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TTIC (Toyota Technological Institute at Chicago)
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. v e Transition Probabilities
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s , HMM
Observation
Many Iayers of Probabilities

nonlinear
feature
transformation
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DNNIZKSEFE A DERER L

(Dahl, Yu, Deng, Acero 2012, Seide, Li, Yu 2011 + new result)

* Voice Search SER (24 hours training)

AM | Setup | Test
GMM-HMM MPE 36.2%
DNN-HMM 5 layers x 2048 30.1% (-17%)

e Switch Board WER (309 hours training)

| Hub5’00-SWB | RTO3s-FSH

GMM-HMM BMMI (9K 40-mixture) 23.6% 27.4%
DNN-HMM 7 x 2048 15.8% (-33%) 18.5% (-33%)
e Switch Board WER (2000 hours training)

AM | Setup | Hub5’00-SWB | RTO3s-FSH
GMM-HMM (A)  BMMI (18K 72-mixture) 21.7% 23.0%
GMM-HMM (B) BMMI + fMPE 19.6% 20.5%

DNN-HMM 7 x 3076 14.4% (A: -34% 15.6% (A:-32%
B: -27%) B: -24%)

(Dong Yu, 2012)
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BRE- a1 —SILRVET—2
(RNN: Recurrent NN)

o

Whh I WX]]

A
h,, \ X

h,=oc(W,x,+W,,h.,)
y.= softmax(W,,h,)

Bi-directional RNN, LSTM (Long Short-term Memory) RNN, Hierarchical RNN,
Deep RNN
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(CNN: Convolutional NN)

Convolution Pooling Convolution Fooling Fully Fully Qutput Predictions
Connected Connected

m=m=pme . dog (0.01)
cat (0.04)
boat (0.94)
bird (0.02)
’_ﬂ




CLDNN (Convolutional, LSTM-DNN)

Fully
connected
layers

Output targets

LSTM
layers

Linear layer

Convolutional :

layers

{xt-l, ..., Xt, ..., Xt+r}

(Sainath et al., 2015)
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Progress of object recognition (1k ImageNet)

Top-5 classification error rate

30%

25%

20%

15%

10%
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=

0%

shallow model

i
UNIVERSITY OF

© TORONTO
deep model

st year

deep model

deep model 31d year

20 year 4th year
\:’3 ., Announced
3.567% 581%
Dec.2015
2012 - 2015
Super-deep: 152 layers [ Bt e Google“

(Li Deng, 2016)
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11x11 conv, 96, /4, pool/2 |

AlexNet, 8 layers |

(ILSVRC2012) |

5x5 conv, 256, pool/2 |

<

3x3 conv, 384 I

<

3x3 conv, 384 I

<

3x3 conv, 256, pool/2 |

<

fc, 4096 |

<

fc, 4096 |

v

fc, 1000 |

VGG, 19 layers
(ILSVRC 2014)

ILSVRC (Large Scale Visual Recognition Challenge)
(slide credit: Jian Sun, MSR)

3x3 conv, 64

3x3 conv, 64, pool/2

3x3 conv, 128

<«

3x3 conv, 128, pool/2

<«

3x3 conv, 256

<«

3x3 conv, 256

<«

3x3 conv, 256

<«

3x3 conv, 256, pool/2

«

3x3 conv, 512

<«

3x3 conv, 512

<«

3x3 conv, 512

<«

3x3 conv, 512, pool/2

<«

3x3 conv, 512

<«

3x3 conv, 512
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3x3 conv, 512

<«

3x3 conv, 512, pool/2
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fc, 4096

<«

fc, 1000

GoogleNet, 22 layers
(ILSVRC 2014)
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layers (ILSVRC 2014) layers
(ILSVRC 2012) (ILSVRC 2015)

[]
B Microsoft Research

AlexNet, 8 = VGG, 19 layers % ResNet, 152

ILSVRC (Large Scale Visual Recognition Challenge)
(slide credit: Jian Sun, MSR)
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ResNet, 152
layers

[]
B Microsoft Research

(slide credit: Jian Sun, MSR)

Ix1 conv, 64

3x3 conv, 64

1x1 conv, 256
—

1x1 conv, 64

3x3 conv, 64

1x1 conv, 256

1x1 conv, 64
3x3 conv, 64
1x1 conv, 256

—
3x3 conv, 128
—
—
3x3 conv, 128

1x1 conv, 512
1x1 conv, 256, /2
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*the original image is from the COCO dataset

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015. Shaoqing Ren, Kaiming He, Ross Girshick,
& Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.

21CCV

International Conference on Computer Vision
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street

light
Computer
N e B oy

a red stop sign sitting under a traffic light on a city street Caption

a stop sign at an intersection on a street Generation

! ! ! ! a stop sign with two street signs on a pole on a sidewalk System
a stop sign at an intersection on a city street a stop sign at an intersection on a city street
| a stop sign
|

a red traffic light

Semantic
Ranking
System

Fang, Gupta, landola, Srivastava, Deng, Dollar, Gao, He, Mitchell, Platt, Zitnick, Zweig, “From captions
to visual concepts and back,” cVvPR, 2015
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Cosine similarity
= Project a sentence and image into

the same semantic vector space Clobalveetor I
obal vector
= where similarity can be measured

= Model + basic features = re-ranked
caption list Image (2D)

Convolutional

Text (1D)

Convolutional
neural networ

neural networ

Q = image, D = caption, R = relevance

P
Relevance: R(Q,D) = cosine(yq,yp) = —=222
lyellllyol
caption P(D|Q) — exp(yR(Q, D)) A man sitting on a
probability: Yprep exp(YR(Q, D)) bench
Candidate captions ﬂ \ Smoothing factor
Objective: L(A)=—log [] P(D*IQ)

(Q,DF)

™ Correct caption

(slide credit: Xiaodong He)



a woman in a kitchen preparing
food

woman working on counter near
kitchen sink preparing a meal (Li Deng, 2016)




a woman in a kitchen preparing
food

woman working on counter near
kitchen sink preparing a meal (Li Deng, 2016)
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Toyota Research Institute (TRI)
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e Ray Kurzweil: “The singularity is near: When humans transcend
biology” [TRAREA—TUHE O E 21— ANFEO 4

HBAHEE]
> i%ﬁ?-‘éd-/v‘-b/n‘/“— ANITHIBEANTHENKSEKED
5. AIBE N THEILT HELIIZHY, ?E"!;AII%EI;AIE’JI FELT.

2045 IZ[FAIMN N EEEERDHEEZE VRS [ AT ENEE (
Artificial Super-Intelligence) |

The
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Singularity (BflTEYFE R)

Ray Kurzweil: “The singularity is near: When humans transcend
biology” [TRAREA—TUHE O E 21— ANFEO 4
HAHEE]
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