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Figure 1: Two distinct classes from the 1000 classes of the ILSVRC 2014 classification challenge.

[Szegedy et al., 2014]

[Lecun et al., 2012]
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Dynamics of information flow in DNN
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Time
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Input % g Output

h(0) h(l) h2) h(T-1) h(T)

h(t+1) = Y (B (1)x W, (1) + B, (1))

)= ——
l+e

h(t):t-th layer’s hidden node state
W(t):weight matrix between t-th and (t+1)th layer.

B(t):bias of (t+1)th layer hidden node

(g : const)
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the manifold hypothesis (Cayton, 2005; Narayanan and Mitter,
2010), according to which real-world data presented in high di-
mensional spaces are expected to concentrate in the vicinity of
a manifold M of much lower dimensionality d,, embedded
in high dimensional input space R% . [Benjio et al., 2012]

The manifold hypothesis for classification, according to which points of different classes
are likely to concentrate along different sub-manifolds, separated by low density regions of
the input space. [Refai, & Bengio et al., 2011]

|FESFHF T2yt (mnist) = ZHAFEE (+-SNE) T3RITITRTEMLI-FER

Laurens van der Maaten
http://lvdmaaten.qgithub.io/tsne/

GEDHENHYEY)




DNNOFAFZHX

layer t layer t+1

E IR
/f\m!-b

Generated a cat representation
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SRR = HANTIAVICET DA A—TBHNEDIAFTN TLDERITD L HRIF.
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[Bengio et.al, 2012]&Y)

SRR = HANTIAVICET DA A—TBHNEDIAFTN TLDERITD L HRIF.
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Deep Learning and Representation
[Bengio et.al, 2012] [Refai, & Bengio et al., 2011] deep learningNZ#rAFZEIRZ TLVNDEERIE.
YAET D175/ IV LEFIFIIEEL TRL=AutoEncoder(CAE)IZT,
ZTOYVIAETUDHEBENREG A MELGY FERINLBANDOHEEEHLH T IEMNERMIC
Eﬁgéhf: [Refai, & Bengio et al., 2011]

=CAEMERITTD ZHk{ADtangent spaceZE A TLNDZEMVRIEEIMNS. [Bengio etal, 2012]
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1.DBN & MNIST dataset
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Deep Belief Network [Hinton et al., 2006]
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Alexnet & Imagenet dataset
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[Krizhevsky et al., 2012]
—Winner of ILSVRC12 (task1)

Input(224*224*%

OUTPUT(1000)

>

L

5 -~ . -
28 o 192 192 128 2048

.

204¢ Joag \dense

oS NN
128 L —— — —
27 R | TN
4 » % TS
S AN 13 13
P S “‘.\
— R AU ?{ .
e AV B ~ e,
Teel g B

224 s [ e 3 i N A 3| b .
TIB= 13 dense’| [dense

A 57 . ......... 3 A\
f | \ / 1000

[
w

192 192 128 Max

Max 128 Max pooling
pooling pooli

2048 2048

_ Drop out
convolution



Bt —n-
FiE b —=2T T —51vh

ImageNet Dataset (http://www.image-net.org)
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WERSNABRIML(EGI2D) DA HEHRED ELES

FIR#E R (Top5) :['goldfish’, 'axolotl', '"American lobster', 'plastic bag', 'screen’]
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Al #E5 8 (Topb) :['Siamese cat', 'Egyptian cat', 'lynx', 'Norwegian elkhound', 'schipperke’]
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H| BI#E 8 (Top5) :['hamster’, 'broccoli’, 'Angora’, 'quinea pig', 'polecat’]
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z8 Al 5 2R (Topb) :['goldfinch’, 'brambling', 'junco’, Yjay', 'bee eater']
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B A4 8 (Topb) :['steel arch bridge', 'pier’, 'planetarium’, 'paddlewheel’, 'dam'’]
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i AE R (Top5) :['tench’, 'barracouta’, 'gar', 'sturgeon’, 'eel']
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MERSNDRNIRL(LLI2D) DA DERED LLES

i Al #E 8 (Top5) ;[teapot', 'coffeepot’, 'soup bowl', 'cup', 'candle’]
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HERSNDRIEIL (E612D) DA NERED LLER

2 Al #E8 (Topb) ;[tiger cat', 'tabby', 'Egyptian cat', 'lynx’, 'Persian cat']
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HERSNDRIEIL (E612D) DA NERED LLER
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Al #E5 8 (Top5) :['malamute’, 'Eskimo dog', 'Siberian husky', 'timber wolf', 'white wolf']
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HERSNDRIEIL (E612D) DA NERED LLER

# A5 2R (Top5b) :['sports car', 'convertible', 'racer’, 'beach wagon', 'car wheel']
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Al #5 8 (Top5) s:['hen’, 'cock’, 'prairie chicken', 'partridge’, 'black swan']
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HERSNDRIEIL (E612D) DA NERED LLER

2RIl 5 B (Top5) :['tiger cat', 'tabby', 'Egyptian cat', 'lynx’, 'tiger']
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Al HE R (Topb) :['cougar', 'weasel', 'lynx’, 'otter', 'polecat']
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HERSNDRIEIL (E612D) DA NERED LLER

Al #E B (Top5b) ;['great white shark', 'tiger shark', 'hammerhead', 'dugong’, 'sturgeon']
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Relation between Perturbation and
Matching degree with correct answer distribution
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1. RFITTERASNTULS, BEHGDNNRYRT—JIZHE L TE,
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(RN ZFFEND.)
2. BEHZEMALIRD, HADEHA FHEAROEHIHLTANRNTHSEMNDE
RERIEZFFSnb.

3. ChoDEREET T AAIZIEILLEIMENNE,
HIC BRI THALEMRIIHT AMENNE.
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