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Introduction

DNN 1

DNN 2

DNN 𝑛

High memory usage!!

Expensive inference cost!!
Cons.

Strong predictive Performance

Ability to quantify uncertainty 
Pros.
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Introduction

• enables model compression while preserving 
the teacher’s performance.

• We view each (teacher) ensemble member as a realization of a stochastic 
process, particularly a 

• By estimating the and functions of this GP, we aim to 
distill the ensemble into a single, efficient student model.

𝑓 ∙ ∼ 𝒢𝒫 𝜇𝜃 ∙ , 𝛴𝜃 ∙,∙ , 𝛴𝜃 𝑥, 𝑥′ = 𝛷𝜃 𝑥 𝑇𝛷𝜃 𝑥′

𝑓 𝑥 = 𝜇𝜃 𝑥 + Φ𝜃 𝑥 𝑇𝑍, 𝑍 ∼ 𝒩𝑞 0, 𝐼𝑞 .

〈 Deep Latent Factor Model 〉



Overall Process

〈Teacher Ensemble Training 〉
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〈Knowledge Distillation to DLF architecture 〉

𝒬 𝜃 𝜃 𝑡−1 = 𝔼𝑧1:𝑛|𝑓1:𝑛,𝜃
(𝑡−1) ℓ𝑐𝑜𝑚(𝜃|𝑓1:𝑛, 𝑧1:𝑛)

∇𝜃 −𝒬 𝜃 𝜃 𝑡−1



Overall Process
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〈Inference on new data 〉
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〈Knowledge Distillation to DLF architecture 〉
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EM-algorithm

•

𝒬 𝜃 𝜃 𝑡−1 = 𝔼𝑧1:𝑛|𝑓1:𝑛,𝜃(𝑡−1) ℓ
𝑐𝑜𝑚(𝜃|𝑓1:𝑛, 𝑧1:𝑛)
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