

















All Cities
HM Benchmark
Method NMI  Purity MMIoU NMI  Purity

BD Benchmark
MMIoU NMI  Purity

Cities with Administrative Boundaries Available
HM Benchmark BD Benchmark
MMIoU NMI  Purity MMlIoU

Random 0.079  0.464 0.172  0.092  0.359
Proximity 0.225 0.542 0.249 0.342  0.559
PID 0.242  0.550 0.262 0.353  0.579
Admin - - - - -
Caption 0.222  0.607 0.235 0.332  0.561
Full image 0.248  0.573 0.244  0.331 0.589
Ours 0.260  0.635 0.272  0.369  0.597

0.173 | 0.084 0431 0.171  0.090  0.545 0.170
0.325 | 0.249  0.546 0.269  0.288  0.609 0.281
0336 | 0277  0.597 0.281 0.303  0.665 0.294

0.235  0.570 0.256  0.282  0.686 0.260

0313 | 0207  0.644 0215  0.299  0.731 0.278
0.284 | 0271  0.631 0270 0312 0.735 0.262
0.339 | 0.291  0.652 0.281 0.323  0.742 0.281

Table 1: Comparison of our method against baselines on both the HM and BD benchmarks. The first six columns show results on all the
cities. The last six columns show the results on cities where administrative boundary (Admin) data is available. Our method performs better
than all the baselines and all the metrics except for one. Our gains over the Admin baseline accentuate how traditional maps (e.g., by city

ordinances) are distinct from the underground perceived maps of a city.

Wea. Hip. Tou. Stu. Nor. Cor.

PID 0297 0.281 0.247 0223 0.256 0.171
Ours 0293 0.289 0265 0243 0.258 0.166

Table 2: Per class accuracy on HoodMaps (MMIoU). Note that
the labels were chosen by HoodMaps, and may be associated with
stereotypes that we do not aim to discover (see Sec. 4.1).

contain useful information, it also contains information not
necessarily related to location. Third, the full image baseline
performs worse than our method. This shows that fashion
specifically is indeed a useful factor for understanding and
discovering neighborhoods, beyond the surrounding build-
ings, weather, etc. as captured in the full image and often
used in existing urban perception tasks.

Cities with administrative boundaries. Table 1 (right)
rescores all baselines and our method for the 8 cities where
Admin is possible. We see Admin is no better than the
proximity baseline. This accentuates that the “traditional”
measure of a neighborhood is different from the “under-
ground” notion. Figure 1 (bottom right) shows the Admin
boundaries for New York City for 8 regions: Admin’s manu-
ally demarcated neighborhoods cannot find distant similar
regions. For example, whereas we discover regions popular
among tourists (red, top right) that are similar to each other,
a “traditional” neighborhood map of a city will not find such
similarities. Underground maps offer significantly different
information than traditional maps.

Per-class performance. Next, to understand which un-
derground neighborhood types are best revealed by fashion,
we analyze the per-class performance. Table 2 shows the
results against the best baseline, PID.* Our method finds it
easier to discover tourist and student classes, suggesting it
is possible to determine these neighborhoods by looking at
changes of particular styles. Interestingly, the image density
itself (PID) reveals cues about hipster and wealthy areas. Our
method finds it difficult to discover corporate neighborhoods.
We believe this is because fewer people are posting images
of themselves from a corporate environment.

“Here we measure MMIoU, as purity and NMI are aggregate measures.

. Bogota
Wearing scarf & outerwear

&

Los Angeles |
‘Blue major color & wearing hat

Figure 6: Two unique neighborhoods. Los Angeles (Left), Bogota
(Right). Each row shows the distinctive style of the neighborhood.

Chicago New York City
V-shaped neckline, No head coverin_g, Dresses, Solid pattern

Figure 7: Most similar neighborhood in Chicago and NYC. Text
on top shows their most popular inferred attributes.

4.4. Qualitative Results

Having showed that the discovered neighborhoods suc-
cessfully capture underground notions of a city, we now
show how we can use these discovered neighborhoods to get
useful information about a city and relationships between
cities (cf. Sec. 3.4 to 3.6). Due to space limits, we display
some examples here, then provide many more examples
in the Supplementary, together with subtle or unexpected
insights suggested by our method’s discoveries.

Most unique neighborhoods. Figure 6 shows some
of the unique neighborhoods discovered by our method
(Sec. 3.4). First, we find a neighborhood around Dodgers
stadium in Los Angeles where a very high number of people
can be seen wearing blue colored tops and baseball hats (the
team color). The second neighborhood in Bogota is popu-
lar among tourists for hiking and outdoor activities, where
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