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•
• Input: training set X, Y; testing set X
•Output: Y = f (X), or P(Y|X) 

X y=f(x) Y

Y



•
• Input: X
• Output: Y = f (X), or P(Y|X) 

X y=f(x) Y
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• h kAI MZV BMKWOV WVij

Low-level 
sensing Pre-processing Feature extract. Feature 

selection

Inference: 
prediction, 
recognition
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• h kAI MZV BMKWOV WVij

Low-level 
sensing Pre-processing Feature extract. Feature 

selection

Inference: 
prediction, 
recognition
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8	layers

19	layers

22	layers

AlexNet (2012) VGG	(2014) GoogleNet (2014)

16.4%

7.3%

6.7%

http://cs231n.stanford.e

du/slides/winter1516_le

cture8.pdf



AlexNet

(2012)

VGG	

(2014)

GoogleNet

(2014)

152	layers

3.57%

Residual	Net	

(2015)
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7.3% 6.7%

Special	
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Input:
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Urban	big	data
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Taxi	GPS	in	Beijing Beijing	Map Beijing	POI

Input:

Tools:

Regularized	Non-negative	Tensor	
Decomposition

Output:

Spatio-temporal	

patterns
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•0Z O V M VI WV 3UM MV WZ
• ! ! P MTMUMV / PM ZINN K WT UM NZWU P
WZ O V bWVM W P LM VI WV bWVM V P UM

OD	network

Tensor

A	ODT	tensor
Time	evolving	 	

OD	network
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ODT
tensor

Core	
tensor

O projection	
Matrix

D projection	
Matrix

T projection	
Matrix
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Urban	zones Urban	communities
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Urban	rhythmUrban	traffic



min

BMO TIZ bML ?WV VMOI M D KSMZ 6MKWU W WV

• 4I K D KSMZ LMKWU W WV

• 0 86 8 9G 6 B  

•5PITTMVOM
• FIT M V PM MV WZ MZa IZ M WVTa - VWV bMZW
MTMUMV
• EZ IV ZINN K I MZV PI M KTW M ZMTI WV P Z IV
KWV M ! KP I A

ODT	tensor O	Matrix T	Matrix

Core	tensor D	Matrix



• WLMT Z IV KWV M IT VNWZUI WV
• 3 U WV/ IZMI P U TIZ A VNWZUI WV
PW TL PI M PM U TIZ Z IV Z K ZM

• 5WV Z K IZMI IZMI U TIZ a UI Z

•0 86 8 9G 6 B  

min

BMO TIZ bML ?WV VMOI M D KSMZ 6MKWU W WV



BMO TIZ bML ?WV VMOI M D KSMZ 6MKWU W WV

• ISM I MZV UWZM M TI VI TM
•?WV VMOI M KWV ZI V

• = ZMO TIZ bI WV
• 5WZM MV WZ/ VTa SMM ZWVO V MZIK WV

• AZWRMK WV UI Z / UISM MIKP KT MZ UWZM UMIV VON T IVL
MVPIVKM V MVM
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Model	urban	

contextual	

information	 (POI)

Model	 traffic	

information

Make	results	

sparse

Make	results	

non-negative
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Experiments
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ODT
tensor

Core	
tensor

O projection	
Matrix

D projection	
Matrix

T projection	
Matrix

Spatial	patterns

Temporal	patterns

Relations
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Morning	peak

Mid-day

After	evening	peak

Evening	peak
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ODT
tensor

Core	
tensor

O projection	
Matrix

D projection	
Matrix

T projection	
Matrix

Spatial	patterns

Temporal	patterns

Relations
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2008 2012



C I IT I MZV

2008 2012



C I IT I MZV

2008 2012



C I IT I MZV

2008 2012



4M R VO PW KI M

ODT
tensor

Core	
tensor

O projection	
Matrix

D projection	
Matrix

T projection	
Matrix

Spatial	patterns

Temporal	patterns

Relations



5WZM MV WZ

Morning Midday

Evening Night
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Origin Destination
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Origin Destination



7 MV VO

Origin Destination



? OP

Origin Destination



8 VK WV WN Z IV bWVM



8 VK WV WN Z IV bWVM

2008 2012



Where	is	the	center	of	Beijing?
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there exist a number of local patterns (spatio-temporal 
trends) in the spatio-temporal input matrix

Spatio-temporal	
trends

Convolution layer: using several 
filters to 
convolute the 
input matrix

Pooling layer: using average pooling 
to down sampling the 
convolution neuro 
matrix



s

R ” j
g

…

Error

LI LC LP LeR LO

Input Matrix Convolution Pooling 
Error 

feedback Output

Error feedback recurrent neural network
eRNN�#����	���!�



s

•7ZZWZ NMML IKS ZMK ZZMV VM ZIT VM WZS
” hMB??i

m

82

Lout

Lhidden

Lin

Lout

Lhidden

Lin

R
ecurrent

Lout

Lhidden

Lin

Error

Error 
Feedback

NN RNN eRNN
R

ecurrent



s

R wj
j

)(�
�&

Transfer learning

-,)�
�&

R vZWIL MOUMV v g g

g



s

R a h % ( +n l
)%% x v l v i

r
qj

q

0)SU P
—9AC

R

R

ARIMA: Auto Regression Integrated Moving Average; SVR: Support Vector Regression; SAE: Stacked Auto Encoders; 
1D-CNN: 1D Convolutional Neural Network; CNN: Convolutional Neural Network
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