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Explanations = Trustiness & diagnosis

* How to make human beings trust a computer?

Computer: We must make a
surgery on your head?
Human: Why should | trust you |
and let you cut my head
Computer: It is because

- 1) Filter 1 detected a lesion in
e Organ A

2) Filter 2 detected a lesion in
Organ B

Quantitative
explanation

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: | find Filter 4 considers a
river as a road.

Fix representation flaws in the CNN



Network visualization & diagnosis

Can only visualize
salient information
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ded by a filt icti
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Chris Olah, Alexander Mordvintsev, and Ludwig Schubert. Feature visualization. Distill, 2017. https://distill.pub/2017/feature-visualization.

Pieter-Jan Kindermans, Kristof T. Schutt, 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.



Deep learning, a science or a technology?

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

* 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

| e * 7% represents textures

Alchemy? * 10% cannot be interpreted




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?

‘ A head pattern
Distribution of

activations in a
feature map

??? pattern
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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?

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

Head Neck
pattern pattern

Mixture of
patterns in a
feature map of
a channel

S Explanatory Parts corresponding to
graph each graph node

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

* [nput:
e 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
e Output: an explanatory graph

| o

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



Mining an explanatory graph

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

The (L+2)-th

conv-layer

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

| o

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



Mining an explanatory graph

Part B

The (L+2)-th Part A
conv-layer Part C Patterns for
large parts
| \
Subpart of Band C Patterns for
The (L+1)-th 203
conv-laver Subpart of C subparts

Noisy activations Patterns for

The L-th (without stable
® /—| ver ST a1 ‘ ralatinnechine wi
conv-layer Smalle pe < / relationships with

in A other patterns) parts

even smaller

Edges: spatial
relationships between
co-activated patterns
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Quanshi Zhang et al. “Interpreting CNN Knowledge via an Explanatory Graph” in AAAI 2018



Mining an explanatory graph

Learning node connections
Learning spatial relationship between nodes

Extracting patterns

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

| o

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



Using each node in the explanatory graph for part localization
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Nodes in the explanatory grap 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

Retrieve certain
_ nodes for the part

Part
localization

A single part
annotation

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



Building And-Or graph for semantic hierarchy

Input:
1) An explanatory graph Horse Object
2) Very few (1—3) annotations for each ANDnode ) i\ .Togclm) Semantic Parts
Semantlc part O o node ' l p, j Part templates
Patterns in an
Output' explanatory graph
An AOG as an interpretable model for / s Neural units

semantic part localization

Associating the mined patterns with
semantic parts of objects

Figure 4. And-Or graph for semantic object parts.




- Method Finetune normalized distance
Performance of few (3)-shot [t g e d
. . . % | PL-DPM-Part [ 1 9] N 0.3412
semantic part localization 2 | PurcGraph [ X 04859
= | fc7+linearSVM Y 0.3120
e | fcT+sp+linearSVM Y 0.3120
£ | Ours Y 0.0862
CNN-PDD [ 0] N 0.2333
- | CNN-PDD-ft [206] Y 0.3269
% | Fast-RCNN (1 ft) [9] N 0.4517
2 | Fast-RCNN (2 fts) [Y] Y 0.4131

Table 2. Normalized distance of part localization on the CUB200-

bird cat cow dog horse sheep Avg

| SS-DPM-Part | ] 0.356 0.270 0.264 0.242 0262 0.286 0.280

& | PL-DPM-Part [15] | 0.294 0.328 0282 0312 0321 0.840 0.396

2 | part-Graph (1] 0.360 0.208 0263 0.205 0.386 0.500 0.320

= | fc7+linearSVM 0.247 0.174 0251 0217 0261 0317 0.244

"o | fcT+spHlinearSVM | 0.247 0.174 0249 0217 0.261 0317 0.244

£ | Ours 0.162 0.130 0258 0.137 0.181 0.192 0.177

_, | CNN-PDD [20] 0.301 0.246 0220 0.248 0292 0.254 0.260

& | CNN-PDD-ft [26] 0.358 0.268 0220 0.200 0302 0.269 0.269

. . S | Fast-RCNN (1 ft) [7] | 0.324 0.324 0325 0.272 0347 0314 0.318
Decrease 1/3—2/3 localization errors 7 |ruresseis | 03500205 0255 0295 0367 0260 0303

Table 3. Normalized distance of part localization on the Pascal
VOC Part dataset.



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



Interpretable Convolutional Neural Networks

Background

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

Feature maps
of Filter 1

Feature maps
of Filter 2

Feature maps
of Filter 3

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 CNNSs

* [nput
* Training samples (X,,Y;) for a certain task

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

* No annotations of parts or textures are used.

* Qutput
* An interpretable CNN with disentangled filters



Network structure

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

I ,masked Loss = Loss(y, y ) + 2 Lossg (x)

. Masks task loss f fllterloss

Loss-»"/ The filter loss boosts the mutual
_

EOSS information between feature maps X and
OSS_

A a set of pre-defined part locations

Loss; = — MI(X;T) for filter f



Network structure

Loss = éoss()?,y*l z Lossf(x)

task loss filter loss

Loss; = — MI(X;T) for filter f

Loss=— H(T)+ H(T' = {T". T }X)+ > p(T".2)H(T* ={T,,}|X = z)

A constant Entropy of Inter- . Entropy of the spatial
category activations distribution of activations



Activation regions of interpretable filters
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Our method learns filters with much higher interpretability

oold. bird frog turt. liza. koala lobs. dog  fox cat lion tiger bear rabb. hams. squi.
AlexNet 0.161 0.167 0.152 0.153 0.175 0.128 0.123 0.144 0.143 0.148 0.137 0.142 0.144 0.148 0.128 0.149
AlexNet, interpretable | 0L084 0.095 0.090 0.107 0.097 0.079 0.077 0.093 0.087 0.095 0.084 0.090 0.095 0.095 0.077 0.095
VGG-16 0.153 0.156 0.144 0.150 0.170 0.127 0.126 0.143 0.137 0.148 0.139 0.144 0.143 0.146 0.125 0.150
VGG-16, interpretable | 0,076 0.099 0,086 0.115 0.113 0.070 0.084 0.077 0.069 0.086 0.067 0.097 0.081 0.079 0.066 0.065
VGG-M 0.161 0.166 0.151 0.153 0.176 0.128 0.125 0.145 0.145 0.150 0.140 0.145 0.144 0.150 0.128 0.150
VGG-M. interpretable | 0.088 0.088 0.089 0.108 0.099 0.080 0.074 0.090 0.082 0.103 0.079 0.089 0.101 0.097 0.082 0.095
VGG-S 0.158 0.166 0.149 0.151 0.173 0.127 0.124 0.143 0.142 0.148 0.138 0.142 0.143 0.148 0.128 0.146
VGG-S, interpretable | 0LO87  0.101 0.093 0.107 0.096 0.084 0.078 0.091 0.082 0.101 0.082 0.089 0.097 0.091 0.076 0.098

horse zebra swine hippo catt. sheep ante. camel otter arma. monk. elep. redpa. gia.pa. Avg,
AlexNet 0.152 0.154 0.141 0.141 0.144 0.155 0.147 0.153 0.159 0.160 0.139 0.125 0.140 0.125 0.146
AlexNet, interpretable | 0,098 0.084 0.091 0.089 0.097 0.101 0.085 0.102 0.104 0.095 0.090 0.085 0.084 0.073 0.091
VGG-16 0.150 0.153 0.141 0.140 0.140 0.150 0.144 0.149 0.154 0.163 0.136 0.129 0.143 0.125 0.144
VGG-16, interpretable | 0.106  0.077  0.094 0.083 0.102 0.097 0.091 0.105 0.093 0.100 0.074 0.084 0.067 0.063 0.085
VGG-M 0.151 0.158 0.140 0.140 0.143 0.155 0.146 0.154 0.160 0.161 0.140 0.126 0.142 0.127 0.147
VGG-M. interpretable | 0,095 0.080 0.095 0.084 0.092 0.094 0.077 0.104 0.102 0.093 0.086 0.087 0.089 0.068 0.090
VGG-S 0.149 0.155 0.139 0.140 0.141 0.155 0.143 0.154 0.158 0.157 0.140 0.125 0.139 0.125 0.145
VGG-S, interpretable | 0,096 0.080 0.092 0.088 0.094 0.101 0.077 0.102 0.105 0.094 0.090 0.086 0.078 0.072 0.090

Table 3. Location instability of filters (E ¢ 1 [D 1 ]) in CNNs that are trained for single-category classification using the ILSVRC 2013 DET
Animal-Part dataset [ 26]. Filters in our interpretable CNNs exhibited significantly lower localization instability than ordinary CNNs.



Classification performance

multi-category single-category
ILSVRC Part VOC Part ILSVRC PartVOC Part CUB200
logistic” | logistic™ softmax

AlexNet - - — 96.28 9540 95.59
interpretable - - — 05.38 93.93 05.35
VGG-M | 96.73 | 93.88 8193 | 97.34 96.82 97.34
interpretablel  97.99 | 96.19 88.03 | 95.77 94.17 96.03
VGG-S | 96.98 | 94.05 78.15| 97.62 97.74 97.24

interpretablel  98.72 | 96.78 86.13 | 95.64 9547 95.82
VGG-16 — 97.97 89.71 | 98.58 98.66 98.91
interpretable — 98.50 91.60 | 96.67 95.39 96.51

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



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



Motivation: Unsupervised Learning of Neural
Networks to Explain Neural Networks

Performance of a neural network

N

» Feature Interpretability



Performer & Explainer

* Black-box performer
* Interpretable explainer

e 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

Performer

> Explainer _

Unclear

Unclear

semantics

pattern

Torso
pattern




Explainer network

* Interpretable track
* Disentangled feature maps = object parts

* Ordinary track
* Ordinary feature maps
* X = DXinterpretable T (1- p)xordinary

* P:the ratio of interpretable information
* Increase P

w
IE
L.

o

X
W

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

Performer

Interpretable

Track

Ordinary
Track




Feature maps of an
interpretable filter in
the explainer
Feature maps of an
ordinary filter in the
performer

Feature maps of an
interpretable filter in
the explainer
Feature maps of an
ordinary filter in the
performer

167 neck filters: 58 head filters:

; contributing 42.2% contributing 12.8%

44 other filters: 243 torso filters:
contributing 0.2% contributing 44.8%

Interpretable



Disentangle part information from features

Table 2: Average p values of explainers

in different experiments.

Pascal-Part [4] | CUB200

Single Mult1 [-2011 [33
AlexNet — 07137 | 0.3810
VGG-M | 09012 | 0.8066 0.8611
VGG-S 0.9270 | 0.8996 (0.9533
VGG-16 | 0.8593 | 0.8718 (.9579
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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

MFESBRAMNE NAEXRE, deeplearningEEEFIRLSFHRIE?



Network Transplanting  sezmusix sEEmEL R R

* Interpretable network structures

e Category modules
e Task modules
e Adapter modules

* Gradually merge specific nets = a large generic, distributed, net

Output Initial transplant Final tra nsplant
network

network

Task module
Adaptor

Category module

Input
Step 1: learn a Task-2

upon the category-C
(not network transpl

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



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

r

Task module T T 1 2 2

12

| | 1120 2 1) 2

Category
module

| it Mfanually actw.ate the = Op. 1: transplant Op. 2: learn an adapter between
nput (7 - linkages and inactivate category C to the existing task-2 and category 4 modules

(a) Functional other linkages to conduct task-2 module

modular structure \°) Transplant Net _the task 71 on category C,.

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

Back Feature space of Feature space of Forgotten
Distill propagation i positive samples " negative samples space

| ™ Gradients for - i . ';‘ _' puies B
_' , back distillation ¥ b K e hi(x)
i.e., back-back N i
propagation : J SN et ;
J: category g.: Task

priffgg'"iiﬁfm W h: Adapter module module
L =

Student

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



Table 2: Error rate of classification when we insert three conv-
layers and three ReLLU layers to a pre-trained CNN as the adapter.

Table 1: Error rate of classification when we insert one conv-layer
and one ReLLU layer to a pre-trained CNN as the adapter.

# of samples cat COW dog horse sheep | Avg. # of samples cat COW dog horse sheep | Avg.
100 OL | 12.89  3.09 1289 10.82 928 | 9.79 00 OL | 928 6.70 1237 11.34  3.6] 8.66
BD | 155 052 361 155 1.03 1.65 BD 1.03 258 412 155 258 | 237

50 OL | 13.92 1598 1237 1649 15.46 | 14.84 50 OL | 1443 1392 1546 876 722 11.96
BD | L55 052 361 155 1.03 1.65 BD | 3.09 309 412 206 4.64| 340

20 OL | 1649 2680 28.35 3247 2577 | 25.98 20 OL | 22.16 25.77 3299 22.68 22.16 | 25.15
BD | 1.5 052 3.09 155 1.03 1.55 BD | 7.22 670 7.22 258 515 | 577

10 OL | 39.18 39.18 35.05 41.75 38.66 | 38.76 10 OL | 36.08 3299 3196 3454 34.02 | 33.92
BD | 1.55 052 361 1.55  1.03 1.65 BD | 825 1546 1031 13.92 10.31 | 11.65

0 OL — - - — — — 0  OL -~ - - — - -~
BD | 155 052 412 155 1.03 1.75 BD | 50.00 50.00 50.00 4948 50.00 @ 49.90

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
e 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



e 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
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