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http://leap.ee.iisc.ac.in/sriram/teaching/ADL2020/

Housekeeping

® Midterm project Il presentations
® Remaining presentations (31-12-2020) Starting from 430pm
® Same format as previous evaluation
® Midterm project III
® Abstract submission deadline (Jan 10th)
v Evaluation after final exam (1st week of Feb)
®inal Exam (as per IISc schedule)

v/ Jan 23rd afternoon!




Knowledge distillation for explainability




LIME model - text example

®Building sparse linear regression for each output class

Example +7 of True Class: ‘ Atheism

Algorithm 1 Algorithm 2

Words that Al considers important: Predicted: Words that A2 considers important: Predicted:

GOD . Atheism Posting . Atheism

mean Prediction correct: Host Prediction correct:

anyonc I J . J

this}
Koresh

through —

Document Document

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

Lines: 8 Lines: 8




LIME model - Image example

®Building sparse linear regression for each output class

-

& Py | N A

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




Future Research Directions

Toda
y * Why did you do that? \/

=HE" -8

L + Why not something else?

Sl RES Learning his is a cat » When do you succeed? \."

el Ll L P (p=.93) » When do you fail? -

UL B R rocess ~

RE<sN~0r  When can | trust you?

ket 41 T UNts units | Lnis « How do | correct an erro\r?/
Training Learned Output User with

Data Function a Task

<Ky

Tomorrow

* | understand why
* | understand why not
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CEREE RN

This is a cat:

New
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==== ‘ -eaming et has%h“i,:.feature: * | know when youlll fail
Process (I know when to trust
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Data Model Interface a Task
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Future Research Directions

New Learning Techniques (today) Explainability
Approach (notional)

Neural Nets . @"
O
O

produce more Qhoas
explainable models, Handom

Create a suite of Graphical >O
while maintaining a CRFs  HBNs  />— Forests
high level of - ¢

' I \ nle ,.,,; _»—-_'V‘V =
machine learning Peep ik  Models
learning

teChanueS that Learning e Ensemble
=" Markov 'ﬂ1 ;  L‘
performance “ Models ais Explainability

Prediction Accuracy

—48 04040

)
e

Deep Explanation

Modified deep learning
techniques to learn
explainable features




Future Research Directions

Generating Image Captions

A group of people « ACNN is trained to recognize objects in
imageS e e

shopplngr;nztrs:toutdoor « A anguae eneratin RNN is trained to
translate features of the CNN'Into words and
There are many captioffe=""_ ————
vegetables at the fruit C—
stand Example Explanations

This is a Kentucky
warbler because this
is a yellow bird with a

black cheek patch
and a black crown.

| This is a pied billed

R | grebe because this

LSTquLSTﬂ«LST\IHLSN eoe om . § : .

s e . - e IS a brown bird with
‘ : & 3 long neck and a

Researchers at UC Berkeley have recently extended this idea

large beak. v~
to generate explanations of bird classifications. The system ' _sg oo
learns to: Limitations

« Classify bird species with 85% accuracy * Limited (indirect at best) explanation of
 Associat€Tmage aescriptions (diStrmimative features of the internal logic
image) with c/asS§ @érinitions (image-independent . Limmy for understanding
discriminative fe&Tlres 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







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/semantic embeddings, gradient and perturbation analysis, Topics in

Explainable learning, Structural catisal models.

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

New Architectures: Capsule networks, End-to-end models, Transformer Networks.

Applications: Applications in in NLP, Speech, Image/Video domains in all modules.




Problem with current deep learning networks

® Convolutional neural networks with z’
filtering and max pooling layers _—

v Generate indicators of object Lo den
parts

v/ check the presence of object
parts and confirimi the object
1dentity.

v Often fails to understand the
spatial relationship between
object parts.




Problem with current deep learning networks

® Question

® Can we learn the presence of Is this a face ?

object parts and their implicit - | ‘
spatial information (position)

® Invariance versus equivariance

® Invariance - resistance to
translations and shifts

® Equivariance - relationship of parts
with other parts have to preserved.




Capsule networks

® Traditional networks
C

® Weigh the inputs and generate a scalar output gt Qm(}\ n Wwpn.
—— —————————————

® Key 1dea in capsule networks (neurons to capsules)
—— —— e

v Move individual neuron outputs from scalar t

v/ Encode the probability of presence of an attribute along the magnitude
of the vector output

v Encode the pose (translation + rotation) in the angle of the vector output

e (ot , textwue e
Driantoion




Capsule Networks

Dynamic Routing Between Capsules

Sara Sabour Nicholas Frosst

Geoffrey E. Hinton
Google Brain
Toronto
{sasabour, frosst, geoffhinton}@google.com




From a layer of neurons to layer of capsules

® Conventional neurons ® Capsule network
Prediction vector
—_—
ﬁl.—l—.l _ Z [
Uk L
v~/




From a layer of neurons to layer of capsules

® Conventional neurons ® Capsule network

Prediction vector




From a layer of neurons to layer of capsules

® Conventional neurons ® Capsule network
1 Prediction vector




Capsule network

® Squashing non-linearity /
‘z/1 s, ||°

@ a— Sc‘zmzsh(sjr ) = . -
\/\/\/ o~~~ —_—

® Makes the vector magnitude range from (0,1)

v Interpretation of the length of the vector as a probability of the presence

of a particular object part
————— e —

® Preserves the direction of the original vector.
ﬁ




Capsule network o
Sy
® Coupling b /
6@ Z S o = .Z‘ C‘:' U.’ Io
Cij - J & = JE
Z e zk/ —

® The coefficients

&L bo‘
A A
NN

v/ Initial values indicate prior probabilities that 1 should be coupled with j
-_

v Depend on the location and type of the capsule
D —




Capsule network

® Coupling
elis

i = Zk €b’il<;

® The coefficients \(,

bii <— bj; +

v The dot product measures the agreement of the layer output at j with
the prediction made only based on 1 - =

v Depend on the location and type of the capsule




Neurons versus Capsules

| Capsule vs. Traditional Neuron |
Input from low-level |

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

| | Sum |

| |
Nonlinear —Is;lI? s \ - \/
‘ Activation | ¥/ = THimm T | hi=£(@) ‘

| Output | [vector(vi) |  scalar(h;) v |




Routing algorithm
N- PMN‘"L{“

Procedure 1 Routing algorithm

1: procedure ROUTING(%;);, T, )
for all capsule i in layer [ and capsule j in layer (I + 1)} b;; < 0.
for r iterations do - A

{ for all capsule 4 in layer I: ¢; < softmax(b;)

N - Mbud'\“wg

> softmax computes Eq. 3
for all capsule j in layer (I + 1)7s; < ), ¢i;0;);
for all capsule j in layer (I + 1): v;<— squash(s;) > squash computes Eq. 1

capsule i in layer / and capsule’7 in layer (I 4+ 1): b;; < b;; + 0;;.v;
return V; = MWW

-

AN A T




Capsule networks - final layer

®Iinal layer consists ol@output capsules

® The length of the instantiation vectors indicates the : \0
probabiWss for the given input. ﬂ ’ g0 =
C
® Loss function (Mw\eiﬂ Loss /
e, = yr maz(0,m™ — [|vg[l*) + A1 — yx) max(0, |[[vi||* —m™)

® Total loss N—"
C




P
Convolutional capsule netwcz;l:xszz 152 7€ Veaps

f/ ..!.‘.,51 =P




Reconstruction as a regularization loss Ve

® Use the final capsules to reconstruct the digit images 6.
16 FC FC FC
D RelLU RelLU Sigmoid 6 (0

g ®

A

" =omMasked [ = Representation of the reconstruction target
N




Capsule networks

Figure 3: Sample MNIST test reconstructions of a CapsNet with 3 routing iterations. (I, p,r)
represents the label, the prediction and the reconstruction target respectively. The two rightmost
columns show two reconstructions of a failure example and it explains how the model confuses a
5 and a 3 1n this image. The other columns are from correct classifications and shows that model

preserves many of the details while smoothing the noise.
pr) | (2,2,2) | (555 | (8388

(5,3,3)

Input

Output




Understanding the capsule output

Figure 4: Dimension perturbations. Each row shows the reconstruction when one of the 16 dimensions
in the DigitCaps representation is tweaked by intervals of 0.05 in the range [—0.25, 0.25].

Scale and thickness

Localized part

Stroke thickness

b bl

LLocalized skew

Width and translation

Localized part




Capsule network performance

Table 1: CapsNet classification test accuracy. The MNIST average and standard deviation results are
reported from 3 trials.

Method Routing Reconstruction MNIST (%)

Baseline - - 0.39
CapsNet 1 no 0.3410.032
CapsNet 1 yes 0.2940.011

N O™




