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Background 
Representation learning methods map high-
dimensional data (large 𝑚) to a lower-dimensional 
space ℝ𝑛×𝑑. This is useful to visualize data (𝑑 = 2), 
or as pre-processing step in a machine learning 
pipeline, to speed up the training of models or 
improve the generalization of models. 
Representation learning has special efficacy for 
structured data such as graphs, as embedding the 
data into a real-valued space where the distances 
reflect similarity among the original data objects 
enables the application of machine learning 
methods that work on non-structured data. 

Research contributions 
Our work explores the use of prior information to improve representation learning: 
1. Subjectively Interesting Component Analysis [4] enables the use of a graph prior (where 

edges convey that we expect these objects to be similar), in which case the goal is to 
construct representation that adds as much information as possible with respect to the 
already known similarities. The resulting linear projections can be found as the result of an 
Eigen-decomposition problem and can be efficiently optimized. 

2. Thereafter, we considered how to use graph-structured prior information in non-linear 
dimensionality reduction. We developed conditional t-SNE [3], a variant of t-SNE that can 
factor out prior information from the constructed low-dimensional embeddings. 

3. Conditional Network Embeddings [2] constructs a representation of the nodes in a network 
by having both a prior distribution (based on the Maximum Entropy principle) and an 
embedding, that are combined using Bayes theorem to derive predictions. We have shown 
this approach leads to state-of-the-art results in link prediction and node classification. 

4. We have done a lot of research on top of Conditional Network Embeddings. One line of 
extensions is to capture additional structure that may be present in graphs. Conditional 
Signed Network Embedding [1] produces embeddings that capture the structure of signed 
networks, i.e., where edges are denoted as positive/negative (+,-), e.g., a trust network. 
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Figure 1: Visualization of the netscience graph 
using Conditional Network Embedding [2] 


