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Adversarial attacks
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Explainability with distillation
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Knowledge distillation
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Example #3 of 6 True Class: ‘ Atheism

Prediction correct:

v

Document
From: pauld@verdix.com (Paul Durbin)
Subject: Re: DAVID CORESH IS! GOD!
Nntp-Posting-Host: sarge.hq.verdix.com

Organization: Verdix Corp
Lines: 8

Document

From: pauld@verdix.com (Paul Durbin)
Subject: Re: DAVID CORESH IS! GOD!
Nntp-Posting-Host: sarge.hq.verdix.com
Organization: Verdix Corp

Lines: 8

Prediction correct:

J Vv
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LIME model - Image example

(a) Original Image (b) Explaining Electric guitar (c) Explaining Acoustic guitar  (d) Explaining Labrador

E9:309 Advanced Deep Learning



Identitying classification errors

" e
(a) classified as

Figure 11: Raw data and explanation of a bad
model’s prediction in the “Husky vs Wolf” task.
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Today

- - - - ?
“EET B Ny did you do t.hat.
ENEEE . e oaA? ny not something else?
il VB Learning SRR This is a cat hen do you succeed?

EETHNE e Ay, 58 = .93 il?
-..E'. Process oW W (p=.93) hen do you fail”
RE~aD YO hen can | trust you?

. _ « How do | correct an error?

Training Learned Output User with
Data Function a Task

Tomorrow

* | understand why
s==i= ~ | Thisisacat: » | understand why not

Emil VE" New pi Cie £ *It has fur, whiskers, * | know when you’ll succeed

v : : and claws. M
===E== : Learning ‘ ' l e ‘ | ‘ B |+t has this feature: . * | know when you'll fail

HESH®DE Process f ®. ‘ ‘ ' } : ‘_ 4 * | know when to trust you
- 1 ; ATE i | * | know why you erred

Training Explainable  Explanation User with
Data Model Interface a Task
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New Learning Techniques (today) Explainability
Approach — (notional)

“Neu ral Nets " ~
Create a suite of .~ Graphical S
machine learning "/ Desp / Models e
i | | : Ensemble P

techniques that .| Leaming Bayesian Vethods S
produce more | | Belief Nets petne —
explainable models, SRL. \/ O
while maintaining d CRFs HBNs orests %

. | '\' - m—-"'
high I-evel of | Decision — A
learning Markov |

| Trees : -

performance Explainability

—»

XAL

Deep Explanation

Modified deep learning
techniques to learn
explainable features
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Generating Image Captions

] A group of people . A CNN is trained to recognize objects in
Vision  Langwge | ghopping at an outdoor ULEEIC , o
Doop CNIN 80N market * Alanguage generating RNN is trained to
! ‘ translate features of the CNN into words and
@ There are many captions.
vegetables at the fruit
stand Example Explanations

This is a Kentucky
warbler because this
Is a yellow bird with a
black cheek patch
and a black crown.

Generating Visual Explanations

This is a cardinal because ...
" Deep Finegrained Classifier A ]  Recurrent explanation generator model

it_|: | _has | a [i|brightji| red (@@ ®:|<
: : — : =

N fs I; r= This is a pied billed
TaE ™ Concat .
e S @,,/ S e ; é grebe because this
o e s - is a brown bird with
- { : ’ a long neck and a
Researchers at UC Berkeley have recently extended this idea large beak.
;tce)agrﬁgti;e:lte explanations of bird classifications. The system Limitations
« Classify bird species with 85% accuracy * Limited (indirect at best) explanation of
« Associate image descriptions (discriminative features of the internal logic
image) with class definitions (image-independent  Limited utility for understanding
discriminative features of the class) classification errors

Hendricks, L.A, Akata, Z., Rohrbach, M., Donahue, J., Schiele, B., and Darrell, T. (2016). Generating Visual Explanations,
arXiv:1603.08507v1 [cs.CV] 28 Mar 2016
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Topics thus far ...

* Visual and Time Series Modeling: Semantic Models, Recurrent neural models and LSTVM
models, Encoder-decoder models, Attention models.

 Representation Learning, Causality And Explainability: t-SNE visualization, Hierarchical
Representation, , gradient and perturbation analysis, Topics in
Explainable learning, Structural causal models.

» Unsupervised Learning: Restricted Boltzmann Machines, Variational Autoencoders,
Generative Adversarial Networks.

, Transformer Networks.

Applications in in NLP Image/Video domains in all modules.
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Problem with current deep learning networks
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Capsule networks
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Capsule vs. Traditional Neuron

Input from low-level

capsule /neuron ‘ vector(u;) ‘ scalar(z;)

‘ Trorm ujii = Wij; ‘

Operation Weighting

Sj—

‘ Sum

Nonlinear . ||1|| ]
‘ ivation | V3 = THis, 1 Tesl |

Activation

Output vector(v;) |
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