[bookmark: _GoBack]Appendix A: Eigenvectors for each source and target wall type studied in section 5.
[bookmark: _Ref108623094][bookmark: _Ref108623088]Table 5. Eigenvectors for  
	
	Source (SSM)
0.2m, red brick
	Target (DMD)
0.2m, red brick
	Target (POD)
0.2m, red brick

	
	
	
	
	
	
	

	
	0.985
	0.172
	-0.837
	0.011
	-0.687
	-0.727

	
	-0.172
	0.985
	-0.419
	-0.106
	-0.727
	0.687



[bookmark: _Ref108623172]Table 6. Eigenvectors for  
	
	Source (SSM)
0.6m, red brick
	Target (DMD)
0.2m, red brick
	Target (POD)
0.2m, red brick

	
	
	
	
	
	
	

	
	0.998
	0.060
	-0.837
	0.011
	-0.687
	-0.727

	
	0.060
	0.998
	-0.419
	-0.106
	-0.727
	0.687



[bookmark: _Ref108623176]Table 7. Eigenvectors for  
	
	Source (SSM)
0.8m, red brick
	Target (DMD)
0.3m, concrete
	Target (POD)
0.3m, concrete

	
	
	
	
	
	
	

	
	0.999
	0.045
	-0.823
	-0.487
	-0.690
	-0.724

	
	-0.045
	0.999
	-0.025
	-0.192
	-0.724
	0.690



Appendix B: Plots for other forecast studies. 
Note that for the cross-domain generalisation scenarios in Figure 17 and Figure 12, we assume 3000 hours  of training data (vs 2000hours in previous studies) to demonstrate the effect of increased training data on the accuracy of longer-time forecast.
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[bookmark: _Ref108629824]Figure 11. Cross-domain generalization scenario: 0.6m wall SSM (source) to 0.2m wall data (target). The target subspace was derived via POD (orthogonal eigenvectors).
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[bookmark: _Ref108629827]Figure 12. Cross-domain generalization scenario: 0.6m wall SSM (source) to 0.2m wall data (target). The target subspace was derived via DMD (nonorthogonal eigenvectors).
Appendix C: Noisy target measurement data. 
We introduce noise sampled from a random distribution with a mean of 0.5 and a standard deviation of 0.9, to the measurement data from the scenario discussed in section 5.2. Figure 13 and Figure 14 demonstrate the subspace alignment results in the subspace-embedded and the lifted space, respectively. We can observe how the Physics-based SDA approach is able to learn a transformation between the source and a noise-filtered target signal that generalises successfully beyond measured timesteps. This is largely due to the SVD decomposition of the noisy signal when applying POD to the target data where the SVD acts as a noise filter (Epps & Krivitzky, 2019; Shin et al., 1999). 
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[bookmark: _Ref125540242]Figure 13. Alignment of source to noisy target signal in embedded space.
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[bookmark: _Ref125539699][bookmark: _Ref125539695]Figure 14. Alignment of source to noisy target signal in lifted space.
Appendix D: Phase portrait plots comparatives between state Physics-derived and data-derived state space geometric structures. Note the geometric similarity between the physics and data. 
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Figure 15. a) Physics-derived state space for 0.2m wall (orthogonal), b) Data-derived state space for 0.2m wall e via DMD (non-orthogonal). 
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Figure 16. a) Physics-derived state space for 0.6m wall (orthogonal), b) Data-derived state space for 0.2m wall via DMD (non-orthogonal). 
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[bookmark: _Ref108629963]Figure 17. a) Physics-derived state space for 0.2m wall (orthogonal), b) Data-derived state space for 0.9m wall via DMD (non-orthogonal). 
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