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3. Challenge with Gaussian Process Hyperparameters

Dual-objective control with unknown dynamics Model-based reinforcement learning solutions GP performance depends on well-tuned kemel hyperparameters, which is not data-efficient.

—" MBRL Agent ]—
Other appliances

50%

1
RBF kernel:  k(z,z') = Ogcale €Xp (—5(1 —2)'O %z - m')) parameter space scales
quadratically with feature

. | X x| x| L number.
Power Consumption : Sensor ‘\‘) Setpoint Ogp : {Bscare; © € R }, ¥ : input space

data decision
HVAC - 50%

Meta kernel learning
To automatically and effectively set kernel hyperparameters, we use meta learning to learn
kernel initialization from reference building data. This significantly improves data efficiency.
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2. Challenge and key solution idea dataset
Challenge: biased data distribution; dynamics model fails to generalize with out-of-distribution inputs. BuidingA ™ J
Key idea: instead of try to fit an accurate model, make the controller be aware about the uncertainty. L Model inputs 1. Fit GP k)
Solution: an epistemic uncertainty-aware control algorithm. " Building B . *; —>|  Fitted dynamics model
o Ground truth
. . BuildingC . " outputs
Uncertainty-aware control algorithm :
Gaussian Process + Model Predictive Control
The controller considers the uncertainty provided by the Gaussian Process dynamics model.
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" I Training data: e
g gomfort MBRL-SOTA: 1200 days target bldg.
CLUE (ours): 3*300 days reference bldg. + 7 days target bldg.
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Uncertainty Table 1: Comfort violation rate results.

Probability
(kWh) | Pittsburgh Tucson New York Avg.
[ 67\, ] Zone Rule-based {1263.3 | 467.0 582.9 772.1
! Similar energy savings
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- edye ] i | Pittsburgh Tucson New York Avg.
i [al] Prediction a' —argmaxz (r(argmax P(s'|s,a)) Rule-based 111 333 163 .203
: : uncertamhes +AE[|P(s'|s, a) — P(s[s, a)) MBRL-SOTA ||.098 332 141 190 12.07% less comfort
: [+ an--] i CLUE .089 304 .109 .167, violation.
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Modified MPC objective: St+1 femperature I MBRL-SOTA | 1117.9 388.3 8385 781.5 ; .
H with the previous SOTA
. : \ CLUE 11134.1 14375 851.8 807.8
a(")” = arg rg(a,)x Z 7 (r(ze) — Ao(z+)) Table 2: Energy savings results.

An et al. (2023). CLUE: Safe Model-based RL HVAC Control Using Epistemic Uncertainty Estimation. BuildSys’23 | Code+data available at https://aithub.com/ryeii/CLUE/ SenSys 2023, Istanbul, Turkey


https://github.com/ryeii/CLUE/

