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- Analogvideotapes (VHS, etc): 94 % ANALOG

- Portable media, flash drives: 2 %
- Portable hard disks: 2.4 %
- CDs and minidisks: 6.8%

- Global Information Storage Capacity %’ ANAws
’ij/ﬁ{ﬂ%fg in optimally compressed bytes .lpgpee::mﬁmpeanmnw;s%

weibo.com
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- Computer servers and mainframes: 8.9 %

- Digitaltape: 11.8 %

1986 1993

ANALOG , Y o
' — -DVD/Blu-ray: 22.8 %
ANOG STORAGIE . DIGITAL &

2.6 exabytes
B STORAGE

DIGITAL |
0.02 exabytes \

-PCharddisks: 44.5% .
123 billion gigabytes

2002:

“beginning
of the digital age”
50%

- Others: < 1 % (incl. chip cards, memory cards, floppy disks,
mobile phones, PDAs, cameras/cameorders, videogames)

% digital:
1% 3% 25 % 94 %
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sz

* Tom Mitchellf9#l25 3 (1997) X ERIE PRI —LEM
BIFMER P ENX=mF TR EU "EEFES
R EZEEERERINBIMHEE" . (Machine

Learning is the study of computer algorithms that
Improve automatically through experience.)

- Alpaydin (2004) IRHECXIHVIEZFZINEN, "M
FIEAHEFHLAERIZE, LI TENRERITE

BEtRE. " (Machine learning is programming
computers to optimize a performance criterion

using example data or past experience.)
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* Input: X
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of edges)
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(feature representation)
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Motivation

Physical > .

Space Pattern
Space




Our goal

 Qutput: spatial-temporal patterns
« Which areas are in the same spatial patterns? (Community)
« What temporal patterns exist in urban traffic? (Rhythm)

« How traffic occurs between spatial patterns with different temporal
patterns? (Relations between community and rhythm)



Our Works
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Problem definition

* Origin-Destination-Time tensor

* (1, J, K-th element: the traffic volume from /~th
origin zone to /~th destination zone in k-th time.

, Tensor
S ]
N
s Y | A
OD network Time evolving A ODT tensor

OD network



Problem definition

« Decompose the tensor as three projection
matrixes and a core tensor

O projection
Matrix
D projection
Core Matrix

tensor

/ T projection /
Matrix

oDT
tensor




Spatial pattern projection
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Temporal pattern projection

0.012 w .
_ —e—TPattern 1 i

i ., [ A -e--Pattern 2 ||

0.01 | N \\ % Pattern 3 ||
':’ Y |=e=TPattern 4]

800 10:00 1200 1400 16:00 1800 20:00 22:00

Urban traffic

Urban rhythm



Regularized Non-negative Tucker Decomposition

* Basic Tucker decomposition

Core tensor D Matrix

\ 4 v
X::Cxﬂ(gdextT

A

ODT tensor O Matrix T Matrix
 Objective function (1)

min J; = ||X —C x, 0 x4 D x; T||%
* Challenge

« Values in the tensor is very sparse (only 8% non-zero
elements)

 Urban traffic patterns have close relations with urban
context, such as POI.



Regularized Non-negative Tucker Decomposition

 Model urban contextual information

« Assumption: areas with similar POl information
should have the similar urban structure

 Construct area-area similarity matrix

1':11- . l'j

- Objective fui Wi [vil] - [lvs ]

id ‘ POI category ‘ id ‘ POI category

1 |food & beverage Service| 8 | education and culture
jg — ‘ ‘ W — OO i H 2}:‘ 2 hotel 9 business building

min 3 scenic spot 10 residence

4 finance & insurance | 11 living service

jS — HW —_ DDT HQ 5 corporate business 12 |sports & entertainments
i 6 shopping service 13 medical care
7 | transportation facilities | 14 | government agencies




Regularized Non-negative Tucker Decomposition

- Make patterns more explainable
* Non-negative constraints

Liregul,; ¢>00>0D>0T>0

« Core tensor: only Keep strong interactions

* Projection matrix: make each cluster more meaningful and
enhance uniqueness

+ v[[C||1 + 9||O||1 + €||D||l1 + || T||1



Regularized Non-negative Tucker Decomposition

- Final objection function

5 Model traffic
J :”x —C X, 0 XxgD %y T”F information
Model urban

contextual + Of”W — OOT||2F +.8||W — DDTHQF

information (POI) A Make results
+ €l + 810l + el Dlls + [Tl
R - c>o0z0pz0T20
non-negative

« Human mobility and urban context are jointly
optimized !




Optimization

*Block Coordinate Descent (BCD)
« Alternating Proximal Gradient (APG)

% =2 (€%, (070) x4 (DD) %, (TTT) =X x,07 %, D" x,T")

C

07

o= =2 (0(€xa(DTD) % (T7T)) €l = (X xaD" =, TT) €,
—a(W-007)0)

0T

s =2 (D (€ %0 (070) x, (TTT)) , Clay = (X x, 0T %, TT) , €l

~3(W-DD")D)

0T

o5 =2 (T (€%, (070) x4 (DD)) , €/ = (X x, 07 xaDT) , €[,

(t)



Experiments



Data

*Beljing GPS data
 GPS trajectory of 20000 Beijing taxies, 2008 and 2012.

» Beijing traffic analysis zones map
600 zones in the 5t ring road in Beijing

» Position of Interesting (POI) in Beijing
« 380,000 points




Beijing show case

oDT
tensor

Spatial patterns

O projection
Matrix
c D projection
ore Matrix

tensor

Relations

/ T projection /
Matrix

Temporal patterns



Temporal patterns

Morning peak

0.012— ....;....Eveningpeak

0.01}

0.008}
0.006}
0.004}

0.002]

Mid-day

After evening peak



Temporal patterns
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—e—Pattern 1 | : —e—Pattern 1 |
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Beijing show case

oDT
tensor

Spatial patterns

O projection
Matrix
c / D projection /
ore Matrix

tensor

Relations

/ T projection /
Matrix

Temporal patterns



Spatial patterns
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Spatial patterns
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Spatial patterns
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Beijing show case

oDT
tensor

Spatial patterns

O projection
Matrix
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/ T projection /
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Temporal patterns
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Function of urban zones
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Function of urban zones




Where is the center of Beijing?
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Application Scenarios

« The problem definition

Prediction target:
Customer Volume (footfall)

| )

Customer Point Service Point

« Implicit and explicit knowledges in footfall prediction
« Explicit knowledges: geographical correlations
 Implicit knowledges: latent correlations

« Ideas: Mining implicit and explicit knowledges with an
fusion model framework.
« Explicit knowledges: linear regression models
« Implicit knowledges: matrix factorization models



Explicit knowledge: Geographical Context

» Geographical Relation

« The geographic relationship between service and customer
points
« Geographical distance
« Number of service/ customer points around customer/ service points

« Geographical Similarity
 The footfall similarity among customer-service point pairs

that are geographically close.

« The average footfall to a service/customer point from the
customer/service points nearest to a customer/service point

» Social Geography Features

« Social connections between customer and service points
« The traffic flow intensity from a customer point and a service point

« Whether a customer point and a service point are in the same
administrative region



Explicit Correlations

« Geographical Regression
* The linear regression model

-
Lij = W a?;j—l—b

* A tensor/matrix expression of LR model

X:AXkW+E2

« The objective function for footfall prediction

1 > 1 >
Jo=—=5 Y OX—-Axpw)|[p+—=—I[w]3

Ox9o w1



Motivation: Implicit v.s. Explicit Knowledge

* Explicit Knowledge * Implicit Knowledge
 Correlation with a known  Correlation with unknown
reason reasons
« For example: twins are looked « For example: doppelganger

like each other.




Implicit Correlations

e Probabilistic Matrix Factorization
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Modeling Unobserved

» The objective function

Volumes

Unobserved VVolumes

- Calibrating implicit knowledge modeling with
explicit knowledge modeling

Service Points
-Hidden Space
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Residential Points
Hidden Space

A X

Implicit knowledge modeling
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Model and Inference

* GR-NMF: Integrated Model for Footfall
Prediction

min J =
+ «

+5

2
|Y O (X — STC) ||F Implicit Correlations
Y O (X —-Axw) ||?; Explicit Correlations

— 2
Y O (A xpw— STC) ||FUnobserved Volumes

+ v |lwl|3 + 8 |S|l; +CIC|l, Sparsity Factors

st.5>0,C=>0,w >0, Non-negativity Constraints

Inference
« Alternating Proximal Gradient Descent (APGD)



Experiments

« Experiments setup

» Data set: collected from the public hospital system of
Shenzhen, a major city in southern China

» Service points: 321 public hospitals of Shenzhen

« Customer points: 1343 residential zones of
Shenzhen

- Time range: January to December, 2014
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Experiments

e Baselines

* Linear Regression (LR):
min Zyﬁzl(x’ij — WTa?;j)Q.

« Singular Value Decomposition (SVD):
min |[Y © (X - UZVT)|J2.

« Basic Non-Negative Matrix Factorization (bNMF):
min [|[Y ® (X -=S'C)|%,
st.S>0,C>0.
« Sparse Non-Negative Matrix Factorization

SNI\/“:\. _
( min |[Y ® (X =S"'C)||% + o|[S||; + 3/C]|.

st.8S>0.C>0.



Experiments

* The general scenario

« Randomly hide 10% to 50% samples of the
footfall matrix.

ol o o R o
a2
A/ ?
A ? ?
H ?
A ? 10 20 0 m 50

Hidden Rate (%)

Residential
Points

—7—SVD —=bNMF ——sNMF —+-LR -~ GR-NMF




Experiments

 The location selection scenario
« Randomly hide 10% to 50% columns of the footfall matrix.
« The hidden columns correspond to location candidates.

Location candidates

/
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Experiments

« The market investigation scenarios
« Randomly sample 10%-50% rows and columns.

« The sampled rows and columns are investigated
service and residential points.

Investigated service points

SO
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Experiments

- The setting of parameters

« The performance of our approximate method is just
slightly worse than the optimal performance of the
traversal method.
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Conclusions

* The model proposed by this study have following
contributions:

« GR-NMF is able to jointly model implicit knowledge
hidden inside customer volumes and explicit knowledge
expressed as geographical relations.

« GR-NMF has a unified probabilistic interpretation, which
makes the model theoretically solid.

 Extensive experiments are conducted on a real-life
outpatient dataset obtained from the Shenzhen city of
China.

* The results show that GR-NMF outperforms competitive
baselines consistently in various application scenarios with
different sampling rates.



Eﬂﬁj_. ETZMAEREZEIRIRHINEA
/\73

[

A5RAESS . RREFHUSSAEURIRBIRHAIIMRAD
DR : A NS S SRR TR R E T2

Natlve or Migrant: A Partially Supervised Cross-Domain Deep Learning Model for C1t1zensh1p
Recogmtlon Submitted to IJCAI 2017, with ]. Wang, et al.

_________________________________________________________________________________________________________________________________



CD-CNN

L 4

N

NEREZI I HINEA

= =
/\7J.J

[ {

Ry
MESEIEF L IREBFNERFTA (FEEE) N@EiEiTh (FHEER)
- MESWMBREZIDIFEIS. I, AR F&ﬂ“ﬁﬁ

=2

Location Domain

| Questionnaire
| iSluvey Data !

________________________ Native or migrant?
Behavior Convolutional Layer | Permission for this research?

Mobile Phone
Signaling data

Matrix

Calls & SMS |
Infor.

|i u ) .. 0 "
|| SAE Layers &2

C ommunication §
Domain '

CNN ¥ Dimensionality | |
Seeom {b1,ba,... b} Balancing i Output




[ {

Z.

| Calls & SMS [el, e,
Infor.

€t,
Sty ey 824

Communication
Domain '

R3S

REFIRHIRA

Conv olu‘nonaJ Layer Poolmg Layer
u¢ lﬂ"
RL hl/

o o

HIERES IR

Poolmg Layer ‘-,

----------------------------------------------------------

SAE Layers
@

2

V"‘I"‘b
R

<7 HL ‘3'

i‘bI

Dimensionality
Balancing

Questlmmalre
| Survey Data |




@ Z"EEZ %77
155!

WEREFZIHRHIMRA

[ {

ZimmEk2: SIS

i ;Quesﬁonﬁairei
.l | Survey Data |

....................... L Location

. Location ! Tensor

_ Infor. »
T |

ey 4 '
o \ T 7
Mobile Phone Convolutional [ave Pooling Layer o < OB i
Signaling data | : , Convolutional Layer . \ |- !
| : ¢ @) .. \ 2/ - :
__________ b v P 7 S & / ) i
' Calls & SMS | Ek W

Infor.
Communication ' CNN_com
Domain I',\ {b]_ 3 b2 PR ng } Olltpllf



Eﬂﬁj_. ETZMAEREZEIRIRHINEA
/\73

[

bkl EFEMEGco-traininghIEBR EEF

_—___————-—--
-
-
-

, YH(E= 1) < LNt - 1, %)) \

4) _—"—' \‘ (3)

Location Domai

Infor. / T i Questionnaire!
T I,’ 0L(t) = argming. Zk(YIi(t) - yi(t - 1)) + ”9L(t - 1)” Evaey Data
n 5 1 4 :
d’t 4 (3)”’,
-y
Mobile ?‘hone _
Signalimng data -
= Yi() = CN(6°(t), UF)
T X . (2) -
Calls & $MS
Infoy 0°(® = argmingc Z (yk(t -1 -yt - 1) + ][0 - D
ok
~~~~~ R4

-
--_————-—-——



Eﬂﬁj_. ETZUaREZIAIHINMEA
4mb

[ {

0.8

-4-CN -¢-CN

e (e
-w-NoBal

6007 A, HREWIIVA 1 D% St SRR 2 @T@@:@mﬂﬁN
}i'ﬁi%\ %“//kgllnﬁ @ X ’ 7?& 0.5} 0‘55;”’
X4 4101204 K 3, 34754 Days Days
X 3k A 3k (a) Precision (b) Recall
Figure 2: Classification with varying data collecting days
« 4 500% F F, 2013.10 - = e y gi g day

0.8
2014.03

<
~J

=t ain

Precision
=
=31
i)

-4 _a-CN i e —4-CN

¢ ]E'] % . 3ﬁA 9 ZF;[?&/ ﬁl\ftt\‘# 'g ) "z --- T X|-4-LN -g " ]|-a-IN
g i s _.--%|~¥-NoBal g __4|-¥-NoBal
glgxﬂ-_,.gig z ICh SR >CD-SAE| k& ~""|->-cD-saE
06( z;%':'_":"-"'" ' ——NoCo X 1 —a-NoCo
0 A Ch —o-CD-CNN —s-CD-CNN

- H&%: A

i i i AN i i
0'%1( 10k 15k 20k 25k D'%k 10k 15k 20k 25k
Training Set Size Training Set Size

(a) Precision (b) Recall

Figure 3: Classification with varying sizes of labeled samples



L 4

{l
155!

3
!
W

0

2
N
i
Y
\Y
=T
il
O
A
S
>>

RA: TRAOSE ~

EE: 35%B T4k A0, 52014
i%%%ﬁ@%%ﬁ%ﬂ%ﬁ%%
3t |

- BEHER: SFXATEHR

« BREHER: ARATEFTREA

Lo I N B N B o B o]

[y ' i - -»~. : . 7.~
o] EESRT S E{.‘ ..... ” _‘ ................ : o | o~ ' ' - Y, v ‘
\0_; \0_; : : : : b - """ — -\ .
E £ : : ; ; ] _ o ]
=4 AP (g f e ™ ~
g : 2 : : : : R o :
5 : : : : : : Y |
S U S S - Migrants | -3\ £ 2f- wfd o Migrants P - ::rl The downtown
{-=-Natives i i-=- Natives | ! = . “ of Wuxi
0 H H i 0 I i i . W ' | |
1 5 10 15 20 24 1 5 10 15 20 24 o} ,:‘ - : L
Hours Hours N A
(a) Calls (b) Short Messages

Figure 4: Temporal distribution of resident communication Figure 5: Residence distribution of migrants.
behaviors.



5 5

E-mail: jywang@buaa.edu.cn
Weibo: @EFHZBUAA




