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Building performance gap

De Wilde, P. Autom. Constr. 41, 40–49 (2014).

Actual building performance deviate 
from prediction results

Design - simplified model, unrealistic 
assumptions

Construction - built quality quality, 
human-driven commissioning

Operation - untracked settings, human 
behavior, system aging
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Calibration - matching model to reality

Drawings

Submittals

Energy bill

Operational data

…
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Typical workflow of automated calibration

Ground truth of model output(s)

Model parametersModel outputs

Disturbances Model inputs 

Model 
establishment

Data 
collection

Parameter 
estimation

Model 
evaluation

Application 



Massachusetts Institute of Technology 6

Energy model calibration for building retrofit

Zhan, S. et al. Build. Simul. 18, 123–140 (2025).
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Ground truth of model output(s)

Model parametersModel outputs

Disturbances Model inputs 

Manual (bottom-up)

Automated (top-down)
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More up-to-date operational parameters

More 
detailed 
building 
geometry

All base models achieved satisfactory accuracy after optimization
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Models with similar accuracy could
have distinct results

A good-enough base model is 
essential

The key to informed decision-making
is a good estimate of the relevant
parameter

ECM evaluation using calibrated models
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Resistor-capacitor model identification for optimal control

Zhan, S. et al. Appl. Energy 323, 119580 (2022).
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Simulation experiments to link prediction and control
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Simulation experiments to link prediction and control

• Lower prediction error means better control 

for simple dynamics

• For complex buildings, more data only led to 

lower predictive errors 

• Better control requires physically-

representative models
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Key takeaways

From chasing lower error to decision-oriented calibration.

Data is like minerals, everywhere but few are useful. You need to know where to drill.

Model calibration

Data acquisition

Energy saving

Carbon reduction

Thermal comfort

Productivity

…
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Model calibration meets AI/ML
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Accommodate personal preferences through RL

Open plan shared office in a 
net zero building

Hybrid cooling to saving 
energy

Diversified thermal comfort 
-> Multiple control actions  

Lei, Y. et al. Appl. Energy 324, 114920 (2022).
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Calibrated high-fidelity model 
for RL training

Few-shot learning after online 
deployment
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10% better individual thermal 
sensation

14% cooling energy reduction
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How to accelerate a target calibration task by learning 

from related but not identical tasks?

Zhan, S. et al. Energy Build. 270, 112278 (2022).
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Training data 
storage

𝜽𝟏 𝜽𝟐   …  𝜽𝒎 J

1 𝜃1,1 𝜃2,1  …  𝜃𝑚,1 𝐽1

2 𝜃1,2 𝜃2,2  …  𝜃𝑚,2 𝐽2

… … …

n 𝜃1,𝑛 𝜃2,𝑛  …  𝜃𝑚,𝑛 𝐽𝑛

Source task data archived in the 
cloud: training set

Meta-
ANP-BO

Previously unseen building data and model: 
target tasks

Previous calibration runs: 
source tasks

Meta-train

Data-driven 
initialization

Calibration by Vanilla-
Bayesian Optimization 
with Gaussian Process

Data-efficient learning

• Meta-learn the governing 
equations from a group of 
similar buildings

• Fastened target task with 
limited data

• 50% reduction in 
computational costs
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Sustainable Intelligence Nexus Lab @ HKU

Fully-funded PhD students
- 2026 Fall
- 2027 Spring/Fall

Postdoc
- Sustainable data center
- Energy audit intelligence
- Other topics

https://jamescheng21.github.io/
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Questions?

szhan@mit.edu

Sicheng Zhan
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