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Introduction

• Gaussian Processes (GP) are a principled and flexible probabilistic framework for 
learning unknown functions.

• Multi-Output Gaussian Processes (MOGP) extend this idea from one function to 
multiple correlated output functions, modelling not only input-dependent variation but 
also dependencies across outputs. 
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Challenges

§ Many real-world dataset have many correlated outputs:
• Climate: thousands of spatial locations;
• Spatial Transcriptomics: thousands of genes;

§ Inference and learning is 𝑶(𝑵𝟑𝑷𝟑), poor scalability when 𝑃 is large. 



Bruinsma, W., Perim, E., Tebbutt, W., Hosking, S., Solin, A., and Turner, R., Scalable exact inference in multi-output Gaussian processes, ICML 2020
Li, S., Xing, W., Kirby, R. M., and Zhe, S., Scalable Gaussian process regression networks, IJCAI 2020
Jiang, X., Georgaka, S., Rattray, M., and Álvarez, M., Scalable multi-output Gaussian processes with stochastic variational inference, TMLR 2025 4

Motivation

• Existing MOGPs reply on structural assumptions for scaling up to large output space.
• Low rank: OILMM [Bruinsma et al., 2020]
• Grid observations: SGPRN [Li et al., 2020]
• Sum-of-separable: LMC [Van der Wilk et al., 2020], GS-LVMOGP [Jiang et al., 2025]

• Scalability techniques have been well studied in single-output GP literature.

💡 Propose a multi-output deep kernel without imposing explicit restrictive assumptions. 
💡 Reformulates MOGPs as scalar GPs defined on a learned embedding space.
💡 Typical scalable GP techniques can be seamlessly reused to improve the scalability with 
respect to the number of outputs.



5

Our method: Key Idea

Ø In LVMOGP [Dai et al., 2017], a latent variable is assigned to each output, 
functioning as a “representation” for the output function. 

Ø Building on LVMOGP, we learn an embedding space (through a trainable 
function Φ") where a standard scalar GP kernel can capture flexible cross-output 
dependencies. 

Dai, Z., Álvarez, M., and Lawrence, N, Efficient modeling of latent information in supervised learning using Gaussian processes, NeurIPS 2017
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Our method: T-LVMOGP

• SVGP with mini-batch training, inducing points      
are placed in the embedding space. 

• Lipschitz neural network.
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Lipschitz Neural Network

• To alleviate the overfitting issue of 
deep kernel: spectral normalisation, 
residual connection.

• By setting a proper SN-UB, this neural 
network is Lipschitz continuous.
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Experiments: EEG
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Experiments: SARCOS
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Experiments: ERA5
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Experiments: CM and ST
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Experiments: Ablation study and tighter variational bounds 



• Flexible multi-output deep kernels that scale MOGPs to high-dimensional outputs.

• A generalisation of GS-LVMOGP, but without explicit restrictive structural assumptions. 

• Stochastic Variational Inference procedure within the SVGP framework, mini-batch 
training over both inputs and outputs.

• Naturally accommodates non-Gaussian likelihoods and tighter variational bounds.

• The code is open-sourced: https://github.com/XiaoyuJiang17/T-LVMOGP-official
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Conclusion

https://github.com/XiaoyuJiang17/T-LVMOGP-official
https://github.com/XiaoyuJiang17/T-LVMOGP-official
https://github.com/XiaoyuJiang17/T-LVMOGP-official
https://github.com/XiaoyuJiang17/T-LVMOGP-official
https://github.com/XiaoyuJiang17/T-LVMOGP-official

