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Abstract

When applying node embeddings learned from GNNs to generate

graph embeddings, the scalar node representation may not suffice to

preserve the node/graph properties efficiently, resulting in sub-optimal

graph embeddings.

Inspired by the Capsule Neural Network (CapsNet), we propose the

Capsule Graph Neural Network (CapsGNN), which adopts the

concept of capsules to address the weakness in existing GNN-based

graph embeddings algorithms.

By extracting node features in the form of capsules, routing

mechanism can be utilized to capture important information at the

graph level. As a result, our model generates multiple embeddings for

each graph. The attention module incorporated in CapsGNN is used

to tackle graphs with various sizes which also enables the model to

focus on critical parts.

Methodology
CapsGNN mainly consists of three blocks:

Node capsules extraction block.

Basic node features are extracted with GNN (GCN). The procedure

can be written as:
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Graph capsules extraction block.

The input of this block contains 𝑁 sets of node capsules, each set

represents a node which is 𝕊𝑛 = {𝑠11, … , 𝑠1𝐶1 , … , 𝑠𝐿𝐶𝐿}, 𝐶𝑙 is the

number of channels at the 𝑙th layer of GCN, 𝑑 is the node capsule

dimension. The output of this block should be a set of graph capsules

𝑯 ∈ 𝑅𝑃×𝑑
′

where 𝑃 is the number of graph capsules.

Graph classification block.

After getting the graph capsules 𝑯. The dynamic routing is applied

again to generate class capsules 𝑪 ∈ 𝑅𝐾×𝑑
′

where 𝐾 is the number of

graph classes. We use margin loss function to calculate the

classification loss and it is computed as:
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𝑘
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Additional Module

Attention Module is introduced to generate unequal scale

coefficients for node capsules which leads the model to focus on

important parts of the input graphs. The procedure can be written as:

Scaled(𝒔(𝑛,𝑖)) =
𝐹𝑎𝑡𝑡𝑛(𝒔𝑛)𝑖

σ𝑛𝐹𝑎𝑡𝑡𝑛(𝒔𝑛)𝑖
× 𝒔(𝑛,𝑖)

Reconstruction loss is introduced as a regularization method.

Neural network is used to reconstruct the histogram of input nodes.

This procedure can be written as:

𝐿𝑟 = max 𝑇𝑘 𝒎𝑘 − 𝒅𝑘
2 +max (1 − 𝑇𝑘) 𝒎𝑘 − 𝒅𝑘
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where 𝒎𝑘 represents the number of nodes with the attribute 𝑘 that

appear in the input graph, 𝒅𝑘 is the corresponding decoded value.

Reconstruction

Framework of CapsGNN. At first, GNN is used to extract node embeddings
and form primary capsules. Attention module is used to scale node
embeddings which is followed by Dynamic Routing to generate graph
capsules. At the last stage, Dynamic Routing is applied again to perform
graph classification.

Classification Results

Evaluation

We verify CapsGNN against a number of state-of-the-art approaches

as well as some classical approaches on classification tasks with 10

benchmark datasets. We conducted brief analysis on the generated

graph/class capsules. Besides, a comparison experiment to evaluate

the contribution of each module of CapsGNN with classification task

is provided.

Algorithm COLLAB IMDB-B IMDB-M RE-M5K RE-M12K

WL 79.02±1.77 73.40±4.63 49.33±4.75 49.44±2.36 38.18±1.30

DGK 73.09±0.25 66.96±0.56 44.55±0.52 41.27±0.18 32.22±0.10

AWE 73.93±1.94 74.45±5.83 51.54±3.61 50.46±1.91 39.20±2.09

PSCN 72.60±2.15 71.00±2.29 45.23±2.84 49.10±0.70 41.32±0.42

DGCNN 73.76±0.49 70.03±0.86 47.83±0.85 48.70±4.54 -

GCAPS-CNN 77.71±2.51 71.69±3.40 48.50±4.10 50.10±1.72 -

CapsGNN 79.62±0.91 73.10±4.83 50.27±2.65 52.88±1.48 46.62±1.90

Algorithm MUTAG NCI1 PROTEINS D&D ENZYMES

WL 82.05±0.36 82.19±0.18 74.68±0.49 79.78±0.36 52.22±1.26

AWE 87.87±9.76 - - 71.51±4.02 35.77±5.93

DGK 87.44±2.72 80.31±0.46 75.68±0.54 73.50±1.01 53.43±0.91

PSCN 88.95±4.37 76.34±1.68 75.00±2.51 76.27±2.64 -

DGCNN 85.83±1.66 74.44±0.47 75.54±0.94 79.37±0.94 51.00±7.29

GCAPS-

CNN

- 82.72±2.38 76.40±4.17 77.62±4.99 61.83±5.39

CapsGNN 86.67±6.88 78.35±1.55 76.28±3.63 75.38±4.17 54.67±5.67

Visualization of Class Capsules
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More visualization figures are available at 

https://sites.google.com/view/capsgnn/embeddings-visualization
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where 𝑚_+=0.9,  and 𝑇_𝑘=1 iff the input graph belongs to class 𝑘. 

𝜆 is used to stop initial learning from reducing the length of all class 

capsules.

Architecture COLLAB IMDB-B PROTEINS NCI1 D&D

CapsGNN 79.77±1.15 74.42±2.20 77.27±2.58 79.23±1.88 76.16±4.19

CapsGNN-

Avg
79.61±0.81 73.29±2.66 76.54±2.98 78.36±1.95 74.44±3.46

CapsGNN-

noRout
80.48±0.86 74.11±2.94 77.18±2.94 77.62±1.15 75.28±4.17

CapsGNN-

noRecon
80.44±0.88 74.03±2.11 76.69±1.78 78.23±2.41 74.70±3.12

CapsGNN-

Avg-noRout
80.15±1.02 74.23±3.47 75.94±2.61 76.25±2.40 73.93±3.56

Modules Comparison
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