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Occupant-centric HVAC control
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Traditional control driven by static schedules

10 hours of unnecessary cooling

Occupant-centric control

1 hour of pre-cooling



Lack of implementation

Slide 3

What facility managers care about [1]

• What’s the payback period?

• Is it easy to set up, with few additional 
requests?

• Does it offer robust control under all 
conditions?

V.S.

What research papers highlight

• X% higher predictive accuracy

• Y kWh energy saving based on 
simulation/experiments

• Z% reduction in data requirements/ 
computational costs



Overlooked Corner cases
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• Unseen, unexpected, or extreme situations that a system might 
encounter, potentially causing errors or failures in its operation 
(e.g. autonomous driving)

• For OCC, previous results focused on average KPI over a 
relatively long period

• More attention is needed for the robustness in unseen and
extreme scenarios (e.g. weather, occupant)



The role of thermal response models
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• A typical model-based predictive control approach

Occupancy
information

Outdoor
conditions

Room and
system status

…

Predicted temperature response in the
next control horizon given certain actions

Optimal dispatch of
heating/cooling power



• White-box models better describe the physics but usually less accurate

• Black-box models are more capable of fitting data but less reliable in extrapolation

• Hybrid models to combine the advantages of both sides

• Emerging trend of physics-informed
• Still based on data-driven models, but integrating physics-informed constraints

• More physics-consistent than black-box and easier to learn than white/gray-box

Black-box

• ANN

• Long Short-Term 
Memory (LSTM)

Physics-informed
learning

• Physics-informed
Neural Network (PiNN)

• Physics Consistent
Neural Network (PCNN)

Gray-box

• Resistor-capacitor (RC)

• calibration

White-box

• EnergyPlus

• Modelica

Physics-informed predictive models
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Research overview
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• Objectives
• How does the physics integration improve the robustness of predictive models?

• How does the change in predictive behavior impact the decision-making process?

• Research design
• Four models with incrementally added physics

• Three predictive tests using real-world data



LSTM -> PINN -> PCNN -> RC
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LSTM

PINN [2]

PCNN [3]

RC [4]

Increasing 
levels of physics



Data and testing cases
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• Inputs: current temperature, HVAC power, CO2, outdoor 
temperature, solar irradiance

• Training and first testing dataset from 2023 winter: standard 
operation with static operating schedules

• Second testing dataset from 2024 winter: occupant-centric 
control driven by class schedules1

[1] Data from November-December 2024 were collected from experiments conducted by You Lin, MIT LIDS.



24 hour open-loop prediction
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• Predictive accuracy at a glance



24 hour open-loop prediction
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• LSTM and PINN yielded comparable results in both tests



24 hour open-loop prediction
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• PCNN had slightly larger fitting error, performed similarly in standard tests, but significantly better in
extrapolation



24 hour open-loop prediction
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• RC model has too simplified model structure

• Minimized the predictive error with smoother
profiles

• Robustly captured the (slow) free-floating
temperature

• But couldn’t (quickly) respond to HVAC inputs and
disturbances



Input interpretation -> Physics consistency
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• LSTM overestimated the impact of slightly increased 
CO2 level

• Projected the room temperature to increase when it 
should decrease (0°C outside)

• PINN and PCNN with more physics gradually 
improved the situation

• Change in physics consistency not reflected in long-
term predictive errors



Challenges in extrapolation

Slide 15

• LSTM and PINN wrongly predicted abrupt changes, 
affected by irrelevant inputs

• PCNN and RC were more consistent

• The challenges came from the change in operational 
patterns rather than the temperature range



The corner case
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• Temperature spike caused by an unexpected large group 
around noon

• Thermal-response models are required to foresee the 
change in temperature given occupancy signals



The corner case
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• None of the model could capture the spike in 24-hour 
ahead predictions

• Many applications could be based on shorter prediction 
horizon -> 3-hour ahead prediction

• PCNN captured the spike with a closer starting point, 
which could inform control precaution



summary
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• Real-world implementation requires more attention for control robustness and corner cases

• Physics integration could improve model robustness, but requires careful balance between physical 
constraints and model expressiveness

• A models’ deficiency in extrapolation and corner cases could be disguised by lower errors in standard tests,
calling for more comprehensive evaluation framework

• Future work to quantitatively translate the predictive performance to control performance



Thank you!
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