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•Motivations & Challenges

− Performance improvement leads to heavy autoencoders

− Heavy autoencoders require high computing powers
→ Cannot be implemented into power-limited devices

•Objective: Design lightweight autoencoder while maintaining performance

Introduction

Proposed Algorithm : SHAP-SAE

Conclusions

•Dataset

•Explainability
− Impact of UIs on latent vector 𝐳

− 𝑣̅ହ
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▸ 𝒙ହ, 𝒙଺: Include information 
of 𝒙ଵ, 𝒙ଶ , 𝒙ଷ, 𝒙ସ

− Contribution of 𝒙ଵ, 𝒙ଶ, 𝒙ଷ, 𝒙ସ

are marginal
▸ Redundant to 𝒙ହ, 𝒙଺

− 𝑣̅ଵ
(଴)

= 𝟎
▸ 𝒙ଵ: Set of constant values → Irrelevant to 𝐳

•Performance Analysis  

− As importance level 𝑚 increases, mask function ℳ removes 
less important weights

Experiment Results

•Link importance (LI) based on Shapley value
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− LI of link that connects 𝑗-th unit in 𝑙 − 1 th layer and 𝑖-th unit in 𝑙-th layer

− Measurement of LI based on their contributions to output of layer

•Unit importance (UI)
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Step 1: Training Stage

Step 2: Sparsification Stage

 𝐼 : set of links in 𝑙-th layer
 𝐽 : subset excluding 𝑗-th link connected to 𝑖-th unit in 𝑙-th layer
 𝑣  𝐽  : value of subset 𝐽

1. Determine the set of optimal parameters 
for autoencoder

𝜃∗, 𝜃ᇱ∗
= argmin

ఏ,ఏᇲ
 ℒ 𝐱, 𝐱ො

− Encoder: 𝜃 = 𝐖 ௟ , 𝐛 ௟ ห1 ≤ 𝑙 ≤ 𝐿

− Decoder: 𝜃ᇱ = 𝐖ᇱ ௟ , 𝐛ᇱ ௟ ห𝐿 + 1 ≤ 𝑙 ≤ 2𝐿

1. Total LI 𝜙்
(௟)

 as sum of individual LIs in 𝑙-th layer

2. Set of descending ordered Shapley values in 𝑙-th
layer

𝚽 ௟ = Φ ௟ 1 , Φ ௟ 2 , ⋯ , Φ ௟ 𝑛(௟ିଵ)𝑛(௟)

3. Support set Γ ௟

Γ ௟ = 𝑖, 𝑗 ቮ  ෍ Φ ௟ 𝑘 ≥ 𝑚 ⋅ 𝜙்
௟
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− Set of the pairs (𝑖, 𝑗) of units 𝑖 and 𝑗 that have 
𝑘∗ largest contribution

4. Prune autoencoder using mask function ℳ

− Mask function ℳ:  𝐖∗= ℳ 𝐖  and 𝐖ᇱ∗ = ℳ 𝐖ᇱ

− The rest of weights remain unchanged

 Γ ௟ ୡ : complementary set of Γ ௟

 𝐖∗ : pruned weight matrix of encoder
 𝐖ᇱ∗ : pruned weight matrix of decoder

 𝑤௜௝
∗(௟) : element of weight matrix 𝐖∗

 𝑤௜௝
ᇱ∗(௟) : element of weight matrix 𝐖ᇱ∗

SHAP-SAE with Synthetic dataset

SHAP-SAE with MNIST dataset

 𝑛(௟) : number units in 𝑙-th layer
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 Weight matrix : {𝐖 ௟ , 𝐖ᇱ ௟ } ∈ ℝ௡ ೗ ×௡ ೗షభ
 

 Bias vector : {𝐛 ௟ , 𝐛ᇱ ௟ } ∈ ℝ௡ ೗

 2𝐿 : number of layers in autoencoder

 𝑚 : importance level 0 < 𝑚 ≤ 1
 𝑘, 𝑘∗: integer
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Sparse autoencoder
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•Performance Comparisons

− Outperforms dense 
autoencoder up to 𝜂 = 𝟎.𝟖

− Only 1.37% performance 
degradation with 𝜂 = 𝟎.𝟗

Γ ௟ = { 1,2 , (2,1)}

Example
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SHAP-SAE algorithm can

•Explicitly measure unit and link importance based on Shapley 
value
→ Activate only important units and links

•Allow sparse autoencoder to be explainable and robust against 
high sparsity level

•Be implemented into power-limited devices

− UI of 𝑗-th unit in (𝑙 − 1)th layer
− Average impact on output of 𝑙-th layer

𝜂 = 0.8

𝜂 = 0.9
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− Outperforms other 
benchmarks across all 
sparsity level

− Remarkably robust against 
high sparsity level

 Sparsity level 𝜂 : how many links are 
deactivated among all the links in 
autoencoder
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 Gray pixels: pruned weights
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= 0, if 𝑖, 𝑗 ∈ Γ ௟ ୡ   for   1 ≤ 𝑙 ≤ 𝐿         

𝑤௜௝
ᇱ∗(௟)

= 0, if 𝑖, 𝑗 ∈ Γ ௟ ୡ   for  𝐿 + 1 ≤ 𝑙 ≤ 2𝐿

𝒙ଵ, 𝒙ଶ, 𝒙ଷ, 𝒙ସ

: independent 

𝒙ହ = 𝒙ଵ + 𝒙ଶ 𝒙଺ = 𝒙ଷ + 𝒙ସ


