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Figure 1: Searchable.City localizes visual patterns across city-scale street-level imagery. A query for graffiti (left) highlights dense
corridor clusters, while bridges (right) traces Manhattan’s perimeter and crossings. Each map view is paired with representative
retrieved images (3 X 3).

Abstract

Maps excel at locations and are famously poor at surfaces: the fire
escapes, awnings, scaffolds, shade, murals, and textures that make
cities legible to residents rarely exist as database fields. We present
Searchable.City, a pipeline that treats the city as an image corpus
rather than only a registry of points of interest. By running a vision—
language model (VLM) over millions of New York City streetscape
images and indexing the resulting descriptions, we construct an
open-vocabulary semantic atlas: a map that can be searched for
meanings (“Chinese”, “gothic”, “construction”) instead of addresses.
We show how this translation, from city to caption to queryable
field, reveals cultural gradients, architectural memory, and infras-
tructural churn, while also clarifying the limits of the street-view
vantage. Open-vocabulary mapping is not only a technical interface
but also a cultural instrument: it redraws neighborhood boundaries
according to what the machine can name, and what it cannot see.
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1 Introduction

Current GIS systems represent the city as vectors and points, but
they miss the semantic texture of urban life. A digital map knows
where the pharmacy is, but rarely where the fire escape begins.
We present Searchable.City, an interactive system that asks the
city to describe itself. By processing millions of street-view images
with a vision-language model (VLM), we build a queryable spatial
index that lets users search the physical world for arbitrary visual
concepts, such as “art deco” and “trash piles”. This shifts the map
from a navigational tool into a semantic search engine.

Prior work in urban computing has used street-view imagery
mostly for scalar prediction, such as estimating perceived safety
[Naik et al. 2014]. In parallel, open-vocabulary vision models such
as CLIP [Radford et al. 2021] and SAM [Kirillov et al. 2023] enable
recognition without a fixed label set. We bridge these strands by
using instruction-tuned VLMs [Vasu et al. 2024] to generate a broad,
open-ended lexicon of the streetscape, moving beyond pre-defined
classes to capture the long tail of urban details.

2 Methodological Innovations

The core innovation of Searchable.City is a shift in the mapping
primitive: mapping language onto geography, rather than only co-
ordinates onto images. The pipeline begins by ingesting a large
corpus of street-view imagery while retaining geospatial coordi-
nates and camera heading. To handle the dense overlap of urban
photography, we discretize the streetscape into directional “vantage
cells” (Figure 2) so that queries align with what is visible from the
street, not only with a top-down location.

For each vantage cell, a VLM generates a detailed descriptive
caption. We decompose this caption into a multi-tag representation,
producing a lexicon of thousands of descriptors. Unlike fixed-class
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Figure 2: Vantage Cell Discretization: The streetscape is di-
vided into directional slices based on available street-view
metadata, creating spatial buckets for query aggregation.

(b) Query: “Gothic”

(a) Query: “Chinese”

Figure 3: Open-vocabulary neighborhood delineation: the
atlas outlines cultural and stylistic regions through repeated
visual cues rather than explicit GIS layers.

segmentation, this lets the system index ad-hoc concepts like “tem-
porary scaffolding” or “art deco.” Tags are then spatially aggregated
into a probabilistic index. The interface works like a search engine:
a user inputs a string, and the system returns a probability mass
showing where that visual description clusters across the city.

3 Applications and Findings

The system enables new forms of urban reading for architects,
sociologists, and planners. It can surface cultural gradients by map-
ping where stylistic markers (e.g., “gothic”) or cultural signals (e.g.,
“Chinese”) recur, producing neighborhood boundaries from visual
density rather than administrative zip codes (Figure 3). It can also
make infrastructure legible by indexing the city’s churn: a query
for “scaffolding” reveals the temporary city of renovation, while
proxies like “air conditioning” suggest building age and retrofit
status (Figure 4). Finally, the atlas functions as an everyday lexicon,
letting users quantify the visual prevalence of unmapped objects,
from subway vents to street art.

4 Challenges and Limitations

Searchable.City explicitly documents its limitations as part of the
work’s claim: the atlas is bound by the physics of the street-view
camera and the semantics of the model. Occlusion turns objects into
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(a) Query: “Scaffolding”

(b) Query: “Air conditioning”

Figure 4: Two readings of infrastructure: (left) the temporary
city of construction; (right) building retrofit signals.

absences; lighting collapses detail; and the camera’s chosen routes
omit courtyards, rooftops, and interior life. These limitations are
not only technical error; they are cartographic arguments. Critical
cartography reminds us that maps are made, not found [Harley
1989; Wood 2010]. In open-vocabulary mapping, the “made” quality
becomes doubly visible: the map is produced by a chain of trans-
lations (world — image — caption — query), each of which can
introduce bias.

5 Conclusion

Searchable.City asks a simple question with large consequences:
what happens when a map becomes a search engine over images?
The answer is an atlas of meaning: neighborhoods emerge from
signage and style, renovation from scaffolding, and socioeconomic
texture from retrofit artifacts. The project also exposes the politics
of machine vision: the city that Al sees is constrained by where
cameras go, what frames exclude, and which words models reach
for first. Open-vocabulary cartography does not replace the map of
coordinates; it complements it with a map of surfaces. If the twen-
tieth century gave us navigation, the next may give us perception
at scale: a city we can query not only for where, but for what.
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