configuration, resulting in 315,000 potential designs. After
extensive experiments, a condensed design space of 96 designs has
been proposed. Additionally, a design space for GNNs based on col-
laborative filtering has been profiled [55]. As this concept can also
be applied to heterogeneous graphs, Space4HGNN [70] has defined a
design space for HGNNS, inspired by GraphGym. Nevertheless, due to
the heterogeneity of HGs, the condensed design space is much larger,
containing 70,000 combinations, which requires random search. Al-
though the design space has been significantly condensed, developers
still need to devote effort to testing and selecting appropriate designs
in practice. Neural Architecture Search (NAS) has been applied to
GNNs, with reinforcement learning commonly used as the search al-
gorithm [37]. Examples of such approaches include GraphNAS [12]
and Autognn [72]. To facilitate better understanding of the architecture
space, ArchExplorer [64] has utilized visualization techniques. Fur-
thermore, Graph NAS methods have been extended to heterogeneous
networks as well [13]. In contrast to the aforementioned design space
approaches, these methods focus solely on the architecture within the
layer, without considering the task space.

Although techniques like unified frameworks provide an efficient
way to evaluate models, they often lack interpretability and may not pro-
vide sufficient insight into the model’s inner workings. Result-oriented
evaluations may not be fine-grained enough to provide a detailed un-
derstanding of the process. In our work, we leverage visualization
techniques to enhance model interpretability in a fine-grained manner.
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2.3 GNN Interpretation Algorithms

GNNes are often regarded as "black boxes" that lack human-interpretable
explanations, which undermines their credibility and transparency when
applied. To address this issue, many explanation methods have been
proposed for GNNs [63], which can be classified into model-level
(e.g., XGNN [62]) and instance-level methods. Instance-level methods
include gradients/feature-based methods [3, 39], perturbation-based
methods [35,59], decomposition methods [39,44], and surrogate meth-
ods [21, 67]. Gradients/feature-based methods assess the input impor-
tance by analyzing the gradients or hidden feature map. Perturbation-
based methods study the output with different input perturbations. GN-
NExplainer [59], for instance, uses Mutual Information (MI) to identify
subgraphs and explain the GNN. Decomposition methods decompose
the original model predictions into several terms to determine the input
importance. Surrogate methods aim to approximate the complex deep
model with a simple surrogate model to predict the neighboring areas
of the input example. For example, GraphLime [21] learns a nonlinear
interpretable model locally from the neighborhoods of the selected
node’s subgraph. Sanchez-Lengeling et al. [42] have underscored the
importance of crucial features for predictions as a means to assess the
dependability of GNN techniques. Agarwal et al. [1], on the other
hand, have carried out a theoretical and empirical investigation using
three metrics, namely faithfulness, stability, and fairness preservation,
to evaluate the aforementioned methods.

Prior research has explored diverse algorithms to provide inter-
pretability for GNN models, which serves as the basis of our analysis.
Our current study centers primarily on perturbation-based approaches.

2.4 Visual Analytics of Explainable Al

Many VA solutions have been proposed to help ML practitioners un-
derstand models, including the comparison of embedding spaces and
the corresponding visualization design, and some VA studies on GNN.

Visualizations of Embedding Spaces. EmbComp [17] and Embed-
ding Comparator [4] are interactive systems for comparing global and
local embeddings. Meanwhile, Parallel Embeddings [2] rely on cluster-
ing under comparison conditions. Cutura et al. [8] used dimensionality
reduction algorithms and matrix visualization for comparison. Em-
blaze [46] supported comparisons in multiple embedding spaces. Sev-
eral works compare embeddings generated by several network embed-
ding techniques at the node and graph level, such as EmbeddingVis [29]
and GEMvis [7]. These systems do not take into account the embedding
model or focus only on embeddings of homogeneous graphs, while we
focus on comparing embeddings generated by different heterogeneous
network embedding methods. In addition, some studies visualize the
embedding space. For example, LYi et al. [36] surveyed more than
100 research papers that refer to Gleicher’s theory [14] and summa-
rized the comparison layouts. Liu et al. [33] proposed latent space
cartography to map and compare vectors in the embedding space. In
addition, Stahnke et al. [47] designed a set of interaction techniques for
low-dimensional data. These studies can provide inspiration for us to
design an interactive visual comparison system.

Visual Analytics of GNN. Since it is difficult for developers to
understand details of the GNN process and make evaluations deeply,
many VA systems have been designed as useful tools. GNNLens [25]
can help developers quickly identify error patterns through Parallel Sets
View and Projection View. BiaScope [40] shows a visual unfairness
diagnosis workflow. They both use diagnosis as the purpose of their
study. GNNVis [22] is a framework for visualizing high-dimensional
data in low-dimensional space. CorGIE [34] represents the input graph
with its node embeddings to understand GNN. DrugExplorer [51]
focused on explanations of GNN-based drug repurposing. Unlike
them, our work is to compare graph embeddings generated by different
models and help developers to make decisions without the restriction
of a certain research field.

3 OBSERVATIONAL STUDY

To understand how to choose and compare HG embedding models,
we conducted 40-minute independent semi-structured interviews with
four machine learning (ML) experts (E1-E3) from various fields to

identify their needs and challenges. E1, a male algorithm engineer with
two years of experience in the gaming industry, E2, a male university
professor with 12 years of experience in the bioinformatics field, and
E3, a male Ph.D. student in a medical intelligence laboratory with two
years of experience. Through this process, we were able to derive two
demands based on the needs expressed by the interviewees.

3.1 Demands Related to HG Embedding Model Selection

In light of the findings from the interviews, we have synthesized two
key demands deemed significant by domain experts in the process of
selecting the HG embedding model.

D1) Select and compare candidate models. Due to the consider-
able number of established models and associated research concerning
HG, developers are faced with a plethora of possible alternatives prior
to conducting comparisons. E1 and E3 indicated that they typically
initiate their search by experimenting with various prevalent graph neu-
ral network algorithms within their respective fields, and subsequently
fine-tune the hyperparameters in an effort to obtain satisfactory out-
comes. Moreover, based on our previous literature research, NAS [12]
can be employed as a means of exploring the design space and identi-
fying potential models [70]. E1 has attempted to utilize NAS in their
research endeavors; however, the vast search space posed a significant
hindrance, ultimately preventing successful implementation. On the
other hand, both E2 and E3 have yet to employ NAS in their research,
but harbor a sense of optimism towards its potential benefits. Following
the comparative analysis, developers aim to identify appropriate models
that are suitable for deployment in downstream tasks.

D2) Explore the reasons behind the model selection. GNNs are
often regarded as "black boxes”, which presents a challenge for develop-
ers to understand the factors that contribute to the superior performance
of a chosen model based solely on the input and output. As E2 pointed
out, in the field of biology, explainability is highly valued, “particularly
in the context of drug development where a clear rationale is neces-
sary prior to regulatory approval”; “while statistics has emerged as a
common language in this domain, machine learning has yet to achieve
comparable acceptance”. E2 posited that visualization techniques may
serve to enhance explainability and promote the seamless integration of
ML into the field of biology. E1 expressed a similar sentiment, stating
that “explainability is highly beneficial if the accuracy of a model can
be ensured".

3.2 Design Requirements

In light of the demands previously discussed, we have formulated six
design requirements that cater to different spaces, i.e., the latent and
topology space and levels, which encompass local/individual, group,
and global levels.

R1: Provides guidance for selecting candidate models in the
design space for comparison. Given the vastness of the design space,
it is crucial to determine the search direction of candidate models to
facilitate subsequent comparisons [D1]. To this end, E1 expresses his
thoughts on the NAS approach and design space, “we have consid-
ered NAS before, but it is computationally expensive and cumbersome
to search, so we prefer to start with simple mainstream models and
subsequently tune them gradually; “Alternatively, an approach that
highlights the importance of each dimension can also be employed.
Therefore, a method that can help developers meticulously scrutinize
the design dimensions and parameters of candidate models to arrive at
informed decisions is needed.

R2: Present a summary of the selected models’ performances at
a global level. To facilitate users in forming intuitive impressions, it is
essential to provide an overall picture of the selected models’ perfor-
mances. All domain experts confirmed that quantitative metrics are still
commonly used to evaluate model performance. For instance, AUC is
frequently utilized in link prediction tasks, and Micro-F1 and Macro-F1
are often employed in classification, while fop-k related metrics are
applied in recommendation tasks. Hence, the system should retain
these performance metrics of the chosen models [D1]. Additionally,
the graph information in the topology space could also help in swiftly
comprehending the dataset’s situation.
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Fig. 2: The overview of VAC-HGNN comprises a two-fold structure, encompassing a back-end engine and a front-end visualization interface. After
preprocessing the dataset, a set of HGNN models is identified and categorized into groups to facilitate a summary of search directions. The
visualization interface provides an overview of the design space, while three-level comparisons allow for coordinated interactions between graph-level,

group-level, and individual-level visualizations.

R3: Display latent information at the global and group level.
In the latent space, clustering and relative positions can be exhibited
by using dimensionality reduction methods. E3 expressed interest
in the rules in the projection view and all domain experts were keen
on discovering valuable information learned by the model beyond
the “black box”. Since it is challenging to determine the embedding
characteristics solely based on quantitative metrics, details in the latent
space should be presented, and then clustering groups can be tracked in
series [D2].

R4: Specify important nodes and links for model understanding.
At the local/individual level, researchers should identify and examine
significant nodes or links that may be responsible for the model per-
formance, such as isolated nodes or those with incorrect results [D2].
As highlighted by domain experts E1 and E3, it is crucial to identify
the key nodes in the model to understand the underlying mechanisms.
Therefore, visual designs should incorporate such information, includ-
ing nodes themselves and their related entities, to provide explanations
for models’ performances.

RS5: Investigate the topological configuration at the individual
level. At the individual level, nodes or links may have connections
or neighbors that are considered topological features of the topology
space. As HGs contain distinct types of edges and nodes, examining the
topological configuration of a specific entity can provide experts with a
comprehensive comprehension of the model process and enhance the
interpretability [D2].

R6: Facilitate interactive data exploration. The findings of our
literature review [36] indicate that the incorporation of interactive de-
sign elements can significantly enhance the process of aligning models
for comparative analysis. Additionally, our investigation revealed that
domain experts often rely solely on materials provided by authoritative
sources such as Readme, which may lack sufficient self-exploration
and intuitive features. Consequently, to cater to the diverse needs of
users, the system should support flexible and highly interactive data
analysis capabilities [D1, D2].

4 APPROACH OVERVIEW

The visual analytics system, VAC-HGNN, aims to assist developers in
comparing various graph neural network (GNN) models in a hetero-
geneous design space. The system is composed of a back-end engine
and a front-end visualization interface, as illustrated in Fig. 2. Initially,
the dataset undergoes preprocessing for training and testing purposes.
Then, a predetermined number of GNN models are identified within
the design space and categorized into groups to facilitate a summary
of search directions. The embeddings generated by these previously
designed models are computed for downstream tasks. GNN-related
explainers, such as GNNEXxplainer, may be employed to generate ex-
planations for the prediction results. Furthermore, dimensionality re-
duction techniques are applied to embeddings for further exploration.
The outputs generated by the back-end engine are subsequently fed
into the visualization module for GNN model analysis. This interface
supports a two-stage iterative workflow aimed at enhancing user com-

prehension of the design space and the models it encompasses. The
design space visualization view provides an overview of the models’
performances and their associated architecture parameters in the design
space [D1]. The three-level comparisons encompass graph-level visu-
alization, group-level visualization, and individual-level visualization
[D2], which can be coordinated using rich interactions.

5 BACK-END ENGINE
5.1 The NAS-HGNN Dataset

Based on a literature review of NAS for GNNs [12,70,72] and feedback
from experts in the observational study (Sec. 3), it has been identified
that there are two ways for HGNN practitioners to select HGNN models.
The first approach involves starting with one of the State-of-the-Art
(SOTA) models and tuning the architecture configurations (ACs) or
hyperparameters (HPs) to improve performance. The second approach
involves using automatic graph NAS methods. To cater to both of
these scenarios, we have constructed an architecture dataset for HGNN
NAS on the link prediction task, which we refer to as NAS-HGNNI.
To build this dataset, we follow the procedure of other NASBench
approaches [9, 58]. Specifically, we introduce the design space for
HGNN:Ss, discuss implementation details, and provide the statistics of
the dataset.

Design Space for HGNN. In order to obtain a comprehensive repre-
sentation of HGNNSs, various design spaces were compared in the litera-
ture [12,60,61,70,72]. After a thorough evaluation, Space4HGNN was
ultimately selected as the platform for dataset construction. This choice
was made because it not only considers general designs but also pro-
poses a unified framework for specific designs of HGNN. Space4HGNN
categorizes the design aspects of HGNNSs into four categories: intra-
layer, inter-layer, training settings and unique design for HGNN. In
total, 15 design dimensions are considered, as shown in Appendix B.

Implementation Details. The models were trained on three datasets,
namely HGBIl-amazon (with 147k training links and 15k testing links),
HGBI-LastFM (with 142k training links and 19k testing links), and
HGBI-PubMed (with 190k training links and 9k testing links) using
the OpenHGNN framework [16]. The training process was conducted
on a single NVIDIA Tesla K80, with three repetitions of the train-
ing and evaluation of all designs to mitigate the effect of randomness.
To improve training efficiency, early stopping was employed. Con-
sequently, a mapping was established from the (AC, HP, id) space to
(validation accuracy, training time, and best epoch) for each dataset.
Accuracy was measured using ROC-AUC. Two training strategies were
employed, namely random search and evolutionary learning. The pseu-
docode for the evolutionary strategy is presented in Appendix A where
Gen denotes the number of generations for evolution and N refers to
the population size. Empirically, the fitness measurement was set as
ROC_AUC, while the crossover and mutation rates were set as 0.5 and
0.1, respectively.

Dataset Statistics. The fundamental characteristics of the dataset are
presented in Tab. 1. Figure 3 examines the association between training
time and validation accuracy of HGNN models included in the dataset.
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The figure suggests that the most computationally intensive design is
not necessarily the best-performing one. These results underscore the
importance of thoughtful design considerations, rather than relying
solely on the addition of computational resources.
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Fig. 3: The relationship between accuracy on validation data and the
duration of the training process.

Dataset Algorithm #Designs Ti\rVnil(ls_«E,:clc())ggs)
HGBI-LastFM  Random Search 12,783 735,847.0
Evolution Learning 474 41,860.0
HGBIl-PubMed Random Search 2,651 460,077.8
Evolution Learning 650 143,741.6
HGBl-amazon = Random Search 10,010 231,659.7
Evolution Learning 971 41,038.1

Table 1: Design Count and Computation Cost for Each Dataset on Two
Search Algorithms. The evolution learning algorithms on all datasets
have converged.

5.2 Design Space Partition

Given the expansive design space, determining the search direction of
candidate models is crucial to streamline subsequent model compar-
isons. Clustering is a typical method for classifying or partitioning
the NAS data in tabular format. However, the resulting clusters may
lack clear interpretation and semantics, particularly when dealing with
uniform data generated by random search. An alternative approach
involves the use of decision trees, which allow for a more intuitive
understanding of certain partitions. Unfortunately, our dataset lacks
the required labels for driving the decision process. To address this
limitation, we propose a nested unsupervised decision tree algorithm
for more effective classification of NAS data.

To represent each design of HGNN, we create a 15-dimensional
tensor where each dimension corresponds to a design dimension in
spaced4hgnn [70]. This tensor is partitioned into four parts, namely
intra-layer, inter-layer, training settings, and unique design for HGNN.
Mathematically,

design; = (ail sal, bl bl cld) :d:’;). (1

In order to partition the data, we first use clustering. Given the mixed
data type (some dimensions are categorical such as aggregation function
and others are numeric such as dropout), we use K-Prototype [23] to la-
bel each design; with a class €;. Similarly, we cluster each aspect solely
to give each design four other classes, namely o, B3;, %, 8. As a re-
sult, we transform the representation of design; into a five-dimensional
tensor (¢, Bi, %, Oi|&)-

Based on this representation, we use CART [38], a decision tree al-
gorithm, to form a hierarchical partition of the data. Here, &; is regarded
as the target variable, and the other four dimensions are regarded as the
attributes. Since the CART algorithm only supports numerical target
variables, one-hot encoding is applied before classification. For each
split node in the hierarchical partition, the partition is divided by a class
which is given by the former clustering of a certain aspect. Based on
the design dimensions in that aspect, we first use K-Prototype to label
the designs in the partition, and then a small hierarchy is formed by the
CART algorithm to provide a detailed partition focused on the aspect.
In this way, we obtain a nested hierarchical partition of the data.

Hyper-parameters such as the number of leaf nodes in CART are
tuned manually, and the number of clusters in K-Prototype is deter-
mined by silhouette score [41].

6 FRONT-END VISUALIZATION

Figure 1 depicts the VAC-HGNN system, which is composed of two
primary views - the Design Space View (Figure 1(A)) and the Compari-
son View (Figure 1(B). The latter includes a Model List (Figure 1(B1)),
and Model Exploration (Figure 1(B2)) for facilitating a comprehen-
sive comparison of multiple models. The Ranking List (Figure 1(A1))
presents models with favorable performance, and the corresponding
design parameters are highlighted in the Design Dimension Overview
(Figure 1(A2)) for convenient references. Subsequently, users can
add multiple models to the Model List for comparison purposes (Fig-
ure 1(B1)). With the aid of Model Exploration (Figure 1(B2)), users
can perform detailed comparisons at different levels and evaluate var-
ious design dimensions. By iteratively adding models with design
dimension changes and comparing them, the optimal model can be
identified.

6.1 Design Space View

This view provides a com-
prehensive display of the
performance metrics of var-

Design Space
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ious models and their cor- metrics Design Dimension
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do

ing two distinct components, ‘
namely the Ranking List ,
and the Design Dimension { N

e.g.agg model family == Meta-path

Tooltip

Overview. The Ranking List
displays a subset of mod-
els that exhibit optimal per-
formances within the design
space, which can be referred
to and selected by users [R1,
R2, R6]. On the other
hand, the Design Dimen-
sion Overview, which dis-
plays the combination of de- ®
sign dimensions for the se- '
lected model and its associ-
ated search direction [R1]. .

Ranking List. As shown ‘
in Fig. 4(Al), this list is a
representation of a subset of
design space models. Each
row in the list is associated
with a selected metric value
[R2], which can be sorted us-
ing a button to aid users in identifying and selecting models of interest
or those with favorable performance metrics [R1]. Further analysis and
exploration of the selected models’ design dimension combinations is
possible. The bar chart presented in the list serves as a visual aid in
identifying potential candidates for examination and exploring their
design space characteristics.

Design Dimension Overview (Figure 4A2). The objective of this
component is to aid in the identification of appropriate design dimen-

Fig. 4: Design Space View is composed
of the Ranking List and the Design Di-
mension Overview, with a red line con-
necting to show a selected model’s de-
sign dimensions.



sion alternatives and search directions within a heterogeneous design
space [R1]. To achieve this objective, a nested icicle plot has been
developed, which draws inspiration from the icicle plot [28]. The plot
serves to illustrate the partitioning of the entire design space. We have
adopted the design dimensions employed in Space4HGNN [70], which
encompasses inter-layer design, intra-layer design, training settings
design, and unique design dimensions in HGNN, as shown in the Ap-
pendix B. These dimensions are represented by blocks with dark colors
in the nested icicle plot. Each category encompasses specific design
dimensions, which are organized as a decision tree once a category has
been selected. For instance, the intra-layer design category includes
layer connectivity, pre-process layers, message passing layers, and
post-process layers. These dimensions are distinguished by a lighter
color and are attached to their corresponding category block. Users can
refer to the legend for specific color schemes. The size of each block
is proportional to the number of models within that specific design
space partition. By tracing the line from left to right, users can easily
perceive the choices made for each dimension, which in turn helps
identify appropriate search directions.

Design Alternatives. To achieve hierarchical classification objec-
tives, two design alternatives are available. The commonly used ap-
proach is a tree structure that presents a detailed and clear hierarchy.
However, when applied to a large design space, the tree structure
may become too cumbersome to display effectively. Alternatively, the
treemap can be utilized to conserve space. However, it has limitations
in tracing the path of each design dimension, making it difficult to iden-
tify relationships between categories and compare search directions.
To address these challenges, we have modified the icicle plot for our
system, as previously described.

Interactions. The interactions available within the design space view
can be delineated as follows: (1) Selecting a metric needed. Users
may need to select a specific metric, depending on the downstream
task at hand. For instance, in the case of link prediction, users have
the ability to adjust the value of k for fop-k accuracy and establish an
order accordingly, thus enabling them to focus on the pertinent metric
for their particular task. (2) Selecting models. Users can select models
by brushing from the Ranking List to perform further analysis and
comparison. The selected models are then added to the Model List
in the Comparison View, allowing for side-by-side comparison of the
models. This functionality facilitates the identification and exploration
of models that exhibit favorable performance metrics or are relevant to
the task at hand [R6]. (3) Hovering. Upon hovering the mouse over
a particular design dimension, the decision conditions related to that
dimension are displayed as a tooltip. This feature was implemented
based on the feedback obtained from expert interviews.

6.2 Comparison View

The primary component of the Comparison View is the Model Explo-
ration, which allows for the comparison of selected models from the
Model List at three distinct levels (i.e., the graph level, the group level,
and the individual level) [R2, R3, R4, R5, R6].

Model List (Figure 1B1). The Model List presents models that
were selected in the Design Space View, along with their performances
and specific combinations of design dimensions [R2], thus serving as
a bridge between the Design Space View and the Comparison View.
To optimize screen usage and help users concentrate on the ongoing
comparison among multiple models, a collapsible tree structure has
been integrated into the Model List, with the visualizations of the Model
Exploration (Figure 1B2) serving as its leaves.

Model Exploration (Figure 1B2). The process of model exploration
entails analyzing performance metrics at the graph level in a compre-
hensive manner, while also examining details at both the group and
individual levels with greater granularity.

Graph-level Visualization. Within the model tree, the graph-level
visualization comprises two distinct views: a graph topology view
(Figure 5a) and a global latent space view(Figure 5b), both of which
are located in the first row. The graph topology view conveys com-
prehensive semantic and structural information pertaining to the entire
graph [R4],whereas the global latent space view is employed for the
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Fig. 5: A graph-level or group-level visualization in different spaces.

identification of patterns or clustered groups [R3].

In order to enhance the clarity of the view and minimize overlaps, the
Leiden algorithm [48] is applied to the graph topology view. This com-
munity detection algorithm is designed to identify densely connected
communities within a network by employing modularity optimiza-
tion and a multilevel approach to efficiently handle large and complex
graphs. An adjacency matrix of communities is used in the graph
topology view to display connections and detailed information about
these communities. The rows and columns of the matrix correspond
to different communities in the graph, with darker grids indicating a
higher density of edges between the corresponding pair of communities.
The region above the matrix is uniformly divided into blocks, with the
final block representing the proportion of the selected area to the entire
graph. The other blocks represent the proportion of different types of
edges within the selected area compared to the complete set to which it
belongs. For example, if half of the last block is colored, it indicates
that the number of edges selected in the current view constitutes half
of the total number of edges included in the graph. The area on the
left side of the matrix presents a breakdown of the predicted results
within the corresponding community, with the proportion depicted by a
color-coded bar. The colors orange, yellow, and blue represent incor-
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rect, uncertain and correct predictions, respectively, with the level of
transparency indicating the number of edges contained.

Besides the topology space, an alternative perspective on the matter
is offered by the latent space. After sampling, edges are mapped onto a
two-dimensional plane utilizing a chosen layout technique, analogous
to a scatterplot. The diversity of the links or predictions is denoted by
a spectrum of colors, with the corresponding color codes displayed in
the legend. It is noteworthy that the axes are not intended to convey
any explicit meanings, as the fundamental purpose is to offer a simpli-
fied perspective of the cluster, facilitating the detection of underlying
patterns and relationships.

Group-level Visualization. To conduct more in-depth analysis, users
possess the capability to investigate distinct sections of the graph, be
it a community or internal information within that community. This
functionality enables the exploration of the group level at any level of
granularity. For instance, users can opt to choose multiple communities
at the graph level in the first row or gradually narrow down the scope
from the top to the bottom, with a focus on a specific subset of the
graph. The group level also comprises two perspectives similar to the
graph level, namely the topology space, which is manifested through
the adjacency matrix and the latent space, which is represented by a
two-dimensional projection plot [R3, R4].
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Individual-level Visualization
(Figure 6). Individual-level
visualization enables users to
acquire a deeper understanding
of the relative significance of
distinct nodes and dimensions
in the dataset. Figure 6 provides
the topology space of the
chosen individual, showcasing
the influence or importance of
its neighbors, which facilitates
the interpretability of the results
[R5]. To alleviate the burden
of large-scale graphs, adding filtering conditions is a good choice.
However, the nodes’ importance levels are distributed in a bimodal
manner, with two peaks representing high and relatively low levels
of contribution. For instance, in the 2-hop distribution, the lower
peak encompasses approximately 1,000 nodes, while the higher peak
comprises nearly 100 nodes, as demonstrated in Fig. 7. Therefore, the
utilization of a distribution that does not conform to a simple threshold
range renders the filtering of points based on such a range ineffective
and unsuitable. Thus, it becomes imperative to adopt specialized
designs to address this issue. Drawing inspiration from the concept of
atomic orbitals expressing energy levels, the current study presents
a novel design for visualizing data. Specifically, the design employs

Number

Hop-2
~1000 nodes

~100 nodes

Contribution

Fig. 7: The distribution example of
the 2-hop contribution diagram.

an orbital map, where each node is represented as a circle, and the
edges between the nodes are shown as lines connecting the circles. To
display the k-hop graph, the neighboring nodes of a selected node
pair (i.e. link) are illustrated as circles encircling the central link.
For instance, the first orbital includes the immediate neighbors of
the selected link, while the second orbital incorporates the neighbors
of those neighbors. The relative distance of a circle from the center
node is indicative of its level of importance. Moreover, the heatmap
accompanying the orbital map provides the importance scores of each
node in a multi-dimensional vector, with darker hues indicating higher
importance. These two plots correspond to each other, where each row
of the heatmap represents a node on the orbital, i.e. a node embedding
vector.

Design Alternatives. For the or-
bital map at the individual level, a com-
monly used approach involves employ-
ing a node-link diagram with the force-
directed collision-avoidance layout as
displayed in Fig. 8 [25]. Nevertheless,
this method may prove inadequate for
displaying graphs that are particularly
large or complex. This is primarily due
to the fact that the density of the dia-
gram can become overwhelming, thereby impeding the ability of users
to form an accurate and holistic perception of the entire graph. In com-
parison, as previously described, a single orbital can accommodate a
large number of entities and can also visually display the topology. This
design provides an intuitive representation of the relative importance of
other entities, the connections between these entities, or the differences
between various types of entities.

Interactions. The Comparison View interactions can be delineated
as follows: 1) Selecting certain parts to compare in Model Explo-
ration. The most critical function among all interactions is the ability
to select specific parts of a graph for comparison in Model Exploration.
The visualization operates in a top-down manner, progressing from the
graph-to-group level. Users can select communities by brushing the
adjacency matrix’s grids at the global or group levels to zoom in and
view details, with a corresponding branch of the tree growing below.
This operation can be performed on any model. Furthermore, users can
hide or minimize irrelevant views and focus on specific ones by clicking
on the red button in the upper right corner, minimizing the distance
between them. Conversely, clicking on the gray button on the right can
expand the tree horizontally. Additionally, selecting an individual in the
view extends the individual-level visualization horizontally, which can
also be closed when no longer needed. 2) Highlighting the selected
entities. In Model Exploration, the selected entities are highlighted,
allowing users to conveniently compare and contrast models’ simi-
larities and differences using the model juxtaposition. Additionally,
when hovering over a point representing an edge at the individual level,
the associated line is highlighted, with the color representing its type.
3) Selecting a layout. Users can select different projection methods
and encoding displayed to view the latent space based on their needs
on the top of views. 4) Hiding or showing detailed parameters of
models. To address the challenge of displaying all information in the
Model List where models often have multiple design dimensions, the
collapse/expand button allows users to hide/show detailed information,
with design dimensions displayed in the preview selectable by users. 5)
Sliding the view’s window. Since comparing several models necessi-
tates significant screen space, the Comparison View’s window can be
slid vertically, allowing users to make comparisons freely. 6) Creating
a model. Once users have examined multiple models, they can modify
the relevant design dimensions to develop novel models and incorporate
them into the Model List for subsequent comparisons [R6].

Fig. 8: The k-hop diagram of
GNNLens [25].

7 EVALUATION
7.1 Case Study

In order to evaluate the efficacy of the proposed VAC-HGNN system,
we carried out two case studies in collaboration with domain experts.
These studies were designed to provide a comprehensive assessment of



the system’s performance from two distinct viewpoints, namely, system
consistency and design principle discovery.

7.1.1 Case One: System Result Consistency

Upon demonstrating the functionality of the system, E; exhibited keen
interest in utilizing it to identify patterns and raised two inquiries. First,
he inquired about the correlation between the model’s performance
and dimension reduction outcomes, as well as individual explanations.
Second, he sought to ascertain the consistency of outcomes at the graph
level and group level regarding dimensionality reduction and individual
explanation.
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Fig. 9: The system results in consistency examination: (A) Top 100
model of HGBI-amazon (B) Another partition (C,D) Correlation between
the model’'s performance and dimension reduction outcomes (D,E,F)
Correlation dimension reduction outcome and individual explanation.

Dimension Reduction Pattern. To address the first question, E}
selected the top 100 best models and sorted them in descending order
by performance. After brushing several models with the highest perfor-
mance, he found that all of the models fell into the first partition of the
nested icicle plot (Figure 9A). He then expanded the area he brushed
twice and found that some models fell into other partitions (Figure 9B).
This piqued his interest, and he clicked on the first partition to add the
models to the list. He sorted the models by accuracy and clicked the
collapse to train them. He selected three models for different perfor-
mance levels (Figure 9C1,C3,C5), and after they finished training, he
inspected the graph level embedding (Figure 9D1,D3,D5) by clicking
the right button. By comparing the embeddings of models with different
performances, he concluded that high-performing models have dimen-
sionality reduction results in clustered communities with significant
edge overlap (Figure 9D1), while the dimensionality reduction results
of average-performing models exhibit stripe patterns with less edge
overlap (Figure 9D3). For poorly performing models, the points are
evenly distributed in space, and the two types of edges overlap evenly
(Figure 9D5). Based on these observations, he proposed an evolution
process hypothesis of node embeddings during model training: “from a
uniform cluster to stripe patterns, and then to communities.”

To validate his hypothesis, £ trained two models at each perfor-
mance level and discovered that the dimensionality reduction results
(Figure 9D6) of poorly performing models (Figure 9C6) had similar

distributions and forms to those of models with average performance
(Figure 9D3). This led him to believe that the relationship between the
form of the model’s dimensionality reduction results and the determi-
nacy of the model’s prediction results, rather than accuracy, is a more
appropriate statement. Finally, he wondered whether the dimensional-
ity reduction results at the group level are consistent with those at the
graph level. He confirmed the consistency by selecting different groups
and comparing the dimensionality reduction results of the same models
(Figure 9D1,D2,D3,D4).

Pattern Explanation. £| conducted further analysis to understand
the contribution of nodes to the prediction. Specifically, he clicked on
links to identify nodes that contributed the most to the prediction. Upon
comparing models with different performance levels, he observed that
nodes at two hops from the link tended to account for a substantial
proportion (Figure 9E1). This phenomenon can be attributed to the
information diffusion process in GNNs. Nodes that are one hop away
have already diffused their information to the graph, and their contribu-
tion to the prediction is relatively lower. In contrast, nodes that are two
hops away may have an indirect but significant impact on the target
nodes as their influence on the graph topology is more widespread.

Furthermore, E; identified patterns in the explanatory subgraph for
individual explanations. He found that high-performing models capture
more structure information, resulting in denser nodes and edges in
the explanatory subgraph, with individuals in different communities
sharing similar patterns (Figure 9E1). However, poorly performing
models lacked consistency in the explanatory subgraph for different
individuals in a single link (Figure 9E2). Moreover, high-performing
models were observed to capture more local structural information and
exhibited stable behavior. Additionally, the adjacent heatmap of high-
performing models exhibited texture features (Figure 9F1), indicating
the importance of certain dimensions, while the heatmap of poorly
performing models was uniform (Figure 9F2).

7.1.2 Case Two: Summarizing the Design Principles of HGNNs

During the operation of the system by E;, E, was present and able
to gain an understanding of the system’s capability. Subsequently, £,
selected the top 100 models to guide the analysis, with a preference
for the partition guided by the best model. In contrast to E, £y was
primarily focused on the design of the model, which was based on a
trust in the model’s efficacy. To this end, E; habitually sorted the model
by accuracy, cleared all default design dimensions, and selected those
dimensions of personal interest, such as dropout, activation function,
and L2 normalization (Figure 1B1). Upon examining the commonali-
ties in the design dimensions of high-performing models, E, observed
the absence of L2 normalization as a prominent feature (Figure 1B1),
despite its reputation as a useful tool for optimization in deep learning,
as it can enhance the stability and convergence of the optimization al-
gorithm. In an attempt to comprehend this phenomenon, E; employed
a method of controlling variables, by creating a model (Figure 1B) that
shared all designs with the best model except for the utilization of L2
normalization.

Upon completing the model training, it was discovered that the accu-
racy of the model decreased by 4.8%, resulting in a decrease to 94.1%
(Figure 1b). Additionally, the color yellow was found to occupy a larger
proportion in the prediction distribution (Figure 1b), indicating an in-
crease in model uncertainty. Based on this observation, a hypothesis
was formed that L2 normalization can increase model uncertainty. In
order to investigate this hypothesis, dimensionality reduction was per-
formed on the embeddings of the two models, which revealed minimal
differences. However, upon analyzing the embeddings of the edges
located at the center of the communities, significant discrepancies were
found (Figure 12). The model that did not use L2 normalization had a
higher density of nodes and edges in the explanatory subgraph, while
the model that did use L2 normalization had significantly fewer con-
tributing nodes (Figure 12). Further examination of the distribution of
the contributing nodes — the bimodal distribution (Figure 7), led to the
realization that L2 normalization rescales the representation of the node,
and subsequently, the range of link score is narrowed down. When
the sigmoid acted as the score function, the score naturally centralized
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to 0.5, resulting in an increase in prediction uncertainty. The use of
L2 normalization can make node features more comparable in terms
of their magnitudes, but when PyG! is used to identify the nodes that
contribute the most to the prediction, nodes with small initial features
may not be recognized as influential. Therefore, these nodes may act
as noise in the explanation. It can be concluded that L2 normalization
is a method that can improve interpretability, but it comes at the cost of
decreased accuracy.

In accordance with the aforementioned methodology, which involved
adhering to the design space view’s guidance, analyzing design dimen-
sions patterns, comparing models at varying levels and spaces, and
providing explanations and summaries of the phenomenon, we were
able to derive additional design principles: 1) Max is characterized by
a low level of expressiveness; 2) Ginconv max is ill-suited for use in
HGNNSs due to its initial design catering towards GNNs, as outlined
in [57]. The subsequent design principles can be readily discerned
from the model list via the utilization of the ranking function: 1) Adam
optimization typically outperforms Stochastic Gradient Descent (SGD);
2) The most frequently utilized learning rate among the top-performing
models is 0.01; 3) Increased training epochs often result in improved
performance.

7.2 Expert Interview

After conducting two case studies, we conducted interviews with four
individuals, including three experts (E1, E2, and E3) and a female
Ph.D. student (E4) with five years of experience in machine learning.
Each interview was approximately 30 minutes long and preceded by a
20-minute introduction to the system.

System Usability. In general, the experts expressed a positive opin-
ion regarding the usability of the system and its ability to aid in the
comprehension and comparison of various HGNN models. The over-
all workflow was deemed to be reasonable, and the operations were
deemed to be smooth. E3, in particular, noted that “the connection
between the two stages is very tight,” while E1 appreciated the user-
friendly nature of the system, which began with common quantitative
metrics for tasks. The experts unanimously agreed that the various
interactions provided by the system were highly satisfactory, and the
ability to conceal irrelevant views allowed for focused attention on
specific components. Moreover, the system was found to enhance the
efficiency of model comparison. As E2 stated, “previously, I might
need to compare models one by one, but now I can select multiple
models in the design space and add them to the list for subsequent com-
parison.” Additionally, the experts all concurred that the presentation
of views across three different levels for various spaces facilitated a
comprehensive comparison of models.

Visual Encodings. Experts found the visual designs in the system
easy to understand due to their intuitive nature and appropriate use of
commonly used graphics. The projection view was useful for cluster
exploration, while the nested icicle plot facilitated the identification
of suitable design dimension alternatives and corresponding search
directions. The experts agreed that the use of orbital maps for visu-
alizing GNN interpretability algorithms was visually appealing and
user-friendly. After the introduction and example, experts demonstrated
a comprehensive understanding of the visual encodings in the system.

Suggestions. Experts provided feedback on improving the optimiza-
tion of VAC-HGNN in our visualization system. They suggested adding
more auxiliary information for model comparison and search direction
identification. To address this, we added tooltips to display search
directions for design dimensions. However, further research is needed
to improve the Comparison View. The experts also suggested extending
the system’s capabilities to support more downstream tasks for greater
extensibility.

8 DISCUSSION AND LIMITATION

Contributions Over the Previous Work. This study aims to compare
and analyze various HGNN models in the design space using visual-

'A library built upon PyTorch to easily write and train Graph Neural Net-
works for a wide range of applications related to structured data.

ization techniques. We provide explanations for “black-box” models
during the comparison process, which distinguishes our work from
previous interpretability efforts that focus on explaining individual
models. The system compares relevant models to provide users with
search directions, unlike ArchExplorer [64], which requires users to
compare models outside the system after exploring patterns. Further-
more, the proposed approach does not require users to switch between
the system and external tools. Additionally, the approach differs from
GNNLens [25], which is primarily designed for diagnostic tasks of
a single model. Drawing on relevant comparative layout theory, the
authors explore views for comparing HGNN models to advance further
research on comparison views in the visualization community.
Generalizability and Scalability. This work identifies two potential
avenues for extending the functionality of VAC-HGNN. First, while the
system is currently designed for link prediction, it could be adapted
for various applications such as classification and recommendation.
Second, the system could be modified to cater to non-experts, such
as biologists, through the inclusion of data storytelling. However,
scalability is a significant obstacle due to the large volume of data
encompassing models, parameters, and structural information. To
address scalability concerns, we adopt a “from global to local” approach
by dividing a large-scale graph into distinct communities and encoding
them visually through an adjacency matrix. This approach allows users
to selectively examine specific sections of the data to gain insights,
alleviating scalability concerns to a certain extent. Nevertheless, GPU
processing may be required to display the entire large-scale node-link
diagram, which could necessitate substantial computing resources and
may not always be feasible.

Learning Curve. Domain experts have found the VAC-HGNN system
to provide valuable information, albeit requiring a period of adaptation
to the system’s glyphs. To improve user experience, interactive controls
could be integrated, allowing users to selectively display information.
For example, users could hide edge connections between neighboring
nodes at the individual level based on their preferences. A step-by-step
user guide could also be created to assist users in mastering the system.
Limitations. The VAC-HGNN system has some limitations despite its
effectiveness. The deep learning-based community detection algorithm
lacks interpretability, and the clustering and decision tree methods used
in constructing the design space may not be very stable. Therefore,
exploring more appropriate algorithms in the future is necessary. Prede-
fined design spaces may also limit the scope of HGNN models that can
be created, so allowing users to define their own design space could
be a potential solution. Additionally, domain experts have expressed
interest in uploading their own GNN models for further exploration.

9 CONCLUSION AND FUTURE WORK

This work presents a new visual analytics system called VAC-HGNN,
which is designed to assist with the comparison of HGNN models
and identifying search directions in the design space. To represent the
design space, the authors utilized a nested icicle plot with the Decision
Tree algorithm, allowing for efficient navigation and model selection.
A collapsible tree structure was also implemented, which enables a
detailed comparison of the selected HGNNs at three different levels
(graph, group, and individual). The system incorporates GNN interpre-
tation algorithms, which provide clear explanations of the compared
models. Two case studies were conducted, and experts were inter-
viewed to validate the effectiveness of the system in aiding users to
identify search directions and compare HGNNs. Results demonstrate
that the proposed system is effective in achieving these objectives. Fu-
ture work will focus on addressing the limitations of the algorithms and
exploring the potential to support non-specialists in this field.
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