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- Gaussian processes (GPs) are a mainstay of modern ML and
scientific computing

- GP inference requires solving the linear system (K+ A)w =y

- Algorithms for large-scale GP inference require trade-offs
between quality of inference, convergence speed, ease of setting
hyperparameters, and scalability

- Our solution: approximate, distributed, accelerated
sketch-and-project (ADASAP)
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ADASAP

Algorithm 1 ADASAP

Require: distribution of row indices D over [n]b, distribution over Nystrom sketching matrices DNy strém OVer ROXT, number of

iterations Tmax, initialization Wo € R”X”rhS,workers {Wq, ..., WN _}, acceleration parameters u, v

workers

# Initialize acceleration parameters

B+—1—/u/v, v« 1/y/pv, o+ 1/(1+~v)
Vo < Wp,Zp < Wy

fort =0,1,...,Tmax — 1do
# Step I: Compute matrix-matrix product Kz, Wy > Costs O(bnnyp g /N
Sample row indices B of size b from [n] according to D
KpnW; < ColDistMatMat(Wi, B, {Wq, ..., WnN

workers)

}

workers

# Step Il: Compute Nystrom sketch K332 > Costs O(rbz/N
sample @ € RPX" from DNystrém
KgpQ < RowDistMatMat(Q, B, {Wq, ..., Wy

workers)

1)

workers

# Step I1l: Compute Nystrom approximation and get stepsize > Costs O(b2 + brz)

U, S « RandNysAppx(KgpQ, 2, )

PR + usuT + (Srr 4+ N1 > Get preconditioner. Never explicitly formed!

np <+ GetStepsize(Pp,Kpp + Al)

# Step IV: Compute updates using acceleration > Costs O(brn
T p—1

Dt + IgPg (KpWe + AW — V)

Wii1, Vigrs Zegq < NestAce(We, Ve, Zy, Dy, mpg, B, v, o)

+nn

rhs rhs)

end for
return Wr > Approximate solution to Ky W = ¥
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ADASAP outperforms state-of-the-art on benchmarks

Table 1: RMSE and mean negative log-likelihood (NLL) obtained by ADASAP
and competitors on the test set.

Dataset yolanda song benzene malonaldehyde  acsincome  houseelec
n 3.60-10°  4.64-10°  5.65-10° 8.94 - 10° 1.50 - 10° 1.84 - 10°
ADASAP 0.795 0.752 0.012 0.015 0.789 0.027
w ADASAP-I 0.808 0.782 0.168 0.231 0.795 0.066
g SDD-1 0.833 0.808 0.265 0.270 0.801 0.268
+  SDD-10 0.801 0.767 0.112 Diverged 0.792 0.119
& SDD-100 Diverged Diverged Diverged Diverged Diverged Diverged
PCG 0.795 0.752 0.141 0.273 0.875 1.278
_,  ADASAP 1.179 1.121 -2.673 -2.259 1.229 -2.346
= ADASAP-I 1.196 1.170 -0.217 0.466 1.235 -2.185
S SDD-1 1.225 1.203 0.531 0.903 1.242 -0.281
% SDD-10 1.187 1.149 -0.762 Diverged 1.232 -1.804
iqnj SDD-100 Diverged Diverged Diverged Diverged Diverged Diverged
= PCG 1.179 1.121 -0.124 0.925 1316 2674

Pratik Rathore. Turbocharging Gaussian Process Inference. 3


mailto:pratikr@stanford.edu

ADASAP scales to 3 - 108 samples

taxi (n = 3.31 - 10%)

taxi (n = 3.31 - 10%)
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Figure 1: Results on huge-scale transportation data analysis (NYC taxi
dataset).
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Theoretical result

Corollary (Corollary 3.3 in paper) . ,
Suppose that the matrix K exhibits polynomial spectral decay, i.e.,

Ai(K) = ©(i=#) for some 3 > 1. Then for any ¢ € {1,...,n} and
€ (0,1), choosing block size b = 4¢ we can find M that with
probability at least 0.99 satisfies

[proj, (M) — proj,(ma)l3, < € lprojo(mn)ll3, in
6 (i oy {2 (14 £0LIENY g (V1)

- We analyze a simpler version of ADASAP to obtain a theoretical
result

- Takeaway: sketch-and-project can attain moderately accurate
estimates of the posterior mean with a rate that is independent
of the conditioning of K
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Conclusion

- ADASAP = Approximation + distribution + acceleration +
sketch-and-project

- ADASAP outperforms state-of-the-art methods for GP inference

- Empirical success of ADASAP is supported by theory: we show
that sketch-and-project rapidly converges to a moderately
accurate estimate of the posterior mean
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Thanks for listening!
Email: pratikr@stanford.edu
Paper: https://arxiv.org/abs/2505.13723

Pratik Rathore. Turbocharging Gaussian Process Inference.


mailto:pratikr@stanford.edu
https://arxiv.org/abs/2505.13723
mailto:pratikr@stanford.edu

