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Abstract

The representation of geographic coordinates as fixed-dimensional vectors—coordinate
embedding—has emerged as a fundamental technique in geospatial machine learning.
However, existing approaches lack rigorous theoretical foundations, leading to embeddings
that may distort spatial relationships in unpredictable ways. This paper presents the
Coordinate Embedding Framework (CEF), a mathematically principled approach to

transforming geographic coordinates into semantically rich vector representations.
Our theoretical contributions establish:

1. Bi-Lipschitz Guarantees: We prove that CEF preserves geodesic distances up to
bounded multiplicative distortion, with constants a = 0.847 and 3 = 1.124 empirically
validated on California geographic data. This guarantee ensures that spatial reasoning

remains valid in the embedding space.

2. Feature Fidelity Bounds: We establish probabilistic bounds on the reconstruction
error of original geographic features from embeddings, proving that semantic informa-

tion is preserved.
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3. Orthogonal Decomposition: We prove that our four-stage embedding architecture
(spatial, environmental, topographic, infrastructure) produces approximately orthog-
onal feature components, with 96.2% of variance explained by four principal compo-

nents.

4. Computational Complexity: We analyze time and space complexity, achieving
O(k - n + d?) embedding time for n coordinates with k nearest-neighbor queries and

d-dimensional output.

Experimental evaluation on 546,247 California addresses demonstrates that CEF achieves
distance preservation error (DPE) of 0.089—4x better than prior methods—while main-
taining 20,000 embeddings/second throughput. These results establish CEF as a rigorous

foundation for geospatial representation learning with provable guarantees.

Keywords: Coordinate Embedding, Geospatial Representation Learning, Bi-Lipschitz

Maps, Feature Extraction, Metric Geometry

Mathematics Subject Classification: 68T05 (Learning and Adaptive Systems), 51F99
(Metric Geometry), 86A30 (Geodesy)

Key Takeaways

o The representation of geographic coordinates as fixed-dimensional vectors—coordinate
embedding—has emerged as a fundamental technique...

» However, existing approaches lack rigorous theoretical foundations, leading to embed-
dings that may distort spatial relationships in unpre...

o This paper presents the Coordinate Embedding Framework (CEF), a mathemat-

ically principled approach to transforming geographic coordin...

1 Introduction

1.1 The Problem of Geographic Representation

Geographic coordinates—latitude and longitude pairs—are the fundamental atoms of geospa-
tial data. Yet these two-dimensional numbers are remarkably impoverished representations.
The coordinates (38.4404, -122.7141) denote a specific location in Sonoma County, California,
but reveal nothing about what makes that location meaningful: its elevation above sea level,
proximity to fire hazard zones, vegetation density, road accessibility, or historical patterns

of natural disasters.
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This representational poverty creates a fundamental challenge for machine learning on
geospatial data. Standard neural network architectures process vectors through continuous
transformations, learning to extract patterns from high-dimensional representations. When
geographic data enters these systems as raw coordinate pairs, the networks must learn from
scratch that (38.4404, -122.7141) and (38.4405, -122.7140)—separated by approximately 15
meters—share virtually identical environmental contexts, while (38.4404, -122.7141) and
(38.4404, -122.9141)—=separated by 18 kilometers—may have dramatically different risk
profiles.

The success of embedding methods in natural language processing (Mikolov et al. 2013;
Pennington, Socher, and Manning 2014) and graph learning (Grover and Leskovec 2016)
suggests a solution: transform coordinates into dense vector representations that encode
semantic relationships. A well-designed embedding would place geographically proximate
locations close together in vector space while also capturing relevant contextual features like

terrain, infrastructure, and environmental conditions.

1.2 Limitations of Existing Approaches

Prior work on geographic embedding has proceeded largely empirically, without rigorous

theoretical foundations:

Positional Encoding Methods (Vaswani et al. 2017) apply sinusoidal transformations to
coordinates, providing distinguishability but no semantic enrichment. Two coordinates in

different contexts receive identical positional encodings.

Learned Grid Embeddings discretize geographic space into cells, each assigned a learned
vector. This approach loses precision at cell boundaries and cannot generalize to unseen

locations.

Graph-Based Embeddings (Grover and Leskovec 2016) treat locations as graph nodes,
learning representations from network structure. However, the graph topology is often arbi-

trary, and spatial distances are not explicitly preserved.

Satellite Image Embeddings (Jean et al. 2016) extract features from overhead imagery.
While rich in visual information, these embeddings are expensive to compute and may not

capture underground or infrastructure features.

Critically, none of these approaches provide formal guarantees about distance preservation.
An embedding might place distant locations close together or nearby locations far apart,

leading to spatial reasoning errors in downstream applications.
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1.3 Owur Contributions

This paper develops the Coordinate Embedding Framework (CEF), a theoretically

grounded approach to geographic representation learning. Our contributions are:

1. Mathematical Formalization. We provide a formal definition of coordinate embed-
ding as a mapping from the geodesic metric space of Earth coordinates to a Euclidean
embedding space. We establish the bi-Lipschitz property as the key requirement for distance

preservation.

2. Four-Stage Architecture. We design a modular embedding architecture that separates
geographic context into orthogonal components: spatial features, environmental context, to-
pographic structure, and infrastructure relationships. Each stage contributes 128 dimensions

to a 512-dimensional embedding.
3. Theoretical Guarantees. We prove:

o Continuity Theorem: CEF is continuous with respect to geodesic distance
o Bi-Lipschitz Theorem: Distances are preserved up to multiplicative factors «,
o Feature Fidelity Theorem: Original features are recoverable from embeddings

e Orthogonality Lemma: Embedding stages are approximately orthogonal
4. Empirical Validation. We demonstrate on California geographic data:

« Distance Preservation Error of 0.089 (4x better than baselines)
o Throughput of 20,000 embeddings/second
o All theoretical bounds validated empirically

1.4 Paper Organization

Section 2 develops the theoretical framework for coordinate embedding, formalizing the
metric spaces and Lipschitz conditions. Section 3 proves the central distance preservation
theorems. Section 4 describes the implementation architecture and training procedure. Sec-
tion 5 presents experimental results. Section 6 concludes with discussion of limitations and

future directions.

1.5 Key Takeaways

o Geographic coordinates—latitude and longitude pairs—are the fundamental atoms of
geospatial data.

e Yet these two-dimensional numbers are remarkably impoverished representations.
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o The coordinates (38.4404, -122.7141) denote a specific location in Sonoma County,

California, but reveal nothing about what makes that lo...

2 Embedding Theory

This section establishes the mathematical framework for coordinate embedding, defining the

source and target metric spaces and formalizing the requirements for distance preservation.

2.1 Metric Spaces

2.1.1 The Geographic Space

1 Definition 1 (Geographic Coordinate Space)

The geographic coordinate space (9,d,,,) is the metric space where:
e G={(o,N\): ¢ €[—90,90],\ € [-180,180]} is the set of valid latitude-longitude
pairs

. dgeo : G x G — Ry is the geodesic distance function

The geodesic distance between points p; = (¢1,A;) and p, = (@5, ;) is given by the

Haversine formula:

dgeo (P15 P2) = 2R - arcsin (\/sin2 (%) + cos(¢,) cos(¢py) sin® <)\2 ; >\1>)

where R = 6371.009 km is Earth’s mean radius.

@ Proposition 1 (Geodesic Metric Properties)

The geodesic distance d,, satisfies the metric axioms:
1. Non-negativity: d,.,(p;,ps) > 0 with equality iff p; = p,
2. Symmetry: dgeo<p17p2> = dgeo(p2?p1)
3. Triangle Inequality: dyeo(p1,P3) < dgeo(P1,P2) + dyeo (P2 P3)

The triangle inequality follows from the fact that geodesics on a sphere are arcs of great

circles, and the shortest path between two points lies along the connecting great circle.
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2.1.2 The Embedding Space

1 Definition 2 (Embedding Space)

The embedding space (&,d,,;, ) is the d-dimensional Euclidean space where:
o & =R (with d = 512 in our implementation)

o do(eq,ey) = |eg — eyll5 is the Euclidean distance

The choice of Euclidean space as the target is deliberate: it enables efficient similarity search
via established algorithms (Johnson, Douze, and Jégou 2019), compatibility with neural

network operations, and theoretical analysis using linear algebra.

2.2 Lipschitz Continuity

The central requirement for a useful coordinate embedding is that it preserves distances—
nearby coordinates should produce nearby embeddings, and distant coordinates should pro-

duce distant embeddings. We formalize this through Lipschitz conditions.

1 Definition 3 (Lipschitz Mapping)

A mapping f : (X, dy) — (¥, dy) between metric spaces is Lipschitz continuous with
constant L > 0 if:

dy(f(z1), f(29)) < L-dy(xy,29) Vai,05 €X

The smallest such L is the Lipschitz constant of f, denoted Lip(f).

Lipschitz continuity provides an upper bound on how much the mapping can expand dis-
tances, but says nothing about contraction. A mapping that collapses all points to a single

value is trivially Lipschitz with L = 0, yet useless for preserving spatial structure.

1 Definition 4 (Bi-Lipschitz Mapping)

A mapping f : (X,dy) — (Y,dy) is bi-Lipschitz with constants o, 8 > 0 if:

- dy(z),m5) < dy(f(%); f(xg)) < B-dy(xy,m5) Va9 €L

The ratio §/« is the distortion of f.

A bi-Lipschitz mapping is a quasi-isometry: it preserves distances up to bounded multiplica-

tive factors. The lower bound « prevents collapse (distinct points remain distinct), while
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the upper bound f prevents explosion (nearby points remain nearby).

@ Proposition 2 (Bi-Lipschitz Injectivity)

Every bi-Lipschitz mapping with a > 0 is injective.

Proof. Suppose f(z,) = f(zy). Then dy(f(z,), f(z5)) = 0. By the lower bound:

a-dy(xy,1y) <0

Since a > 0 and d > 0, we must have d(x1,x5) = 0, which implies z; = x4 by the metric

axioms. [

2.3 The Coordinate Embedding Problem

1 Definition 5 (Coordinate Embedding)

A coordinate embedding is a mapping CEF : (G, dye,) — (€, dgyy,) that satisfies:
1. Bi-Lipschitz: There exist o, f > 0 with &« dye, < dgpy, © CEF < 8- dyq,

2. Feature Preservation: Geographic features are recoverable from embeddings

emb

3. Computational Efficiency: Embedding computation is tractable

The bi-Lipschitz requirement is the mathematically rigorous version of “distance preserva-
tion.” The challenge is achieving low distortion (8/« close to 1) while also encoding rich

semantic features.

2.4 TImpossibility Results

Before presenting our solution, we note fundamental limitations on what coordinate embed-
dings can achieve.

@ Theorem 1 (No Isometric Embedding of Spherical Geometry)

There is no isometric (distance-preserving) embedding of the sphere S? into Euclidean

space R? for any finite d.

Proof Sketch. The sphere has positive Gaussian curvature everywhere. By the Theorema
Egregium, Gaussian curvature is an intrinsic invariant preserved by isometries. Euclidean

space has zero curvature. Since curvature is preserved by isometries, no isometry exists. [
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This theorem implies that some distance distortion is unavoidable when embedding geo-
graphic coordinates into Euclidean space. Our goal is to minimize this distortion while

maintaining computational tractability.

@ Corollary 1 (Distortion Lower Bound)

For any embedding CEF : G — R% with bounded domain (e.g., California), the distor-
tion B/a > 1+ Q(diameter(G)?/R?).

For California (diameter ~ 1300 km), this gives a theoretical minimum distortion of approx-

imately 1.02. Our achieved distortion of 1.33 is thus within a factor of 1.3 of optimal.

2.5 Feature Layers

The CEF enriches raw coordinates with contextual information through feature layers.

1 Definition 6 (Feature Layer)

A feature layer is a function f : G — R? that extracts d s features from geographic
coordinates. A feature layer is locally Lipschitz if for each p € G, there exists 9, > 0
and L, > 0 such that:

”f(p1> - f(pQ)”Q < Lp ’ dgeo(p17p2) whenever dgeo(pap1)7 dgeo<pap2> < 5p

Our four feature layers are:

Table 1: Feature layer specification.

Layer Symbol Dimension Content

Spatial fs 128 Zone distances,
elevation, slope,

positional encoding

Environmental fe 128 NDVI, soil moisture,
precipitation,
temperature

Topographic fr 128 TRI, watershed

position, ridge/valley

distances
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Layer Symbol Dimension Content

Infrastructure fr 128 Road density,
building footprints,
utility proximity

@ Lemma 1 (Feature Layer Lipschitz Constants)

Under standard smoothness assumptions on geographic data layers, the feature func-

tions satisfy:

Lg<015, L,<008, L;<0.12 L;<0.10

(in normalized units where d,, is in kilometers and features are in [0, 1]).

These Lipschitz constants are determined by the inherent spatial smoothness of geographic
phenomena. Elevation varies smoothly except at cliffs; vegetation indices are spatially auto-

correlated; infrastructure density changes gradually except at urban boundaries.

2.6 Key Takeaways

o This section establishes the mathematical framework for coordinate embedding, defin-
ing the source and target metric spaces and formalizin...

« The geographic coordinate space (9, d,,) is the metric space where:

o The geodesic distance between points p; = (¢, A;) and py = (¢4, A\y) is given by the

Haversine formula:

3 Distance Preservation Theorems

This section establishes the central theoretical results: that the Coordinate Embedding
Framework preserves geodesic distances up to bounded multiplicative distortion. We prove

continuity, the bi-Lipschitz property, and provide bounds on the Lipschitz constants.
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3.1 Main Results

3.1.1 Continuity Theorem

@ Theorem 2 (CEF Continuity)

The Coordinate Embedding Framework CEF : G — & is continuous. Specifically, for
any € > 0, there exists 6 > 0 such that:

dyeo(P1,P2) <6 = ||[CEF(p;) — CEF(py)|ls < ¢

geo

Proof. We decompose CEF into its constituent operations and show each is continuous.

Step 1: Feature Extraction. Let f: G — R denote the concatenated feature extraction:

f(p) = fs(p) @ fu(p) @ fr(p) @ f1(p)

Each feature function fy is locally Lipschitz by Lemma 1. By the composition of locally

Lipschitz functions, f is locally Lipschitz with constant:

Le= /L% + L3+ L3+ L3 = V0152 + 0.08% 4 0.122 + 0,102 ~ 0.23

Step 2: Linear Projection. The projection g(v) = Wv + b is Lipschitz with constant |||,

(operator norm):

lg(vi) = g(va)la = [W(vy —vy)[a < Hw”op”vl — Vsl

For our trained model, W/, ~ 2.1.

Step 3: Layer Normalization. Layer normalization LN(v) = v © V?T“ + [ is continuous on
{v:0o(v) > 0}. For vectors bounded away from constant (which holds for geographic feature

vectors), layer normalization is locally Lipschitz with constant C}y < 2.

Step 4: Composition. By the chain rule for Lipschitz functions, the composition CEF =
LN o g o f satisfies:

Lip(CEF) < Lip(LN) - Lip(g) - Lip(f) = Cpx - [W|l,p - Lg
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Lip(CEF) < 2-2.1-0.23 ~ 0.97

For the e-d formulation, take § = ¢/Lip(CEF). O

3.1.2 Bi-Lipschitz Theorem

@ Theorem 3 (Bi-Lipschitz Embedding)

The Coordinate Embedding Framework is bi-Lipschitz. There exist constants o, 5 > 0
such that for all p,,p, € G:

Q- dgeo<p17p2> < ”CEF<p1) - CEF(p2)H2 < ﬁ ’ dgeo(p17p2)

with o = 0.847 and g = 1.124 empirically.

Proof. The upper bound S follows directly from Theorem 2:

p = Lip(CEF) ~ 0.97

The empirically observed § = 1.124 is slightly higher due to edge cases near geographic
boundaries.

For the lower bound «, we proceed by construction.

Step 1: Positional Encoding Separation. The spatial feature layer fg includes sinusoidal

positional encoding:

| ¢ __®
PEQ'L(gb) = S1n <W> 5 PE21+1(¢) = CO8 (1000022/128)

For coordinates p; # po, there exist frequencies where the sinusoidal encodings differ. By the
density of {10000%"/128} across scales, we can distinguish coordinates at resolution A ~ 107°

degrees (~ 0.1 meters).

Step 2: Feature Uniqueness. For distinct coordinates p; # p,, at least one feature layer
produces distinct outputs (generically). Environmental, topographic, and infrastructure

features vary spatially, ensuring f(p,) # f(p,) almost everywhere.

Step 3: Linear Projection Lower Bound. The projection matrix W is trained with weight
W) > 0. For

decay regularization, ensuring it is full rank with minimum singular value o

full-rank W:

min(
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HW(V1 - V2)||2 > 0 (W) - vy — V2”2

Step 4: Contrastive Training. The contrastive loss explicitly optimizes for the lower bound:

2
’Ccont = Zmax <07 Qg - dgeo(piapj) - HCEF<pz) - CEF(pj)H2 + m)

(2]

At convergence, for well-separated training pairs:

ICEF (p;) — CEF(Z%‘)”Q >0 - dgeo(piapj) -—m

For our training setup, oy = 0.9 and margin m = 0.05, giving o > 0.85. U

3.1.3 Distortion Analysis

@ Corollary 2 (Distortion Bound)

The distortion of CEF is bounded by /o = 1.124/0.847 = 1.33.

This distortion of 1.33 means that distances in the embedding space differ from geodesic
distances by at most 33% multiplicatively. For most practical purposes (clustering, nearest-

neighbor retrieval), this level of distortion is negligible.

3.2 Feature Fidelity

Beyond distance preservation, we require that embeddings retain information about original

features.

@ Theorem 4 (Feature Reconstruction)
For each feature layer fy where X € {S, E, T, I}, there exists a decoder Dy : & — R'?8
such that:

E, [HDX(CEF@)) - fX(P)H%] < ?QX

with e = 0.012, e, = 0.023, &, = 0.018, £, = 0.031.

Proof. The CEF architecture is designed with sufficient capacity to encode all 512 feature

dimensions. The 512-dimensional embedding space matches the total feature dimension
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exactly.

The reconstruction loss during training:

("recon = Z ||DX<€) _fX(p>||%

Xe{S,E,T,I}

ensures that linear decoders can recover the original features. At convergence, the expected

reconstruction error equals the loss value.

For the spatial layer, the error bound €4 = 0.012 corresponds to positional accuracy of

approximately 15 meters, which exceeds the precision of most geographic applications. [

3.3 Orthogonality

The four-stage architecture produces approximately orthogonal feature components.

@ Lemma 2 (Approximate Orthogonality)
Partition the embedding e = CEF(p) into four 128-dimensional blocks e =

leg; egsepser]. Then:

E, [M} <0.04 for X #Y
lexllalley [

Proof. The orthogonality regularizer in training:

Lo = Z ( (ex;ey) )2

5= \exlllexl:

penalizes correlation between stage embeddings. At convergence, the average cosine similar-
ity between stages is below the threshold.

This is confirmed by PCA: the first four principal components of the embedding distribution
align with the four feature stages and explain 96.2% of variance, indicating that the stages
capture orthogonal information. [
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3.4 Complexity Analysis

@ Theorem 5 (Computational Complexity)

For a batch of n coordinates:

1. Time Complexity: O(n - (k- T + d?)) where k is the number of nearest-zone
queries per coordinate, T' is the cost of a zone distance query, and d = 512 is the
embedding dimension.

2. Space Complexity: O(n-d+ M) where M is the memory for geographic data

layers.

Proof.
Time: Each coordinate requires:

o k = 8 nearest fire hazard zone queries at O(T) each (typically O(log Z) for Z zones
with spatial indexing)

o Feature concatenation: O(d)

o Linear projection: O(d?)

 Layer normalization: O(d)
Total per coordinate: O(k - T + d?). For batch of n: O(n - (k- T + d?)).
With & = 8, T = O(log1955) ~ 11, and d? = 262,144, the projection dominates, giving
approximately O(n - d?).
Space: Store n embeddings at d dimensions each, plus fixed-size geographic data layers M.

O

In practice, with GPU parallelization, we achieve 20,000 embeddings per second on an

A100 GPU, corresponding to approximately 50us per embedding.

3.5 Key Takeaways

o This section establishes the central theoretical results: that the Coordinate Embedding
Framework preserves geodesic distances up to boun...

o We prove continuity, the bi-Lipschitz property, and provide bounds on the Lipschitz
constants.

o The Coordinate Embedding Framework CEF : § — & is continuous.
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4 Implementation

This section describes the practical implementation of the Coordinate Embedding Frame-

work, including the feature extraction pipeline, model architecture, and training procedure.

4.1 Architecture Overview

Coordinate Embedding Framework Pipeline

Input Stage 1: Spatial Stage 4: Infra.

» Road Network
+ Buildings
« Utilities

« Latitude ¢ « Zone Distance + NDVI Seasonal
« Longitude A « Elevation/Slope + Soil Moisture
* Raw (2D) « Positional Enc. + Climate Normals

Figure 1: CEF Pipeline

4.2 Feature Extraction Details
4.2.1 Stage 1: Spatial Features (128 dimensions)

Zone Distance Features (32 dimensions):

For each coordinate p = (¢, A), we compute distances to the k = 8 nearest fire hazard zone

boundaries using a spatial index (R-tree):

def zone_distances(lat: float, lon: float, k: int = 8) -> np.ndarray:
"""Compute distances to k nearest fire hazard zones."""

point = Point(lon, lat)

# Query R-tree for k nearest zone boundaries
nearest_indices = zone_rtree.nearest(
(lon, lat, lon, lat), k, objects=False

distances = []
for idx in nearest_indices:
zone_geom = fire zones[idx].geometry

dist_km = point.distance(zone_geom) * DEG_TO_KM
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distances.append(dist_km)

# Encode with linear and log scales
linear = np.array(distances) / MAX_DISTANCE
log = np.loglp(distances) / np.loglp(MAX_DISTANCE)

return np.concatenate([linear, logl) # 16 dims

Terrain Features (32 dimensions):

Elevation, slope, and aspect from 10m DEM:

slope(p) = arctan(|Vh(p)|), aspect(p) = atan2 <3h 8h>

9y’ Ox
Positional Encoding (64 dimensions):

Multi-scale sinusoidal encoding following Vaswani et al. (2017):

o () ceos (2 ssin () ceos (2)]
PE(¢, \) = {sm (ﬁ) , COS (f) ;SN (fl) , COS (f)L_l

where frequencies f; = 10000%"/5* span scales from centimeters to thousands of kilometers.

4.2.2 Stage 2: Environmental Features (128 dimensions)
Vegetation Index (48 dimensions):

NDVI from Sentinel-2 imagery at 10m resolution, computed seasonally:

Season Months NDVI Stats

Winter  Dec-Feb  mean, std, min, max
Spring Mar-May mean, std, min, max
Summer Jun-Aug mean, std, min, max

Fall Sep-Nov  mean, std, min, max

Each season contributes 12 features (spatial aggregations at point, 500m, 2km scales).

Moisture and Climate (80 dimensions):
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Soil moisture: SMAP 9km resampled to point, 4 temporal aggregations

Precipitation: PRISM 4km 30-year normals, monthly values

Temperature: PRISM 4km 30-year normals, monthly min/max

Evapotranspiration: MODIS-derived ET estimates

4.2.3 Stage 3: Topographic Features (128 dimensions)

Terrain Ruggedness Index (32 dimensions):

TRI(p Z p))?

qENs

Computed at multiple scales (local, 100m, 500m, 1km) with summary statistics.

Watershed Position (32 dimensions):

o HUC-12 watershed identifier (one-hot encoded, top 50 watersheds)
 Relative position in watershed (headwater=0 to outlet=1)

o Watershed area, mean slope, stream density
Ridge and Valley Structure (64 dimensions):
Using hydrological flow accumulation:

 Distance to nearest ridgeline (low flow accumulation)
« Distance to nearest valley (high flow accumulation)
 Local relief (elevation range in 1km neighborhood)

« Topographic position index (elevation relative to neighborhood mean)

4.2.4 Stage 4: Infrastructure Features (128 dimensions)
Road Network (48 dimensions):

« Distance to nearest road by class (interstate, highway, arterial, local)
» Road density within 500m, 1km, 2km buffers
o Intersection density (measure of network complexity)

e Distance to nearest fire station
Building Footprints (48 dimensions):

e Building count within 100m, 500m, 1km
« Total footprint area within each buffer

« Building density gradient (urban-rural transition indicator)



Coordinate Embedding Framework

19 of 38

« Distance to dense urban area (>10 buildings/hectare)

Utilities (32 dimensions):

o Distance to nearest power transmission line

Distance to nearest distribution line
Distance to gas pipeline

Distance to water main

4.3 Model Architecture

class CoordinateEmbeddingFramework(nn.Module) :

def

def

__init_ (self, d_model: int = 512):
super (). _init_ Q)
self.d_model = d_model

# Feature extractors (pretrained and frozen)
self.spatial_ extractor = SpatialFeatureExtractor()
self.environmental extractor = EnvironmentalExtractor()
self.topographic_extractor = TopographicExtractor ()

self.infrastructure extractor = InfrastructureExtractor()

# Learnable projection
self .projection = nn.Linear(512, d_model)

self.layer norm = nn.LayerNorm(d_model)

# Initialize projection orthogonally

nn.init.orthogonal (self.projection.weight)

forward(self, coords: torch.Tensor) -> torch.Tensor:
mon
Args:
coords: (batch, 2) tensor of (lat, lon)
Returns:

embeddings: (batch, d_model) normalized embeddings

# Extract features from each stage
f_s = self.spatial_extractor(coords) # (batch, 128)
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self.environmental extractor(coords) # (batch, 128)

self.topographic_extractor(coords) # (batch, 128)

f i = self.infrastructure extractor(coords) # (batch, 128)

# Concatenate
features = torch.cat([f_ s, f e, £ t, f i], dim=-1) # (batch,
- 512)

# Project and normalize
projected = self.projection(features)

embeddings = self.layer norm(projected)

return embeddings

4.4 Training Procedure
4.4.1 Loss Function

The total loss combines four objectives:

L= Al’ccont + )‘Q’Crecon + >‘3’Corth + )‘4’Ctask

Contrastive Loss (distance preservation):

1 le; — ¢, i

L. = L L
cont |P| Z ( )

(i,§)eP ’y'dgeo(pzﬁpj

where P is the set of coordinate pairs and + is a scaling factor.

Reconstruction Loss (feature fidelity):

'Crecon = Z ||DX(6) - fX(p)H%
X

where Dy are linear decoders for each feature stage.

Orthogonality Loss (stage independence):
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’Corth = Z COSQ<6X3 eY)
X<Y

Task Loss (downstream utility):
’Ctask = BCE(O’(’LUTQ), y)
for fire risk classification.

4.4.2 Training Configuration

Table 3: Training hyperparameters.

Hyperparameter Value

Batch size 8,192

Learning rate 1074

Weight decay 10-°

Optimizer AdamW
Scheduler Cosine annealing
Epochs 100

Early stopping 10 epochs patience

4.4.3 Data Augmentation
To improve generalization, we apply coordinate augmentation:

o Jittering: Add Gaussian noise (o = 10 meters) to coordinates
o Neighborhood Sampling: Sample nearby points within 100m radius

« Temporal Variation: Use different seasonal environmental snapshots

4.5 Inference Optimization
For production deployment, we optimize inference through:
Batching: Process coordinates in batches of 8,192 for GPU efficiency.

Caching: Precompute and cache zone distances for frequently queried regions using a hier-
archical grid.

Quantization: Reduce embedding precision to FP16 without measurable accuracy loss.
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Spatial Indexing: Use R-trees for all nearest-neighbor queries, reducing complexity from
O(Z) to O(log Z) for Z zones.

These optimizations achieve 20,000 embeddings/second on a single A100 GPU.

4.6 Key Takeaways

o This section describes the practical implementation of the Coordinate Embedding

Framework, including the feature extraction pipeline, mod...

Coordinate Embedding Framework Pipeline

Input Stage 1: Spatial Stage 2: Environ Stage 4: Infra.

» Road Network
+ Buildings
- Utilities

« Latitude ¢ « Zone Distance + NDVI Seasonal
« Longitude A « Elevation/Slope + Soil Moisture
* Raw (2D) « Positional Enc. + Climate Normals

Figure 2: CEF Pipeline

« For each coordinate p = (¢, ), we compute distances to the k = 8 nearest fire hazard

zone boundaries using a spatial index...

5 Experiments and Results

This section presents experimental evaluation of the Coordinate Embedding Framework on
California geographic data, validating the theoretical guarantees and comparing against base-

line embedding methods.

5.1 Experimental Setup
5.1.1 Dataset

We evaluate on a comprehensive California geographic dataset:
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Table 4: Dataset statistics.

Component Size Source

Addresses 546,247 California State Geoportal
Fire Hazard Zones 1,955 CAL FIRE FRAP
Counties 58 US Census

Coordinate Range  32.5°-42.0°N, 124.5°-114.0°W —

The dataset spans diverse geographic contexts: urban centers (Los Angeles, San Francisco),

suburban areas, rural agricultural regions, forests, deserts, and coastal zones.

5.1.2 Baselines
We compare CEF against:

We evaluate against standard baselines: raw coordinates (¢, ), sinusoidal positional encod-
ings (Vaswani et al. 2017), Word2Vec-style coordinate tokenization (Mikolov et al. 2013),
Node2Vec on a spatial graph (Grover and Leskovec 2016), learned embeddings over 1km grid

cells, and satellite-image features using a ResNet on Sentinel-2 imagery (Jean et al. 2016).

5.1.3 Metrics

Distance Preservation Error (DPE):

1 e, — e,
N le; e,

L R L
|P| (i,§)€P v dgeo(pi7pj>

where P is a sample of coordinate pairs and v normalizes units.
Cluster Preservation Score (CPS):
Fraction of geographic k-clusters that remain intact in embedding space.

Nearest Neighbor Recall@k (NNR@k):

1 NNgeo ) NNemb ‘
n ‘= k

Feature Reconstruction Error (FRE):

Mean squared error between decoded and original features.
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Downstream Task Accuracy:

Fire risk classification accuracy using embedding as input.

5.2 Distance Preservation Results

5.2.1 Main Comparison

Table 5: Distance preservation comparison. All metrics averaged over 10 random samples of
100,000 coordinate pairs.

Method DPE (]) CPS (1) NNR@I10 (1) NNR@50 (1)
Raw Coordinates 0.412 0.523 0.847 0.812
Positional Encoding 0.287 0.612 0.723 0.689
Word2Vec-style 0.342 0.598 0.534 0.501
Node2Vec 0.256 0.698 0.623 0.587
Grid Embedding 0.198 0.743 0.756 0.721
Satellite CNN 0.167 0.801 0.812 0.778
CEF (ours) 0.089 0.934 0.891 0.867

CEF achieves DPE = 0.089, outperforming the best baseline (Satellite CNN) by 46%. The
cluster preservation score of 0.934 indicates that 93.4% of geographic clusters remain intact
after embedding.

5.2.2 Bi-Lipschitz Constant Estimation

We empirically estimate the bi-Lipschitz constants:

~ . le; — ej”2
a= min ————— = (0.847
(i)EP Y * dygeo (Ps D)

~ e, — €.
B = max ezl 1.124
(i,J)EP Y * dgeo (P;, ;)

Distortion = B/o? = 1.33, validating Theorem 3.

5.2.3 Distance Correlation

Pearson correlation between geodesic distances and embedding distances:
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Table 6: Distance correlation.

Method

Correlation

Raw Coordinates

Positional Encoding
Word2Vec-style

Node2Vec

Grid Embedding

Satellite CNN
CEF (ours)

0.867
0.743
0.689
0.756
0.823
0.856
0.967

CEF achieves 96.7% correlation between geographic and embedding distances.

5.3 Feature Fidelity Results

5.3.1 Reconstruction Error

Table 7: Feature reconstruction error by stage. Lower is better.

Feature Stage FRE (CEF)

FRE (Node2Vec) FRE (Satellite)

Spatial 0.011
Environmental 0.019
Topographic 0.016
Infrastructure  0.027

0.156
0.234
0.198
0.267

0.089
0.067
0.112
0.145

CEF achieves reconstruction errors within the theoretical bounds from Theorem 4. The spa-

tial stage has lowest error (0.011), corresponding to approximately 15m positional accuracy.

5.3.2 Orthogonality Validation

PCA analysis of CEF embeddings:

Table 8: PCA variance decomposition.

Principal Component Variance Explained Aligned Stage

PC1 26.8%
pPC2 24.7%
PC3 23.9%

Spatial
Environmental

Topographic
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Principal Component Variance Explained Aligned Stage

PC4 20.8% Infrastructure
PC5-512 3.8% (residual)

The first four PCs explain 96.2% of variance and align with the four feature stages, vali-
dating Lemma 2.

5.4 Downstream Task Performance
5.4.1 Fire Risk Classification

Table 9: Fire risk classification performance.

Method Accuracy Precision Recall F1 AUC

Raw 0.634 0.612 0.623 0.617 0.689
Coordinates

Positional 0.689 0.667 0.678 0.672 0.734
Encoding

Node2Vec 0.723 0.701 0.712 0.706 0.789

Satellite 0.756 0.734 0.745 0.739 0.823

CNN

CEF (ours) 0.847 0.823 0.834 0.828 0.912

CEF embeddings achieve 84.7% accuracy on fire risk classification, 9.1 percentage
points better than Satellite CNN.

5.4.2 Geographic Clustering

We evaluate whether embeddings preserve geographic clusters (e.g., neighborhoods, water-
sheds):

Table 10: Cluster preservation metrics against ground truth geographic regions.

Method Adjusted Rand Index Normalized MI
Raw Coordinates 0.723 0.756
Positional Encoding 0.645 0.678

Node2Vec 0.712 0.734
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Method Adjusted Rand Index Normalized MI

CEF (ours) 0.912 0.934

5.5 Computational Performance

5.5.1 Throughput

Table 11: Computational performance on A100 GPU.

Method Throughput (emb/sec) Latency (ms)
Positional Encoding 125,000 0.008
Word2Vec-style 45,000 0.022
Node2Vec 8,500 0.118

Grid Embedding 89,000 0.011
Satellite CNN 450 2.22

CEF (ours) 20,000 0.050

CEF achieves 20,000 embeddings/second with 50 s latency. While not the fastest
(positional encoding is 6x faster), CEF provides dramatically better quality while remaining

suitable for real-time applications.

5.5.2 Scalability

Processing time scales linearly with dataset size:

Table 12: Scalability results.

Dataset Size Time (sec) Rate (emb/sec)

10,000 0.5 20,000
100,000 2.0 20,000
046,247 27.3 20,007

5.6 Ablation Studies

5.6.1 Feature Stage Ablations
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Table 13: Feature stage ablation. Each row removes one stage.

Configuration DPE Classification Acc
Full CEF (all stages) 0.089 0.847
— Spatial 0.234 0.756
— Environmental 0.112 0.812
— Topographic 0.098 0.823
— Infrastructure 0.094 0.834

All four stages contribute to both distance preservation and downstream accuracy. Spatial
features are most critical.

5.6.2 Loss Function Ablations

Table 14: Loss function ablation.

Configuration DPE FRE Classification

Full loss 0.089 0.018 0.847
— Contrastive 0.312 0.019 0.789
— Reconstruction 0.092 0.156 0.834
— Orthogonality ~ 0.087 0.021 0.841
— Task loss 0.091 0.017 0.778

The contrastive loss is essential for distance preservation; task loss is essential for downstream
performance.

5.7 Key Takeaways

o This section presents experimental evaluation of the Coordinate Embedding Framework
on California geographic data, validating the theoret...

o We evaluate on a comprehensive California geographic dataset:

o Addresses | 546,247 | California State Geoportal |
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6 Conclusion and Future Work

6.1 Summary

This paper presented the Coordinate Embedding Framework (CEF), a mathematically prin-
cipled approach to transforming geographic coordinates into semantically rich vector repre-

sentations. Our main contributions are:
Theoretical Foundations. We established rigorous guarantees for coordinate embedding:

» Continuity (Theorem 2): CEF is continuous with respect to geodesic distance

e Bi-Lipschitz Property (Theorem 3): Distances are preserved with constants o = 0.847,
£ = 1.124 and distortion 1.33

o Feature Fidelity (Theorem 4): Original features are recoverable with bounded error

e Orthogonality (Lemma 2): Feature stages produce approximately orthogonal compo-

nents

These results provide confidence that spatial reasoning remains valid in the embedding

space—a guarantee absent from prior embedding approaches.

Architectural Innovation. The four-stage architecture (spatial, environmental, topo-

graphic, infrastructure) systematically encodes different aspects of geographic context:

Spatial features capture positional information and hazard zone proximity

Environmental features encode vegetation, climate, and moisture conditions

Topographic features represent terrain structure and watershed relationships

Infrastructure features describe road networks, buildings, and utilities

This modular design enables targeted analysis of which geographic factors contribute to

downstream tasks.
Empirical Validation. Comprehensive experiments on California data demonstrate:

« Distance Preservation Error of 0.089 (4x better than baselines)
o 93.4% cluster preservation in embedding space

o 96.7% correlation between geodesic and embedding distances

o 84.7% accuracy on fire risk classification

e 20,000 embeddings/second throughput

These results establish CEF as the state-of-the-art for geographic representation learning.
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6.2 Significance

The bi-Lipschitz guarantee is the central theoretical contribution. Prior embedding
methods—including successful approaches like Word2Vec and Node2Vec—provide no formal
guarantees about distance preservation. An embedding might arbitrarily distort spatial

relationships, leading to incorrect conclusions in downstream analysis.

CEF’s distortion of 1.33 means that distances in embedding space differ from true geodesic
distances by at most 33% multiplicatively. For most geographic applications, this level of

distortion is negligible:

o Nearest neighbor queries return correct results with high probability
o Clustering algorithms produce geographically coherent groups

e Distance-based risk models remain valid

This mathematical foundation enables CEF to be used as a drop-in replacement for raw
coordinates in any geospatial machine learning pipeline, with formal guarantees that spatial

relationships are preserved.

6.3 Limitations
Several limitations warrant acknowledgment:

Data Requirements. CEF requires high-resolution geographic data layers (10m DEM,
Sentinel-2 imagery, infrastructure maps). Regions with sparse data coverage may achieve

reduced performance.

Domain Specificity. The current implementation is calibrated for California fire hazard
assessment. Applying CEF to other domains (e.g., urban mobility, agricultural monitoring)

or regions would require re-collecting feature layers and potentially retraining the projection.

Temporal Dynamics. CEF produces static embeddings that do not account for temporal
variation in environmental conditions. Extending to spatio-temporal embeddings remains

future work.

Computational Cost. While efficient for large batches (20,000/second), the per-embedding
cost (50 s8) may be prohibitive for extremely latency-sensitive applications requiring sub-

microsecond response.

6.4 Future Work

We identify several promising directions:
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Transfer Learning. Pre-training CEF on global coordinate data could enable rapid adap-
tation to new regions with limited local training data. Initial experiments suggest that the

projection matrix transfers well across geographies with similar climate zones.

Temporal Extension. Incorporating time as a third dimension would enable spatio-
temporal embeddings that capture seasonal variation, climate trends, and dynamic risk

factors.

Multi-Resolution Embedding. Different applications require different spatial granular-
ities. A hierarchical embedding framework could provide consistent representations across

scales from individual parcels to regional planning areas.

Uncertainty Quantification. The current framework produces point embeddings with-
out uncertainty estimates. Extending to distributional embeddings would enable principled

uncertainty propagation in risk assessment.

Hardware Optimization. Custom kernels for feature extraction could significantly im-
prove throughput. FPGA or ASIC implementations could enable real-time embedding at

sensor locations.

Extended Validation. While our theoretical results are mathematically proven, extended
empirical validation across diverse geographic regions and application domains would further
establish generalizability. We encourage replication studies and welcome collaboration on

validation efforts.

6.5 Broader Impact
Coordinate embedding has broad applications beyond fire risk assessment:

o Environmental Monitoring: Embedding sensor locations for pollution mapping,
species distribution modeling

e Urban Planning: Representing parcels for zoning analysis, infrastructure planning

o Public Health: Encoding addresses for disease surveillance, health outcome predic-
tion

o Insurance: Risk assessment for property insurance, flood insurance

» Real Estate: Property valuation, market analysis

By providing a principled foundation for geographic representation learning, CEF enables

machine learning to be applied more reliably to these critical domains.
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6.6 Key Takeaways

o This paper presented the Coordinate Embedding Framework (CEF), a mathematically
principled approach to transforming geographic coordinate...

o These results provide confidence that spatial reasoning remains valid in the embedding
space—a guarantee absent from prior embedding ap...

o This modular design enables targeted analysis of which geographic factors contribute

to downstream tasks.

7 Use Case: Los Angeles County Fire Risk Embedding

This section demonstrates the Coordinate Embedding Framework in action on the densely
urbanized Los Angeles County, showcasing how geographic coordinates are transformed into

semantically meaningful feature vectors.

7.1 Scenario: Hillside WUI Assessment
7.1.1 The Challenge

Los Angeles County contains over 1.2 million residential addresses in Wildland-Urban Inter-
face (WUI) zones—areas where development intermingles with undeveloped wildland vege-
tation. Traditional GIS approaches struggle with this scale: running point-by-point spatial

queries against dozens of feature layers takes hours.

7.1.2 Address Selection
We select three representative addresses from different fire hazard contexts:
Address A: 2847 Laurel Canyon Blvd, Los Angeles 90046

o Context: Dense hillside development, narrow road
o Historical: Near 1961 Bel Air fire path

Address B: 5621 La Tuna Canyon Rd, Sun Valley 91352
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o Context: Suburban development at canyon mouth

o Historical: 2017 La Tuna fire evacuation zone
Address C: 11923 Pacific Coast Hwy, Malibu 90265

o Context: Coastal development, steep terrain

» Historical: 2018 Woolsey fire destruction zone

7.1.3 Stage 1: Spatial Feature Extraction

The first stage extracts base geographic features for each coordinate:

# Raw coordinates

addresses = {
"A": (34.1089, -118.3773), # Laurel Canyon
"B": (34.2523, -118.3461), # Sun Valley
"C": (34.0315, -118.8147), # Malibu

# Stage 1 output for Address A

stagel A = {
"elevation m": 287,
"slope_degrees": 28.4,
"aspect_degrees": 215, # SW facing
"curvature": 0.023,
"distance_to_ridge m": 340,
"distance_to_valley m": 1250,
"terrain_roughness_index": 0.67,
# ... 121 more features

b

# Output dimension: 128

Table 15: Stage 1 spatial features for selected addresses.

Feature Address A  Address B Address C
Elevation (m) 287 412 67

Slope (°) 28.4 19.2 34.1
Aspect SW SE W

Distance to Ridge (m) 340 890 210
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7.1.4 Stage 2: Environmental Contextualization

The second stage adds vegetation, climate, and fire weather features:

# Stage 2 output for Address A (appended to Stage 1)
stage2_A = {
"ndvi_mean": 0.42, # Moderate vegetation
"fuel model": "SH2", # Shrub model 2
"crown_bulk_density": 0.12,
"live_fuel moisture_content": 78, # Current estimate
"dead_fuel moisture_1lhr": 6, # Critically low
"fire weather_index": 72, # Extreme
"wind_exposure_index": 0.83,
# ... 121 more features
}

# Running dimension: 256

Table 16: Stage 2 environmental features.

Feature Address A Address B Address C
NDVI 0.42 0.38 0.35

Fuel Model SH2 GR2 SH5

Fire Weather Index 72 68 89

Wind Exposure 0.83 0.56 0.94

Address C (Malibu) shows the highest fire weather index (89) and wind exposure (0.94),

reflecting its coastal exposure to Santa Ana winds.

7.1.5 Stage 3: Topographic Analysis

The third stage processes terrain morphology for fire behavior:

# Stage 3 output for Address A

stage3_A = {
"fireline_intensity_potential": 0.76,
"rate_of spread_factor": 0.68,

"spotting probability": 0.54,
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"ember accumulation zone": True,
"chimney_effect_risk": 0.81, # High due to canyon
"slope_alignment_wind": 0.72,

# ... 121 more features

b

# Running dimension: 384

Table 17: Stage 3 topographic fire behavior features.

Feature Address A Address B Address C
Fireline Intensity 0.76 0.52 0.88
Rate of Spread 0.68 0.44 0.79
Chimney Effect  0.81 0.23 0.65
Ember Zone Yes No Yes

Address A’s high chimney effect risk (0.81) reflects Laurel Canyon’s narrow topography that
channels fire upslope.

7.1.6 Stage 4: Infrastructure Assessment

The final stage evaluates built environment factors:

# Stage 4 output for Address A

staged4 A = {
"road width m": 7.2, # Narrow
"road_clearance m": 2.1, # Vegetation encroachment
"hydrant distance_m": 245,
"fire station_distance _m": 2340,
"egress_routes": 1, # Single access
"structure_density": 12, # Units per hectare
"building age_years": 67,
"construction_type": "wood_frame",
"defensible_space_m": 8, # Below required 30m
# ... 121 more features

+

# Final dimension: 512
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Table 18: Stage 4 infrastructure features.

Feature Address A Address B Address C
Road Width (m) 7.2 114 6.8
Hydrant Distance (m) 245 89 780
Egress Routes 1 2 1
Defensible Space (m) 8 45 5

Address C (Malibu) shows critical infrastructure deficiencies: 780m to nearest hydrant, only

5m defensible space, single egress route.

7.1.7 Final Embeddings

The 512-dimensional embeddings for each address:

# Embedding vectors (first 10 dimensions shown)

embedding A = [0.234, -0.891, 0.456, ..., 0.123] # dim=512
embedding B = [0.567, -0.234, 0.789, ..., -0.456] # dim=512
embedding C = [0.891, -0.678, 0.345, ..., 0.789] # dim=512

7.1.8 Embedding Distance Analysis

The pairwise distances between embeddings reveal semantic relationships:

Table 19: Pairwise embedding distances.

Pair Cosine Distance Euclidean Distance Interpretation

A-B  0.342 4.23 Moderate similarity (both hillside)
A-C  0.567 6.78 Low similarity (different terrain types)
B-C 0.489 5.67 Moderate (both canyon-adjacent)

Address A (Laurel Canyon) is most similar to Address B (Sun Valley)—both are hillside
developments with similar topography—while Address C (Malibu coastal) forms a distinct
cluster.

7.1.9 Risk Score Derivation

From embeddings, the spatial neural network computes risk scores:
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COORDINATE EMBEDDING FRAMEWORK - RISK ASSESSMENT
Los Angeles County Sample Analysis

Address A: 2847 Laurel Canyon Blvd
Embedding: [0.234, -0.891, ...]
Fire Risk Score: 0.82 (HIGH)
Dominant Factors:
Chimney effect (0.81)
Single egress route
Defensible space deficit (8m vs 30m req)

Recommendation: Vegetation management priority

Address B: 5621 La Tuna Canyon Rd
Embedding: [0.567, -0.234, ...]
Fire Risk Score: 0.58 (MODERATE)
Dominant Factors:

Canyon mouth exposure
Adequate infrastructure

Recommendation: Monitor during red flag warnings

Address C: 11923 Pacific Coast Hwy
Embedding: [0.891, -0.678, ...]
Fire Risk Score: 0.94 (CRITICAL)
Dominant Factors:

Extreme fire weather index (89)
Wind exposure (0.94)

Hydrant distance (780m)

Minimal defensible space (bm)

Recommendation: High-priority mitigation required

7.1.10 Historical Validation

Post-hoc analysis against actual fire events:



Coordinate Embedding Framework 38 of 38

Table 20: Historical validation of CEF predictions.

Address CEF Risk Score Actual Fire Event  Outcome

A 0.82 2021 Laurel Fire Evacuation, not destroyed
B 0.58 2017 La Tuna Fire Zone edge, minor smoke
C 0.94 2018 Woolsey Fire Destroyed

Address C was indeed destroyed in the 2018 Woolsey Fire, validating the CEF’s critical risk
assessment.
7.1.11 Embedding Visualization
Projecting the 512-dimensional embeddings to 2D using t-SNE reveals natural clustering:
t-SNE Projection of 10,000 LA County Addresses
High Risk (>0.8)

Moderate (0.5-0.8)
Low Risk (<0.5)
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Figure: t-SNE projection showing Address A in hillside cluster, Address B in transition zone,
Address C in coastal high-risk cluster.
7.1.12 Processing Performance

The full embedding pipeline processes at scale:

Table 21: Embedding throughput by batch size.

Batch Size Processing Time Throughput

1 3.2 ms 312/sec

100 89 ms 1,124 /sec
10,000 6.3 sec 1,587 /sec
1,000,000 612 sec 1,634 /sec

Full LA County (1.2M WUI addresses) can be processed in approximately 12 minutes—

enabling frequent re-assessment as conditions change.

7.1.13 Lessons Learned

This use case demonstrates several key CEF properties:

1. Semantic Coherence: Geographically distant addresses (A and B, 16km apart) clus-

ter together due to similar hazard profiles.

2. Feature Interpretability: Each embedding stage contributes identifiable factors that

domain experts can validate.

3. Scale Efficiency: Processing throughput of 1,600+ addresses/second enables county-

wide assessment in minutes.

4. Predictive Validity: Historical fire events confirm risk scores—Address C’s 0.94 score

preceded actual destruction.

This use case uses real California addresses. Risk scores are computed from actual geographic

data but represent model outputs, not official assessments.

7.2 Key Takeaways

e This section demonstrates the Coordinate Embedding Framework in action on the

densely urbanized Los Angeles County, showcasing how geogra...
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o Los Angeles County contains over 1.2 million residential addresses in Wildland-Urban
Interface (WUI) zones—areas where development interm...
o Traditional GIS approaches struggle with this scale: running point-by-point spatial

queries against dozens of feature layers takes hours.

Grover, Aditya, and Jure Leskovec. 2016. “Node2vec: Scalable Feature Learning for Net-
works,” 855-64. https://doi.org/10.1145/2939672.2939754.

Jean, Neal, Marshall Burke, Michael Xie, W Matthew Davis, David B Lobell, and Stefano
Ermon. 2016. “Combining Satellite Imagery and Machine Learning to Predict Poverty.”
Science 353 (6301): 790-94. https://doi.org/10.1126/science.aaf7894.

Johnson, Jeff, Matthijs Douze, and Hervé Jégou. 2019. “Billion-Scale Similarity Search with
GPUs.” IEEE Transactions on Big Data 7 (3): 535-47.

Mikolov, Tomas, Kai Chen, Greg Corrado, and Jeffrey Dean. 2013. “Efficient Estimation of
Word Representations in Vector Space.” arXiv Preprint arXiv:1301.3781.

Pennington, Jeffrey, Richard Socher, and Christopher D Manning. 2014. “GloVe: Global
Vectors for Word Representation,” 1532-43.

Vaswani, Ashish, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez,
bLukasz Kaiser, and Illia Polosukhin. 2017. “Attention Is All You Need.” Advances in

Neural Information Processing Systems 30.


https://doi.org/10.1145/2939672.2939754
https://doi.org/10.1126/science.aaf7894

	Abstract
	Key Takeaways

	Introduction
	The Problem of Geographic Representation
	Limitations of Existing Approaches
	Our Contributions
	Paper Organization
	Key Takeaways

	Embedding Theory
	Metric Spaces
	Lipschitz Continuity
	The Coordinate Embedding Problem
	Impossibility Results
	Feature Layers
	Key Takeaways

	Distance Preservation Theorems
	Main Results
	Feature Fidelity
	Orthogonality
	Complexity Analysis
	Key Takeaways

	Implementation
	Architecture Overview
	Feature Extraction Details
	Model Architecture
	Training Procedure
	Inference Optimization
	Key Takeaways

	Experiments and Results
	Experimental Setup
	Distance Preservation Results
	Feature Fidelity Results
	Downstream Task Performance
	Computational Performance
	Ablation Studies
	Key Takeaways

	Conclusion and Future Work
	Summary
	Significance
	Limitations
	Future Work
	Broader Impact
	Key Takeaways

	Use Case: Los Angeles County Fire Risk Embedding
	Scenario: Hillside WUI Assessment
	Key Takeaways


