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Introduction

• Networks are everywhere

– citation networks

– social networks

– drug-target-interaction networks

– mobile networks

• Tasks

– link prediction

– node clustering

– many other downstream tasks



Introduction

• (semi-) Supervised vs. Unsupervised
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Network Representation Learning

• A unified encoder – decoder framework [1]

– An encoder maps each node to a low-dimensional vector

• ENC: 𝒱 → ℝ𝑑

– A decoder decodes information about the graph from the learned embeddings. 

(pairwise decoder mostly)

• DEC:ℝ𝑑 × ℝ𝑑 → ℝ+

– Optimization

• ℒ = σ
𝑣𝑖,𝑣𝑗 ∈𝒟 ℓ(DEC 𝒛𝒊, 𝒛𝒋 , 𝑠𝒢(𝑣𝑖 , 𝑣𝑗))

[1] Hamilton, William L., Rex Ying, and Jure Leskovec. "Representation learning on graphs: 

Methods and applications." arXiv preprint arXiv:1709.05584 (2017).



Network Representation Learning

• Shallow models

– Encoder function is a simple “lookup”:

• ENC 𝑣𝑖 = 𝚭 𝝂𝒊

– 𝚭 is optimized directly, i.e., the trainable parameters

– Matrix-factorization and Random walk approaches

• Deep models  - Autoencoders

– Parameter-sharing encoders, e.g., DNN, GCN, etc.

• They do not explicitly consider the semantic relatedness between nodes

Image from https://www.compthree.com/blog/autoencoder.

https://www.compthree.com/blog/autoencoder/


Multiview Adversarially Regularized Graph Autoencoder (MRGAE)

Image from https://tkipf.github.io/graph-convolutional-networks.

• Preliminaries

– Graph Convolutional Network (GCN)

• 𝐇(𝑙+1) = 𝑓 𝐇 𝑙 , 𝐀

= 𝜎(෡𝐃−
1
2෡𝐀෡𝐃

1
2𝐇(𝑙)𝐖(𝑙))

– Adversarial Regularization

• Encoder as generator

• Incorporate a MLP as discriminator

• Distribution consistent

https://tkipf.github.io/graph-convolutional-networks/


Figure 1: Architecture of MRGAE.

• Second View Construction
– cosine similarity

• Encoder – Decoder
– Multiview reconstruction loss 

(MRL)

• Multiview Adversarial 
Regularization

– Normal Discriminator

– View Discriminator

• Training objective
– reconstruction loss

– adversarial loss

𝐿 = 𝐿𝑚𝑟𝑙 + 𝛾𝐿𝑎𝑑𝑣 + 𝐿𝑟𝑒𝑔

Multiview Adversarially Regularized Graph Autoencoder (MRGAE)



Evaluation: Link Prediction

• Link prediction

– Benchmark dataset

• Scientific publication citation networks

• Each node is described by BOW 

representations

• Each node has a corresponding class label

– Experiment settings

• 32-dim hidden layer, 16-dim embedding 

layer for the GCN encoders

• Multi-layer perceptron (MLP) with two 128-

dim hidden layers for the two discriminators

Table 1: Citation networks.



Evaluation: Link Prediction

Table 2: Performance comparison on link prediction.



Evaluation: Node Clustering

Table 1: Citation networks.

• Node Clustering 

– Benchmark dataset

• Scientific publication citation networks

• Each node is described by BOW 

representations

• Each node has a corresponding class label

– Experiment settings

• 32-dim hidden layer, 16-dim embedding 

layer for the GCN encoders

• Multi-layer perceptron (MLP) with two 128-

dim hidden layers for the two discriminators



Evaluation: Node Clustering

Table 3: Node clustering performance on Cora. Table 4: Node clustering performance on Citeseer.



Evaluation: Readmission Prediction

Figure 2: Lin et al.’s LSTM-CNN model

• Lin et al.’s work [2] gives the state-of-the-art performance in 
unplanned 30-day all-cause ICU readmission prediction on 
MIMIC-III dataset.

– MIMIC-III Dataset
• a large, freely-available database comprising deidentified health-related data 

associated with over 40,000 ICU patients, which includes information such as 
demographics, vital sign measurements made at the bedside (~1 data point 
per hour), laboratory test results, procedures, medications, caregiver notes, 
imaging reports, and mortality

– Method
• Features used include 17 types of selected chart events (diastolic blood 

pressure, capillary refill rate, etc.) over a 48-hour time window, ICD-9 
embeddings of diagnosis, and demographic information of patients

• Input features are fed into a LSTM-CNN model as shown in Figure 3

– Metric
• The Area under the Receiver Operating Characteristic (AUROC) as primary 

metric. It measures the overall performance of the recall with respect to 
different false positive rate. 

• AUROC is a commonly used metric for the readmission prediction task.

• Along with some other metrics, including positive case recall rate (sensitivity), 
accuracy, etc.

[2] Lin, Yu-Wei, et al. "Analysis and prediction of unplanned intensive care unit readmission using 

recurrent neural networks with long short-term memory." PloS one 14.7 (2019): e0218942.



Evaluation: Readmission Prediction

Figure 3: Part of ICD-9.

• ICD-9 is the 9-th revision of the International Statistical 

Classification of Diseases and Related Health Problems 

(ICD), a medical classification list by WHO.

– Nodes represent diagnosis (disease) and are described by 

short textual descriptions.

– Edges represent “is-a” relationships.

• Second View Construction

– Transform the short textual descriptions of nodes into one-

hot representations

– If the cosine similarity between two nodes is greater than 0.7, 

we create a link between them in the second view of ICD-9

Figure 4: Part of ICD-9 tree structure.



Research Methods: Readmission Prediction

Table 5: Unplanned 30-day Readmission Prediction Performance with Different Embeddings



Ablation Study

• Ablated methods

– View Discriminator removed

– MRL removed

– Both removed

Table 6: Ablation analysis.



Future Work

• The proposed network embedding method, i.e., MRGAE, can be extended 

to a relational version which applies to graphs with multiple types of edges.

• It is interesting to see if any performance gain can be achieved if we add a 

regularization term to existing embedding methods that explicitly preserves 

semantic relatedness between nodes. 



Thank you for your attention!


