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Our method: Bias elimination via randomized truncation
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RR-CG achieves superior loss values

state-of-the-art performance on large-scale datasets with  computation𝒪(N2)



SS-RFF achieves superior loss values

slow convergence on large-scale datasets due to auxiliary variance



What did we discover?

https://github.com/cunningham-lab/RTGPS 

proving systematic 
biases in scalable GPs 

novel method to 
eliminate the biases via 
randomized truncations


