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01 Visualizing CNN with
Deconvolution
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Our typical example to answer the question of why & HCAI

CINTERED

Skin lesion Image Deep convolutional neural network (Inception v3) Training classes (757) Inference classes (varies by task)

® Acral-lantiginous melanoma
® Amelanotic melanoma — 4@ 92% malignant melanocytic lesion
@ Lentigo melanoma
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Esteva, A., Kuprel, B., Novoa, R. A,, Ko, J., Swetter, S. M., Blau, H. M. & Thrun, S. 2017. Dermatologist-level
classification of skin cancer with deep neural networks. Nature, 542, (7639), 115-118, doi:10.1038/nature21056.
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Matthew D. Zeiler & Rob Fergus 2013. Visualizing and Understanding Convolutional Networks. arXiv:1311.2901.
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Visualizing a Conv Net with a De-Conv Net s HCA|
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Matthew D. Zeiler & Rob Fergus 2014. Visualizing and understanding convolutional networks. In: D., Fleet, T., Pajdla,
B., Schiele & T., Tuytelaars (eds.) ECCV, Lecture Notes in Computer Science LNCS 8689. Cham: Springer, pp. 818-833,
doi:10.1007/978-3-319-10590-1_53.
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Matthew D. Zeiler & Rob Fergus 2013. Visualizing and Understanding Convolutional Networks. arXiv:1311.2901.
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The world is compositional (Yann LeCun) s HCA|

hidden layer 1 hidden layer 2 hidden layer 3
)

input layer

output laver

Matthew D. Zeiler & Rob Fergus 2013. Visualizing and Understanding Convolutional Networks. arXiv:1311.2901
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The world is compositional (Yann LeCun) s HCA|
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Matthew D. Zeiler & Rob Fergus 2013. Visualizing and Understanding Convolutional Networks. arXiv:1311.2901

a.holzinger@human-centered.ai 10 Last update: 26-09-2019



/b HEA]

hiiddir:nt layer 2  hidden laver 3

hidden laver 1

output layer

input layer

K A AN
v " !
o ol \
T
“;___.—____w L F'“..;ﬁrw.f....r V.._.ﬁ

il

i e e Ve

O
N Y T s !

WA

A

Last update: 26-09-2019

Matthew D. Zeiler & Rob Fergus 2013. Visualizing and Understanding Convolutional Networks. arXiv:1311.2901
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Matthew D. Zeiler & Rob Fergus 2013. Visualizing and Understanding Convolutional Networks. arXiv:1311.2901
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Matthew D. Zeiler & Rob Fergus 2013. Visualizing and Understanding Convolutional Networks. arXiv:1311.2901
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Matthew D. Zeiler & Rob Fergus 2013. Visualizing and Understanding Convolutional Networks. arXiv:1311.2901
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Matthew D. Zeiler & Rob Fergus 2013. Visualizing and Understanding Convolutional Networks. arXiv:1311.2901
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What is encoded by a CNN ? (before softmax) s HCAI

RN CINTERED.

X argmin /(P(x), Pg) + A\R(x)

xE]RHxWxC’

Aravindh Mahendran & Andrea Vedaldi. Understanding deep image representations by inverting them. Proceedings of
the IEEE conference on computer vision and pattern recognition, 2015. 5188-5196, doi:10.1109/CVPR.2015.7299155.
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Loss function and total variation regularizer s HCA|

RN CINTERED.
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Aravindh Mahendran & Andrea Vedaldi. Understanding deep image representations by inverting them. Proceedings of

the IEEE conference on computer vision and pattern recognition, 2015. 5188-5196, doi:10.1109/CVPR.2015.7299155.
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Aravindh Mahendran & Andrea Vedaldi. Understanding deep image representations by inverting them. Proceedings of
the IEEE conference on computer vision and pattern recognition, 2015. 5188-5196, doi:10.1109/CVPR.2015.7299155.
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CIFAR-10 classification error (without data augmentation) /2 HCAI

HAMAN-CINTERED.L

Model Error (%) # parameters Method Error (%) # params
without data augmentation without data augmentation
Model A 12.47% ~09M Maxout [1] 11.68% S6M
Strided-CNN-A 13'469;6 ~0.9M Network in Network [2] 10.41% ~1M
giffg;;;ch'A i[?.??olf};’% N };g ﬁ Deeply Supervised [3]  9.69% ~1M

_ - Al - ALL-CNN (Ours) 9.08% ~13M
Model B 10.20% ~1M : .
Strided-CNN-B~ 10.98% ~1M Wity Cals ngmentation -
ConvPool-CNN-B  9.33%  ~ 1.35M Maxout [1] 9.38%  >6M
ALL-CNN-B 9.10% ~1.35 M DropConnect [2] 9.32% .
Model C 074%  ~13M dasNet [4] 9.22%  >6M
Strided-CNN-C 10.19%  ~13M Network in Network [2] 8.81% ~1M
ConvPool-CNN-C ~ 9.31% ~14M Deeply Supervised [3]  7.97% ~1M
ALL-CNN-C 9.08% ~14M ALL-CNN (Ours) 7.25% ~1.3M
Method Error (%)
CNN + tree prior [3] 36.85% Method Error (%)
Network in Nﬂ!“’ﬂf k [2] 35-(58% with large data augmentation
Deeply Supervised [3] 34.57% Spatially Sparse CNN [6] 147%
Maxout (larger) [4] 34.54% Large ALL-CNN (Ours) 4.41%
dasNet [4] 33.78% Fractional Pooling (1 test) [6] 4.50%
ALL-CNN (Ours) 33.71% Fractional Pooling (100 tests) [6] 3.47%
Fractional Pooling (1 test) [6] 31.45%

Fractional Pooling (12 tests) [6] 26.39%

Jost Tobias Springenberg, Alexey Dosovitskiy, Thomas Brox & Martin Riedmiller 2014. Striving for simplicity:
The all convolutional net. arXiv:1412.6806.
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Visualising the activations of high layer neurons
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Jost Tobias Springenberg, Alexey Dosovitskiy, Thomas Brox & Martin Riedmiller 2014. Striving for simplicity:

The all convolutional net. arXiv:1412.6806.
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Guided Backpropagation

convl conv2

Jost Tobias Springenberg, Alexey Dosovitskiy, Thomas Brox & Martin Riedmiller 2014. Striving for simplicity:

The all convolutional net. arXiv:1412.6806.
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Vis of descriptive image regions /o HCA|

backpropagation "deconvnet’ guided backpropagation
with :
pooling +
switches
without
pooling

Jost Tobias Springenberg, Alexey Dosovitskiy, Thomas Brox & Martin Riedmiller 2014. Striving for simplicity:

The all convolutional net. arXiv:1412.6806.
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= |dea: incorporating a generative model in the activation maximization
framework and redefine the optimization problem as:

2
max log p(wc|g(2)) — Al|z||
zZeZ
Anh Nguyen, Alexey Dosovitskiy, Jason Yosinski, Thomas Brox & Jeff Clune. Synthesizing the preferred
inputs for neurons in neural networks via deep generator networks. Advances in Neural Information

Processing Systems (NIPS 2016), 2016 Barcelona. 3387-3395.
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Basic principle of explanation of prediction f(x) s HCA|

RN CINTERED.
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Grégoire Montavon, Wojciech Samek & Klaus-Robert Miller 2018. Methods for interpreting and understanding deep
neural networks. Digital Signal Processing, 73, 1-15, d0i:10.1016/j.dsp.2017.10.011.
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Learning generative models of natural images s HCAI

RN CINTERED.

Code Image
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Anh Nguyen, Alexey Dosovitskiy, Jason Yosinski, Thomas Brox & Jeff Clune. Synthesizing the preferred inputs for neurons in neural networks
via deep generator networks. Advances in Neural Information Processing Systems (NIPS 2016), 2016 Barcelona. 3387-3395.
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Comparison of methods to DGN s HCAl
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Example for Explanation Needed: adversarials S HCAI

1 State-of-the-art DNNs can recognize ) But DNNs are also easily fooled: images can be produced that are unrecognizable
real images with high confidence to humans, but DNNs believe with 99.99% certainty are natural objects

Input
Fitness Evaluation .
Mutation
Evolved images f =

=

\ &

‘ 2 < O
_|'.l

==, S 'E.E Evolutionary Crossover

; Algorithm
(=1
o
&
=1

‘j&’} Gui’tnr Penguin S
283y B "
reewe i"‘m 99.99% Label and Score u

Selection

Guitar ;-ﬁhn;yihr [
98.90%  99.99%

AR n e e el gl
e S EREas
%ﬁﬁ 'w?ﬂr-*m '% 4 i |=£.w o Ew U“IIFI-
B el | e
jorowine ol E==%
il e T e b I FR
e e —
AR ENRIEa e
Anh Nguyen, Jason Yosinski & Jeff Clune. Deep neural networks are easily fooled: High confidence predictions for

unrecognizable images. IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2015 Boston (MA).
IEEE, 427-436. http://www.evolvingai.org/fooling
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If I say this, my students do not believe it, therefore ... /o HCAI

Sundar Plchal

" “It’s not enough
to know if a
model works, we
nheed to know
how it works” b e

Madurai, Tamil Nadu, India

Alma mater Indian Institute of Technology
Kharagpur (BTech)

] ] ®e o
f P h Stanford University (MS)
.. IT OUNAGAr rFicnal s T Whato St (B

Salary US$1,881,066 (2018)

° ° US$1,333,557 (20171
S ayl n g t h I S Y US$199.7 milionl?! (2016)
Title CEOQ of Google and Alphabet
Board Alphabet Inc.P!
member of Maqgic Leap“f
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TCAV at a glance /2 HCA]

= ML models work on low-level features (edges, lines, pixel, ...)
= Humans are working on high-level concepts (shape, size, ...)

= Every pixel of an image is a input feature and are numbers,
which do not make sense to humans.

= TCAV enables to provide an explanation that is generally true
for a class of interest, beyond one image (global explanation).

= TCAV learns ‘concepts’ from examples. For instance, TCAV
needs a couple of examples of ‘female’, and something ‘not
female’ to learn a “gender” concept. The goal of TCAV is to
determine how much a concept (e.g., gender, race) was
important for a prediction in a trained model even if the
concept was not part of the training.
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Top-Level intro /2 HCAI

RN CINTERED.

Doctor Model + TCAV

Doctors

White coat 68%

Concept importance

Stethoscope 45%

Concept importance

Male 36%

Concept importance

TCAV shows that being male is an important ‘concept’ when deciding if an image belongs to a doctor or not

https://towardsdatascience.com/tcav-interpretability-beyond-feature-attribution-79b4d3610b4d

a.holzinger@human-centered.ai 34 Last update: 26-09-2019



Example: Concept Activation Vector (CAV) s HCA|

RN CINTERED.

Yann Lecun, Yoshua Bengio & Geoffrey Hinton 2015. Deep learning.
Nature, 521, (7553), 436-444, doi:10.1038/nature14539.

Humans work in another vector space which is
spanned by implicit knowledge vectors corresponding
0Xap to an unknown set of human interpretable concepts.

dhy (x)

Scri(x) =lim hie (i () + evg) — by (fi(x))
e €

m . = Vh(fi(0)) - vé

Been Kim, Martin Wattenberg, Justin Gilmer, Carrie Cai, James Wexler & Fernanda Viegas. Interpretability beyond
feature attribution: Quantitative testing with concept activation vectors, ICML, 2018. 2673-2682.
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Main paper: TCAV Testing with Concept Activation Vectors
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Testing with Concept Activation Vectors (TCAV)
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Figure 1. Testing with Concept Activation Vectors: Given a user-defined set of examples for a concept (e

-

B K™ class

So k(e )
=Vhi i (fi( "))

. ‘striped’), and random

examples (@), labeled training-data examples for the studied class (zebras) (b), and a trained network (©), TCAV can quantify the model’s
sensitivity to the concept for that class. CAVs are learned by training a linear classifier to distinguish between the activations produced by

a concept’s examples and examples in any layer @). The CAV is the vector orthogonal to the classification boundary (v(, red arrow). For
the class of interest (zebras), TCAV uses the directional derivative Sc . ; (@) to quantify conceptual sensitivity (€)

https://github.com/tensorflow/tcav

Been Kim, Martin Wattenberg, Justin Gilmer, Carrie Cai, James Wexler & Fernanda Viegas. Interpretability beyond feature
attribution: Quantitative testing with concept activation vectors (TCAV). International Conference on Machine Learning

(ICML), 2018. 2673-2682.
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TCAV Application example: Diabetic retinopathy LR\

Prediction Prediction
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A controlled experiment with ground truth S HCAI

Construction of 2 TCAVS:

Image concept
Caption concept

Caption is not always correct:

Model with 0% noise: correct caption
Model with 100% noise: always erroneous caption

Which concept is the network using?

TCAVQ closely matches ground truth.
For cab images, the network used image concept more than the caption concept,

regardless of % of noise.

cucumibmer

cab

" (1}
- — ACCUTACY — Accuracy
= —'I'I'.'LA.'I.'imq. 'E . — TCAY img ..g
2 — TCAV non-img ] § = TCAY caption g
5 - 5 =
Al o o
e g 3 . n:j
cab image cab image with caption cutumber image  cucumbaer with caption
- —i o 4 . #
RS naig i no captions oy s Y MO o captions
0% noisy 30% noisy 100% noisy 0% 30% nolsy 100% naisy t

Been Kim, Martin Wattenberg, Justin Gilmer, Carrie Cai, James Wexler & Fernanda Viegas. Interpretability beyond feature attribution:
Quantitative testing with concept activation vectors (TCAV). International Conference on Machine Learning (ICML), 2018. 2673-2682.
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A controlled experiment with ground truth s HCAI

Vanilla Guided Integrated
gradient backprop gradient Smoothgrad

Model trained on  Input Image

= Saliency map can not

Images without

focus on caption -> o cagtions

= Saliency map should
. Images with
focus on caption -> captions

(0% noise)

= Saliency map possibly can
focus on caption -> images with

captions
(30% nolse)

= Saliency map should not
focus on caption ->

Images with
captions
(100% noise)

.. Subject rated very confident when SmoothGrad results for cab TCAV results for cab
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Been Kim, Martin Wattenberg, Justin Gilmer, Carrie Cai, James Wexler & Fernanda Viegas. Interpretability beyond feature attribution:
Quantitative testing with concept activation vectors (TCAV). International Conference on Machine Learning (ICML), 2018. 2673-2682.
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Conclusion /o HCAI

= TCAV correct —image concept always important

" Note: Humans are very confident — even when
they are wrong!

" Conclusion: Saliency maps may be misleading!

" Thank you — see you in the next lecture!
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