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• How to make human beings trust a computer?

Computer: We must make a 
surgery on your head?
Human: Why should I trust you 
and let you cut my head
Computer: It is because
1) Filter 1 detected a lesion in 
Organ A
2) Filter 2 detected a lesion in 
Organ B
…

An accident happed.

Human: tell me the reason for road
planning before the traffic accident.

Computer: It is because
1) Filter 1 detected a tree
2) Filter 2 detected a person
3) Filter 3 detected the road
4) Filter 4 detected another road
…

Human: I find Filter 4 considers a 
river as a road.

Fix representation flaws in the CNN

Explanations → Trustiness & diagnosis
Quantitative 
explanation



Network visualization & diagnosis

Can only visualize 
salient information

The key problem is to 
explain most information 

(e.g. 70%--90%) in a 
network

Chris Olah, Alexander Mordvintsev, and Ludwig Schubert. Feature visualization. Distill, 2017. https://distill.pub/2017/feature-visualization.

Pieter-Jan Kindermans, Kristof T. Sch¨utt, Maximilian Alber, Klaus-Robert M¨uller, Dumitru Erhan, Been Kim, and Sven D¨ahne. Learning how to explain neural 

networks: Patternnet and patternattribution. In arXiv: 1705.05598, 2017.

Visualization of appearance 
encoded by a filter

Pixels related to the final 
prediction output



Deep learning, a science or a technology?

• Explain features in intermediate layers

• Semantically

• Quantitatively
• What patterns are learned

• Given an image, which patterns are triggered.

• E.g. 90% information is interpretable
• 83% represents object parts

• 7% represents textures

• 10% cannot be interpreted

Deep neural network → a piecewise linear model → unexplainable
→We will never get accurate explanation for 100% information of a DNN

Alchemy?



Outline

• How to represent CNNs using semantic graphical models

• How to learn disentangled, interpretable features in middle layers

• How to boost interpretability without hurting the discrimination power

• How to learn networks with functionally interpretable structures
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Background: Learning explanatory graphs for CNNs

• Given a CNN that is pre-trained for object classification

• How many types of visual patterns are memorized by a convolutional filter of the CNN?

Distribution of 
activations in a 
feature map

A head pattern

??? pattern

Quanshi Zhang et al. “Interpreting CNN Knowledge via an Explanatory Graph” in AAAI 2018



Background: Learning explanatory graphs for CNNs

• Given a CNN that is pre-trained for object classification

• How many types of visual patterns are memorized by a convolutional filter of the CNN?

• Which patterns are co-activated to describe a part?

Input 
image

Feature maps of 

different conv-layers

 

These filters are co-activated in certain 
area to represent the head of a horse.

Quanshi Zhang et al. “Interpreting CNN Knowledge via an Explanatory Graph” in AAAI 2018



Background: Learning explanatory graphs for CNNs

• Given a CNN that is pre-trained for object classification

• How many types of visual patterns are memorized by a convolutional filter of the CNN?

• Which patterns are co-activated to describe a part?

• What is the spatial relationship between two patterns?

Quanshi Zhang et al. “Interpreting CNN Knowledge via an Explanatory Graph” in AAAI 2018



Objective: Summarize knowledge in a CNN into a semantic graph

• The graph has multiple layers →multiple conv-layers of the CNN

• Each node → a pattern of an object part

• A filter may encode multiple patterns (nodes)→ disentangle a mixture of patterns from the 

feature map of a filter

• Each edge → co-activation relationships and spatial relationships between two patterns



Input & Output

• Input:
• A pre-trained CNN

• trained for classification, segmentation, or ...

• AlexNet, VGG-16, ResNet-50, ResNet-152, and etc.

• Without any annotations of parts or textures

• Output: an explanatory graph

Quanshi Zhang et al. “Interpreting CNN Knowledge via an Explanatory Graph” in AAAI 2018



Mining an explanatory graph

a feature map of a filter
→ a distribution of “activation entities”

Just like GMM, we use a mixture of 
patterns to fit activation distributions 
of a feature map.

Quanshi Zhang et al. “Interpreting CNN Knowledge via an Explanatory Graph” in AAAI 2018



Mining an explanatory graph

Edges: spatial 
relationships between 
co-activated patterns

Patterns for 
large parts

Patterns for 
subparts

Patterns for 
even smaller 

parts

Quanshi Zhang et al. “Interpreting CNN Knowledge via an Explanatory Graph” in AAAI 2018



Mining an explanatory graph

Mining a number of cliques: a node V with 
multiple parents, which keep certain spatial 
relationships among different images.

Learning node connections
Learning spatial relationship between nodes

Quanshi Zhang et al. “Interpreting CNN Knowledge via an Explanatory Graph” in AAAI 2018



Using each node in the explanatory graph for part localization

Nodes in the explanatory graph Raw filters in the CNN

We disentangle each pattern component 
from each filter’s feature map.



Knowledge transferring → One/multi-shot part localization

• The part pattern in each node is sophisticatedly learned using 
numerous images.
• The retrieved nodes are not overfitted to the labeled part, but represent the 

common shape among all images

A single part 
annotation

Retrieve certain 
nodes for the part

Part 
localization

Quanshi Zhang et al. “Interpreting CNN Knowledge via an Explanatory Graph” in AAAI 2018



Building And-Or graph for semantic hierarchy

Associating the mined patterns with 
semantic parts of objects

Input:
1) An explanatory graph
2) Very few (1—3) annotations for each 

semantic part

Output:
An AOG as an interpretable model for 
semantic part localization



Performance of few (3)-shot 
semantic part localization

Decrease 1/3—2/3 localization errors
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Background
Interpretable Convolutional Neural Networks

In traditional CNNs, feature maps of a filter are usually chaotic.

Feature maps 
of Filter 1

Feature maps 
of Filter 3

Feature maps 
of Filter 2

Quanshi Zhang et al. “Interpretable Convolutional Neural Networks” in CVPR 2018



Objective
Without additional part annotations, learn a CNN, where each 
filter represents a specific part through different objects.

Neural activations of  3 interpretable filters

Quanshi Zhang et al. “Interpretable Convolutional Neural Networks” in CVPR 2018



Input & Output: Interpretable CNNs

• Input
• Training samples (Xi,Yi) for a certain task

• Applicable to different tasks, e.g., classification & segmentations
• Applicable to different CNNs, e.g., AlexNet, VGG-16, VGG-M, VGG-S

•No annotations of parts or textures are used.

•Output
• An interpretable CNN with disentangled filters



ReLU

Conv

Loss
Loss
Loss

Masks

x

x
masked

The filter loss boosts the mutual
information between feature maps X and
a set of pre-defined part locations T.

𝐿𝑜𝑠𝑠 = 𝐿𝑜𝑠𝑠 ො𝑦, 𝑦∗

task loss

+෍

𝑓

𝐿𝑜𝑠𝑠𝑓(𝑥)

filter loss

Network structure
We add a loss to each channel to construct an interpretable layer



𝐿𝑜𝑠𝑠 = 𝐿𝑜𝑠𝑠 ො𝑦, 𝑦∗

task loss

+෍

𝑓

𝐿𝑜𝑠𝑠𝑓(𝑥)

filter loss

Network structure



Filter

Filter

Filter

Filter

Filter

Filter

Filter

Filter

Activation regions of interpretable filters



Our method learns filters with much higher interpretability



Our interpretable CNNs outperformed traditional CNNs 
in multi-category classification.

Classification performance
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Motivation: Unsupervised Learning of Neural 
Networks to Explain Neural Networks

Feature Interpretability

Performance of a neural network



Performer & Explainer

• Black-box performer

• Interpretable explainer

• Using interpretable feature 
maps in the explainer network 
to reconstruct feature maps in 
the performer network

Quanshi Zhang et al. “Unsupervised Learning of Neural Networks 
to Explain Neural Networks” extended abstract in AAAI 
Workshop on Network Interpretability for Deep Learning, 2019



Explainer network

• Interpretable track
• Disentangled feature maps → object parts

• Ordinary track
• Ordinary feature maps

• x = 𝑝𝑥𝑖𝑛𝑡𝑒𝑟𝑝𝑟𝑒𝑡𝑎𝑏𝑙𝑒 + (1 − 𝑝)𝑥𝑜𝑟𝑑𝑖𝑛𝑎𝑟𝑦

• P: the ratio of interpretable information

• Increase P

Quanshi Zhang et al. “Unsupervised Learning of Neural Networks 
to Explain Neural Networks” extended abstract in AAAI 
Workshop on Network Interpretability for Deep Learning, 2019





Disentangle part information from features



• How to represent CNNs using semantic graphical models

• How to learn disentangled, interpretable features in middle layers

• How to boost interpretability without hurting the discrimination power

• How to learn networks with functionally interpretable structures

Outline



• How to represent CNNs using semantic graphical models

• How to learn disentangled, interpretable features in middle layers

• How to boost interpretability without hurting the discrimination power

• How to learn networks with functionally interpretable structures
• Learning a universal neural network for massive tasks and massive categories

Outline

从学习“通用网络”的角度来看，deep learning需要具备哪些特质呢？



• Interpretable network structures
• Category modules

• Task modules

• Adapter modules

• Gradually merge specific nets → a large generic, distributed, net

Quanshi Zhang et al. “Network Transplanting” extended abstract in AAAI Workshop on Network Interpretability for Deep Learning, 2019

Network Transplanting 神经网络表达与图模型表达的殊途同归



Core task of network transplanting

• Given Net A : Classification of the bird

• Given Net B : Segmentation of the cat

• Transplant the classification module from A to B
• Enable the classification of the cat

• Transplant the segmentation module from B to A
• Enable the segmentation of the bird

Quanshi Zhang et al. “Network Transplanting” extended abstract in AAAI Workshop on Network Interpretability for Deep Learning, 2019



Challenge: how to project features between 
two spaces
• Only learning the adapter module, without destroying the generality 

of the category module and the task module
• BP does not work

• Propose a new optimization method: back distillation

Quanshi Zhang et al. “Network Transplanting” extended abstract in AAAI Workshop on Network Interpretability for Deep Learning, 2019



Quanshi Zhang et al. “Network Transplanting” extended abstract in AAAI Workshop on Network Interpretability for Deep Learning, 2019



Network transplanting vs. traditional learning

• Modular interpretability →more controllability

• Much weaker supervision than learning from data

• Incremental adding new modules (new tasks, new categories) to the net
• Generic net for multiple categories and multiple tasks

• No need to simultaneously prepare training samples for all tasks and all categories
• Valuable when there are lots of categories and tasks

• Catastrophic forgetting

Quanshi Zhang et al. “Network Transplanting” extended abstract in AAAI Workshop on Network Interpretability for Deep Learning, 2019



• Summarization
• Explaining pre-trained deep model: transforming CNN 

representations into semantic graphs
• Learning interpretable features for DNNs
• Conflicts between the interpretability and the discrimination power
• Learning functionally interpretable structures



Panel discussion

• 可解释性学习未来的发展方向是什么？

• 可解释对于深度学习的意义和研究目标是什么？

• 现在部分学者认为可解释性在学习中不是必要条件，大家怎么看？

• 可解释性学习如何来进行科学的度量？解释结果的客观性与可靠
性怎么评价？

• 可解释性的应用场景有哪些？

• 可解释性学习的最大挑战是什么？


