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modeling #params WER task hours of (DNN-HMM) | GMM-HMM GMM-HMM
technique [106] -IubS’OO-S\V]E*RTO?.S-FSH training data with same data | with more data
. . Switchboard (test set 1) 309 18.5 274 18.6 (2000 hrs)
GMM., 40 mix DT 309h SI ‘ 294 ‘ 23.6 ‘ 27.4
Switchboard (test set 2) 309 16.1 23.6 17.1 (2000 hrs)
NN 1 hidden-layer x 4634 units 436 26.0 294 Enalish Broadeast News | 50 175 158
+ 19 mne “( > = 5 J. - - — :
2x5 nel__hbo%m: frames . 451 %2 4 ?S 7 | Bing Voice Search 24 304 36.2
DBN-DNN 7 hidden layers <2048 unity 45.1 17.1 19.6 (Sentence error rates)
* updated state alignment 4517 164 18.6 Google Voice Input 5.870 123 16.0 (>>5.870hrs)
+ sparsification 152 nz || 16.1 18.5 J Youtube 1.400 176 523
| GMM 72 mix DT 2000h SA | 1024 || 171 186 @A@%
] Dataset Best result MCDNR Relative
go here: http://yann.lecun.com/exdb/mnist/ of others [%] [%] iﬂprov. [16]
Srarn e MNIST 0.39 0.23 41 &
o ] NIST SD 19 see Table 4  dee Tablet 30-80 >
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Visual Projections Routed to the Auditory Pathway in Ferrets:
Receptive Fields of Visual Neurons in Primary Auditory Cortex

Anna W. Roe,” Sarah L. Pallas,” Young H. Kwon, and Mriganka Sur
Department of Brain and Cognitive Sciences, Massachusetts Institute of Technology, Cambridge, Massachusetts 02139
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Unsupervised feature learning with a neural network
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R LeNet-5(60000/340000)

C1: feature maps S4:f. maps 16@5x5

INPUT
6@28x28
32x32 S2: f. maps C5: layer :
6@14x14 I— B 5™ Fstaver OUTPUT

|T_

I
| Full coanection ‘ Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

Fig. 2. Architecture of l.eNet-5, a Convolutional Neural Network, here for digits recognition. Each plane is a feature map, i.e. a set of units
whose weights are constrained to be identical.

Layer  Trainable Weights Connections

C1 (25+1)*6 = 156 (25+1)*6*28%28 = 122,304

S2 (1+1)*6 =12 (4+1)*6*14*14 = 5880 (2x2 links and bias) g;%

c3 6%(25%3+1) + 9%(25%4+1) +  1516*10*10 = 151,600 NS
1%(25*6+1) = 1516 <

54 16*2 = 32 16*5*5%5 = 2000 (2x2 links and bias) i

C5 120*(5*5*16+1) = 48,120 Same since fully connected MLP at this pc%@\"

F6 84*(120+1) = 10,164 Same e

Output 10*(84+1) = 850 (RBF) Same oo
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A. Krizhevsky, I. Sutskever, and G. E. Hinton, "Imagenet classification with deep convolutional

neural networks," in Advances in neural information processing systems, 2012, pp. 1097-1105. YA



We demonstrated that deep neural networks have
counter-intuitive properties both with respect to the

semantic meaning of individual units and with
respect to their discontinuities(Szegedy2013).
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. Szegedy, C., et al., Intriguing properties of neural networks. Ve
csuat S arxiy preprint arXiv:1312.6199, 2013.
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1 State-of-the-art DNNs can recognize 2 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
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. ! § ! . Algorithm

Guitar Penguin a Guitar Penguin

g o)
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Label and Score
Selection y
Output

Nguyen, A., J. Yosinski, and J. Clune. Deep neural networks are easily focmﬂ@,d
High confldence predictions for unrecognizable images. in 2015 IEEE Co
on Computer Vision and Pattern Recognition (CVPR). 2015.
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