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Interpretability Disambiguation
Before we really get to our topic, it is important to distinguish two
groups of work usually sharing the term “interpretability of DNNs”

Interpretability of 
concrete DNNs

🐱 
🐶

cat 
dog

ATCGC…GAT
special
protein

Interpretability of 
Deep learning methodology

convolution,
pooling,

SGD,
dropout, …

generalize
well/ 
no
overfitting

e.g. 
“Depth can be exponentially more valuable
than width for standard feedforward NNs” 

 

input ? output ? ? DL is good

R Eldan & O Shamir, 2016
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现有综述的不⾜之处

e.g. 📄 “A Survey of Methods for Explaining Black Box Models”. ACM
Computing Surveys. 

共性上，主要依赖于⼀些 pre-recognized explanators（解释器） 
 

⽽这些 explanators 之间的关系⽐较混乱 
 

（亦或者有些综述仅仅关注某⼀类⽅法，不全⾯）

 

R Guidotti et al., 2018

⽐如 决策树、feature importance、可视化、代理模型 等等

有些相互包含，⽽有些可能完全不在同⼀个层⾯
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什么是可解释性

我们沿⽤  中提到的可解释性的定义，但是额
外增加两条解读

Interpretability (of a DNN) is the ability to provide explanations1

in understandable terms2 to a human.

1. 解释 Explanations，说到底需要⽤某种「语⾔」描述 
 

2. 可理解的术语 Understandable terms，构成解释的基本单元 
 

Explanation-centred!

What

 

F Doshi-Velez & B Kim, 2017

理想情况下当然使⽤ 逻辑规则 最好 ，⽽

实践上⼈们往往不强求「完整的解释」，只需关键信息加脑补

D Pedreschi et al., 2019

不同领域的模型的解释需要建⽴在不同的领域术语之上，

 ⽐如 CV 中的 image patches，NLP 中的 单词， 
 Bioinfomatics 中的 motifs
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为什么需要可解释性

⾼可靠性要求

伦理 / 法规要求

作为其它科学研究的⼯具

Why

 

神经⽹络在实践中经常有意想不到的错误（更不⽤提对抗攻击）

这对于要求⾼可靠性的系统来说很危险（不信任）

可解释性有助于发现潜在的错误（⽐如发现模型逻辑和 domain
knowledge 不相符）；也可能可以帮助 debug，改进模型

药物设计，医疗器械，需要 FDA 批准 
欧盟 GDPR (right to explanation)

神经⽹络已经在众多科学领域⽐如 ⽣物信息，天⽂，甚⾄ 社会科学
取得了惊⼈的效果

科学研究是为了发现新知识，可解释性可以⽤来揭⽰它
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A 3D Taxonomy
of the interpretability research

⼀、事后解释 vs. 主动⼲预

⼆、所产⽣的解释的表现形式

三、解释的「覆盖」范围 (w.r.t. the input space)

How

 

  Passive (post hoc) vs. Active (interpretability intervention)

  是否在模型的 架构设计 或者 训练过程 中进⾏⼲预

  Types/Formats of explanations

  ⽐如 逻辑规则、显著性图 等，稍后会详细介绍

  Local/simi-local/global interpretability

  ⽐如解释 单独⼀个输⼊ 或者 整个模型
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解释的表现形式

rules

cat

If  
and  
and ..., 
then cat.

hidden semantics

cat

I see “head”

I see “feet”

If such a “head” 
and such “feet”, 
then cat.

attribution

cat

If “this” and “that”
parts, 
then cat.

by examples

If all the same as
“this example”, 
then cat (or not).

Dimension 2

 

condition1

condition2
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Implicit

解释的表现形式

Question: Why do you think it is a cat?

Answer:

rules

cat

If  
and  
and ..., 
then cat.

hidden semantics

cat

I see “head”

I see “feet”

If such a “head” 
and such “feet”, 
then cat.

attribution

cat

If “this” and “that”
parts, 
then cat.

by examples

If all the same as
“this example”, 
then cat (or not).

Explicit

Dimension 2

 

condition1

condition2
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全局 vs. 局部解释
Truth:

Explanations:
Global

If 

Semi-local Local

Dimension 3

 
x  +1

2 x  >2
2 1, y = ■ ∇f  ∣x=x(i)
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Example Explanations (Table 2 in the paper)
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…, , 

…, , 

Passive. Rules
Global⸺i.e. Rule extraction

Rule Format

Propositional logic rule
First-order logic rule
Fuzzy logic rule

Methods

Assume we are interpreting a network  parameterized by 

Decompositional approaches 

Pedagogical approaches (e.g. ) 

 

L Fu, 1991 GG Towell & JW Shavlik, 1993

R Nayak, 2009

S Mitra & Y Hayashi, 2000 JL Castro et al., 2002

f Θ

(extract rules from network weights )Θ

O Boz, 2002

(extract rules from new training set , ) 
classic rule learning/decision tree learning algorithms can be used. 
e.g. CART, C4.5

x ,  { i ŷi}N
 =ŷ f(x; Θ)
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Passive. Rules
Local

e.g. 📄 “Explanations based on the Missing: Towards Contrastive
Explanations with Pertinent Negatives”. NeurIPS. 

针对某个输⼊ ，尝试寻找如下形式的解释

因为特征  存在 (sufficiently present)， 
并且特征  不存在 (necessarily absent)， 
所以  被预测为某⼀类

其它⽅法例如

Anchors 
Interpretable partial substitution 

 

A Dhurandhar et al., 2018

x

x  , ⋯ ,x  i k

x  , ⋯ ,x  m p

y

MT Ribeiro et al., 2018

T Wang, 2019
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Passive. Hidden Semantics
A Typical Method in CV⸺Visualization

Make sense of certain hidden neurons/layers

 

Source: Feature Visualization - Distill
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https://distill.pub/2017/feature-visualization/


Passive. Hidden Semantics
Visualization

Idea: find a representative input that a neuron/layer is looking for

Method: activation maximization

Problem: found input/patterns are unrealistic and unrecognizable

Solution: find a good regularizer/image prior

 norm
Total variation (low-pass filter) 

Clipping pixels with small norm or small contribution

Generative network of a GAN
 

 act(x) −
x

arg max λΩ(x)

L  2 K Simonyan et al., 2013

A Mahendran & A Vedaldi, 2015
encourage neighbouring pixels to have similar values

J Yosinski et al., 2015

A Nguyen et al., 2016
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Passive. Hidden Semantics

其它⽅法例如

Network Dissection 
Net2Vec 
“Analyzing individual neurons in deep NLP models”

 

D Bau et al., 2017

R Fong & A Vedaldi, 2018

F Dalvi et al., 2019
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Passive. Attribution
Usually Local

“Sanity Checks for Saliency Maps”. NeurIPS. 

注：线性代理模型 (proxy models) 本质上也是提供 attribution 解释

 

J Adebayo et al., 2018
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, 

Passive. Attribution
Usually Local

For individual predictions, attribution methods try to identify which
attributes (e.g. pixels) contribute most (or least) to a single prediction.

Intuitively, instead of interpreting , it tries to interpret  for each
sample 

Two representative categories: gradient-related methods and Model
agnostic attribution

Gradient-related Methods

(Immediate) gradient
Discrete gradient 
between a reference input  and the target input 
Integrated gradient 
the path integral of all the gradients between  and 

 

f f ∣  x=xi

xi

MT Ribeiro et al., 2016

A Binder et al., 2016 A Shrikumar et al., 2017
xref xi

M Sundararajan et al., 2017
xref xi
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…, 

Passive. Attribution
Local, Model Agnostic

e.g. Shapley Value

Shapley value is a solution to a game theory problem how to fairly
assign payoff for each player in a coalition.

If we have a set of players , ,  is the total gain of the set
of players . Then, the payoff for player  is

 is the marginal contribution of player  to coalition .

The practical problem: the computational complexity (exponential).
Some approximation methods are needed.

 

N S ⊆ N v(S)
S i

ϕ  (v) =i    (v(S ∪
∣N ∣
1

S⊆N\{i}

∑ (
∣S∣

∣N ∣ − 1)
−1

{i}) − v(S))

v(S ∪ i) − v(S) i S

The rest of the formula is a normalization factor.

S Lundberg & S Lee, 2017

19 / 26



Passive. By Showing Examples
Usually Local

⼀种直观⽅法：寻找和待解释的 input 最「相似」的⼀个训练样本
（在模型的 inner representation 层⾯上相似）

e.g. 📄 “Understanding black-box predictions via influence functions”.
ICML. 

改变⼀个 训练样本 会影响 模型权值，进⽽影响对 测试样本 的预测

⽽⽤ influence functions 可以找出对某个 target test input 影响最⼤的
训练样本

 

R Caruana et al., 1999

PW Koh & P Liang, 2017
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Active Interpretability Intervention
区别于前⾯ passive (post hoc) ⽅法，active ⽅法会主动地在模型的
架构设计 或者 训练过程 中加⼊约束，也即 interpretability loss

Rules as Explanations

e.g. 📄 “Beyond sparsity: Tree regularization of deep models for
interpretability”. AAAI. 

想法：希望模型  能容易地被浅层的决策树拟合

其中 TreeReg  表⽰ 能够基本近似该⽹络的决策树 的平均树深度

之后还有续作 “Regional Tree Regularization …”. AAAI. 
提供 semi-local 可解释性

 

M Wu et al., 2018

f  : X →W Y

 Loss(y, f(x;W)) + λ ⋅ TreeReg(W)
W

min (∑ )

M Wu et al., 2020
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Active. Hidden Semantics
e.g. 📄 “Interpretable convolutional neural networks”. CVPR.

核⼼思想：使⾼层的每个 filter 尽量只表⽰⼀种概念 (concept) 

 

Q Zhang et al., 2018

makes a filter to either have a consistent activation pattern or keep
inactivated
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Active. Attribution
Local

ExpO  

DAPr  

Global

Dual-net  

💬 这三篇⽂章都发表于 NeurIPS 2020

 

G Plumb et al., 2020

在训练时约束模型，希望有助于得到更 fidelitous，stable 的
attribution

E Weinberger et al., 2020

在做 attribution 时加⼊⼀些（粗略的）领域先验 (priors)

M Wojtas & K Chen, 2020

同时训练两个⽹络，selector ⽹络⽤于选择 feature set， 
opeartor ⽹络则使⽤该 feature set 来完成预测任务
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Active. By Showing Examples

📄 “Deep learning for case-based reasoning through prototypes: A
neural network that explains its predictions”. AAAI.  

📄 “This looks like that: deep learning for interpretable image
recognition”. NeurIPS.  

 

O Li et al., 2018
Adds a prototype layer to an autoencoder

C Chen et al., 2019
Adds a prototype layer to a CNN
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The Interpretability Paper Space
Hide colored panes (for better hover information)

Discussions
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https://plotly.com/


Q&A
Takeaways

Interpretability of a DNN  DL theory
What is interpretability: an explanation-centred definition
Why interpretability:

High reliability - Ethical/legal requirements - Scientific usages
How to get interpretability: A 3D Taxonomy

Passive vs. Active - Types/formats of explanations -
Local/semi-local/global interpretability

Links

Interpretability Paper Space (online, interactive)
arXiv link (2012.14261)

神经⽹络可解释性综述 ─ 知乎
 

vs.
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https://yzhang-gh.github.io/tmp-data/index.html
https://arxiv.org/abs/2012.14261
https://zhuanlan.zhihu.com/p/341153242
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