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How similar? 
How to compute?
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1 Challenge
The question of spatial similarity

2 Problem formulation
Spatial similarity as graph comparison problem

3 Efficient or effective (gap)
Node-level interactions are computationally expensive

RQ
How to model node-
level interactions less

expensively?

• Model node-level interactions in the similarity metric 
by using a (differentiable) graph kernel. This 
postpones interactions to the end of the pipeline → 
inference is fast

• Graph Matching Networks model node-level interactions
across graph-based encoders → boosts effectiviness

• Problem: node-level interactions are computationally
expensive → inference is slow

5 Training
Triplet network training to mimic (expensive) GED-based similarity

6 Results
Effective yet efficient
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4 Efficient and effective
Less expensive node-level interactions

…

Spatial data as graphs. 
(Not our focus in this work. 
We start from the graphs!)
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Embeddings are computed 
independently

Graph edit distance (GED) [3] measures the “effort” it takes to transform one graph into 
the other, by adding, deleting, substituting nodes and edges. Known NP-hard problem. 

• Graphs contain a rich set of spatial attributes
• Specifically designed Graph Neural Network for spatial graphs
• (Hard) triplet mining using GED-based similarity

Less performance drop for lower model capacity

Retrievals (A) show better ranking and (B) are often flip, rot90 invariant

• The built-environment can be adequately described as a 
hierarchy of spatial networks: road networks, neighborhood
compositions, floor plans, etc.

• Computing spatial similarity is essential to spatial machine 
understanding

• Tackling the question of spatial similarity by casting it as a deep metric
learning problem over graphs
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