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底层视觉任务中的

模型

驱动

数据

驱动



Image Restoration problem 

The inverse problem: X = Y(W) + ε 

Observation X Recovery Y(W)

⚫Image super-resolution

⚫ Image denoising

⚫ Image deblurring

⚫……



Model-driven Methodology

Sparsity Non-local SimilarityLow rank

2010-2012

arg min
Z,θ

Lθ(Y − Z) + R(Z) + R(θ) 



Model-driven Methodology: Generative Understanding

arg min
Z,θ

Lθ(Y − Z) + R(Z) + R(θ) 

= +

ZY E

z~p z ; e~p(e; θ) p(z, e|y)~likelihood y|z, e p(z)p(e) 



Model-driven Methodology: Generative Understanding

arg min
Z,θ

Lθ(Y − Z) + R(Z) + R(θ) 

= +

ZY E

z~p z ; e~p(e; θ) p(z, e|y)~likelihood y|z, e p(z)p(e) 

Yong, Meng, Zuo, Zhang, TPAMI, 2018



Model-driven Methodology

Z* = Algorithm(Y)Y

arg min
Z,θ

Lθ(Y − Z) + R(Z) + R(θ) 

arg max
Z,θ

  p(Z, θ|Y) 



⚫可解释性

⚫小样本前提

⚫模型针对性

Model-driven Methodology

文雅之风

⚫预测速度慢

⚫先验假设依赖

⚫算法设计难

书呆
子气



Data-driven Methodology: Learn Clean Image

2010-2012

… … … …

arg min
W

   Z − NetworkW (Y)  
2
 

Y                                 Z*= NetworkW*(Y)



Data-driven Methodology: Learn Noise

2010-2012

Y                                 E* = NetworkW*(Y)

Residual Network

arg min
W

   E − NetworkW (Y)  
2
 

Zhang, Zuo, Chen, Meng, Zhang, TIP, 2017



Data-driven Methodology: Learn Noise

⚫解释性差

⚫依赖标注样本

⚫结构难设计

勇武之气
⚫预测速度快

⚫无须先验假设

⚫无须设计算法

鲁莽
粗暴



Model-driven or/and Data-driven?

⚫可解释性

⚫小样本前提

⚫模型针对性

文雅之风

⚫预测速度慢

⚫先验假设依赖

⚫算法设计难

⚫解释性差

⚫依赖标注样本

⚫结构难设计

勇武之气

⚫预测速度快

⚫无须先验假设

⚫无须设计算法

OR



数模结合第一式

外

练

筋

骨

皮

（跳出有监督）在模型启

发下，指导网络数据合理

的梯度下降方向对网络参

数进行训练

（跳出模仿）在师傅指导

下，进行有方向性的训练
模
型

网
络



Semi-supervised Deep Learning

arg min
W

   Y − NetworkW (X)  
2
 

arg min
W

 L(X − NetworkW (X)) + R(W) 

Supervised Data

Unsupervised Data



Attempt 1

Geng, Deng, Zhao, Xie, Zeng, Ma, Zuo, Meng, arxiv, 2018

Probabilistic 

understanding 

has been 
presented in our 

TMI18 paper 



Attempt 2

Wei, Meng, Zhao, Xu,Wu, CVPR, 2019

Probabilistic 
understanding 

has been 

presented in our 

ICCV17 paper 



数模结合第二式

内

练

一

口

气

构建网络结构，与模型求

解算法一致

修炼内在，与环境一致模型

网络



Deep Unfolding

NetworkAlgorithm



Deep Unfolding



Our attempt:  Hyper-spectral Image Fusion

Xie, Zhao, Meng, Xu, CVPR, 2019
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Xie, Zhao, Meng, Xu, CVPR, 2019

Our attempt:  Hyper-spectral Image Fusion



𝓢1 𝓢2 𝓢𝑲…

Xie, Zhao, Meng, Xu, CVPR, 2019

Our attempt:  Hyper-spectral Image Fusion



More Attempts

Single image deraining
Li, et al., 

CVPR, 2018

Low-dose CT Enhancement Xie, et al., 

TMI, 2018

Leision Detection Wang, et al., 

TMI, 2019



数模结合第三式

万

法

归

宗
通过对参数化网络进行数据

学习，获得共性推断模型

艰难探索，获得自然规律

模型

网络



Model-driven Methodology: What we want?

y

z e



Model-driven Methodology: Generative Understanding

arg min
Z,θ

Lθ(Y − Z) + R(Z) + R(θ) 

= +

ZY E

z~p z ; e~p(e; θ) p(z, e|y)~likelihood y|z, e p(z)p(e) 



Varational Posterior

Network parameters W_D and W_S are shared by posteriors 

calculated on all training data

D-Net

S-Net

Yue, Yong, Zhao, Meng, NeurIPS, 2019



Objective: Minimizing KL Divergence

Variational Inference!

How?



Implementation Scheme

Yue, Yong, Zhao, Meng, NeurIPS, 2019



More Explanations on Rationality of This Objective

Restored Image

Extracted Noise DistributionYue, Yong, Zhao, Meng, NeurIPS, 2019



Summary

外练筋骨皮

内练一口气

万法终归宗

心齐泰山移




