
MARL Multi-scale Archetype Representation Learning 
for Urban Building Energy Modeling

Xinwei Zhuang*, Zixun Huang*, Wentao Zeng, Luisa Caldas
xinwei_zhuang, zixun, wentao_zeng, lcaldas@berkeley.edu         * equal contribution

Paper, code and data available

MARL: Automated, scale-adaptable building archetype construction with repre-
sentation learning and downstream tasks, integrated with building geometry and 
building metadata.

Validation & Results: Benchmarked against conventional archetypes, MARL 
showcases superior energy estimation, especially in unseen neighborhoods. 

Implications: Aid architects in making informed decisions on neighborhood 
configurations and morphologies. Emphasizes locale-specific designs, promoting 
energy efficiency. 
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Metrics

Five neighborhoods in Los An-
geles county. Each contains over 
6,000 residential buildings (sin-
gle/multi family).

Example footprints

Climate change

Current archetype for UBEM

Automated representative building archetype generation given a building stock
Geometry integration for building archetypes
Methodology innovation: mage reconstruction-based framework.
Downstream task integration with building metadata (vintage, programme)
Transferability: Model effective in any urban settings.

We use  image reconstruction-based framework to automatically construct representative building archetypes for building stock 
with real-world building geometry (footprint) with downstream task (building metadata such as vintage, programme) which has 
transferability be applied to any scale, any location. 

•  Country/state scale
•  Expert-reliant
•  Overlook of real-world geometry.
•  Computational demands exclude disadvantaged 

communities.

Built environment contributes 
to 38% carbon emissions

Urban Building Eenergy Modeling
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Archetype offered by EUI (kWh/m2) Building Area (m2) Energy (kWh) Accuracy (%)

PBM [8] MFH 75.14 861123.64 137344567 71.62SFH 60.79 1194889.74

MARL (Ours) MFH 89.3 861123.64 179539369 93.62SFH 85.9 1194889.74
MARL + DTP MFH 92.5 861123.64 183609344 95.74(Ours) SFH 87 1194889.74
Energy Consumption GT [27] 2056013.38 191779982 /

Energy Estimation Accuracy Boosted by Our Reconstruction Task 22.00 ↑
Our Downstream Task 2.12 ↑

Table 1. Experiment Results. We tried our method with single archetype generation for MFH and SFH in region Rncho Palos etc.

Region Energy Consumption PBM [8] MARL with Only MARL Restricted by
GT[27](kWh) (%) Reconstruction Task (%) DTP (%)

Rncho Palo etc. 191779982 71.62 90.36 18.74 ↑ 91.08 18.74 ↑ + 0.72 ↑
Long Beach etc. 104117941 73.10 98.96 25.86 ↑ 97.58 25.86 ↑ - 1.37 ↓
Manhattan Beach etc. 121545524 70.51 90.43 19.92 ↑ 92.88 19.92 ↑ + 2.45 ↑
SUM 417443447 71.66 92.52 20.86 ↑ 93.23 20.86 ↑ + 0.70 ↑

Table 2. Experiment Results on Multiple Regions. Our estimation compared with PBM using multiple archetypes.

To answer these two questions, we evaluated the perfor-
mance of our method with or without DTP in each of the
three neighborhoods of Los Angeles County as shown in
Figure 4: (b) Manhattan Beach, etc., (c) Rncho Palo, etc.,
and (e) Long Beach, etc. We input the archetype derived
from our method into the energy simulations and compare
the results to the one derived from the PBM [8].

As residential structures represent a significant portion
of energy consumption in densely populated urban zones,
our analysis concentrates on these residential areas, particu-
larly single-family housing (SFH) and multi-family housing
(MFH). We feed the data from residential buildings across
various regions into our trained encoder, thereby securing
the latent representation for each structure.

For each representative footprint within the clustered
building stock, we construct a building archetype for energy
estimation. We use the building height and footprint to re-
construct the building envelope. Other specifications, such
as the window-wall ratio and material are in alignment with
the PBM building archetype from zone 3C [8]. Following
the archetype construction, we perform energy simulation
under Los Angeles International Airport climate data as ex-
tracted from [1].

4.3.1 Single archetype

The archetypes provided by PBM only contains one each
for SFH and MFH [8]. So we first compute one center of
the latent vectors for SFH and one for MFH respectively
in Rncho Palos. Taking SFH as an example, when we ob-

tain the center of the latent vectors corresponding to all the
buildings in Rncho Palos, we input the nearest samples ad-
jacent to that center as archetype into the UBEM to obtain
the average energy consumption of that region. This aver-
age energy consumption is weighted and summed over the
building area to get the energy consumption of the whole
region.

Table 1 shows the result of this experiment. When there
is only the image reconstruction task, the UBEM accuracy
from our MARL-provided archetypes is 22 percent higher
than the one from PBM’s, and when the downstream tasks
is added during model training, our method is 24.12 percent
more accurate than the traditional method.

In the training of our model, our method is not super-
vised by the ground truth of energy consumption, and the
whole process is only supervised by the self-supervision
from the building footprints and the labeled supervision
from the building meta information. However, it can be
seen that when we consider the geometric features and ar-
chitectural attributes of local buildings in a certain region,
our method is able to learn more valuable representations
and produce more locally characterized archetypes, which
leads to more accurate simulation of building energy con-
sumption.

4.3.2 Multiple archetype

Based on our trained model, we use k-means clustering to
the dimensionally reduced latent space to find representa-
tive building footprints prevalent in the selected neighbor-
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and (e) Long Beach, etc. We input the archetype derived
from our method into the energy simulations and compare
the results to the one derived from the PBM [8].

As residential structures represent a significant portion
of energy consumption in densely populated urban zones,
our analysis concentrates on these residential areas, particu-
larly single-family housing (SFH) and multi-family housing
(MFH). We feed the data from residential buildings across
various regions into our trained encoder, thereby securing
the latent representation for each structure.

For each representative footprint within the clustered
building stock, we construct a building archetype for energy
estimation. We use the building height and footprint to re-
construct the building envelope. Other specifications, such
as the window-wall ratio and material are in alignment with
the PBM building archetype from zone 3C [8]. Following
the archetype construction, we perform energy simulation
under Los Angeles International Airport climate data as ex-
tracted from [1].

4.3.1 Single archetype

The archetypes provided by PBM only contains one each
for SFH and MFH [8]. So we first compute one center of
the latent vectors for SFH and one for MFH respectively
in Rncho Palos. Taking SFH as an example, when we ob-

tain the center of the latent vectors corresponding to all the
buildings in Rncho Palos, we input the nearest samples ad-
jacent to that center as archetype into the UBEM to obtain
the average energy consumption of that region. This aver-
age energy consumption is weighted and summed over the
building area to get the energy consumption of the whole
region.

Table 1 shows the result of this experiment. When there
is only the image reconstruction task, the UBEM accuracy
from our MARL-provided archetypes is 22 percent higher
than the one from PBM’s, and when the downstream tasks
is added during model training, our method is 24.12 percent
more accurate than the traditional method.

In the training of our model, our method is not super-
vised by the ground truth of energy consumption, and the
whole process is only supervised by the self-supervision
from the building footprints and the labeled supervision
from the building meta information. However, it can be
seen that when we consider the geometric features and ar-
chitectural attributes of local buildings in a certain region,
our method is able to learn more valuable representations
and produce more locally characterized archetypes, which
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Region GT[27] PBM [8] MARL+DTP (Ours)
(kWh) (kWh) (%) (kWh) (%)

Downey etc. 187349182 144685496 77.23 201129362 92.64 15.42 ↑
Santa Monica etc. 211891201 151819183 71.65 192191917 90.70 19.05 ↑
SUM 399240383 296504678 74.27 393321279 98.52 24.25 ↑

Table 3. Open Set Experiment Results. Energy consumption estimation in unseen regions.

Figure 6. Within-cluster sum of squares for k-means clustering on
latent space for different neighborhoods.

hoods. To evaluate the clustering results and determine
the optimal number of clusters, the within-cluster sum of
squares (WCSS) is used as an inertia measure. The selec-
tion of the optimal number of clusters necessitates a balance
between accurate representativeness and computational effi-
ciency, which arises due to the fact that each additional clus-
ter increases the computational demands during the subse-
quent energy simulation process. The specific composition
of building data in each region also influences the determi-
nation of the optimal number of clusters for each building
category. Despite these variations, in the study area, the op-

Figure 7. UMAP visualization of k-means clustering on latent
space of region (c) with corresponding cluster center

timal number of clusters was two for multi-family housing,
and four for single-family housing across all regions.

We designate the center of each cluster as the represen-
tative building for that particular group. An example of the
clustered latent space, along with the representative foot-
print, is displayed in Figure 7.

By clustering, we can get more detailed archetypes, such
as 4 archetypes for SFH and 2 for MFH. We further tried our
algorithm on three regions, Table 2 shows our results. The
archetypes derived from our algorithm still perform signif-
icantly better than the conventional archetype in terms of
accuracy on UBEM. And the downstream tasks’ restriction
further improves the performance of our model in general.

4.4. Open set

Energy modeling for all buildings in a region is costly,
not all regions have energy consumption data or simu-
lation for each building, and most regions can only use
one archetype for each building category [8], which is de-
signed at a country-wide scale. From this perspective,
our approach is valuable and efficient because it can pro-
vide locale-specific building types, and does not require all
building energy data as labels to oversee the entire model
training process. We can train on any piece of area as long
as GIS data is available.
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