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Abstract

Retrieval of polygon geometries with similar shapes from maps is a challenging geographic
information task. Existing approaches can not process geometry polygons with complex
shapes, (multiple) holes and are sensitive to geometric transformations (e.g., rotations). We
propose Contrastive Graph Autoencoder (CGAE), a robust and effective graph representa-
tion autoencoder for extracting polygon geometries of similar shapes from real-world building
maps based on template queries. By leveraging graph message-passing layers, graph feature
augmentation and contrastive learning, the proposed CGAE embeds highly discriminative
latent embeddings by reconstructing graph features w.r.t. the graph representations of input
polygons, outperforming existing graph-based autoencoders (GAEs) in geometry retrieval of
similar polygons. Experimentally, we demonstrate this capability based on template query
shapes on real-world datasets and show its high robustness to geometric transformations in
contrast to existing GAEs, indicating the strong generalizability and versatility of CGAE,
including on complex real-world building footprints.

1 Introduction

Geometric shape matching and retrieval is a non-trivial task in geographic information systems especially
challenging when handling complex geometries. Queries describing the geometric shapes of objects to be
matched (templates) are encoded and models then retrieve objects with shapes that are visually similar.
Traditional approaches encode query shapes into vector representations to search for similar geometries in
databases. Statistically, (Goodall (1991) presented a model-based Procrustes approach to analysing sets of
shapes. Conceptually, [Egenhofer| (1997) first proposed a system that converts sketched queries into topolog-
ical scene descriptions. [Walter & Fritsch| (1999) proposed a statistical approach to compute the geometric
distributions (i.e., length, angle and distance) of road networks for data matching. Shape recognition meth-
ods approached shape matching and identification through shape contexts (Belongie et all [2002), turning
functions (Arkin et al., |1991)), shape compactness (Li et al., |2013) or Fourier-transform methods (Ai et al.
2013)). Specifically, |[Xu et al.| (2017)) proposed a shape-similarity measurement model, which adopts position
graphs to describe geometric properties of polygons and applies Fourier descriptors to measure the shape
similarity of spatial polygons with holes. While such methods statistically characterize the geometric infor-
mation of polygons for shape matching and retrieval, they are often limited in applications to simple polygon
geometries and do not generalize well to large-scale polygon databases.

Recently, learning-based methods have been developed to encode polygon geometric features for geospatial
applications. jvan 't Veer et al| (2018)) proposed deep neural networks for the semantic classifications of
polygons that vectorize vertices of simple polygon boundaries as vertex sequences. A 1D convolutional
neural network is applied to learn discriminative geometric features (i.e., building types). The classification
accuracy of deep convolutional approaches outperformed traditional “shallow” machine learning methods
(i.e., logistic regression, support vector machine (SVM) and decision tree), as shown in their study.
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More recently, [Mai et al.| (2023) have developed a polygon encoding model that leverages non-uniform Fourier
transform (NUFT) (Jiang et all 2019) and multilayer perceptron (MLP) to generate latent embeddings of
simplex-based signals from spectral feature domains. The latent embeddings of polygons in form of 2D
geometric grid frequency maps, capturing global geometric features of polygons, are applied for classifying
geometric shapes and predicting spatial relations of polygons. |Yan et al.| (2021 proposed a graph-based
convolution autoencoder to learn the compact embeddings of simple polygons for shape coding and retrieval
tasks on a building footprint dataset. They represented simple polygons as graphs, with boundary vertices
as nodes and the adjacency of the vertices along the outer polygon boundary as edges. They then devised
a graph convolution autoencoder (GAE) to learn the normalized Laplacian features of graphs in spectral
domain (Kipf & Welling, [2017)), which implicitly reflect the convolutional features of k-hop neighboring
nodes in graphs. While the GAE is effective on certain polygon retrieval tasks, it is not robust to geometric
transformations (e.g., rotations) of polygon shapes and has not been tested on geometries with holes. Hence,
a robust method for retrieving complex polygons with holes from spatial databases (e.g., polygonal building
maps) operating on graph representations of polygons is worth investigating. We hypothesize that the model
robustness to geometric transformations and model generalisability supporting retrieval of complex polygons
(with holes) from large-scale spatial geometry databases can be achieved by a graph autoencoder leveraging
the structural information and connectivity of graph representation of polygons with contrastive learning.

We thus propose an unsupervised Contrastive GAE for polygon shape matching and retrieval on large-scale
geometry (e.g., building polygon) databases. In contrast to traditional models and state-of-art learning-based
graph autoencoders, our Contrastive Graph Autoencoder (CGAE) is independent of polygonal vertex
counts; capable of retrieving polygons with or without holes; robust to polygon rotations; and can
effectively generalizes to large polygon datasets.

2 Graph Autoencoder

Autoencoders (Hinton & Zemell [1993)) are unsupervised learning models designed to reconstruct input data
from compact embeddings in latent space. A range of autoencoders has been proposed for graph data:
in particular, the variational graph autoencoder (VGAE) (Kipf & Welling), 2016)) applies graph convolution
layers (Kipf & Welling}, [2017)) as encoders to learn graph topology embeddings for link predictions. Following
VGAE, the adversarially regularized graph autoencoder (Pan et al.,[2018) introduced an adversarial training
scheme to enforce latent embeddings of graph encoders to match a prior normal distribution and reinforce
the robustness of latent embeddings. For unsupervised learning of universal latent embeddings across data
domains, contrastive learning (Chen et al., 2020) has been combined with graph autoencoders (You et al.|
2020; [Hou et al., [2022)). Graph autoencoders are thus far mainly applied on relatively small graph datasets
for link prediction and unsupervised graph clustering. The applications of graph autoencoders to spatial
geometries (e.g., large-scale building footprints) with contrastive learning has not been fully investigated.

Conceptually, the objective of a graph autoencoder is to learn compact latent embeddings Z for input graph
G = {A, X}, where X € R? denotes a node feature matrix of graph G, and A is a square adjacency matrix
that encodes the topological information of graph G, where a; ; € A = 1 if there exists an edge between
nodes n;, n; € X, otherwise a; ; = 0. Typically, GAEs consist of: (1). graph encoder that takes graph
G = {A, X} as input and generates compact latent embeddings Z via differential neural network layers
f(A,X;0) — Z € R% (2). graph decoder that reconstructs the graph embeddings G’ = {A’, X'} from
latent embeddings Z; (3). an optimization component, with reconstruction loss Lgec, that minimizes the
reconstruction error between input graph and reconstructed graph embeddings.

Our Contrastive Graph Autoencoder (CGAE) introduces a contrastive component Lo to GAE, minimizing
the contrastive error between the compact graph embeddings Z¢ and the contrastive graph counterparts
Z%. Fig.|l|demonstrates the overall architecture of proposed CGAE. We first outline the novel contributions
of CGAE, and introduce the graph contrastive component next.
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Figure 1: Model architecture of CGAE. Inputs: vertex coordinates of T-shape polygon are encoded into a
node feature matrix X, and the connectivity of vertices into the adjacency matrix A. We produce contrastive
pairs of X and A by graph augmentations, obtaining a removed node feature matrix X* and a perturbed
adjacency matrix, A*. CGAE learns robust and discriminative latent embeddings by the computation of the
graph reconstruction loss Lg.. and contrastive loss L¢.

2.1 Graph Representation of 2D Polygons

A polygon is defined as a simple geometry (i.e., no self-intersections) consisting of a collection of sequences
of vertices encoding a single exterior ring defining the exterior boundary, and zero or multiple interior rings
defining the internal holes of the geometry (Open Geospatial Consortium) 2003). The polygon geometry
is converted into graph representation G = {A, X} as input to the graph autoencoder, where X captures
the vertex positions and the adjacency matrix A captures the adjacency of the vertices in the boundary
linear ring of vertices (Fig. . The graph representation enables describing the geometric and connectivity
information of polygons as matrices, which are computationally efficient for graph representation learning.

2.2 Message-passing Graph Encoder

Graph encoder then embeds G into a latent space. Typical graph encoders use graph convolutional networks
(GCN) from Kipf & Welling| (2017)) and its variants to learn node-wise convolution features of X with the
normalized graph Laplacian matrix A = D=Y/2AD~1/2 where A = A + I is the adjacency matrix with an
identity matrix (i.e., self-connections of nodes), and D is the diagonal degree matrix. The latent embeddings
Z of graph G are hence learned by a differentiable neural network layer f(,;0) (Eq. . Subsequently, we
can express how GCN learns the latent node-wise cmbcddings z of graph G as per Eq. [2}

f(X,A;0)=D"Y2AD~'/?2Xx@©
_ixe. W)
2z =0" Z x;, where 2/, = Lazj. (2)

J J ~ ~
ai;€EA=1 di X dj

Qi corresponds to the edge weight between nodes x; and x; of the normalized graph Laplacian matrix
v di X dj

A. We observe that a typical GCN encoder is limited to encoding polygon’s boundary information and does
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not generalize to polygons with holes. Eq. |2| suggest that the edge weights between the node pair (z;, x;)
are constants defined by a fixed adjacency and node degree matrix, A and D of input graph. This largely
limits the capability of graph encoders to learn expressive latent embeddings Z for complex polygons with
holes. Previous studies (Qi et al. [2017azb; |Wang et al.,|2019)) have demonstrated the importance of encoding
and learning local geometric features for point sets, in particular, 3D point clouds. These learning-based
models construct local kNN graphs from 3D point clouds and aggregate local geometric features of points
in local kNN sub-graphs per point. These studies also show that learning local geometric features as node
features of point sets extensively increases the performance of point cloud classification and segmentation.
Analogically, we hypothesize that polygon boundaries can be learned as local geometric node features via
graph-based neural networks in an unsupervised graph autoencoder, leading to robust and highly expressive
latent embeddings z for polygon geometries with holes. We thus propose a graph-based autoencoder with a
message-passing neural network as encoder (Gilmer et al.l [2017)) (Eq. :

Z=, max 0" (i || (x; — 1)), (3)
where the message between nodes x; and x; is (z; — x;), defined as the relative feature positions between
the two nodes, or “node centralization” (Tailor et al.; 2021)). We observe that in Eq. [3[ the latent embedding
z; updated for node z; in a single message-passing layer encodes the maximum of the concatenation || of the
positional feature x; € X of a vertex and its boundary information defined by the relative positions between
its neighboring nodes. A multi-layer perceptron (MLP) with trainable weights © linearly projects the local
geometric information to a latent space and the non-linearity of the message-passing layer is then carried
out by a non-linear activation function applied to the layer output z;.

Compared to GCN, the message-passing layers leverage the local geometric features (i.e., relative positional
features), which are previously demonstrated to be effective on 3D point sets, to learn expressive and robust
node-wise embeddings for polygons. Noted that in typical graph autoencoder, the GCN layers apply the
summation pooling to aggregate neighboring convolution features x;, instead in the message-passing layers,
we propose to use the maximum pooling to aggregate the local geometric features. Here, the use of maximum
aggregation/pooling aims to generate output features that outline representative elements and capture the

skeleton of point sets (Xu et al.l 2019} Qi et al.| |2017ajb; [Wang et al., [2019).

2.3 Graph Reconstruction

Graph decoder targets to reconstruct the graph data G from latent embeddings Z, such that the reconstructed
graph G’ to be as close as to the input graph G. In CGAE, we propose two kinds of decoder to reconstruct
the node features X’ and edge features A’ of graph G’, respectively.

Node Feature Reconstruction We apply a symmetric message-passing network architecture (Park et al.,
2019) in CGAE’s decoders to reconstruct the node feature matrix X’ from the latent embeddings Z. Con-
cretely, given embeddings Z, a single-layer node decoder is defined in Eqf] as:

! T/, .
P=,max O (ai] (2 = =), (4)

xT

where the MLP eventually projects latent node-wise embedding z; € Z to input node-wise embedding,
x; € X’'. Similar to the node decoder in GAE (Yan et al 2021), the node reconstruction loss of CGAE is
based on the mean squared error (MSE) (Eq. [5)):

n

£ = 1Y g
i=1

Edge Reconstruction We add an additional edge decoder, the inner product decoder from [Kipf & Welling
(2016)), to reconstruct the topological structure A’ of graph. The edge decoder leverages the latent node-wise
embeddings Z, with o being a sigmoid activation function and p(y|z) a conditional probability, mapping
aij; € A’ to (0, 1) (Eq. @:

A= p(X|2) = 0(227), (6)
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To compute the reconstruction loss between the graph adjacency A and reconstructed adjacency A’, we
produce binary labels for edges based on the ground-truth adjacency A. For matrix A values indexed by
{i,7}, values where a; ; = 1 are positive, and values where a; ; = 0 are negative. The indexes of positive
ground-truths are then posy; ;1 and negative ground-truths negy; ;3. For balanced binary label representation
feeding to edge reconstruction, we randomly sample equal amounts of negative and positive ground-truths
from adjacency A. We compute the edge reconstruction loss with the binary cross entropy error between
the positive and negative edge labels (Eq. :

Lp=— IOg(A;ms{M}) - ]'Og(]' - A;zeg{,i_j}) (7)
where A;OS“ " denotes the reconstructed edge value with ground-truth positive edge indexes and A;Leg{i "

denotes the reconstructed edge value with ground-truth negative edge indexes.

Incorporating edge reconstruction to CGAE is necessary as the topological structure captures non-trivial
connectivity information of the polygon graphs, to expressively outline the shape of the geometry. The
decoders and edge reconstruction loss thus inherently force the graph encoder to learn latent embeddings
that encode salient topological information of input graphs.

3 Contrastive Graph Autoencoder

The key contribution of CGAE is the contrastive learning of latent graph embeddings Z%. At its core,
contrastive learning maximizes the mutual information agreement between the positive contrastive pairs and
push the negative contrastive pairs apart in training batches (Hjelm et al., 2019} Belghazi et al., [2018). It
thus forces similar features to be closer in latent space.

Graph Augmentation As a desirable property, if graph embeddings are robust to node corruptions
(i.e., if random node elimination/addition does not drastically change the semantic representation of the
polygon boundary graph (You et all [2020)), a trained CGAE should enable reconstructing uncorrupted
node features from corrupted latent embeddings Z*. We apply graph-level augmentations to input data
in graph G = {4, X} and generate contrastive pairs for learning by perturbing edge information of G
by randomly adding an r percentage of new edges to the adjacency matrix A, resulting in the perturbed
adjacency matrix A* (Fig. . For node features of G, we randomly drop an r percentage of nodes along with
corresponding edges, resulting in the corrupted node feature matrix X*. We define a graph augmentation
function ¢(A, X|r) on G = {4, X}, and r as a hyper-parameter augmentation ratio. By defining r, ¢(A, X|r)
returns a corrupted node matrix X* ~ ¢(A, X|r) and a perturbed edge matrix A* ~ ¢(A, X|r), respectively.

Corrupted Node and Perturbed Edge Reconstruction The message-passing graph encoder (Eq.
now takes a corrupted node feature z; € X* and returns a latent node-wise embedding z; € Z3;, with Z3,
representing the corrupted latent node-wise embeddings generated based on the corrupted node feature X*.
We then reconstruct the node-wise embeddings as proposed in Eq. 4] (applied to z) and compute the node
reconstruction loss Ly as proposed in Eq. 5| (applied to z}”).

Similarly, the principal prior of edge perturbation is that randomly adding edges as noise to graph con-
nectivity should not alter its semantic information. We therefore reconstruct G’s connectivity from latent
embeddings Z* with perturbed edge information. Correspondingly, the message-passing graph encoder in
Eq. @takes perturbed edge connection a; ; € A* as inputs and returns a latent node-wise embedding 2} € Z5,
where Z7, represents the latent node-wise embeddings generated based on the perturbed edge matrix A*.

We then reconstruct the graph connectivity A*' by applying Eq. [f]and compute the edge reconstruction loss
L5 as proposed in Eq. |7, applied on A;gs{i N and A;Z/eg“ e The resulting latent embeddings should thus
be less sensitive to arbitrary variations of boundary edges of polygon geometries, thus robustly capturing

significant shape and semantic information.

Contrastive Learning The main objective of contrastive learning with graph autoencoders is to maximize
the mutual information between the global latent graph embeddings and their augmented counterparts.
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Graph encoders thus learn to encode compact graph and node-wise embeddings tolerant to node corruptions
(i.e., random node dropping) and edge perturbation (i.e., random edge addition). The latent embedding
representing polygon shapes thus become more robust to geometric transformations and minor variations of
boundary information.

We thus compute three kinds of latent graph embeddings Z¢, Zﬁ and Zg € R? from the latent node-
wise embeddings Z, Z} and Zj € R™*? with a graph readout function: Z% = Readoutcqn(Z), where
Readouteqan(-) is a global average pooling to compute graph-wise representations from node-wise embed-
dings. We put latent graph embeddings in training batches with pre-defined batch size b (b = 32), giving:
By = [26,Z8,.., ZE]T, Byg = 2§ .25, 25,17, By = (2§,.25,,...., Z§ 1T, where Bye, Byg and
Byg € R" are training batches of latent graph embeddings Z¢, Z§ and Z§. A contrastive loss function is
then defined to maximize the mutual information agreement of positive contrastive pairs and push negative
contrastive pairs apart in batches. Here, we apply the normalized temperature-scaled cross-entropy loss
(NT-Xent) from [Sohn| (2016) and |Chen et al.| (2020)) to compute the contrastive loss of contrastive pairs
Len(ZE,Z8,) and Lop(Z8, Z8,) as in Eq.

exp(sim(ZiG7 Zﬁ)/T)

b b . )
2 Zj,i;éj exp(sim(Z{, ZJ%)/T)
where 7 is a temperature-scaled value that controls the impact of positive (i.e., (ZZ, Zﬁ)) vs. negative (i.e.,
(Z¢€, Zﬁj)) contrastive pairs, and sim(-) is a similarity function that measures the similarity of embeddings,

which is defined as the cosine similarity. Following Eq. |8} the average NT-Xent loss on batches (Byc, B Z]cv;)
and (BZG,BZg) is defined as (Eq. E[):

Len(Z7,25,) = —log 8)

b
Lon(Bgze,Bye) = 7 Y Lon(Z,25,). (9)
i=1

We optimize the CGAE with the reconstruction loss L., and contrastive loss L. According to Eq. [5] and
[ Lrec is defined as Lre. = Ln + L, and based on Eq. Bland Eq. 0} L¢ is defined as L& = Lon +Lop. We
then optimize the CGAE by minimizing the sum of losses £ = Lge.+Lc. CGAE is designed to cluster graph
embeddings of complex shapes using latent node-wise embeddings Z generated from the message-passing
encoder in CGAE. The global graph embeddings Z¢ are pooled by a readout layer (i.e., Readout,,ean)
from Z. Since graph embeddings Z¢ encode the geometric and boundary information of polygons in latent
space, polygons with geometrically similar shapes are clustered, and hence retrieved by finding the k nearest
neighbours (kKNN) of latent graph embeddings of query shapes.

4 Experiments

We evaluate the performances of proposed CGAE against two baselines: GAE (Yan et al.; 2021) and NUFT
(Mai et al.l 2023; [Jiang et all [2019) on polygon retrieval from the Glyph, Open Street Map (OSM) and
Melbourne datasets (Appendix . We conduct an ablation study to demonstrate the effectiveness of the
proposed message-passing encoder-decoder structure and the contrastive components of CGAE. Stepwise, we
first replace the GCN backbone in GAE with a message-passing backbone, and enrich the baseline GAE (i.e.,
GAE (Ly)) by adding the edge reconstruction loss Lg (i.e., GAE (Ly+LE)), and the proposed contrastive
loss L, resulting in CGAE and evaluate performance gains. The progressively refined GAEs are applied on
three distinct backbone networks: (1). the GCN by |Kipf & Welling| (2017)), (2). the message-passing neural
network: EdgeConv (Wang et al., 2019)), to test the benefit of learning local geometric features (i.e., the
relative positions between nodes), and (3). the graph isomorphic network (GIN (Xu et all 2019)). Model
training and parameters for experiments are described in Appendix [B]

Model Discriminability (Glyph Dataset) A robust and effective autoencoder generates highly discrim-
inative latent embeddings for geometrically transformed polygons. We train a CGAE (EdgeConv backbone)
and a baseline GAE on the synthetic Glyph-O dataset, and visualize the respective latent embeddings in
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(a) t-SNE plot of GAE. (b) t-SNE plot of CGAE.

Figure 2: t-SNE plot of latent feature embeddings (auto learning rate, perplexity=>50, iterations=1000) of
the feature embeddings of models tested on dataset Glyph-O.

2D space via a t-SNE plot (Van der Maaten & Hintonl [2008) (Fig. . The latent embeddings of CGAE
are highly discriminative and less noisy than in GAE. This qualitatively indicates the effectiveness of in-
corporating graph augmentation, contrastive learning, and message-passing layers into graph autoencoder
architectures. To investigate the gains brought by these components individually, we quantitatively evaluate

the performance on a retrieval task with geometrically transformed (rotated, skewed and scaled) shapes
(Glyph dataset).

Table [I] reports the polygon retrieval performance and standard deviations of GAEs and NUFT on the
Glyph dataset using shape similarity (Hausdorff' distance, Appendix D[) between the query shape and its k
nearest neighbors (for k£ 1 to 6). The CGAE-EdgeConv achieves the best performance on Glyph-O, Glyph-
R, Glyph-SC and Glyph-SK datasets for all k neighbors. By ablation we identify the performance gains of
CGAE brought by edge reconstruction loss L over the baseline GAE. Reconstructing the edge connectivity
generates latent embeddings that encode information enabling the effective discovery of similar shapes. By
comparing models with different backbones, EdgeConv achieves the best performance on both GAE and
CGAE. This suggests that message-passing graph encoders learning of local geometric information (i.e.,
node centralization and relative positions) is key for superior performance on shape retrieval w.r.t geometric
transformations. While the CGAE performs best on all Glyph datasets, contrastive learning has the highest
impact on encoding skewed polygons, where in Glyph-SK CGAE-EdgeConv leads to largest improvement
compared to GAE-EdgeConv.

Building Polygon Retrieval (OSM Dataset) Table[2|reports the polygon retrieval performances and
standard deviations of models on two variants of the OSM building dataset: (1) original polygons (OSM-O)
and (2) rotated and mirrored polygons (OSM-R). The CGAE performs best among all models on both. By
ablation, we find that GAE with edge reconstruction loss Lg generalizes better on both OSM-O and OSM-R
building footprints compared to baseline GAE but with limited performance gains (OSM-O: 1-NN (0.218 —
0.208) to 6-NN (0.271 — 0.267) and OSM-R: 1-NN (0.323 — 0.308) to 6-NN (0.400 — 0.396)). Message-
passing backbone networks (either GIN or EdgeConv) bring significant model generalizability (Table .
Extracting shapes from geometrically transformed datasets is challenging, yet CGAE with contrastive loss
and edge reconstruction loss Lg + L¢ is robust to polygon rotations. Typically, CGAE-EdgeConv shows
large improvements on OSM-R compared with GAE-EdgeConv (i.e., 1-NN (0.235 — 0.225) to 6-NN (0.320 —
0.301)).
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Table 1: CGAE performance against baselines on the Glyph dataset.

deviation) — best in bold (the smaller the better).

Hausdorff distance

Dataset Model Backbone 1-NN 2-NN 3-NN 4-NN 5-NN 6-NN
0.304 0.338 0.354 0.365 0.371 0.379

NUFT MLP +0.230 +0.227 +0.225 +0.226 +0.0.224 +0.223

GAE coN 0.193 0.229 0.245 0.257 0.264 0.271

(LN) +0.154 +0.157  £0.159 +0.161 +0.160 +0.161

o} GoN 0.183 0.218 0.236 0.245 0.252 0.260
< GAE +0.150 +0.156 +0.156 +0.159 +0.161 +0.161
& (En ot L) GIN 0.159 0.192 0.207 0.217 0.224 0.232
5 N E +0.124 +0.128 +0.128 +0.133 +0.134 +0.136
. 0.152 0.183 0.199 0.211 0.218 0.225

getrony +0.114  +0.116  +0.121 +0.123 +0.125 +0.127

GoN 0.174 0.207 0.222 0.232 0.239 0.245

CGAE +0.140 +0.144 +0.147 +0.148 +0.147 +0.149

(En +Lp ot £o) GIN 0.159 0.189 0.203 0.213 0.219 0.226

N E c +0.125 +0.129 +0.130 +0.130 +0.133 +0.133

— 0.150 0.180 0.193 0.203 0.209 0.213

getonv +0.110  40.112  +0.112  +0.112 +0.113 +0.116

0.417 0.442 0.456 0.463 0.470 0.472

NUFT MLP +0.234 +0.229 +0.227 +0.226 +0.224 +0.220

GAE con 0.271 0.302 0.318 0.328 0.335 0.343

(LN) +0.154  £0.154 +0.155 +0.154 +0.154 +0.153

~ coN 0.263 0.295 0.311 0.321 0.329 0.340
& GAE +0.156 +0.157  £0.161 +0.163 +0.163 +0.165
& (Cn b L) GIN 0.231 0.261 0.275 0.287 0.296 0.304
5 N B +0.131 +0.137 +0.140 +0.146 +0.148 +0.149
. 0.219 0.248 0.263 0.275 0.285 0.292

getrony +0.114  £0.118  +0.123  £0.127 +0.127 +0.131

GON 0.245 0.270 0.285 0.294 0.304 0.311

CGAE +0.140 +0.142 +0.141 +0.143 +0.143 +0.144

(En + Lp L) GIN 0.222 0.244 0.257 0.266 0.272 0.278

N E < +0.121 40.125 40.125 +0.128 +0.128 40.130

BdeeC 0.212 0.235 0.246 0.256 0.262 0.269

getrony +0.103  £0.105  +£0.106  +0.106 +0.109 +0.109

0.465 0.488 0.495 0.501 0.502 0.505

NUFT MLP +0.245 +0.242 +0.239 +0.237 +0.236 +0.234

GAE GoN 0.284 0.310 0.321 0.330 0.337 0.344

(LN) +0.144 +0.146 +0.149 +0.146 +0.149 +0.150

x GoN 0.272 0.301 0.313 0.321 0.330 0.337
P GAE +0.145 +0.148 +0.151 +0.151 +0.151 +0.154
) (En + L) GIN 0.246 0.278 0.294 0.306 0.314 0.322
2 N B +0.136 +0.145 +0.153 +0.160 +0.160 +0.165
Y BdeeC 0.234 0.261 0.278 0.290 0.300 0.307
getrony +0.114  +0.121 +0.127  £0.131 +0.133 +0.135

coN 0.256 0.279 0.291 0.300 0.307 0.312

CGAE +0.130 +0.132 +0.134 +0.135 +0.137 +0.137

(En + Lt £or) GIN 0.228 0.249 0.260 0.268 0.272 0.278

N E < +0.113 +0.117 +0.117 +0.121 +0.121 +0.123

BdgeCony 0.219 0.240 0.252 0.261 0.266 0.271

& +0.095 +0.097 +0.100 +0.101 +0.102 +0.104

0.336 0.360 0.374 0.379 0.390 0.393

NUFT MLP +0.223 +0.223 +0.222 +0.221 +0.224 +0.220

GAE coN 0.229 0.257 0.268 0.278 0.287 0.293

(LN) 4+0.153 +0.156 +0.161 40.163 +0.165 +0.167

2 GoN 0.224 0.253 0.265 0.279 0.288 0.293
P GAE +0.158 +0.167  +0.168 +0.176 +0.179 +0.181
) (Cn b L) GIN 0.189 0.215 0.230 0.240 0.248 0.257
z N E +0.126 +0.135 +0.141 +0.146 +0.149 +0.150
Y EdeeCony 0.181 0.205 0.221 0.230 0.239 0.245
8¢ +0.113 +0.123 +0.126 +0.132 +0.133 +0.138

ceN 0.208 0.230 0.243 0.252 0.260 0.262

CGAE +0.138 +0.140 +0.146 +0.148 +0.146 +0.149

(En + Lr ot £0) GIN 0.182 0.203 0.213 0.219 0.225 0.230

N E ) +0.116 +0.120 +0.124 +0.124 +0.126 +0.129

BdeeC 0.173 0.194 0.205 0.213 0.219 0.223

getrony +0.100  £0.105  £0.104  +0.108 +0.110 +0.110

(+ standard

We emphasize that all models were only trained on the synthetic Glyph dataset, and evaluated on the OSM
building dataset to explore model generalizability.
(Table[1) with that on OSM-O and OSM-R (Table . The baseline GON achieves comparable performances
on both Glyph-O and OSM-O datasets (from 1-NN (0.193 — 0.218) to 6-NN (0.271 — 0.271)) but the model
degrades when generalizing from Glyph-R to OSM-R: 1-NN (0.271 — 0.323) to 6-NN (0.343 — 0.400). In
contrast, the CGAE-EdgeConv only suffers limited degradation generalizing from Glyph-R to OSM-R: from
1-NN (0.212 — 0.225) to 6-NN (0.269 — 0.301).

Compare the performance on Glyph-O and Glyph-R
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When comparing CGAE-EdgeConv to baseline GAE-EdgeConv the performance gain on OSM-O is small (1-
NN (0.174 — 0.172), 2-NN (0.191 — 0.190) and 3-NN (0.202 — 0.200)). This small performance difference
between CGAE-EdgeConv vs. GAE-EdgeConv is mainly because of the polygon geometries in OSM dataset
manifesting low variability (without any geometric transformation, i.e., rotations). The task is therefore
not challenging for the baselines, as shown in Fig. |z| (Appendix [E)) enabling GAE-GCN to achieve com-
parable retrieval performance. Despite the small performance gain, the smaller standard deviations of our
CGAE-EdgeConv in Table [2| (i.e., from 1-NN £0.126 to 6-NN +0.134) suggest a more stable and robust
model performance compared to GAE-EdgeConv (i.e., from 1-NN +0.131 to 6-NN +0.148), with reduced
performance uncertainty.

Table 2: CGAE performance against baselines on the OSM building dataset. Hausdorff distance (£ standard
deviation) — best in bold (the smaller the better). Qualitative results are displayed in Appendix

Dataset Model Backbone 1-NN 2-NN 3-NN 4-NN 5-NIN 6-NIN
0.302 0.327 0.341 0.352 0.354 0.363

NUFT MLP +0.238 +£0.241 +0.245 £0.250 +£0.246 £0.250
GAE GCN 0.218 0.238 0.250 0.261 0.265 0.271
(LN) +0.174 +£0.178 £0.178 +£0.184 +0.186 £0.187
GCN 0.208 0.232 0.245 0.254 0.259 0.267
o GAE +0.169 +£0.175 £0.182 +£0.184 +0.186 £0.189
= (Lx + L5) GIN 0.187 0.209 0.221 0.229 0.237 0.243
8 +0.145 +£0.154 +0.158 £0.158 +£0.162 +0.164
EdgeConv 0.174 0.191 0.202 0.212 0.219 0.228
+0.131 +£0.133 +0.134 £0.139 +£0.142 £0.148
GCN 0.200 0.220 0.231 0.238 0.244 0.251
CGAE +0.159 +£0.162 +0.163 £0.165 +£0.166 +0.170
(L + L + L£o) GIN 0.184 0.203 0.213 0.221 0.227 0.231
+0.144 +£0.149 +0.150 £0.151 +£0.154 £0.153
EdgeCony 0.172 0.190 0.200 0.208 0.214  0.217
+0.126 £0.129 +0.132 £0.134 +£0.135 £0.134
0.431 0.461 0.481 0.490 0.502 0.508
NUFT MLP +0.269 +£0.260 +0.258 £0.253 +£0.252 £0.251
GAE GCN 0.323 0.353 0.373 0.384 0.394 0.400
(LnN) +0.211 +£0.204 £0.204 +£0.202 +0.200 =£0.199
GCN 0.308 0.344 0.359 0.379 0.387 0.396
/= GAE +0.208 +£0.211  £0.208 +£0.208 +0.207 £0.206
= (Lx + L5) GIN 0.267 0.302 0.325 0.340 0.353 0.362
8 +0.181 +£0.185 +0.188 £0.188 +£0.191 £0.190
EdgeCony 0.235 0.266 0.285 0.302 0.311 0.320
+0.145 +£0.152 +0.152 £0.155 +£0.158 =£0.156
GCN 0.292 0.320 0.338 0.351 0.359 0.369
CGAE +0.195 +£0.192 £0.190 +£0.191 +0.190 =£0.189
(L + L + L£o) GIN 0.245 0.277 0.296 0.310 0.317 0.326
+0.161 +£0.166 +0.165 £0.170 +£0.169 +0.167
EdgeCony 0.225 0.255 0.272 0.286 0.295 0.301

+0.133 +£0.136 +0.135 £0.137 +£0.137 £0.138

Building Polygon Retrieval (Melbourne Dataset) We finally test the large-scale real-world shape
retrieval performances of GAEs and NUFT on the Melbourne building dataset, with uncontrolled shapes,
where GAEs were trained on the synthetic Glyph dataset. Table [3| shows that CGAE-EdgeConv again
outperforms other models by a large margin, especially the baseline GAE that cannot handle multipart
polygons. Comparing CGAE-EdgeConv with GAE-EdgeConv implies that the incorporation of contrastive
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Table 3: CGAE performance against baselines on the Melbourne building dataset. Hausdorff' distance (+
standard deviation) — best in bold (the smaller the better). Qualitative results are displayed in Appendix

Dataset Model Backbone 1-NN 2-NN 3-NN 4-NN 5-NIN 6-NN
0.382 0.401 0.413 0.418 0.424 0.429

NUFT MLP +0.230 +0.230 +0.232  £0.232 £0.232 £0.233

GAE GCN 0.588 0.597 0.598 0.604 0.602 0.608

(Ln) +0.251 £0.246 £0.246 £0.245 +£0.242 +£0.243

0.579 0.588 0.591 0.592 0.596 0.598

g GAE GCN +0.254 40.249 +0.246 +£0.246 +£0.244 =£0.245
2 Ln b L) GIN 0.566  0.572 0.577 0579  0.581  0.583
= (Ln+Le +0.257 +0.251 40.250 +0.249 +0.246 +0.247
= EdeeCony 0223 0255 0.273 0.283  0.290  0.297
& +0.148 +0.156 4+0.159 +0.161 =40.162 40.164
GON 0575  0.584 0.587 0590  0.589  0.593
CGAE +0.255 4+0.248 40246 +£0.246 +£0.245 0.247
(Lx Lot L) GIN 0.555  0.562 0.565 0.568  0.570  0.572
+0.260 +£0.253 +0.252  +0.251 +£0.251 =+0.250
0.214 0.242 0.257 0.266 0.273  0.278

EdgeConv

+0.141  +0.146 £0.149 +0.150 £0.151 =£0.151

loss brings positive effects to retrieval of multipart (incl. with holes) polygons (from 1-NN (0.223 — 0.214)
to 6-NN (0.297 — 0.278)). Overall, the proposed CGAE demonstrates a strong capability of latent feature
encoding even for complex shapes. The model can identify and retrieve similar shapes, even from large-scale
real-world geometry datasets and on shapes with nuanced geometries of the kind never seen in training.

5 Discussion

Node centralization in message-passing graph autoencoders is key for shape retrieval performance as shown
through ablation studies on synthetic (Glyph), controlled (OSM), and uncontrolled (Melbourne) datasets,
compared to graph (Laplacian) convolution layers. The relative node position message computed in Edge-
Conv (i.e., node centralization) and passed between nodes of local sub-graphs encodes highly expressive local
geometric information. While this has been previously shown effective on unstructured 3D point cloud learn-
ing (Qi et al., [2017asb; Wang et all, 2019), our study documents the significance of learning local geometric
features on 2D vector polygons.

Joint reconstruction of edge and node features from latent node-wise embeddings enables GAEs to exploit
the structural and geometric information for finer feature encoding. Our ablation study shows that the
GAE with the reconstruction loss Ly + L overperforms baseline GAE with £y independently of network
backbones. This indicates the importance of learning graph connectivity and structural information for
graph feature encoding.

Graph augmentation and contrastive learning further improve latent feature generalization and robustness
as shown by CGAE’s performance on Glyph-R, Glyh-SK (Table and OSM-R (Table . The CGAE-
EdgeConv combination achieves strong performance on geometrically transformed polygons over baseline
GAE-EdgeConv, as shown by consistently smaller standard deviations of Hausdorff distance on both Glyph
and OSM datasets. The information captured by the latent graph embedding is enhanced through con-
trastive learning and contrastive loss from augmented signals (i.e., based on random node dropping and edge
perturbation). This supports our hypothesis that the graph encoder is capable of learning compact graph
embeddings that are tolerant to node corruptions and edge perturbations.

CGAE’s superior performance (Table demonstrates how contrastive learning aids in model generalisa-
tion. The polygons in Glyph and OSM datasets have comparatively simple boundaries (i.e., small vertex
counts) that encapsulate distinct geometric and semantic information (i.e., shapes of characters), whereas

10
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the boundaries of complex building footprints in Melbourne dataset may consist of many vertices. CGAE
generalizes effectively the geometric information learned from simple polygons to complex shapes, demon-
strating a desirable model property, i.e., decoupling of shape detail (i.e., polygon trivial vertex count) from
retrieval accuracy.

6 Conclusion

We present a novel unsupervised contrastive graph autoencoder (CGAE) for robust polygon retrieval of build-
ing polygons. We conduct ablation studies on multiple polygonal datasets to demonstrate the effectiveness
of proposed CGAE, and present empirical evidence that the proposed CGAE with graph message-passing
encoder-decoder, multiple reconstruction losses and contrastive learning outperforms a baseline graph au-
toencoder with a single node reconstruction loss, as well as baselines with GCN or MLP backbones. The
proposed CGAE exhibits desirable characteristics for retrieval of spatial geometries, such as building poly-
gons: is robust to variable geometry vertex counts; can retrieve complex polygons with or without
holes; is robust to polygon rotations; can effectively generalize to large-scale polygon maps without fur-
ther model fine-tuning. Note that the generalisation of CGAE to arbitrary graphs that only capture topology
(e.g., social networks) but not graph geometry or the application to ensembles of shapes defining semantics
(e.g., terrace houses (Liischer et al.l |2009)) are not addressed here.

Reproducibility Statement

Source code for method implementation and datasets for reproducing experiment results is available at
https://github.com/zexhuang/CGAE.

11


https://github.com/zexhuang/CGAE

Published in Transactions on Machine Learning Research (06/2024)

References

Tinghua Ai, Xiaoqiang Cheng, Pengcheng Liu, and Min Yang. A shape analysis and template matching
of building features by the fourier transform method. Computers, Environment and Urban Systems, 41:
219-233, 2013.

Anonymous. Learning geometric invariant features for classification of vector polygons with graph message-
passing neural network. unpublished, 2023.

Esther M Arkin, L Paul Chew, Daniel P Huttenlocher, Klara Kedem, and Joseph S Mitchell. An efficiently
computable metric for comparing polygonal shapes. Technical report, CORNELL UNIV ITHACA NY,
1991.

Mohamed Ishmael Belghazi, Aristide Baratin, Sai Rajeswar, Sherjil Ozair, Yoshua Bengio, R. Devon Hjelm,
and Aaron C. Courville. Mutual information neural estimation. In ICML, volume 80 of Proceedings of
Machine Learning Research, pp. 530-539. PMLR, 2018.

Serge Belongie, Jitendra Malik, and Jan Puzicha. Shape matching and object recognition using shape
contexts. IEEE Transactions on Pattern Analysis and Machine Intelligence, 24(4):509-522, 2002.

Ting Chen, Simon Kornblith, Mohammad Norouzi, and Geoffrey Hinton. A simple framework for contrastive
learning of visual representations. In International Conference on Machine Learning, pp. 1597-1607.
PMLR, 2020.

CoM Open Data. City of Melbourne 2020 building footprints, May 2021. URL https://data.melbourne.
vic.gov.au/explore/dataset/2020-building-footprints/information/.

David H. Douglas and Thomas K. Peucker. Algorithms for the reduction of the number of points required to
represent a digitized line or its caricature. Cartographica: The International Journal for Geographic In-
formation and Geovisualization, 10:112-122, 1973. URL https://api.semanticscholar.org/CorpusID:
60447873l

Max J Egenhofer. Query processing in spatial-query-by-sketch. Journal of Visual Languages & Computing,
8(4):403-424, 1997.

Justin Gilmer, Samuel S Schoenholz, Patrick F Riley, Oriol Vinyals, and George E Dahl. Neural message
passing for quantum chemistry. In International Conference on Machine Learning, pp. 1263-1272. PMLR,
2017.

Colin Goodall. Procrustes methods in the statistical analysis of shape. Journal of the Royal Statistical
Society: Series B (Methodological), 53(2):285-321, 1991.

Google, May 2010. URL https://fonts.google.com/|

Geoffrey E Hinton and Richard Zemel. Autoencoders, minimum description length and helmholtz free energy.
Advances in Neural Information Processing Systems, 6, 1993.

R. Devon Hjelm, Alex Fedorov, Samuel Lavoie-Marchildon, Karan Grewal, Philip Bachman, Adam Trischler,
and Yoshua Bengio. Learning deep representations by mutual information estimation and maximization.
In ICLR. OpenReview.net, 2019.

Zhenyu Hou, Xiao Liu, Yukuo Cen, Yuxiao Dong, Hongxia Yang, Chunjie Wang, and Jie Tang. Graphmae:
Self-supervised masked graph autoencoders. In KDD, pp. 594-604. ACM, 2022.

Chiyu Jiang, Dana Lansigan, Philip Marcus, Matthias Niefiner, et al. Ddsl: Deep differentiable simplex layer
for learning geometric signals. In Proceedings of the IEEE/CVF International Conference on Computer
Vision, pp. 8769-8778, 2019.

Diederik P. Kingma and Jimmy Ba. Adam: A method for stochastic optimization. In Yoshua Bengio and
Yann LeCun (eds.), 3rd International Conference on Learning Representations, ICLR 2015, San Diego,
CA, USA, May 7-9, 2015, Conference Track Proceedings, 2015.

12


https://data.melbourne.vic.gov.au/explore/dataset/2020-building-footprints/information/
https://data.melbourne.vic.gov.au/explore/dataset/2020-building-footprints/information/
https://api.semanticscholar.org/CorpusID:60447873
https://api.semanticscholar.org/CorpusID:60447873
https://fonts.google.com/

Published in Transactions on Machine Learning Research (06/2024)

Thomas N. Kipf and Max Welling. Variational graph auto-encoders. CoRR, abs/1611.07308, 2016.

Thomas N. Kipf and Max Welling. Semi-supervised classification with graph convolutional networks. In 5th
International Conference on Learning Representations, ICLR 2017, Toulon, France, April 24-26, 2017,
Conference Track Proceedings. OpenReview.net, 2017.

Wenwen Li, Michael F Goodchild, and Richard Church. An efficient measure of compactness for two-
dimensional shapes and its application in regionalization problems. International Journal of Geographical
Information Science, 27(6):1227-1250, 2013.

Ilya Loshchilov and Frank Hutter. SGDR: stochastic gradient descent with warm restarts. In 5th International
Conference on Learning Representations, ICLR 2017, Toulon, France, April 24-26, 2017, Conference Track
Proceedings. OpenReview.net, 2017.

Patrick Liischer, Robert Weibel, and Dirk Burghardt. Integrating ontological modelling and bayesian infer-
ence for pattern classification in topographic vector data. Computers, Environment and Urban Systems,
33(5):363-374, 20009.

Gengchen Mai, Chiyu Jiang, Weiwei Sun, Rui Zhu, Yao Xuan, Ling Cai, Krzysztof Janowicz, Stefano Ermon,
and Ni Lao. Towards general-purpose representation learning of polygonal geometries. Geolnformatica,
27(2):289-340, 2023.

Deng Min, Li Zhilin, and Chen Xiaoyong. Extended hausdorff distance for spatial objects in gis. International
Journal of Geographical Information Science, 21(4):459-475, 2007.

Open Geospatial Consortium. Opengis simple features specification for SQL revision 1.0, 2003. URL http:
//www.opengis.org/.

OpenStreetMap contributors. OSM Planet dump, 2023. URL https://planet.osm.org.

Shirui Pan, Ruiqi Hu, Guodong Long, Jing Jiang, Lina Yao, and Chengqi Zhang. Adversarially regularized
graph autoencoder for graph embedding. In IJCAI, pp. 2609-2615. ijcai.org, 2018.

Jiwoong Park, Minsik Lee, Hyung Jin Chang, Kyuewang Lee, and Jin Young Choi. Symmetric graph con-
volutional autoencoder for unsupervised graph representation learning. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, pp. 6519-6528, 2019.

Charles R Qi, Hao Su, Kaichun Mo, and Leonidas J Guibas. Pointnet: Deep learning on point sets for 3D
classification and segmentation. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition, pp. 652—-660, 2017a.

Charles Ruizhongtai Qi, Li Yi, Hao Su, and Leonidas J Guibas. Pointnet++: Deep hierarchical feature
learning on point sets in a metric space. Advances in Neural Information Processing Systems, 30, 2017b.

William Rucklidge. Efficient visual recognition using the Hausdorff distance. Springer, 1996.

Kihyuk Sohn. Improved deep metric learning with multi-class n-pair loss objective. Advances in Neural
Information Processing Systems, 29, 2016.

Shyam A Tailor, René de Jong, Tiago Azevedo, Matthew Mattina, and Partha Maji. Towards efficient
point cloud graph neural networks through architectural simplification. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, pp. 2095-2104, 2021.

Laurens Van der Maaten and Geoffrey Hinton. Visualizing data using t-sne. Journal of Machine Learning
Research, 9(11), 2008.

Rein van ’t Veer, Peter Bloem, and Erwin Folmer. Deep learning for classification tasks on geospatial vector
polygons. CoRR, abs/1806.03857, 2018.

Remco C Veltkamp. Shape matching: Similarity measures and algorithms. In Proceedings International
Conference on Shape Modeling and Applications, pp. 188-197. IEEE, 2001.

13


http://www.opengis.org/
http://www.opengis.org/
https://planet.osm.org

Published in Transactions on Machine Learning Research (06/2024)

Volker Walter and Dieter Fritsch. Matching spatial data sets: a statistical approach. International Journal
of Geographical Information Science, 13(5):445-473, 1999.

Yue Wang, Yongbin Sun, Ziwei Liu, Sanjay E Sarma, Michael M Bronstein, and Justin M Solomon. Dynamic
graph CNN for learning on point clouds. ACM Transactions On Graphics, 38(5):1-12, 2019.

Keyulu Xu, Weihua Hu, Jure Leskovec, and Stefanie Jegelka. How powerful are graph neural networks? In
ICLR. OpenReview.net, 2019.

Yongyang Xu, Zhong Xie, Zhanlong Chen, and Liang Wu. Shape similarity measurement model for holed
polygons based on position graphs and fourier descriptors. International Journal of Geographical Infor-
mation Science, 31(2):253-279, 2017.

Xiongfeng Yan, Tinghua Ai, and Xiang Zhang. Template matching and simplification method for building
features based on shape cognition. ISPRS International Journal of Geo-Information, 6(8):250, 2017.

Xiongfeng Yan, Tinghua Ai, Min Yang, and Xiaohua Tong. Graph convolutional autoencoder model for
the shape coding and cognition of buildings in maps. International Journal of Geographical Information
Science, 35(3):490-512, 2021.

Yuning You, Tianlong Chen, Yongduo Sui, Ting Chen, Zhangyang Wang, and Yang Shen. Graph contrastive
learning with augmentations. Advances in Neural Information Processing Systems, 33:5812-5823, 2020.

Afra Zomorodian and Gunnar E. Carlsson. Computing persistent homology. Discrete & Computational
Geometry, 33:249-274, 2004. URL https://api.semanticscholar.org/CorpusID: 187674l

14


https://api.semanticscholar.org/CorpusID:187674

Published in Transactions on Machine Learning Research (06/2024)

Appendix
The appendix is organized into the following sections:

« Appendix [A] Details of Glyph polygons, OSM and Melbourne building footprint datasets
o Appendix [B| Model parameters & training setup

« Appendix [C] Listing of notations and learnable parameters in ML models

o Appendix [D] Details of Hausdorff distance metric

« Appendix [E] Qualitative results that support results in Section []

« Appendix [F] Qualitative results of Non-ML based polygon shape retrieval methods

« Appendix [G] Persistent diagrams describing the topological features of query shapes tested in Mel-
bourne dataset

A Datasets

To evaluate the performance of CGAE, we conduct retrieval experiments on three polygon datasets and
compare model performance with the baseline model GAE of [Yan et al.| (2021). For consistent shape
performance on the three 2D polygon datasets noted below, we center and normalize the coordinates of
polygon vertices to the range [—1,1].

Glyph polygons. |Anonymous| (2023) introduce a synthetic dataset of highly variable geometric shapes for
model training and evaluation. The synthetic Glyph dataset consists of 26 Latin alphabet glyph geometries of
alphabet letters (semantic class A to Z) of fonts gathered from an online source (Googlel 2010). [Anonymous
(2023) extract the boundaries of glyphs for 1,413 sans serif and 1,002 serif fonts, to produce 2D simple
polygon geometries compliant with |(Open Geospatial Consortium! (2003). Geometric transformations (i.e.,
rotate, scale and skew) are applied to 2D simple polygons for data augmentations. Each glyph geometry
sample was rotated by a random angle in [—75°, 75°]; sheared by a random angle in [—45°,45°] on the = and
y axes; and scaled by a random factor in [0.1, 2] on the 2 and y axes. After geometric transformations, four
categories of datasets are generated, including the original dataset: Glyph-O for original polygons, Glyph-R
for rotated polygons, Glyph-SC for scaled polygons, and Glyph-SK for skewed polygons. The four Glyph
datasets are combined and divided into a training/validation/test set (60 : 20 : 20). Examples of glyph
geometries are displayed in Fig. [3]

Figure 3: The top 10 samples from Glyph-O dataset in semantic class A to J.

OSM buildings. We further use the benchmark dataset by |Yan et al.| (2021) for mode evaluation. The
dataset contains 10,000 real-world building footprints extracted from OSM (OpenStreetMap contributors)
2023)), labelled in 10 categories based on a template matching to letters (Yan et all 2017). 50% of building
footprints are randomly rotated or reflected. We categorize the dataset into: OSM-O and OSM-R, where
OSM-O contains 5000 canonical building footprints, and OSM-R contains 5000 randomly rotated or reflected
buildings. The dataset includes additional standard polygons as query shapes, depicted in Fig.[d] to evaluate
how the performance of CGAE, trained on a synthetic polygonal dataset, generalizes to a real-world building
footprint dataset, in comparison to the GAE baseline.
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(a) 10 standard shapes of canonical building polygons.

(b) 10 standard shapes of rotated or reflected building polygons.

Figure 4: Standard shapes of dataset OSM in 10 categories: E, F, H, I, L. O, T, U, Y, Z-shape polygons.

Melbourne footprints. While the synthetic Glyph dataset includes polygon geometries with holes (i.e.,
Latin alphabet letters with holes) and dataset OSM includes real-world building footprints without holes,
we further explore the capability of CGAE in encoding information of polygons with extremely variable
shapes and numerous holes for polygon retrieval. We use the open Melbourne building footprints dataset for
evaluation (CoM Open Datay, 2021)), comprising the footprints of all structures within the City of Melbourne
in Australia (Figl5).

While these geometries are annotated with semantic labels such as Building structure, Tram stop, Bridge,
Jetty, Toilet, Train Platform or Ramp. We only investigate models’ performance on retrieving building
structures of similar shapes and exclude these semantic categories, as they do not directly map to footprint
shape.

B Model Training & Parameters

We train all models for 100 epochs with the Adam optimizer (Kingma & Bal |2015|) and an initial learning
rate of 0.0001. We reduce the scale of the learning rate with a cosine annealing schedule (Loshchilov &
Hutter}, |2017)) for better model convergence. We set the training batch size b = 32 and apply the same batch
size to contrastive loss in CGAE. We set the augmentation ratio r to 20% for both random node dropping
and edge perturbation in graph augmentation.

C Algorithm Statement

We depict the algorithmic sequence of CGAE and its relationship with the Equations noted in the main
paper in Fig. [6]

D Evaluation Metric

We use the Hausdorff' distance metric (Rucklidgel [1996) to measure the similarity between the query and
extracted polygons. The Hausdorff distance has the advantage of taking the position, shape and orientation of
objects measured into account when computing the similarity of two geometries (i.e., point sets) (Veltkampl,
2001; [Min et all) |2007). Let A and B represent two closed point sets, and p,, pp are two points € A and
B, respectively. || - || is a distance metric, typically Euclidean distance. The Hausdorff distance H(A, B) €
[0.0, +00] is the maximum of all the shortest distances from p, € A to the closest point p, € B, or formally

(Eq. [10):
H(A, B) = max{h(A, B),h(B,A)}, where

h(4, B) = max{ min |[p, —ps|[} (10)

h(B, A) = in [[pa — poll}-
(B, A) = max{ min, [[pa —po|}
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5

i

5
'l

Figure 5: The map visualisation of Melbourne building footprint dataset (CoM Open Datal, 2021)), recorded

in May, 2020. Purple structures are bridges and green structures are buildings.
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Figure 6: Algorithm statement of CGAE, which includes a listing of learnable parameters and references to
equations Eq. [3]-
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E Qualitative Results

E.1 OSM Dataset

We present the polygon retrieval performance of GAEs with ten standard polygons (Fig. |4) as queries, on
the OSM dataset (Yan et al., [2021)), illustrating the qualitative performances of baseline GAE and CAGE on
the OSM dataset in Fig. [7|and 8] (OSM-0), Fig. [10|and [11] (OSM-R), respectively. We also add the results
of the benchmark NUFT method in Fig. [J] (OSM-O) and Fig. [12] (OSM-R).

CGAE handles both simple query shapes as well as more challenging query templates when retrieving
geometries from OSM-R, matching semantic categories and shapes. In contrast, the baseline GAE only
extracts visually similar polygons with correct semantic categories for simple query shapes, such as Y, U, I, 0
and H, and fails to differentiate shapes with added boundary complexity, e.g., E, F and T (Fig. . Baseline
GAE incorrectly extracts multiple I and L-shaped polygons as matches for the query template E, and U
and I-shaped polygons for a F query shape, as reflected in the high Hausdorff distance indicating shape
dissimilarity between the extracted and query polygons.

The proposed CGAE performs more robustly on the rotated query shapes and extracts polygons with the
correct semantic category for E (Fig. [L1)). For the challenging F-shaped query, CGAE deteriorates only
from the 3rd position (with an H-shaped polygon) and on the 5th and 6-NN (extracting E-shaped polygons).
Note that overall, the incorrectly retrieved polygons are still geometrically more similar to the query shape,
as reflected by the low Hausdorff distance.

This further illustrates the desired qualities of the proposed model CGAE; i.e., robustness to polygon rota-
tions, and the ability to generalize to real-world shapes (e.g., building footprints from OSM).

We note that comparatively to GAE and CGAE, the NUFT-based method struggles, in the case of the shape
of L already at the 1-NN on OSM-O, and produces somewhat unrealiable results on OSM-R (e.g., E).

E.2 Melbourne Dataset

We present the polygon retrieval performance of GAEs on the Melbourne building footprint dataset qual-
itatively in Fig. [13| and [15| (Melbourne), Fig. [14] and [16| (Melbourne simplified), and add the results of the
benchmark NUFT method in Fig. [L7] (Melbourne) and Fig. [18| (Melbourne simplified).

For simpler circular query polygons without internal holes, CGAE successfully retrieves geometrically similar
polygons for query geometries with low Hausdorff distances (< 0.5) while GAE identifies shapes with a
relatively higher Hausdorff distance (> 0.5). With more complex circular polygons with a single hole, both
GAE and CGAE successfully identify matching counterparts. CGAE finds highly similar geometries with
complex exteriors, while GAE returns polygons with over-simplified exteriors, less geometrically similar to
the query templates. This performance of GAE is deteriorating with more and more complex shapes, while
CGAE maintains robust performance.

Further, to qualitatively verify that the CGAE is independent of polygonal vertex counts, we present the
retrieval results with query shapes simplified by [Douglas & Peucker| (1973) for Melbourne dataset.

We note that compared to GAE and CGAE, the NUFT-based method underperforms. In particular, we note
a deterioration of performance when it comes to polygons with holes, where this significant characteristic of
the shapes is, inconsistently, neglected.
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Query Shape 18t N

rtex count: 9.0
Euclidean dst: 0.
Housdorff dst: 0.133

Vertex count;: 9.0

Vertex count: 12.0

Vertex count: 8.0

Vertex count: 8.0

Euclidean dst: 0.017
Hausdorff dst: 0,106

Vertex count: 8.0 Vertex count: 8.0
Euclidean 07
Hausdorft dst: 0.056

Vertex count: 6.0 Vartax connt: 6 n
Eucli 009
Wausdortt dat o 042

Vertex count: 4.0 Vertex count: 4.0
Euclidean dst: 0.002
Hausdorff dst: 0.005

Vertex count: 4.0 Vertax count: 4.0
Euclidean d:

0.0
Hausdortf dst: 0.016

Vertex count: 12.0 fertex count: 12.0
Eu(llﬂ[-nn dst: 0. cn
Hausdorff dst: 0,111

Vertex count: 8.0 Vertex count: 8.0
Euclidean dst: 0.005

Housdorff dst: 0,059

Vertax count: 10.0_
Euclidean d:
Wausdorrt det: 042

fertex count: 11.0

Figure 7: Polygon retrievals of GAE-GCN (baseline) on OSM-O using ten standard shapes as queries.

2nd NN

rtex count: 9.0
Euclidean dst: 0.008
Hausdorff dst: 0.108

Vertex count: 12.0
Euclidean dst: 0.012
Hausdorff dst: 0,107

Vertex count: 8.0
Euclidoan dst: 0,018
Hausdorff dst: 0,054

Vertex count: 8.0
Euclidean dst: 0.008
Hausdorff dst: 0.043

Vertex count; 6.0
Euclidean dst: 0.015
Hausdorff dst: 0.047

Vertex count: 4.0
Euclidean dst: 0.002
Hausdorff dst: 0.009

rtox count: 4.0
Euclidoan dst: 0.004
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Euciidean dat: n nB
Hausdorff dst: 0,181

Vartox count: 8.0
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Euclidean dst: 0,021
Hausdorff dst: 0.132

3rd NN ath NN

count: 9.0 Vertex count: 9.0
Euclidean dst: 0.009 Euclidean dst: 0.010
Hausdartf dst: 0.073 Hausdortf dst: 0,088

Vertex count: 12.0 Vertex count: 12.0
Euclidean dst: 0.015 Euclidean dst: 0.016
Hausdorff dat: 0.117 Hausdortf dst: 0,174

Vortax counk: 8.0
Euclidean dst
Hausdortt dat: 0.005

Vertex count: 8.0
Euclidean dst: 0.023
Hausdortf dst: 0,127

Vertex count: 8.0
Euclidean dst: 0. Euclidean dst: 0.012
Hausdorff dst: 0.100 Hausdorff dst: 0.084

Vertex count: 8.0

erte 6.0 Vertex count: 6.0
Elchdenn ot 0,016 Euclidean dst: 0.020
Hausdorff dst: 0.088 Hausdortf dst: 0.078

Vertex count:
Euclidean dst: o onz
Hausdorff dst: 0.010

Vertex count: 4.0
Euclidean dst: 0.00:
Hausdorff dst: 0. mo

Vertex count: 4.0 Vertex coun
Euclidean dst: 0.006 Euclidean dst: 0. nu\’s
Hausdorff dst: 0.028 Hausdortf dst: 0.034

=nuxmum 120 Vertex count: 12
Euclidean
Hauedortt dst: 0232

Vartex count: 8.0
Euclidean dst: 0.014
Hausdarff dst: 0,139

Vertex count: 8.0
Euclidean dst: 0.017
Hausdorff dst: 0,111

Vertex count: 10,0
Euclidean dst: 0.026
Hausdortt dst: 0.113

Hausdorft dst: 0.120
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Sth NN

rtex count: 9.0
Euclidesn dst: 0.010
Hausdorff dst: 0.093

Vertex count: 13.0
Euclidean dst: 0.017
Hausdorff dst; 0.200

Vertax count: 8.0
Euclidean d
Hausdortt dat: 0.177

Vertex count: 8.0
Euclidean dst: 0.012
Hausdorff dst: 0.097

Vertex count: 6.0
Euclidean dst: 0.023
Hausdorff dst: 0.153

ertex count:
Eunmenn dst: 0 003
Hausdorff dst: 0.009

rtex count: 4.0
Euclidoan dst: 0.007
Hausdorft dst; 0.026

Vertex count: 12.0
Euclidean dst: o 018
Hausdorff dst; 0.152

Vartex count: 8.0
Euclidean dst: 0,021
Hausdorff dst: 0.328

Vertex count: 10,0
Euclidean dst: 0.030
Hausdorff dst: 0.083

Gth NN

rtex count: 9.0
Euclidean dst: 0.010
Hausdartf dst: 0.089

Vertex count: 12.0
Euclidean dst: 0.017
Hausdarff dst: 0.119

Vertex count: 8.0
Euclidean dst: 0.027
Hausdartf dst: 0.110

Vertex count: 8.0
Euclidean dst: 0.014
Hausdortf dst: 0.083

Vertex caunts 6.0
Euclidean dst; 0.024
Hausdorff dst: 0.095

Vertex count: 4.0
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Hausdorff dst: 0.011

Vertex count: 4.0
Euclidean dst: 0.007
Hausdortf dst: 0.022

Vertex count: 12.0
Euclidean dst;
Hausdorff dst: 0.117

Vertox caunt: 8.0
Euclidean dst;
Hausdartf dst: 0.150

0.026

Vertex count: 10.0
Euclidean dst: 0.031
Hausdortf dst: 0.204
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Query Shape 1st NN 2nd NN 3rd NN ath NN 5th NN 6th NN
Vertex count: 9.0 Vertex count: 9.0 Vertex count: 9.0 Vertex count: 9.0 Vertex count: 9.0
Euclidean d: Euclidean dst Euclidean dst: 0.115
Housdorts dot: 0.005 Hausdorff dst: 0.073 Hausdorff dst: 0.070 Husdorts dat: 0,052 Hausdorff dst: 0.082
Vertex count: 12.0 Vertex coun! Vertex count: 12.0 Vertex count: 12.0 Vertex count: 12.0 Vertex count: 12.0
079 Euclidean dst: 0.080 Euclidean dst: 0.082 Euclidean dst: 0,090 Euclidean dst: 0.096
Hausdorff dst: 0.061 Hausdorff dst: 0.066 Hausdorff dst: 0.081 Hausdorff dst: 0.075 Hausdorff dst: 0.049 Hausdorff dst: 0.095

Vertex count: 8.0 Vertex count: 8.0 ertex count: 8.0 Vertex count: 8.0 Vertex count: 8. 8.0 Vertex count: 8.0
Euclidean dst: 0,083 Eucidenn dt: 0,094 Euclidean dst: 0.114 Euclidean dat. 0,122 t: 0,122 Euclidean dst: 0.128
Hausdorff dst: 0.102 Hausdorff dst: 0.054 Hausdorff dst: 0.192 Hausdorff dst: 0.105 Hausdorff dst: 0.106 Hausdorff dst: 0.095

Vertex count: 8.0 octax coune 0 Vertex count: 8.0 Vertex count: 8.0 Vertex count: 8.0 Vertex count: 8.0
Euclidean d: X Euclidean dst: 0.083 Euclidean dst: 0,089 Euclidean dsti 0,097 Euclidean dst; 0,0
Fibusdorfr det: 0.044 Hausdorff dst: 0.097 Hausdorff dst: 0.056 Hausdorff dst: 0.122 Hausdorff dst: 0.095 Hausdorff dst: 0.098

Vertex count: 6.0 Vertex count: 6.0 Vertex count: 6.0 Vertex count: 6.0 Vertex count: 6. Vertex count: 6.0 Vertex count: 6.0
Euclidean ds Euclidean dst: 0.103 Euctidean dot: 0416 Euchideon dat: 0,124 uclidean dst: 0.154 uclidean dst: 0.161
Housdortt dat: 0,042 Hausdorff dst: 0.047 Hausdorff dst: 0,064 Hausdorff dst: 0.075 Hausdorff dst: 0.076 Hausdorff dst: 0,088

Vertex count: 4.0 Vertex count: 4.0 Vertex count: 4.0 Vertex count: 4.0 Vertex count: 4.0 Vertex count: 4.0 Vertex count: 4.0
Euclidean dst: 0.012 Euclidean dst: 0.015 Euclidean dst: 0.019 Euclidean dst: 0.020 Euclidean dst: 0.023 Euclidean dst: 0.024
Hausdorff dst: 0,005 Hausdorff dst: 0.009 Hausdorff dst: 0,009 Hausdorff dst: 0.010 Hausdorff dst: 0.011 Hausdorff dst: 0.011

Vertex count: 4.0 Vertax countrd.0 Vertex count: 4.0 Vertex count: 4.0 Vertex count: 4.0 X count: 4.0 Vertex count: 4.0
Euclideas Euclidean dst: 0.021 Euclidean dst: 0.024 Euclidean dst: 0.027 Euciidean det: 0,028 Euclidean dst: 0.029
Housdortt dt: 0.022 Hausdorff dst; 0.016 Hausdorff dst: 0.022 Hausdorff dst: 0.026 Hausdorff dst: 0.028 Hausdorff dst: 0.032

Vertex count: 12.0 Vertax count: 120, Verta counts 12:0, Vertex count: 12.0 Vertex count: 12.0 Vertex count: 12.0 Vertex count: 12.0
Euclidean Euclidean dst: 0.0¢ Euclidean dst: 0.102 Euclidean dst: 0.105 Euclidean dst: 0.106 Euclidean dst: 0.133
Housdortt dat: 0,038 Housdortt dat: 0.064 Hausdorff dst: 0.098 Hausdorff dst: 0.136 Hausdorff dst: 0.08¢ Hausdorff dst: 0.152

Vertex count: 8.0 Vertex count: 8.0 Vertex count: 8.0 Vertex count: 8.0 Vertex count: 8.0 Vertex count: 8.0 Vertex count: 8.0
Euclidean dst: 0.0 Euclidean dst: 0.101 Euclidean dst: 0.146 Euclidean dst: 0.149 Euclidean dst: 0.164
Hausdorff dst: 0.059 Hausdorff dst: 0.089 Hausdorff dst: 0.212 Hausdorff dst: 0.111 Hausdorff dst: 0.151 Hausdorff dst: 0.205

Vertex count: 11.0 ertex count: 10.0 Vertex count: 10.0 Vertex count: 100 Vertex count: 10.0 Vertex count: 10.0
Euclidean dst: 0.145 Euclidean dst: 0.147 Euclidean dst: 0.148 Euclidean dst: 0.151

Hausdorff dst: 0.083 Hausdorff dst: 0.123 Hausdorff dst: 0.153 Hausdorff ds Hausdorff dst: 0.161 Hausdorff dst: 0.128

Figure 8: Polygon retrievals of CGAE-EdgeConv on OSM-O using ten standard shapes as queries.
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Query Shape
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Vertex count

Vertex count: 8.0

Vertex count: 8.0

Vertex count: 6.0

Vertex count: 4.0

Vertex count: 4.0

Vertex count: 12.0

Vertex count: 8.0

Vertex count: 11.0

Figure 9: Polygon retrievals of NUFT
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rtex count: 12.0
Euclidean dst: 0.004
Hausdorff dst: 0.050

Vertex count: 12.0
Euclidean dst: 0,008
Hausdorff dst: 0.075

Vertex count: 8.0
Euclidean dst: 0,002
Hausdorff dst: 0,254

Vertex count: 8.0
Euclid 5t: 0.004
Hausdorrs dat: 0.725

Vertex count; 8.0
Euclidean dst; 0,005
Hausdorff dst: 0.478

Vertex count: 4.0
Euclidean dst: 0.001
Hausdorff dst: 0.014

Vertex count: 4.0
Euclidean dst: 0.000
Hausdorff dst: 0.051

jertex count: 13.0
ot ot 0607
Hausdorff dst: 0,307

Vertex count: 8.0
Euclidean dst: 0,004
Hausdorff dst: 0.150

Vertex count: 10.0
Euclidean dst: 0.009
Hausdorff dst: 0.220

3rd NN

count: 9.0
Euclidean dst: 0.005
Hausdartf dst: 0,095

Vertex count: 12.0
Euclidean dst: 0.008
Hausdarff dst; 0,049

Vertex count
Euclidean dst
Housdortt det: 0,138

Vertex count: 8.0
Euclidean dst: 0.005
Hausdarff dst: 0.097

Vertex col
Euclidean dst: 0.0
Hausdorff dst: 0. uss

Vertex count: 4.0
Euclidean dst: 0.001
usdarff dst: 0.014

Vertex count: 4.0
Euclidean dst: 0.000
Hausdarff dst: 0.028

Hiodorts gk 0,107

Vertex count: 8.0
Euclidean dst: 0.005
Hausdartf dst; 0,135

Vertex count: 10.0
Euclidean dst: 0.010
Hausdartf dst: 0.083

on OSM-O
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4th NN

rtex count: 9.0
Euclidean dst: 0.005
Hausdorff dst: 0.129

Vertex count: 12.0
Euclidean dst: 0.009
Hausdorff dst: 0.066

Vertex count: 8.0
Euclidean dst: 0,002
Hausdorff dst: 0,192

Vertex count; 8.0
Euclidean dst: 0.005
Hausdorff dst: 0.056

Vertex count: 11,0
Euclidean dst: 0.0
Hausdorff dst: 0.709

Vertex count: 4.0
Euclidean dst: 0.001
Hausdorff dst: 0,009

Vertex count: 4.0
Euclidean dst: 0.000
Hausdorff dst: 0.031

Vertex count: 11.0

Euclidean dst: 0,005
Hausdorff dst: 0,870

Vertex count: 18.0
Euclidean dst: 0.010
Hausdorff dst: 0.273

5th NN

count: 12.0
Euclidean dst: 0.005
Hausclorff dst: 0.119

Yartox count: 12.0
ean dst: 0.010
Hauedorts det: 0,132

Vertex count: 8.0
Euclidean dst: 0,002
Hausdorff dst: 0,054

oVertex count: 5.0
an dst: 0.005
Hausdortt dat: 0,098

Vertex count; 6.0
lidean dst: 0.007
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rtex count: 4.0
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Euclidean dst: 0.005
Hausdorff dst: 0,150
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using ten standard shapes

Bth NN

rtex count: 15.0
Euclidean dst: 0.005
Hausdertf dst: 0,090

Vertex count: 12.0
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Hausderff dst; 0.107

Vertex count: 8.
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Hausdorff dst: 0.

Vertex count: 8.0
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Vertex count: 13.0
Euclidean dst; 0,007
Hausdorff dst: 0,754

Vertex count: 4.0
Euclidean dst: 0.001
Hausdorff dst: 0011

Vertex count: 4.0
Euclidean dst: 0.000
Hausdorff dst: 0.036

Vertex count: 8.
Eutchtan dat 0007
Hausderff dst: 0,731

Vertex count: 8.0
Euclidean dst: 0,006
Hausdortf dst: 0.223

Vertex count: 10.0
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Hausdorff dst: 0.238

as queries.
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Query Shape
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Vertex count: 4.0

Vertex count: 4.0
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Figure 10: Polygon
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Vertex count: 9.0
Euclidean d:
Hiusdorts dot: 0,105

Hausdorff dst: 0.367

030
Hausdorff dst: 0.316 Hausdorff dst: 0.624

Vertex count: 13.0
Euclidean dst: 0.055
Hausdorff dst: 0.204

Hausdorff dst: 0.380

ectax countng
Euclidean d:
Hibusdorfr de: 0163

Hausdorff dst: 0.197

Vertex count: 8.0
Euclidean ds
Hausdorff dst: 0,126

Vertex count: 80
Euclidean dst: 0.0;
Hausdortf dat: 0,122

Vertex count: 6.0 Vertex count: 6.0
Euclidean dst: 0.014 Euclidean dst: 0.026
Hausdorff dst: 0.561 Hausdorff dst: 0.545

Vertax countrd.0.
Euclideas
Housdortt dot: 0,170

Vertex count: 4.0
Euclidean dst: 0.064
Hausdorff dst; 0,226

Vertex count: 4.0
Euclidean
Housdortt dat: 0.065

Vertex count: 4.0

rtex count: 12.0
Euclidean dst: 0.023
Hausdorff dst: 0.201

ea countt 12:0.
Euclidean d:
Hausdortt dat: 0,172

artex count: 8.0
Enclideny deh
Housdortt dat: 0.064

Hausdorff dst: 0.426

retrievals of GAE-GCN (baseline) on OSM-R using ten standard shapes as queries.

3rd NN

Vertex count: 9.0

Hausdorff dst: 0.186

Vertex count: 6.0
Euclidean dst: 0.035
Hausdorff dst: 0.654

rtex count

Vertex count: 8.0
Euclidean dsti 0.030
Hausdorff dst: 0.109

Vertex count: 8.0
Euclidean dst: 0.030
Hausdorff dst: 0,196

Vertex count: 6.0
Euclidean dst: 0.030
Hausdarff dst: 0.521

Vertex count: 4.0
Euclidean dst: 0.065
Hausdorff dst: 0,189

Vertex count: 4.0
Euclidean dst: 0.025
Hausdorff dst: 0.062

Vertex count: 12.0

Vertex count: 17.0

Hausdorff dst: 0.446
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ath NN 5th NN

Vertex count: 9.0

Vertex count: 9.0
Euclidean dst: 0.020
Hausdorff dst: 0.141

Vertex count: 6.0

Vertex count: 6.0
Euclidean dst: 0.039
Hausdorff dst: 0.752

Hausdorff dst: 0.691

Vertex count: Ver : 8.0
Euclidean dat: 0,060 Euclidean dst: 0.062
Hausdorff dst: 0.426 Hausdorff dst: 0.531

Vertex count: 8.0
Euclidean dst; 0,038
Hausdorff dst: 0.165

Euclidean dst: 0,034
Hausdorff dst: 0.267

Vertex count: 14.0
Euclidean dst: 0.032
Hausdorff dst: 0.320

Vertex count: 14.0
uclidean dst: 0.032
Hausdorff dst: 0.329

Vertex count: 6.0
Euclidean dst: 0.030
Hausdorff dst: 0.494

Vertex count: 6.0
Euclidean dst: 0.032
Hausdorff dst: 0.438

Vertex count: 4.0
Euclidean dst: 0.066
Hausdorff dst; 0.222

X count: 4.0
Euctidean det: 0,079
Hausdorff dst: 0,249

Vertex count: 4.0
Euclidean dst: 0.036 Euclidean dst: 0.036
Hausdorff dst: 0.142 Hausdorff dst: 0.144

Vertex count: 4.0

Vertex count: 12.0
Euclidean dst: 0.032
Hausdorff dst: 0.204

ertex count: 17.0
Euclidean dst: 0.031
Hausdorff dst: 0.204

Vertex count: 8.0
Euclidean dst: 0.034
Hausdorff dst: 0.305 Hausdorff dst: 0.398

6th NN

Vertex count: 9.0
Euclidean dst: 0.020
Hausdorff dst: 0.214.

Vertex count: 12.0
Euclidean dst: 0.041
Hausdorff dst: 0.212

Vertex count: 12.0
Euclidean dst: 0.064
Hausdorff dst: 0.314

Vertex count: 10.0
Euclidean dst: 0,043
Hausdorff dst: 0.338

Vertex count: 12.0
n dst: 0.032
Hausdorft dst: 0,271

Vastie count: 24:0.
Euclidean dst: 0.0;
Housdort dat: 0,400

Vertex count: 4.0
Euclidean dst: 0.082
Hausdorff dst: 0.293

Vertex count: 4.0
Euclidean dst: 0.037
Hausdorff dst: 0.129

rtex count: 15.0
Euclidean dst: 0.038
Hausdorff dst: 0.311

Vertex count: 8.0
Euclidean dst: 0.03
Hausdorff dst: 0.251
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Query Shape 18t N 2nd NN 3rd NN ath NN Sth NN Gth NN
Vertex count;: 9.0 Vertex count: 9.0 Vertex count: 9.0 Vertex count: 9.0 Vertex count: 9.0 Vertex count: 9.0 Vertex count: 9.0
Euclidean dst: 0. Euclidean dst: 0.191 Euclidean dst: 0.192 Euclidean dst: 0.198 Euclidean dst: 0.202 Euclidean dst: 0.204
Housdorff dst: 0,186 Hausdorff dst: 0.195 Hausdartf dst: 0.141 Hausdortf dst: 0,189 Hausdorff dst: 0.195 Hausdortf dst: 0.170

Vertex count: 12.0 Vertex count: 12.0 Vertex count: 12.0 Vertex count: 11,0 Vertex count: 16,0 Vertex count: 10.0
Euclidean dst: 0.246 Euclidean dst: 0.24 Euclidean dst: 0.253 Euclidean dst: 0.263 Euclidean dst: 0.269
Hausdorff dst: 0.185 Hausdorff dst: 0,279 Hausdorff dat: 0.351 Hausdortf dst: 0,225 Hausdorff dst; 0.155 Hausdorff dst: 0.321

Vertex count: 11.0 Vertex cou Vertex count: 13.0 Vortax counts 18.0, Vertex count: 13.0 Vartex count: 16.0 Vertex count: 12.0
Cuctidosn dat: 0,528 Euclidoan dst: 0,280 Euclidean dst . Euclidean d Euclidean dst: 0,324
Hausdorff dst: 0,314 Hausdorff dst: 0,317 Hausdartt dat: 0. z!s Hausdorff dst: 0,204 Hausdortt dat: 0.268 Hausdartf dut: 0.247
Vertex count: 8.0 Vertex count: 8.0 Vertex count: 8.0 Vertex count: 8.0 Vertex count: 8.0 Vertex count: 8.0 Vertex count: 8.0
Euclidean dst: 0.155 Euclidean dst: 0.189 Euclidean dst: 0.210 Euclidean dst: 0.220 Euclidean dst: 0.227 Euclidean dst: 0.234
Hausdorft dst: 0.109 Hausdorff dst: 0.194 Hausdorff dst: 0.201 Hausdortt dst: 0.289 Hausdorff dst: 0.165 Hausdortf dst: 0.197
Vertex count: 8.0 et cauot a n Vertex count: 8.0 erte 9.0 Vertex count: 8.0 Vertex count: 8.0 Vertex caunt: 8.0
Euclidean Euclidean dst: 0.201 Elcidenn dat 0,201 Euclidean dst: 0.254 Euclidean dst: 0.256 Euclidean d=t; 0.262
Wausdortt dat o 122 Hausdorff dst: 0.126 Hausdorff dst: 0.199 Hausdortf dst: 0.211 Hausdorff dst: 0.467 Hausdorff dst: 0.500
Vertex count: 6.0 Vertex count: 6.0 Vertex count: 7.0 Vertex count: 8.0 Vertex count: ertex count: Vertex count: 8.0
Euclidean dst: 0.296 Euclidean dst: 0.321 Euclidean dst: 0.34 Euclidean dst: o 332 Eu(ndenn dst: 0 363 Euclidean dst: 0.386
Hausdorff dst: 0.211 Hausdorff dst: 0.307 Hausdorff dst: 0. 22: Hausdorff dst: 0.395 Hausdorff dst: 0.216 Hausdorff dst: 0.252
Vertex count: 4.0 Vertax count: 4.0 Vertox count: 4.0 Vertex count: 4.0 Vertex coun rtex count: 4.0 Vertex count: 4.0
Euclidean d: Euclidoan dst: 0.283 Euclidean dst: 0.284 Euclidean ust-n:s\s Euclidoan dst: 0.321 Euclidean dst: 0.325
Housdorff dst: G 170 Hausdorff dst: 0.189 Hausdorff dst: 0.254 Hausdortf dst: 0.249 Hausdorft dst; 0.226 Hausdortf dst: 0.222
Vertex count: 4.0 Vertex count: Vertex count Vertax counti 4.0 fertex count; Vartox count: 4.0
Euclidean dst: orose Euclidean dst: n 264 Euclidean dst Eu:ildlmn dst: orizs Euclidean dst;
Hausdorff dst: 0,062 Hausdorff dst: 0,059 Hauedortt dst: 0,066 Hausdorff dst: 0.097 Hausdorff dst; 0.115 Hasedortt dot: 6111
Vertex count: 12.0 Vertex count: 12.0 Vortex count: 12.0 Vertex count: 12.0 Vertex count: 12.0 Vertox count: 12.0 Vertex count: 12.0
Euclidoan dst: 0,147 Euclidean dst: 0.171 Euclidean dst: 0.215 Euclidean dst: 0.216
Housdorff dst: 0.136 Hausdorff dst: 0,173 Hausdartf dst: 0.122 Hausdorff dst: 0.195 Hausdartf dst: 0,200
Vertex count: B.0 Vortex count: 8.0 Vartex count: 10.0 8.0 Vertex count: 8.0 Vertex count: 13,0 Vertex count: 8.0
Euclidean dst: 0.058 Euclidean dst: 0.272 0.291 Euclidean dst: 0.297 Euclidean dst: 0.307 Euclidean dst: 0.311
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Figure 11: Polygon retrievals of CGAE-EdgeConv on OSM-R using ten standard shapes as queries.
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Figure 12: Polygon retrievals of NUFT on OSM-R
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Published in Transactions on Machine Learning Research (06/2024)

Query Shape

Vertex count: 8.0

o

Vertex count: 255.0

varo

1st NN 2nd NN 3rd NN ath NN 5th NN 6th NN
- X . ' -\
Vertex count: 8.0 Vertex count: 10.0 Vertex count: 31.0 Vertex count: 18.0
Euclidean dst: 0.032 Euclidean dst: 0.034
Hausdorff dst: 0.855

Vertex count: 4.0
Euclidean dst: 0.031
Hausdorff dst: 0.887 Hausdorff dst: 0.641

Vertex count: 4.0
Euclidean dst: 0.035
Hausdorff dst: 0.614.

Vertex count: 8.0 Vertex count: 53.0
Euclidean dst: 0.030 Euclidean dst: 0.032
Hausdorff dst: 0.813 Hausdorff dst: 0.938

0.488

Vertex count: 20.0
Euclidean dst: 0.025
Hausdorff dst: 0.722

Vertex count: 12..
Euclidean dst:

Vertex count:
Euclidean dst

Vertex count: 8.0
Euclidean dst: 0.027
Hausdorff dst: 0.499

16.0
0.027
Hausdorff dst: 0.449

— i

Vertex count: 8.0
Euclidean dst: 0.026
Hausdorff dst: 0.651

Vertex count: 4.
Euclidean dst: 0.026
Hausdorff dst: 0.939

P

Vertex count: 12.
0,034

s5t: 0.027
Hausdorff dst: 0.750

0

Vertex count: 19.0

Vertex count: 25.0
Euclidean dst: 0,034
Hausdorff dst: 0.831

Euclidean dst:
Hausdorff dst: 0.562

Vertex count: 186.0

Vertex

Vertex count: 70.0

Vertex count: 74.0

Vertex count: 225.0

Vertex coun! Vertex count: 7.0
Euclidean d: Euclidean dst: 0.030 Euclidean dsti 0.03:
Hibusdorfr det: 0,855 Hausdorff dst: 0.695 Hausdorff dst: 0.452 Hausdorff dst: 0.547
count: 83.0 Vertex count: 5.0 Vertex count: 6.0 Vertex count: 6. Vertex count: 4.0 Vertex count: 4.0
Euclidean Euchaenn dat 0,012 Eucideon dat: 0,012 uclidean dst: 0.012 Euclidean dst: 0.014
Hausdorff dst: 0.883 Hausdorff dst: 0.866 Hausdorff dst: 0,958 Hausdorff dst: 0.943

Hausdorff dst: 0,847

et
Euclidean d:
Housdart dot: 0,664

Vertex count: 10.0

Vertex count: 225.0.

Euclidean
Housdortt dat: 0.081

Vertar count: 18,0,
Euclidean
Hausdortt dat: 0,743

Vertex count: 108.0

Vertex count: 6.0
Euclidean dst:
Rousdortt dat: 0,813

Vertex count: 150.0

et iy

Euclidean dst: 0.0;
Hausdortt dat: 0.874

Vertex count: 14.0
Euclidean dst: 0.035
Hausdorff dst: 0.633

Vartex count: 259.0
Euclidean dst: 0.0;
Hausdortt dat: 0.087

rtex count: 15.0

Hausdorff dst: 0.518

Vertex count: 19.0

Hausdorff dst: 0.475

Vertex count: 11.0
Euclidean dst: 0.023
Hausdorff dst: 0.739

Vertex count: 9.0
Euclidean dst: 0.036
Hausdorff dst: 0.582

Vertex count: 10.0
Euclidean dst: 0.033
Hausdorff dst: 0.635

x count: 4.0

Hausdorff dst: 0.867

Vertex count: 4.0
Euclidean dst: 0.035
Hausdorff dst: 1.211

Vertex count: 11.0
Euclidean dst: 0.025

Vertex count: 11.0
Hausdorff dst: 0.586

Euclidean dst: 0.024
Hausdorff dst: 0.410

X count: 5.0
Euciidean det: 0,039
Hausdorff dst: 0.931

Vertex count: 7.0
Euclidean dst: 0.038
Hausdorff dst: 0.589

Vertex count: 25.0
Euclidean dst: 0.036

Vertex count: 6.0
Hausdorff dst: 0.319

Euclidean dst: 0.034
Hausdorff dst: 0.800

Vertex count: 7.0
Euclidean dst: 0.051
Hausdorff dst: 0.773

jertex count: 8.0
Euclidean dst: 0.050
Hausdorff dst: 0.796

Vertex count: 8.0
Euclidean dst: 0.036
Hausdorff dst: 0.787

Hausdorff dst: 0.631

Vertex count: 70,0
Euclidean dst: 0.0;
Housdort dat: 0,066

Vertex count: 13.0
Euclidean dst: 0.039
Hausdorff dst: 0,575

Vertex count: 11.0
Euclidean dst: 0.036
Hausdorff dst: 0.490

Vertex count: 5.0
Euclidean dst: 0.052
Hausdorff dst: 1.201

Vertex count: 43.0
Euclidean dst: 0.038
Hausdorff dst: 0.701

Figure 13: GAE-GCN (baseline) polygon retrieval on Melbourne building footprint dataset
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Figure 14: GAE-GCN (baseline) polygon retrieval on Melbourne building footprint dataset simplified by
Douglas-Peucker algorithm (Douglas & Peucker} [1973) with e = 0.00002.
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Figure 15: CGAE-EdgeConv polygon
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retrieval on Melbourne building footprint dataset.

28



Published in Transactions on Machine Learning Research (06/2024)

Query Shape

Vertex count: 4.0

Vertex count: 48.0

g .

Vertex count: 120.0

Vertex count: 20,0

Vertex count: 33.0

Vertex count: 24.0

Vertex count: 22.0

Vertex count: 60.0

Vertex count: 47.0

Vertex count: 56.0

1st NN 2nd NN 3rd NN ath NN

5th NN

Vertex count: 4.0
Euclidean dst: 0.000
Hausdorff dst: 0.000

Vertex count: 4.0
Euclidean dst: 0.000
Hausdorff dst: 0.000

Vertex count: 4.0
Euclidean dst: 0.032
Hausdorff dst: 0.021

Vertex count: 4.0
Euclidean dst: 0.032
Hausdorff dst:

Vertex count: 58.0
Euclidean dst: 0.189
Hausdorff dst: 0.189

Vertex count: 30.0
Euclidean dst: 0.200
Hausdorff dst: 0.499

Vertex count: 12.0
Euclidean dst: 0.258
Hausdorff dst: 0.456

Euclidean dst: 0.221
Hausdorff dst: 0.527

Vertex count: 121.0
Euclidean dst: 0.015
Hausdorff dst: 0.044

Vertex count: 59.0
Euclidean dst: 0.233
Hausdorff dst: 0.303

Vertex count: 96.0 Vertex count: 17.0
Euclidean dst: 0.287 Euclidean dst: 0.300
Hausdorff dst: 0.338 Hausdorff dst: 0.592

Vertex count: 58.0
Euclidean dst: 0.310
Hausdorff dst: 0.325

Vertex count: 20.0
Euclidean dst: 0.208
Hausdorff dst: 0.251

Vertex count: 11.0
Euclidean dst: 0.209
Hausdorff dst: 0.463

Vertex count: 12.0
Euclidean dst: 0.227
Hausdorff dst: 0.405

Vertex count: 20.0
Euclidean dst: 0.234
Hausdorff dst: 0.233

Vertex count: 8.0
Euclidean dst: 0.249
Hausdorff dst: 0.516

Vertex count: 30.0

Euclidean dst: 0.182
Hausdorff dst: 0.136

Vertex count: 48.0
Euclidean dst: 0.254
Hausdorff dst: 0.233

Vertex count: 41.0
Euclidean dst: 0.258
Hausdorff dst: 0.266

Vertex count: 29.0
Euclidean dst: 0.270
Hausdorff dst:

Vertex count: 29.0
Euclidean dst: 0.277
Hausdarff dst: 0,152

Vertex count: 23.0
Euclidean dst: 0.081
Hausdorff dst: 0.064

Vertex count: 26.0
Euclidean dst: 0.153
Hausdorff dst: 0.094

Vertex count: 15.0
Euclidean dst: 0.224
Hausdorff dst: 0.298

Vertex count: 22.0
Euclidean dst: 0.229
Hausdorff dst: 0.334

Vertex count: 44.0
Euclidean dst: 0.238
Hausdorff dst: 0.373

Vertex count: 10.0
Euclidean dst: 0.232
Hausdorff dst: 0.384

Vertex count: 21.0
Euclidean dst: 0.168
Hausdorff dst: 0.327

Vertex count: 14.0
Euclidean dst: 0.253
Hausdorff dst: 0.305

Vertex count: 10.0
Euclidean dst: 0.248
Hausdorff dst: 0.360

Vertex count: 29.0
Euclidean dst: 0.237
Hausdorff dst: 0.332

Vertex count: 67.0
Euclidean dst: 0.099
Hausdorff dst: 0.104

Vertex count: 60.0
Euclidean dst: 0.138
Hausdorff dst: 0.123

Vertex count: 32,0
Euclidean dst: 0.203
Hausdorff dst: 0.348

Vertex count: 32.0
Euclidean dst: 0.203
Hausdorff dst: 0.346

Vertex count: 23.0
Euclidean dst: 0.214.
Hausdarff dst: 0.409

Vertex count: 44.0
Euclidean ds
Hausdorff dst: 0,223

Vertex count: 32.0
Euclidean dst: 0.306
Hausdorff dst; 0.459

Vertex count: 13.0
Euclidean dst: 0.316 Euclidean dst: 0.318
Hausdorff dst: 0.499 Hausdorff dst: 0,662

Vertex count: 58.0
Euclidean dst; 0,059
Hausdorff dst: 0.061

Vertex count: 24.0
Euclidean dst: 0,205
sdorff dst: 0.298

Vertex count: 40.0
Euclidean dst: 0,213
Hausdorff dst: 0.228

Vertex count: 23.0
Euclidean dst: 0,232
sdorff dst: 0.381

Vertex count: 45.0
Euclidean dsti 0,243
Hausdorff dst: 0.261

6th NN

Vertex count: 4.0
Euclidean dst: 0.032
Hausdorff dst: 0.021

Vertex count: 59.0
Euclidean dst: 0.262

Vertex count: 43.
Euclidean dst: 0.310
Hausdorff dst: 0.421

Vertex coun
Euclidean dst:
Hausdorff dst:

Vertex count: 12.0
Euclidean dst: 0.289
Hausdorff dst: 0.259

Vertex count: 27.0
Euclidean dst: 0.239
Hausdorff dst: 0.288

Vertex count: 13.0
Euclidean dst: 0.256
Hausdorff dst: 0.338

Vertex count: 25.0
Euclidean dst: 0.325
Hausdorff dst: 0.432

Vertex count: 34.0
Euclidean dst; 0,245
Hausdorff dst: 0.339

Figure 16: CGAE-EdgeConv polygon retrieval on Melbourne building footprint dataset simplified
Douglas-Peucker algorithm (Douglas & Peucker} [1973)) with ¢ = 0.00002.
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Figure 17: NUFT polygon retrieval on Melbourne building footprint dataset.
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Figure 18: NUFT polygon retrieval on Melbourne building footprint dataset simplified by Douglas-Peucker
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algorithm (Douglas & Peucker, [1973)) with e = 0.00002.
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F Non-ML based Benchmarks

For completeness, we present the qualitative polygon retrieval performance on the Melbourne dataset, using
the turning function (Arkin et al., [1991) in Fig. [19] (Melbourne) and [20] (Melbourne simplified); and using
the Procrustes method (Goodall] [1991) in Fig. [21| (Melbourne) and [22] (Melbourne simplified).

F.1 Turning Function

The Turning function (Arkin et all [1991)) (TF) measures the tangent angles of polygons with a monotone
function where function values increase for left-hand turns and decrease for right-hand turns on polygon
boundaries. The accumulated function values (i.e., arc length) are used to compute a distance function (i.e.,
Euclidean distance) for comparing two simple polygons. This method is typically robust under rotation,
translation and scaling but sensitive to non-uniform noise.

Qualitative results in Fig. (Melbourne) and [20| (Melbourne simplified) suggest that TF performs poorly
on polygons without clear turning signals (Fig. row 2 - 4) but performs relatively well on simplified
polygons with salient turning signals (Fig. row 3 and row 5).

F.2 Procrustes Method

Procrustes analysis (Goodall, [1991) discovers optimal geometric transformations (i.e., rotation, scaling and
translation) that minimises the disparity (i.e., the sum of square of the point-wise differences) between two
geometries. The Procrustes method retrieves geometries based on finding the nearest neighbours of queries
with disparity as distance metric. The qualitative results of Procrustes are shown in Fig. (Melbourne)
and (Melbourne simplified). Experimental results suggest that Procrustes is not suitable for handling
complex polygons with holes in the retrieval task.

G Persistent Homology Diagrams

To quantitatively measure the topological signatures of polygons (i.e., 0D connected components and 1D
holes), we display the persistent homology diagram of the 10 query shapes of the Melbourne dataset in
Fig. Sub-figures (a) - (e) show persistent 1D (H7) topological features, suggesting existence of holes in
queries. Sub-figures (f) - (j) show persistent topological features in both Hy and H;, suggesting polygons
with complex exterior boundaries and holes.

We refer the computation of persistent homology of data X € R? to [Zomorodian & Carlsson| (2004).
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Polygon retrieval of Turning Function on Melbourne building footprint dataset.
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Figure 20: Polygon retrieval of Turning Function on Melbourne building footprint dataset simplified by
Douglas-Peucker algorithm (Douglas & Peucker} [1973) with e = 0.00002.
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Figure 21: Polygon retrieval of Procrustes method on Melbourne building footprint dataset.
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Figure 22: Polygon retrieval of Procrustes method on Melbourne building footprint dataset simplified by
Douglas-Peucker algorithm (Douglas & Peucker} [1973) with e = 0.00002.
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Figure 23: Persistent diagrams (a) - (j) of query shapes (row 1 -10) of Melbourne dataset. Persistent
diagrams (Zomorodian & Carlsson), [2004)) is a plotting of multi-set of points that summarise the topological
signatures of irregular data X € R? (i.e., 2D or 3D point sets). Birth (X-axis): time when data point P € X
emerge. Death (Y-axis): time when data point P € X disappear. Hp: 0-th dimension topological feature
that summarizes the number of connected component of data. H;p: 1-th dimension topological feature that
summarizes the number of hole/loop in data.
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