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S1. Detailed Mathematical Formulations
This section provides comprehensive mathematical formulations that are summarized in the main manuscript.
S1.1. Thermal Resistance-Capacitance Network
The building thermal model is formulated based on a fourth-order resistance-capacitance network. The system state equations are defined as follows:




where , , , and represent the thermal capacitances of the interior zone, interior wall, exterior wall, and roof, respectively. , , , , and denote the corresponding thermal resistances. represents the HVAC thermal load, denotes internal heat gains, and , , and represent solar radiation loads incident on each node.
S1.2. COP Degradation Model Under Dust Conditions
The coefficient of performance degradation model under dust storm conditions is formulated as:



where denotes the nominal coefficient of performance, represents the temperature correction factor with parameters and at reference temperature , and represents the dust correction factor with and at reference concentration . denotes the equipment degradation factor with a default value of 0.95 for five-year-old systems.
S1.3. Multi-Objective Reward Function
The multi-objective reward function for the deep reinforcement learning agent is defined as:





where , , , and represent the weights for each component. denotes the comfort deadband, represents the maximum allowable deviation, denotes the peak load threshold, and represents the pre-cooling target temperature. is the indicator function for the storm pre-cooling period, and represents the pre-cooling penalty amplification factor.
S1.4. GNN Message Passing Formulation
The message passing mechanism in the graph neural network is formulated as:




where represents the feature vector of node at layer , denotes the edge feature between nodes and , represents the neighbor set of node , and denote edge and node functions parameterized by neural networks, represents attention coefficients, denotes the weight matrix, and represents the attention vector.
S2. Digital Twin Model Specifications and Calibration
	Table S1. Digital Twin Calibration Parameters and Validation Metrics

	Parameter
	Residential
	Commercial
	Unit
	Calibration Method

	(Zone Thermal Capacitance)
	2.8
	8.5
	MJ/°C
	Bayesian Optimization

	(Interior Wall Capacitance)
	1.4
	3.2
	MJ/°C
	Bayesian Optimization

	(Exterior Wall Capacitance)
	3.1
	6.8
	MJ/°C
	Bayesian Optimization

	(Roof Capacitance)
	1.9
	4.1
	MJ/°C
	Bayesian Optimization

	(Interior Surface Resistance)
	0.12
	0.08
	°C/W
	In-situ Measurement

	(Wall Core Resistance)
	0.45
	0.38
	°C/W
	In-situ Measurement

	(Exterior Surface Resistance)
	0.06
	0.05
	°C/W
	Empirical Correlation

	(Roof Resistance)
	0.52
	0.41
	°C/W
	In-situ Measurement

	RMSE (Validation)
	0.55
	0.66
	°C
	30-day Holdout Test

	(Validation)
	0.941
	0.928
	—
	30-day Holdout Test

	CVRMSE
	4.2
	5.1
	%
	ASHRAE Guideline 14

	Calibration Data Period
	90
	90
	days
	—

	Number of Calibration Parameters
	14
	18
	—
	—

	Bayesian Optimization Iterations
	500
	500
	—
	Expected Improvement


S3. Graph Neural Network Architecture Details
	Table S2. GNN Architecture Specifications

	Component
	Specification
	Notes

	Architecture Type
	Graph Attention Network (GAT)
	Multi-head attention mechanism

	Number of GNN Layers
	3
	With residual connections

	Hidden Dimension
	128
	Per layer

	Attention Heads
	4
	Concatenated in layers 1-2, averaged in layer 3

	Node Feature Dimension (Input)
	23
	Per building

	Edge Feature Dimension
	5
	Distance, orientation, type similarity, thermal correlation, shared infrastructure

	Node Feature Components
	, , , , , , , , , , , , , , , , , , , , , , 
	23 features total

	Activation Function
	ELU
	Between layers

	Dropout Rate
	0.1
	Applied after attention

	Layer Normalization
	Applied
	After each GNN layer

	Graph Construction
	k-NN with k=5
	Based on physical proximity

	Maximum Graph Radius
	500 m
	Euclidean distance threshold

	Attention Temperature
	0.1
	Sharpening factor

	Output Embedding Dimension
	64
	Fed to policy and value heads


S4. Deep Reinforcement Learning Hyperparameters and Training
	Table S3. DRL Training Configuration and Hyperparameters

	Hyperparameter
	Value
	Selection Method

	Algorithm
	SAC (Soft Actor-Critic)
	Comparative evaluation

	Discount Factor ()
	0.99
	Standard for long-horizon tasks

	Learning Rate (Actor)
	
	Grid search

	Learning Rate (Critic)
	
	Grid search

	Learning Rate (Temperature )
	
	Automatic tuning

	Batch Size
	256
	Memory-performance tradeoff

	Replay Buffer Size
	
	Per agent

	Target Network Update ()
	0.005
	Soft update

	Initial Temperature ()
	0.2
	Auto-tuned

	Actor Network
	[256, 256, 128]
	MLP layers after GNN embedding

	Critic Network
	[256, 256, 128]
	Twin Q-networks

	Action Dimension
	3
	, fan speed, mode

	Action Range ()
	[20, 28] °C
	Comfort-constrained

	State Dimension (per agent)
	23 + 64 (GNN) = 87
	Local observation + GNN embedding

	Training Episodes
	5000
	Convergence criterion

	Steps per Episode
	288
	24 hours at 5-minute intervals

	Warm-up Steps
	10000
	Random exploration

	Gradient Clipping
	1.0
	Maximum norm

	Reward Normalization
	Running mean/std
	Updated online

	Exploration Noise
	Entropy-based (SAC)
	Automatic

	Convergence Criterion
	< 1% reward change over 100 episodes
	Early stopping

	Training Wall-Clock Time
	18.5 hours
	8-building configuration


S5. Dust Storm Forecasting Module
	Table S4. Dust Storm Forecasting Module Specifications

	Component
	Specification
	Details

	Forecasting Architecture
	Hybrid CNN-LSTM
	Two-stage pipeline

	CNN Component
	ResNet-18 backbone
	Pre-trained on satellite imagery

	CNN Input
	satellite patches
	MODIS AOD products, 15-minute update

	LSTM Hidden Units
	128
	2-layer stacked

	LSTM Input Sequence
	24 time steps
	6-hour lookback at 15-minute intervals

	LSTM Features
	, visibility, wind speed, wind direction, pressure, humidity, AOD
	7 features per time step

	Fusion Layer
	Fully connected [256, 128, 64]
	CNN + LSTM concatenation

	Output Heads
	Storm probability, ETA, expected duration, peak 
	4 outputs

	Storm Probability Threshold
	0.65
	For pre-cooling activation

	Training Data
	3 years historical
	47 confirmed dust events

	Validation Approach
	Leave-one-storm-out
	Cross-validation

	Onset Detection Accuracy
	91.3%
	At 2-hour lead time

	ETA Mean Absolute Error
	18 min
	For confirmed events

	Duration Prediction RMSE
	42 min
	For events exceeding 2 hours

	Peak Prediction MAPE
	15.7%
	Relative error

	False Positive Rate
	8.7%
	At 0.65 threshold

	Pre-cooling Lead Time
	2.0 to 2.5 hours
	Adaptive based on building thermal mass


S6. Climate Data Analysis
	Table S5. Climate Conditions and Environmental Statistics

	Parameter
	Summer Mean
	Summer Peak
	Dust Storm Mean
	Dust Storm Peak
	Transition Period
	Unit

	Outdoor Temperature
	44.2
	51.8
	46.1
	52.3
	35.2 (evening low)
	°C

	Relative Humidity
	18.5
	42.0
	12.3
	8.5
	28.6
	%

	Solar Radiation
	892
	1,080
	340
	120
	0 (night)
	W/m²

	Wind Speed
	3.8
	12.5
	14.2
	28.6
	4.1
	m/s

	Concentration
	185
	420
	1,850
	4,200
	165
	

	Diurnal Temperature Range
	16.0
	19.5
	11.2
	14.0
	16.0
	°C

	Dust Events (Annual)
	—
	—
	23.4
	—
	—
	events/year

	Mean Dust Event Duration
	—
	—
	4.8
	14.2
	—
	hours

	Cooling Degree Days (Annual)
	3,847
	—
	—
	—
	—
	°C·day

	Prevailing Wind Direction
	NW (315°)
	—
	NW-W (290°-320°)
	—
	Variable
	degrees

	Sky Clearness Index
	0.72
	0.81
	0.25
	0.08
	0.68
	—

	Atmospheric Pressure
	1008.2
	1015.0
	1003.5
	998.0
	1009.0
	hPa


S7. Building Characteristics and Instrumentation
	Table S6. Building Portfolio Specifications and Sensor Deployment

	Characteristic
	Residential (6 units)
	Commercial (3 units)
	Unit

	Floor Area (mean ± std)
	285 ± 62
	1,450 ± 380
	m²

	Number of Floors
	2 to 3
	4 to 8
	—

	Construction Year
	2008 to 2016
	2012 to 2019
	—

	Wall U-value
	0.42 ± 0.08
	0.35 ± 0.05
	W/m²·°C

	Roof U-value
	0.38 ± 0.06
	0.30 ± 0.04
	W/m²·°C

	Window-to-Wall Ratio
	0.25 ± 0.05
	0.40 ± 0.08
	—

	Window U-value
	2.4 ± 0.3
	1.8 ± 0.2
	W/m²·°C

	SHGC (Solar Heat Gain Coefficient)
	0.35 ± 0.05
	0.25 ± 0.03
	—

	HVAC Type
	Split/Multi-split
	Centralized VAV
	—

	Nominal Cooling Capacity
	14.0 ± 3.5
	120 ± 35
	kW

	Nominal COP
	3.2 ± 0.3
	4.1 ± 0.4
	—

	HVAC Capacity per Volume
	18.5
	42.8
	W/m³

	Temperature Sensors per Building
	6 ± 2
	18 ± 5
	—

	Power Meters per Building
	2
	5
	—

	Occupancy Sensors per Building
	3 ± 1
	8 ± 2
	PIR + CO₂

	Sensors
	1 (shared outdoor)
	1 (shared outdoor)
	per cluster

	Weather Station
	1 (shared)
	1 (shared)
	per deployment

	Data Acquisition Interval
	5
	5
	minutes

	Communication Protocol
	MQTT over Wi-Fi
	BACnet/IP
	—

	Edge Computing Device
	NVIDIA Jetson Nano
	NVIDIA Jetson Xavier NX
	—


S8. Extended Validation Results
	Table S7. Comprehensive Performance Comparison Across Methods and Conditions

	Metric
	Proposed Framework
	MPC
	RBC (Optimized)
	Default Schedule
	Condition

	Energy Savings (%)
	38.7
	24.1
	12.3
	Baseline
	Normal Summer

	Energy Savings (%)
	41.8
	26.8
	14.1
	Baseline
	Normal (Commercial)

	Energy Savings (%)
	36.5
	22.3
	11.0
	Baseline
	Normal (Residential)

	Energy Savings (%)
	45.3
	28.9
	8.7
	Baseline
	Dust Storm

	Energy Savings (%)
	44.2
	27.5
	9.2
	Baseline
	Dust Storm (Residential)

	Energy Savings (%)
	46.8
	30.8
	7.9
	Baseline
	Dust Storm (Commercial)

	Comfort Compliance (%)
	98.2
	97.8
	94.5
	91.2
	Normal Summer

	Comfort Compliance (%)
	96.7
	95.1
	88.3
	82.6
	Dust Storm

	Peak Load Reduction (%)
	22.4
	15.6
	8.9
	Baseline
	Normal Summer

	Peak Load Reduction (%)
	31.2
	18.3
	5.2
	Baseline
	Dust Storm

	Mean Temperature Deviation
	0.31
	0.38
	0.82
	1.15
	°C (Normal)

	Mean Temperature Deviation
	0.48
	0.65
	1.45
	2.10
	°C (Dust Storm)

	Max Temperature Excursion
	1.8
	2.3
	3.8
	5.2
	°C (Dust Storm)

	Recovery Time After Storm
	23
	38
	67
	95
	minutes

	Pre-cooling Energy Overhead
	8.2
	12.5
	N/A
	N/A
	% of daily consumption

	Coordination Benefit (GNN)
	9.8
	N/A
	N/A
	N/A
	% additional savings


S9. Transfer Learning Analysis
	Table S8. Transfer Learning Performance and Convergence Analysis

	Transfer Scenario
	Convergence Speedup
	Final Performance Gap
	KL Divergence (Temperature)
	KL Divergence (Occupancy)
	Shared Encoder Layers Frozen
	Fine-tuning Episodes

	Residential → Commercial
	38% faster
	1.2% lower
	0.31
	0.52
	GNN layers 1-2
	1,850

	Commercial → Residential
	29% faster
	2.1% lower
	0.31
	0.52
	GNN layers 1-2
	2,200

	Old Residential → New Residential
	52% faster
	0.4% lower
	0.18
	0.21
	GNN layers 1-3
	1,100

	Small Commercial → Large Commercial
	41% faster
	1.5% lower
	0.24
	0.15
	GNN layers 1-2
	1,500

	8-building → 50-building
	45% faster
	0.8% lower
	0.22
	0.31
	Full GNN encoder
	2,800

	8-building → 150-building
	43% faster
	1.1% lower
	0.25
	0.34
	Full GNN encoder
	3,200

	Summer → Shoulder Season
	33% faster
	3.2% lower
	0.45
	0.38
	GNN layer 1 only
	2,600

	Without Transfer (Baseline)
	—
	Reference
	—
	—
	None
	


S10. Computational Infrastructure and Deployment
	Table S9. Computational Infrastructure Specifications

	Component
	Training Phase
	Deployment Phase (Edge)
	Deployment Phase (Cloud)

	Hardware
	NVIDIA A100 (80GB) × 2
	NVIDIA Jetson Nano/Xavier NX
	AWS EC2 g4dn.xlarge

	CPU
	AMD EPYC 7763 (64-core)
	ARM Cortex-A57 (Nano) / Carmel (Xavier)
	4 vCPUs

	RAM
	512 GB
	4 GB (Nano) / 8 GB (Xavier)
	16 GB

	Storage
	2 TB NVMe SSD
	64 GB microSD
	125 GB SSD

	Framework
	PyTorch 2.1 + PyG 2.4
	PyTorch Mobile + TensorRT
	PyTorch 2.1

	Inference Latency
	N/A
	145 ms (Nano) / 82 ms (Xavier)
	35 ms

	Control Cycle
	N/A
	5 minutes
	5 minutes (backup)

	Power Consumption
	600 W (total system)
	10 W (Nano) / 15 W (Xavier)
	N/A

	Network Requirement
	N/A
	Wi-Fi / Ethernet (< 1 Mbps)
	Internet (< 5 Mbps)

	Model Size (compressed)
	N/A
	12.4 MB (per agent)
	18.7 MB (full)

	OS
	Ubuntu 22.04
	JetPack 5.1 (L4T)
	Amazon Linux 2

	Training Time (8 buildings)
	18.5 hours
	N/A
	N/A

	Training Time (150 buildings)
	72 hours
	N/A
	N/A

	Failover Mechanism
	N/A
	Local rule-based fallback
	Cloud-to-edge sync


S11. Economic Analysis Details
	Cost/Benefit Item
	Residential (per unit)
	Commercial (per unit)
	Unit
	Notes

	Edge Computing Hardware
	450
	850
	USD
	Jetson Nano vs Xavier NX

	Temperature and Environmental Sensors
	360
	1,080
	USD
	6 vs 18 sensors at 60 USD each

	Power Meters
	300
	750
	USD
	2 vs 5 meters at 150 USD each

	Occupancy Sensors (PIR + CO₂)
	270
	720
	USD
	3 vs 8 sensors at 90 USD each

	Installation Labor
	800
	2,200
	USD
	Wiring, mounting, physical setup

	Commissioning and Testing Labor
	250
	400
	USD
	System startup, control verification

	Shared Instrumentation Allocation
	210
	260
	USD
	Prorated weather station and PM10 monitor

	Cybersecurity Setup and First-Year License
	190
	280
	USD
	Encryption, authentication configuration

	Software License (first year)
	120
	350
	USD
	Cloud services and updates

	Cloud Computing Infrastructure Setup
	260
	340
	USD
	First-year hosting, prorated

	HVAC Interface Retrofit (portfolio average)
	750
	400
	USD
	Averaged across legacy and modern units

	Digital Twin Calibration and Control Engineering
	3,460
	1,700
	USD
	One-time, Bayesian calibration and MCMC engineering effort

	Contingency and Project Management (approx. 10%)
	780
	470
	USD
	—

	Total Deployment Cost (fully loaded)
	8,200
	9,800
	USD
	Matches portfolio-average investment in Table 3

	Annual Energy Savings
	3,520
	6,340
	USD
	Matches Table 3

	Annual Maintenance Cost
	340
	620
	USD
	Includes prorated edge-device depreciation

	Net Annual Benefit
	3,180
	5,720
	USD
	Savings minus maintenance and license

	Simple Payback Period
	27.9
	18.5
	months
	Matches Table 3

	Payback with Demand Response
	21.2
	14.8
	months
	15-25% additional revenue, not included in main text figures

	5-Year ROI
	115%
	224%
	%
	Matches Table 3

	Cost Reduction at 150 buildings
	21.7%
	21.7%
	%
	Driven primarily by amortization of digital twin engineering effort


S12. Sensitivity Analysis
	Table S11. Sensitivity Analysis of Key Parameters on Framework Performance

	Parameter Varied
	Range Tested
	Energy Savings Impact
	Comfort Compliance Impact
	Key Finding

	Reward Weight (energy)
	0.20 to 0.60
	±6.2%
	∓4.8%
	Optimal at 0.40; higher values degrade comfort

	Reward Weight (comfort)
	0.15 to 0.55
	∓5.1%
	±3.5%
	Optimal at 0.35; diminishing returns above 0.45

	Control Interval
	5 to 30 min
	−0% to −11.3%
	−0% to −5.2%
	15-minute interval loses approximately 8% savings

	GNN Neighbor Count (k)
	2 to 10
	±3.4%
	±0.8%
	Saturates at k=5; k=3 loses 2.1% coordination benefit

	Forecast Lead Time
	1 to 4 hours
	±4.7%
	±1.2%
	Optimal at 2-2.5 hours; longer leads waste energy

	Thermal Mass Uncertainty
	±30%
	∓2.8%
	±1.5%
	Robust to moderate calibration errors

	COP Degradation Model Error
	±20%
	∓3.2%
	±0.6%
	Pre-cooling strategy adapts automatically

	Occupancy Prediction Accuracy
	70% to 95%
	±5.8%
	±3.1%
	Current 89% accuracy near optimal tradeoff

	Electricity Tariff
	0.02 to 0.08 USD/kWh
	Linear scaling
	No impact
	Economic viability scales proportionally

	Building Network Size
	8 to 150
	+0% to +3.4%
	±0.3%
	Coordination benefit saturates beyond 50-75 buildings

	Dust Storm Frequency
	10 to 40 events/year
	±2.1%
	±1.8%
	Framework adapts to varying storm patterns

	Pre-cooling Temperature Target
	21 to 23°C
	±1.9%
	±2.4%
	22°C optimal for most building types


S13. Building-Level Savings Distribution and Confidence Intervals
Table S13 reports individual building-level energy savings relative to conventional control, with 95% confidence intervals obtained through building-level bootstrap resampling with 1000 iterations, as referenced in Section 2.10.
	Table S13. Building-Level Energy Savings with 95% Confidence Intervals

	Building ID
	Energy Savings (%)
	95% CI Lower
	95% CI Upper

	RB-01
	34.2
	30.1
	38.3

	RB-02
	33.8
	29.5
	38.1

	RB-03
	38.9
	34.7
	43.1

	RB-04
	40.1
	35.8
	44.4

	RB-05
	35.6
	31.2
	40.0

	RB-06
	36.4
	32.0
	40.8

	CB-01
	43.5
	39.0
	48.0

	CB-02
	40.1
	35.6
	44.6

	Residential Mean
	36.5
	33.1
	39.9

	Commercial Mean
	41.8
	37.4
	46.2

	Portfolio Weighted Mean
	37.8
	35.9
	39.7



S14. Community-Scale Simulation Methodology
This section documents the procedure used to generate the 150-building synthetic community referenced in Section 2.11 and Section 3.7 of the main text. All results derived from this procedure are simulation-based and were not obtained through additional field deployment.
Building-level parameters for the synthetic community were drawn from probability distributions fitted to the eight calibrated field buildings rather than sampled directly from the field dataset, so as to generate a larger and more varied population while preserving the statistical structure observed on site. Floor area was sampled from a truncated normal distribution fitted separately for residential and commercial archetypes, using the field-observed means and standard deviations reported in Table 1 of the main text, bounded at plus or minus 40% of the observed range to avoid unrealistic outliers. Insulation R-value was sampled from a uniform distribution spanning the field-observed range of 2.0 to 3.8 m²·K/W for residential buildings and 2.0 to 3.5 m²·K/W for commercial buildings, the latter widened slightly beyond the two monitored facilities to reflect plausible regional variation. HVAC coefficient of performance was sampled from a truncated normal distribution centered on the field-observed mean, reproducing the observed range of 2.7 to 3.6. Window-to-wall ratio was assigned using typical regional construction values of 15 to 25% for residential units and 25 to 40% for commercial units, based on regional building code guidance. Construction vintage was sampled uniformly across the 2005 to 2020 range.
The synthetic community preserved a 4:1 ratio of residential to commercial buildings, yielding 120 residential and 30 commercial buildings for the 150-building case, and proportionally scaled populations for the 30, 75, and 150-building steps reported in Table 4 of the main text. The matched homogeneous residential-only community used for comparison in Section 3.7 was generated using the identical procedure restricted to residential parameter distributions, producing a 150-building population with no commercial nodes and a corrected projected saving of 37.9%, as reported in the response to Reviewer 1, Comment 15.
Buildings were placed on a synthetic grid using inter-building spacing values sampled from the range of centroid distances measured across the eight field buildings, reported in Table 8 of the main text, approximately 15 to 85 meters. Graph edges for the synthetic community followed the same four relationship types defined in Section 2.5.1, applied to the larger synthetic node set. The GNN and DRL components were initialized from the weights obtained through field training on the eight-building cluster and further trained on the synthetic environment for 500,000 timesteps prior to evaluation, using the same PPO hyperparameters and reward structure described in Sections 2.6 and 2.7.
This procedure carries forward the calibration accuracy and modeling assumptions established for the eight field buildings but does not independently validate performance for building types, envelope characteristics, or climate microzones outside the range represented in the original field cluster. Practical deployment factors, including communication network reliability across a substantially larger number of edge devices, field commissioning and maintenance workload, and possible degradation in multi-agent coordination as graph size grows, were not modeled and are not reflected in the reported figures.
S15. Monte Carlo Uncertainty Propagation Analysis
Table S15 summarizes the Monte Carlo uncertainty propagation analysis referenced in Section 2.10 of the main text. Ten thousand samples were drawn jointly from the accuracy specifications of the deployed sensors, the occupancy estimation error distribution characterized in Section 2.3, and the posterior parameter distributions obtained from the Bayesian digital twin calibration described in Section 2.4.7, and propagated through the reported energy savings calculation.
	Table S15. Contribution of Uncertainty Sources to Propagated Energy Savings Interval

	Uncertainty Source
	Input Range Sampled
	Approximate Contribution to Output Variance (%)

	Power meter and temperature sensor accuracy
	Per Section 2.3 specifications
	18

	Occupancy estimation error
	±15% occupancy count, per Section 2.3 validation
	34

	Digital twin calibration parameter posterior
	Per Section 2.4.7 MCMC posteriors
	48

	Combined propagated 90% CI for overall energy savings
	—
	35.3% to 40.1%
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