LayoutGKN: Graph Similarity Learning of Floor Plans
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1 Challenge 2 Problem formulation
The question of spatial similarity Spatial similarity as graph comparison problem
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« Computing spatial similarity is essential to spatial machine » Tackling the question of spatial similarity by casting it as a deep metric
understanding learning problem over graphs
3 Efficient or effective (gap) 4 Efficient and effective
Node-level interactions are computationally expensive Less expensive node-level interactions
Graph Embedding Network  Graph Matching Network [1] Graph Kernel Network ours
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* Graph Matching Networks model node-level interactions » Model node-level interactions in the similarity metric
across graph-based encoders - boosts effectiviness by using a (differentiable) graph kernel. This
* Problem: node-level interactions are computationally postpones interactions to the end of the pipeline -
expensive =2 inference is slow Inference is fast
5 Training 6 Results
Triplet network training to mimic (expensive) GED-based similarity Effective yet efficient
A. graph extraction C. training RPLAN Zero-shot to MSD
0 f{ L ] ‘\ Accuracy (1)  P@5(1)  P@I0(P)  t[s]()) | P@5()  P@IO (1)
Il B LayoutGK (baseline) 65.63+0.00  0.38940.000 0.43940.000 1.2+0.4 na na
i LayoutGEN (baseline) | 96.2440.07  0.60340.007 0.66540.004  0.7+0.1 0.595+0.015 0.605+0.018
= ka(Ha, Hp) kc(Ha, Hy) LayoutGMN* CVPR'21 | 97.7440.05  0.61640004 0.675£0002 35.62105 | 0.58540026  0.596:-0.020
1) = 1‘ " 1‘ i LayoutGKN (ours) 97.78+£010  0.623+£0.004 0.683+0.002  1.8405 | 0.674:0.024 0.697-£0.017
node encoding p "
- (" N ( N\ N “
B. attributes Edges :
S ~ -5 % Less performance drop for lower model capacity
(no door) S
H E : \ \ 188 97.7.97.8 - 1 GEN 18% 07.797.8 74978 o7397. 189
* \MPN ) \MPN p \MPN ) < 06 96.2 95 6 958 L[—1 GMN 06 96.2 96.2 96.2 94
* * * > 24 B _ (jl(oN 94 01
| [MLP] [MLP] > 921 d ' 92 881
Node attributes: > " 0 E 90 ] d 90 ! 85
Shorrfweasjctr;f 0 rogrrf::g?;;;ry shaV:; ;Z;’?Jres * * O o O 8 gg — 85.6 gg gg GMN
ol A ) < 1l & g
s : ! ‘ - ! GKN
1= m = 4 t t 30 - L ' 80 - - - 70 ———
EEEN ® @, . e 64 32 16 8 5 4 3 0 1020 30
Node dimension [#] Nr. of Layers [#] Epoch

« @Graphs contain arich set of spatial attributes
« Specifically designed Graph Neural Network for spatial graphs Retrievals (A) show better ranking and (B) are often flip, rot90 invariant
« (Hard) triplet mining using GED-based similarity

Top 10 retrievals — most to least similar
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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.
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