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Overview of Contribution
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• Vanilla Diffusion Model cannot directly learn from missing values.
• Propose masked score matching to learn a diffusion model on missing data.
• Provide some good properties of this objective and achieve good 

performance on both imputation tasks and generation tasks.

Incomplete data

Synthetic and 
Complete data

Name Gender Age

Bill Male ???

Miko Female 15

Juan ??? 45

Name Gender Age

Bill Male 25

Miko Female 18

Mike Male 45

Liyan Female 32

Lisa Female 20



Outline

• Motivations and Preliminaries of Diffusion Models

• Problem Setup and Proposed Solution

• Some Theory

• Numerial Examples



Motivations: Synthetic Data Generation
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Given 𝑛 i.i.d data sampled from some unknown distribution 𝑝(𝑥), generative models aim to 
learn the distribution 𝑝(𝑥) and generate samples from it.

• Utility: Generative models can be used to enhance the performance of the 
downstream model (classification/regression tasks) by generating a large 
amount of data for training.

• Privacy: Generative models can avoid using sensitive data from users by 
learning the distribution and generating ”fake” but similar data. 

• Cost: Generative models can reduce the cost of collecting and labeling data. 



Emergence of Deep Generative AI

1998 2012 2015 2018 2021 2022 2023

ChatGPT DALL-E 3

Deep Generative AI

-- Thanks to blogs by Rockwell Anyoha, Toloka Team and Rick Merritt

TransformerVAE
Model

Stable Diffusion
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GAN

Billions even trillions of parameters



A Revolution – Diffusion Model

• Sequential transformation

> 890M parameters
(Stable Diffusion)
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Backbone of Stable Diffusion, Sora, etc.

High-D

U-Net

(Sohl-Dickstein et al., 2015) 
(Song and Ermon, 2019) 

(Ho et al., 2020)



Diffusion Model Is A Game Changer
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Diffusion Model Generates Samples

• Generate samples from noise

-- Credit: online 9



Forward Process – Noise Corruption

• Noise corruption process

• The noise corruption
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Add Gaussian noise



Backward Process – Sample Generation

• Time reversal in distribution
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∇𝑋𝑡
log 𝑝𝑡 𝑋𝑡

• The math (Anderson, 1982; Haussmann and Pardoux, 1986) 

Forward

Backward

𝑑𝑋𝑡 = −
1

2
𝛽𝑡𝑋𝑡𝑑𝑡 + 𝛽𝑡𝑑𝑊𝑡

𝑑𝑋𝑡 =
1

2
𝛽𝑡𝑋𝑡𝑑𝑡 + 𝛽𝑡∇𝑋𝑡

log𝑝𝑡 𝑋𝑡 𝑑𝑡 + 𝛽𝑡𝑑𝑊𝑡

Score Function

Brownian



Forward and Backward Coupling

Training 
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Density



Problem Setup

Tabular data with Missing Values
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Name Gender Age

Bill Male ???

Miko Female 15

Juan ??? 45

➢  Underlying complete 𝑑-dimensional data 𝐱 = 𝑥1, … , 𝑥𝑑 ∈ 𝒳

➢  Binary mask 𝐦

➢Observed data:

➢Some common missing mechanisms

➢ Missing Completely At Random (MCAR): 𝐦 is independent with the complete data 𝐱

➢ Missing At Random (MAR): 𝐦 only depends on the observed value 𝐱obs

➢ Not Missing At Random (NMAR): 𝐦 depends on the observed value 𝐱obs and missing value



Problem Setup

Research objective
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➢Learn a diffusion model, i.e., learn the score network 𝑠𝜃 x𝑡 , 𝑡 , from training data with 
missing values directly.

➢Usage: the learned diffusion model can be used to generate more synthetic (and 
complete) data, as well as doing imputation task for missing data.

Incomplete data

Synthetic and 
Complete data

Name Gender Age

Bill Male ???

Miko Female 15

Juan ??? 45

Name Gender Age

Bill Male 25

Miko Female 18

Mike Male 45

Liyan Female 32

Lisa Female 20



➢Maximum likelihood framework

➢Limitation: optimal single/multiple imputation may fail to capture the data variability.

Related Work #1 (on Generation task)

“Impute-then-generate” Framework
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Incomplete data

Name Gender Age

Bill Male ???

Miko Female 15

Juan ??? 45

Impute
Name Gender Age

Bill Male 25

Miko Female 15

Juan Male 45

Bertsimas, Dimitris, Arthur Delarue, and Jean Pauphilet. "Prediction with missing data." stat 1050 (2021): 7.
Niels Bruun Ipsen, Pierre-Alexandre Mattei, and Jes Frellsen. How to deal with missing data in supervised deep learning? ICLR 2022.



➢When using the conditional diffusion model for generation, there exist a mismatch 
between training and inference since no information can be conditioned for generation 
tasks.

➢Variational Auto-encoder usually uses a student 𝑡 distribution with location, scale, and 
degrees of freedom outputted by the decoder, which has limited representation 
power for the real distribution.

Related Work #2 (on Imputation task)

Existing imputation methods cannot be used for generating 
new samples
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Name Gender Age

Bill Male ???

Miko Female 15

Juan ??? 45

Impute
Name Gender Age

Bill Male 25

Miko Female 15

Juan Male 45

Tashiro, Y., Song, J., Song, Y., & Ermon, S. CSDI: Conditional Score-based Diffusion Models for Probabilistic Time Series Imputation. NeurIPS 2021.
Mattei, P., & Frellsen, J. MIWAE: Deep Generative Modelling and Imputation of Incomplete Data Sets. ICML 2019.



Proposed Method

Denoising score matching on incomplete data:

▪ where 𝜆(𝑡) is a positive weighting function
▪ recall the binary mask 𝐦 indicates the observed entries



Detaild Algorithms
For Imputation

For Generation



Some Theoretical Guarantee



Theoretical Results

• Denoising Score Matching on missing data can learn the oracle score
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Theoretical Results

• Denoising Score Matching objectives on missing data is an upper bound 
for the negative likelihood of the generative model on observed data 𝐱obs
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➢For the special case of no missing, i.e., 𝜌max = 0, our result degenerates 
to previous results

Yang Song, Conor Durkan, Iain Murray, and Stefano Ermon. Maximum likelihood training of score-based diffusion models. NeurIPS 2021.



Numerical Experiments

For Imputation tasks

➢Evaluation Criterion: Root Mean Squared Error (RMSE) between the 
predicted value with the oracle missing value.
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Numerical Experiments

For Generation tasks

➢Evaluation Criterion: Training various models, including Decision Tree, 
AdaBoost, Logistic/Linear Regression, MLP classifier/regressor, 
RandomForest, and XGBoost, on synthetic data, and test them with real data.
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Summary
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• A diffusion-based unified framework for imputation and complete sample 
generation by learning from data with missing values

• Theoretical justifications on recovering the oracle score function and upper 
bounding the negative likelihood of the observed data under mild 
assumptions 

• The proposed method outperforms existing state-of-the-art methods in most 
real datasets on both imputation tasks and generation tasks

• Future directions:

❖ Beyond tabular data: time series data, multi-modal data…

❖ More involved theoretical study on the finite-sample estimation error of 
the score function, and the resulting convergence rate of the estimated 
distributions 



xlyustc@gmail.com 

https://liyanxie.github.io/

Thank you!
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