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SVHN dataset
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Table 1. Test Set Accuracies for our Two Architectures

Model | yyip CNN | State-of-the-art

Dataset

Mmlwlwmlmm |

- MNIST | 98.52% | 99.62% | 99.19% [47]
£ Qﬂ@.u“ [‘“ SVAN | 77.38% | 93.76% | 98.08% [23]

CIFAR-10 | 5291% | 79.19% | 91.78% [23]




Understanding Deep Networks

] . - B
'l'*’:\ Fi™ % ... ﬂ s X . 'Q“' *s . 4
» 0 P 5 w Y ® .\.o s
T R T AT S | tSNE
"’TY . ) :" » b :":‘\ ‘ .:..‘ - = 6 . 0
' o §° e o D P e
L ay JUSEETGN mr projection
. . -.... f‘ .... 0.. h s > i .. .. . :
a9 ao.ouo.‘.’ v J’..Q. et ‘e : Of I\/INlST
pigete T g X O > 8 9
& s 3 . &
bt R $ LA . Images
. -." . :' .O.‘..' Q.“ o .. ' ) " :" " (..:“\- ". ..:;
o‘.. A .Q‘. -." ~ L ! - (~ :
‘.'c~‘. ¢ » g ..‘)‘ s A ~
r: ot st . .
" - ' .:'.? 0‘ S
- " . ... ‘ &
» ’ {‘ Y 4 y i ‘{
. s' - P ® s » %
. ..' n~.'. JJ. . : ‘4.‘ Ir.‘ J‘.. -
o ‘. . . r. L4 » ‘ 0 e
Ll W< l?. “.-'o .‘. ’ ‘.'l.f“f..o .
}.-.: ‘-‘ ‘o~\ - o \l._f.“.n';}
'..a . .:i. i . 4 0‘.5‘: -~
"ol .: - ¥ o ¥ o4



Understanding Deep Networks

. -t
. F L

A e
?.: -.s/' :'
. 2. ':’.,‘...,', :
LY o oo L a
. NIRRYY IT 8 P L .
A ¢ o a v P s
3 R, tSNE
\,; . . Y o . : -’; . _l;(i-
( ’;_. - .\\‘ '., . :- ,'... M i:;::-:';. -
» . ‘ g "l * .. J.-
y Al 1 \‘.. ' N "."‘.".t'-’,o- ] -t [
. > ; ~3 "_0‘ . Ry,
gt S projection
og e "_f_ .
- !

:’. L ,' .’ .' » . ! ...:. h_-.’ “-..
.3 ‘; '-,‘.0. - ;- gl " ¢ .
& RGN T MY

e 2 of the neural network.
a)g }“ \ dass § cass 5  cass3

. predictior 5 prediction: 5 predicion: 5

subset. a) Before training (NH: 83.78%). b) After training (NH: 98.36%,

W e B ' Fig. 3. Projection of the last MLP hidden layer activations, MNIST test
AC: 99.15%). Inset shows classification of visual outliers.
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Fig. 4. Projection of the last MLP hidden layer activations before training,
SVHN test subset (NH: 20.94%). Poor class separation is visible.
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Fig. 5. Projection of the MLP hidden layer activations after training,
SVHN test subset. a) First hidden layer (NH: 52.78%). b) Last hidden

layer (NH: 67%).
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Fig. 9. Projection of last CNN hidden layer activations after training,
CIFAR-10 test subset (NH: 53.43%, AC: 78.7%).
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Fig. 11. Inter-epoch evolution, last CNN hidden layer, epochs 0-100, in
steps of 20, MNIST test subset. Brighter trail parts show later epochs.



Understanding Deep Networks

activation projection ~ neuron projection
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Fig. 12. Activation and neuron projections of last CNN hidden layer acti-
vations before and after training, MNIST test subset. Neuron projection
colors show the neurons’ power to discriminate class 8 vs rest.



Visualizing and Understanding
Convolutional Networks

Matthew D. Zeiler and Rob Fergus

Dept. of Computer Science,
New York University, USA
{zeiler,fergus}@cs.nyu.edu
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Representation Learning in Deep Networks

=3 Object Identity

A w Object Parts

N NN N

A P Contours

N NN N
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[Zeiler, 2014]




UNDERSTANDING HOW DEEP BELIEF NETWORKS PERFORM ACOUSTIC MODELLING
Abdel-rahman Mohamed, Geoffrey Hinton, and Gerald Penn

Department of Computer Science, University of Toronto



Speech Recognition

* Map the features to phone class. Using phone labelled data.

X
—— |7
wi IN In/ Phoneme
Classes

* (Classical machine learning - train a classifier on speech training data
that maps to the target phoneme class.

LEAP




Back to Speech Recognition
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Understanding DNNs for Speech

2-D projection of 1st layer DNN
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2-D projection of 2nd layer DNN
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Understanding DNNs for Speech
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2-D projection of final layer DNN
| | | | | |

B [ smmsmmsmse e i R S A ®\' X Q

s s ,

40—

[Abdel Rahman, 2012]

2=

40

80

-100
-100

Established
1911



Understanding DNNs for Speech
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