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 Matrix Factorization (MF)

MF decomposes a large matrix 𝑋 into low-rank factors 

𝑈 and 𝑉 to effectively find latent features

 Applications
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Introduction

𝑋 ≈ 𝑈
𝑉⊤



 Matrix Factorization (MF)

𝑋 ≈ 𝑈𝑉⊤

 𝑋 ∈ ℝ𝐼×𝐽, 𝑈 ∈ ℝ𝐼×𝑅 , 𝑉 ∈ ℝ𝐽×𝑅

 All instances use the same latent dimensions to the same extent
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Key question
Should all instances use the same latent dimensions to the same extent?



 Masked Mixture Factorization (MMF)
 MMF proposes instance-wise latent masking 

 Emphasize dimensions that matter and suppress those that do not

Introduction
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Standard MF MMF

All instances use
the same latent basis

▮▮▮▮▮▮▮▮

Each instance gates
useful dimensions
▮▯▮▯▯▮▮▯
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 Challenges & Ideas
 (C.1) Rigid global sharing

 All instances are represented in the same latent coordinate system and 

must rely on the same set of latent dimensions

 (I.1) Mixture of masked factorizations
 Instead of a single global factorization, we approximate the target matrix 

by a sum of 𝐾 masked factorization components

 (C.2) Mask learning
 Learning each mask as a free matrix would significantly increase the 

parameter count, slow down training, and obscure interpretability

 (I.2) Efficient mask parameterization
 We restrict masks to a predefined, differentiable function family and 

parameterize them with a small number of learnable parameters

Proposed Method
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 Masked Mixture Factorization (MMF) 

Proposed Method

𝑋 +≈ + ⋯ +

⋯

𝑈
𝑉⊤

𝑀1
𝑈

𝑀1
𝑉⊤

𝑀2
𝑈

𝑀2
𝑉⊤ 𝑀𝐾

𝑉⊤

𝑀𝐾
𝑈

𝑈1 𝑈2 𝑈𝐾

𝑉1
⊤ 𝑉2

⊤ 𝑉𝐾
⊤

⋯

⊙: element-wise multiplication

⊙ ⊙⊙
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 (I.1) Mixture of masked factorizations

         𝑋 ≈ σ𝑘=1
𝐾 𝑈 ⊙ 𝑀𝑘

𝑈 𝑉 ⊙ 𝑀𝑘
𝑉 ⊤

 

 𝑋 ∈ ℝ𝐼×𝐽 , 𝑈 ∈ ℝ𝐼×𝑅 , 𝑉 ∈ ℝ𝐽×𝑅 , 𝑀𝑘
𝑈 ∈ ℝ𝐼×𝑅 , 𝑀𝑘

𝑉 ∈ ℝ𝐽×𝑅

 𝐾: number of masked components

 𝑅: latent dimension (rank)

 ⊙: element-wise multiplication

 (I.2) Efficient mask parameterization
 The masks are defined by instance-wise shift parameters 𝒔𝑘

𝑈 ∈ ℝ𝐼 , 

𝒔𝑘
𝑉 ∈ ℝ𝐽 (𝑘 = 1, … , 𝐾), and mask functions 𝑓𝑘

𝑈
𝑘=1

𝐾
, 𝑓𝑘

𝑉
𝑘=1

𝐾
:

𝑀𝑘,𝑖,𝑟
𝑈 = 𝑓𝑘

𝑈 𝑟; 𝑠𝑘,𝑖
𝑈 ≔

1

𝐾
𝑓𝑈 𝑘

𝐾
𝑟 − 𝑠𝑘,𝑖

𝑈   

𝑀𝑘,𝑗,𝑟
𝑉 = 𝑓𝑘

𝑉 𝑟; 𝑠𝑘,𝑗
𝑉 ≔

1

𝐾
𝑓𝑉 𝑘

𝐾
𝑟 − 𝑠𝑘,𝑗

𝑉  

Proposed Method

(1)
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 Masked Mixture Factorization (MMF) 
 Illustration of mask matrices (𝑓 = Gaussian)

Proposed Method
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 Expressivity
 Rank-𝑅 MF is bounded by 𝑅
 Under mild conditions, MMF generically reaches rank up to 𝐾𝑅, 

expanding representational power under a similar budget

 Identifiability

 Element-wise masks break the continuous rotational 

symmetry of classical MF, leaving only dimension-wise 

scaling and producing more stable factors

Theoretical Analysis
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rank 𝑹 → generic rank 𝑲𝑹

rotational symmetry ↓



 Masked Mixture Factorization (MMF) 
 Number of parameters

 (1) Base factors 𝑈 ∈ ℝ𝐼×𝑅 , 𝑉 ∈ ℝ𝐽×𝑅 

 (2) Mask parameters 𝒔𝑘
𝑈 ∈ ℝ𝐼 , 𝒔𝑘

𝑉 ∈ ℝ𝐽  

 (Total) 

 Achieving rank 𝐾𝑅
 standard MF : (𝐼 + 𝐽)𝐾𝑅
 MMF : (𝐼 + 𝐽)(𝐾 + 𝑅)

𝐼 + 𝐽 𝐾 + 𝑅 ≪ (𝐼 + 𝐽)𝐾𝑅  when  𝐾, 𝑅 ≫ 1

Proposed Method
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→  (𝐼 + 𝐽)𝑅
→ 𝐼 + 𝐽 𝐾
→ 𝐼 + 𝐽 (𝐾 + 𝑅)



Interpretation

Rank-1

Rank-2

Rank-3

Rank-4

Representable set of rank = 2 models

𝑋
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Interpretation

Rank-1

Rank-2

Rank-3

Rank-4

Representable set of rank = 2 models

𝑋

෠𝑋MF
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Interpretation

Representable set of rank = 2 MMF (K=2; fixed mask)

Rank-1

Rank-2

Rank-3

Rank-4

𝑋

෠𝑋MMF
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෠𝑋MF



Interpretation

Representable set of rank = 2 MMF (K=2)

Rank-1

Rank-2

Rank-3

Rank-4
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 Research Questions
 (Q1) Reconstruction. Does MMF yield higher reconstruction accuracy 

than strong MF baselines under a matched parameter budget?

 (Q2) Matrix Completion. Does MMF improve rating prediction 

accuracy on real-world benchmarks compared to strong baselines?

 (Q3) Recommendation. Does MMF remain effective for Top-N 

recommendation under ranking-based evaluation?

 (Q4) Ablation Study. How do mask-related hyperparameters impact 

the performance of MMF?

 (Q5) Running Time. How fast is MMF in practice compared to MF 

and recent deep learning methods?

 (Q6) Expressivity and Identifiability. Does MMF increase effective 

rank while yielding more stable and identifiable latent factors than MF?

Experiments
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 (Q1) Reconstruction 
 Does MMF yield higher reconstruction accuracy than strong MF 

baselines under a matched parameter budget?

Experiments
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 (Q2) Matrix Completion 
 Does MMF improve rating prediction accuracy on real-world 

benchmarks compared to strong baselines?

Experiments
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 (Q3) Recommendation 
 Does MMF remain effective for Top-N recommendation under ranking-

based evaluation?

Experiments
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 (Q4) Ablation Study 
 How do mask-related hyperparameters impact the performance of 

MMF?

Experiments
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Effect of mask families on MMF’s performance

Impact of mask count on performance

under a fixed parameter budget



 (Q5) Running Time  
 How fast is MMF in practice compared to MF and recent deep learning 

methods?

Experiments
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 (Q6) Expressivity and Identifiability
 Does MMF increase effective rank while yielding more stable and 

identifiable latent factors than MF?

Experiments
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 Masked Mixture Factorization (MMF)
 MMF proposes instance-wise latent masking 

 Emphasize dimensions that matter and suppress those that do not

 Contributions
✓ Methodology: masked mixture of shared factors

✓ Theory: expressivity + identifiability guarantees

✓ Experiments: reconstruction, completion, ranking

Conclusion
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Standard MF MMF

All instances use
the same latent basis

▮▮▮▮▮▮▮▮

Each instance gates
useful dimensions
▮▯▮▯▯▮▮▯



THANK YOU!
https://github.com/snudatalab/MMF

ycpark6767@gmail.com
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