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ABSTRACT
This paper introduces ARCH-Elites, a MAP-Elites implementation
that can reconfigure large-scale urban layouts at real-world locations via a pre-trained surrogate model instead of costly simulations.
In a series of experiments, we generate novel urban designs for
two real-world locations in Boston, Massachusetts. Combining the
exploration of a possibility space with real-time performance evaluation creates a powerful new paradigm for architectural generative
design that can extract and articulate design intelligence.

CCS CONCEPTS
• Computing methodologies → Continuous space search; •
Applied computing → Architecture (buildings); Computeraided design.
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ARCH-ELITES

ARCH-Elites is a MAP-Elites [4] implementation that can reconfigure large-scale urban layouts at real-world locations via a pretrained surrogate model. We argue that Quality-Diversity (QD)
search [2, 5] is an ideal design exploration and generation process
for architectural and urban design problems, and apply it in this
paper to answer the question: “What is the most dense urban design
within a specific range of comfortable and dangerous conditions?”.
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Figure 1: Evolution in ARCH-Elites: A geographic location is
selected by the user (a) and building geometries and metadata
are extracted (b). The location is then split into cells (c); two
cells are selected and geometric blending takes place (d).

In this implementation of ARCH-Elites, the genome of each
layout is a collection of building polygons (a set of 2D coordinates)
and their heights. A binary value (𝑓 ) is added to each polygon’s
genome to indicate whether it can be modified or not (i.e. “static”).
The behavioral space is the city’s resilience to extreme weather
events, evaluated through the pre-trained surrogate model InFraRed.
Wind flow around buildings is evaluated under storm wind conditions (i.e. 17 m/s). The resulting dimensions for the MAP-Elites
feature map are (a) the percentage of open space within comfortable
sitting conditions (𝐵𝑐 ) and (b) the total open space area that exhibits
dangerous conditions (𝐵𝑑 ). Winds less than 6 m/s are considered
comfortable for sitting and winds higher than 15 m/s considered
dangerous for pedestrians [3]. The metrics 𝐵𝑐 and 𝐵𝑑 are evaluated
based on 4 wind directions multiplied by the total number of hours
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in the year during which a wind in that direction blows on the
tested location, based on real-world data.
The quality dimension in ARCH-Elites is the Floor Space Index
(FSI), defined as the ratio of the gross floor area divided by the
total plot area. The number of floors is calculated based on a constant floor height (4m). Finally, each building’s gross floor area is
calculated by multiplying the number of floors with its footprint.
The evolutionary process begins by selecting an elite location
from the feature map, following a uniform random distribution.
In the first iteration, only the initial real-world location is in the
feature map, so it is always selected. The selected individual is then
transformed through a number of custom operators. The first operator selects a pair of cells at random and buildings are exchanged
between them. A percentage of buildings are removed from the
first cell (between 10% and 50%) and all buildings of the second cell
are overlayed with the remaining buildings of the first cell. The
buildings of the second cell that are not intersecting those of the
first cell are copied to the first cell. This is depicted in Fig. 1 as
“geometric blending”. If no changes are made from this process, e.g.
if all overlayed buildings were intersecting, another pair of cells
is selected until the blending is successful. The resulting cell then
undergoes a polynomial bounded mutation of its building heights,
inspired by [1]. After geometric blending and height mutations,
the changed (first) cell is re-added to the location at its original
coordinates (see Fig. 1). For each selected individual, this process is
repeated 5 times and thus produces a new individual with up to 5
cells that are different from the original. The mutated individual is
then copied, and its copy is mutated another 5 times to create two
offspring with different degrees of change. The new individuals’
behavioral dimensions are calculated via InFraRed and each new
individual replaces a less fit individual in the feature map.
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Table 1: Results at the end of 10 evolutionary runs.
Performance Metrics
Coverage
Maximum Fitness
QD-score

CASE STUDY: BOSTON

We conducted two real-world experiments using ARCH-Elites, for
two different locations within the city of Boston, Massachusetts: an
area around the Harvard University’s campus and an area around
the MIT campus. University buildings, public buildings and public
spaces were encoded as static within the genotype (gray in Fig. 1)
and did not change during evolution. The resolution of the feature
map is 20 × 20 bins, with 𝐵𝑐 ∈ [0.7, 0.9] for Harvard, 𝐵𝑐 ∈ [0.5, 0.7]
for MIT, and 𝐵𝑑 ∈ [0, 8000] in both locations. The height of buildings is capped between 4 and 100 meters. Each QD run performs
2, 000 selections (i.e. 4, 000 evaluations). We report the maximum
fitness in the run’s archive, coverage [4] and QD-score [5]. Ten QD
runs are performed per location, and all elites of the 10 evolutionary
runs are accumulated to assess the patterns of final evolved cities.
The evolutionary process does not seem to improve the maximum fitness substantially; for the MIT area the maximum fitness
increases only by 20% for the Harvard area and by 2.5% for the MIT
area, compared to the initial population. The fittest elite had an
FSI over 8% above the original MIT layout, and over 19% above the
original Harvard layout (see Table 1). This indicates a difficulty of
the generative process to find designs that are much denser than
the initial MIT location, while this seems possible for Harvard. The
dense layout of the MIT area (with an open space ratio of 46%, compared to 67% for Harvard) means that no additional buildings are

MIT
0.29
1.63
175

Mean values of all final elites
Harvard
MIT
Urban Characteristics
Evolved Original Evolved Original
Building height (𝑚)
22.4
17.1
20.6
17.9
Num. buildings
678
781
721
980
Open Space Ratio
0.82
0.67
0.56
0.46
Floor Space Index
0.91
0.81
1.4
1.49
Comfortable space (%)
77
84
54
60
Dangerous space (𝑚 2 )
2303
218
2799
357

likely to be added. A large portion of the footprint is static for the
MIT area (39% versus 10% for Harvard), exacerbating the problem.
Based on Table 1, most elites have a higher FSI than the realworld location for Harvard and a lower FSI than the real-world
location for MIT. Only 5% of elites in the MIT area had more buildings than the original layout, versus 22% in the Harvard area. In
terms of the main behavioral characteristics, only 5% of evolved
cities have more comfortable space and 97% have a larger dangerous
areas for Harvard, and 0.3% have more comfortable space and 96%
more dangerous space for MIT. The fact that most elites have more
open spaces leads to an increase in dangerous areas, while when
elites have more buildings more wind tunnels are likely to occur
and the comfortable area drops. This observation illustrates the
kind of complex challenge that both human urban designers and
evolutionary algorithms have to face.
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Harvard
0.46
1.01
175

CONCLUSION

This paper views urban design as a well-fitted domain for QD search
and tests how MAP-Elites can be applied for exploring the tradeoffs between denser cities and dangerous conditions for pedestrians
in storm weather conditions. Taking advantage of a pre-trained
surrogate model, we could perform evolutionary runs of 4, 000 evaluations within a few hours, compared to the week-long simulation
time required for a single wind comfort study. Moreover, the feature
maps produced by the QD runs can be particularly illustrative for
an urban designer and inspire further human design iterations.
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