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GPs are Everywhere!

» Gaussian processes (GPs) are widely used in science and engineering.

(a) Climate modeling (b) Wireless traffic (c) Motion planning

2/14



The Kernel Design Problem

» The representation power of a GP relies on the kernel function.

» Manual kernel design is subjective and not scalable.
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The Journey of Kernel Design

Manual kernel design Structural kernel search
Relies on human intervention Search for the best kernel over the
and subjective expertise space of kernels
1 — — 4 >
Multiple kernel learning Spectral kernel learning
Learn a weighted combination Approximate the spectral
of kernels from data density of the underlying kernel
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The Curse of Dimensionality

» Existing GSM kernels don't scale to high dimensions: number of parameters grows

exponentially.
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Grid Spectral Mixture Product (GSMP) Kernel

» Idea: Product of 1D sub-kernels, scalable, linear in parameters.
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Properties of GSMP Kernel

» Fewer parameters needed for high-dimensional data.
» Sparse solutions: Only significant sub-kernels are used.

» Interpretability and generalization improved.
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GSMP vs GSM: Visual Comparison
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Efficient Learning Framework: SLIM-KL

» SLIM-KL: Sparse Linear Multiple Kernel Learning framework.
» Distributed, quantized ADMM + DSCA for scalable, privacy-preserving learning.
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Algorithmic Details Theoretical Guarantees

» Distributed optimization: Each agent solves local problem, consensus via quantized ADMM.

» Theoretical guarantees: Convergence, scalability, privacy.
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Experimental Setup

» Diverse real-world datasets: 1D, multi-D, large-scale.

» Metrics: Prediction MSE, sparsity, scalability.

Dataset ECG CO2 Unemp. ALE CCCP Toxicity Concrete Wine

Train Size 680 481 380 80 1000 436 824 1279
Test Size 20 20 20 20 250 110 206 320
Dim 1 1 1 4 4 8 8 11

11/14



Prediction Performance

» GSMPGP consistently outperforms baselines in MSE and sparsity.
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Scalability Communication Efficiency
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Practical Impact: Long Time Series Forecasting

» GSMPGP achieves SOTA or near-SOTA results on real-world forecasting tasks.

Dataset GSMPGP  PatchTST SegRNN MICN TiDE
ETThl 0.431 0.447 0.434 0.770 0.454
ETTh2 0.382 0.379 0.394 0.956 0.419
ETTml 0.407 0.416 0.410 0.481 0.413
ETTm?2 0.341 0.362 0.330 0502 0.352
Weather 0.313 0.314 0.310 0.311 0.313
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