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Foursquare Case

By Oct. 2017

* Over 50 million people each month
 Over 12 billion check-ins
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Yelp Case

By Oct. 2017

* Over 30 million people each month

See More

i 1. The Juice Parlor ) Over 3.7 bi”ion dOIIarS
& D000 s reviews
B! Vo I got the cocoa dream bowl and the immunity shot.

" 2. Ele Makes Cakes
OO0 s reviews
- - Eleana is an AMAZING cake artist, the queen of

M fondant.

3. Surprise Surprise Bake Shop

#iaikt OO0 5o reviews

Each cake pop was individually wrapped with a 5= /A \ A

YELP

satin bow around each one.

CONNECTING PEOP -
GREAT LOCAL LE Witk

@ 4. Silverlake Wine

SO0 355 reviews
I went to their Thursday night flight and was blown
awayll

5. Brooklyn Deli & Mini Market
0000 0sreviews
Hakeem's favorite and chipotle chicken
7z ] )
sandwiches are great.

https://yelp.com/about
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Problem Statement

* Given the user check-in data in LBSNs, point-of-
interest (POI) recommendation is an application
to answer where to go next
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Problem Statement

* Given the user check-in data in LBSNs, point-of-
interest (POI) recommendation is an application

to answer where to go next
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Application Example

* A POl is a specific point location that

someone may find interesting and be
willing to check-in

* POl recommendation suggests a
personalized POl list for each user

Recommended —

‘ This is what's hot right now!

Trending places within 5 mi (30 places)

’E’ Grand Central Terminal
/) 87 E 42nd St
1.8 1

E Apple Store

. 767 5th Ave (btw 58th & 59th St)
POl list T R
- Cloudforce
PO' — — 2 : 1th Ave)

36 Cooper Square, New York, NY 10003, USA

e} ol - e

Explore



Problem Significance

* Help users explore the city and find interesting
places

The city is big.
Where to find
fantastic food?
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Problem Significance

* Help millions of businesses launch advertisements

Liz P, Owner
Orange, CA

“Yelp revolutionized how we reach customers_*

() Watch video

Liz recommends: Yelp Ads Business analytics Video Production and Hosting

Matt Mark Service Company

Steve H., Owner
Kansas City, MO

“| advertised with Yelp and was amazed with the results_*

() Watch video

Steve recommends: Yelp Ads Call to action button Business analytics

https://biz.yelp.com/support/case_studies



Challenges

* Physical and temporal constraints

NETELIX FOURSQUARE
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Challenges

* Sparse data
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Challenges

* Heterogeneous information

Business profile

POI-POI = 1L f)

relation | Yser pl’0ﬁ|e/y
Eﬁ& W \Bjsiness profile

0

User profi/ N
W I
< POI-POI
% relation
S BizzA K

User-user

relation

http://images.mobile-patterns.com/1363118149895-2013-03-03%2020.23.04.png
htto://www.socialmediaexaminer.com/wp-content/uploads/20 1 6/02/mb-social-media-rebrand-foursauare.png
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Literature Review

Geographical Influence

| Temporal Influence

Taxonomy by Influential Factors [

/ A Social Relations
. |
\ C Indi
\POI Recommendatlon ) __Content Indications
Fused Model

/
v’ MF-b ed Joint Model
Taxonomy by Methodologies | zsedJont ode
\ Joint Model Generative Graphical Model

Neural Network Model
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Influential Factors in LBSNs
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Geographical Influence

* Geographical influence depicts the physical
constraints

e Models

— Power law distribution based model
— Gaussian distribution based model

— Kernel density estimation model



Power Law Distribution
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/\b

Check-in probability

Distance

* Recommending

Candidate POI

Pr(l; U L;)
Pr(d(l;,1,)
P7(\) llel i)
Visited POls

Longer distance, less probability

[Ye etal,2010, Ye etal, 2011, Yuan et al., 2013]



Gaussian Distribution

* Multi-center Gaussian Model
(MGM) [Cheng et al, 2012]

Cul

N(”:ucus § :(]“)

i ZiECu N(lllu“iv Z

Probability belonging
to one center, inverse
to distance

Normalization of
center frequency

Gaussian distribution

Stay around activity centers
[Cho et al., 201 |, Cheng et al., 2012, Zhao et al., 2013] 2



Latitude

Kernel Density Estimation

* Modeling each user’s geographical distribution
separately [zhang etal,2013]

User 3
90-- 90{-
60 60' ..... Lo o (AN N e Be N
30 9 30f- 0 -------------------------------
0 £ O e (e TR i e N
-30 S 1) | S (XY R N/ SRR CH Sy
_60 : . . _60 .........................................
-90! ; | : i X i -90 ‘ ‘ i ; : i -90 i i : ' i i
-180 -120 -60 0 60 120 180 -180 -120 -60 0 60 120 180 -180 -120 -60 0 60 120 180
Longitude Longitude Longitude
Personalization

25



Temporal Influence
Periodicity

Temporal
Influence

Consecutiveness Non-uniformness



Check-in Frequency
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Periodic Pattern

week

0 | =4~ Daily Check-ins

1 1 1 ! 1 1 1 1 1 L 1 1 1 1 1 1 1 ?-l-.-l-.l_-? J
5678 910111213141516171819202122230 1 2 3 4
Hour of the Day

[Ye etal,2011]

Periodic pattern exists in two levels: day and

0.025

0.020

0.015

0.010

Frequency of Checkins

0.005 +

0.000°

—

Sunday Monday Tuesday Wednesday Thursday
Day

Friday

Saturday
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Consecutive Pattern

* Two consecutive check-ins are highly correlated

Temporal property Spatial property
1.0 , , , x 1.0 ————————— _
« Foursquare | | | « + Foursquare
0.8f : .+ Gowalla | 0.8 - « + Gowalla

B X >a)
B X i)

0.2} * | 0.2}

| | 1 gl i ?
0.00 5 a 6 3 8.0 g 1.0 153 20 25 3.0 3.5 40

time in hour (log scale, base 2) distance(kilometer), log scale(base 10)

[Cheng et al., 2013, Zhao et al., 201 6a, Zhao et al.,2016b]



Non-uniformness

* Check-in preference changes at different time

III 61

12a 1a 2a 3a 4a 5a 6a 7a 8a 9a 10allal2p 1p 2p 3p 4p 5p 6p 7p 8p 9p 10p1llp 0

[Gao et al., 2013, Zhao et al., 2016b] 29



Social Influence

* Friends share similar check-in preferences

Have fun
together

30



Social Influence

* Modeling social influence with regularization in

matrix factorization

DN

Social - sim(i, f) @ Q

regularization y

u| L]

argmin) ) Ty(g(es)=g(UF Ly))” +AulU1fe-+ Ml Elfe-4
i=1 j=1

32 Z simy(1

'L 1U’f€F’L

U= U

[Ma et al, 2011, Cheng et al., 2012,Yang et al.,2013]
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Content Indications

* Using comments to imply the user preference

o |\

Great spaghetti Center New York Long waiting
Reasonable price Last Sunday night time
Good place Appetizer

[Yang et al., 2013, Gao et al., 2015]
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Content Indications

e Sentiment-aware matrix factorization[Yang et al, 2013]

Raw tips
l Sentiment | Preference
Language detection Score Measure
¢’ -
[-1, -0.05] 1

Sentence split

( . ~ (-0.05, -0.01] 2
POS identification

* 3 (-0.01, 0.01) 3
SentiWordNet
7 -
Noun phrase | [0.01, 0.05) 4
L chunking 4
: [0.05, 1] 5

Noun phrase with
sentiment score

argmin Y (Ci; — UL} )> + ol|U||% + BI|L|[%

Combined rating value 33




Summarization

Geographical Influence

— Differentiate POl recommendation from
traditional recommendations

Temporal Influence

— Periodicity, Consecutiveness, Non-uniformness
Social Influence

— Useful but limited improvements

Content Indications

— Useful but limited source data



Summarization

Geographical Influence

— Differentiate POl recommendation from
traditional recommendations

Temporal Influence

— Periodicity, Consecutiveness, Non-uniformness
Social Influence

— Useful but limited improvements

Content Indications

— Useful but limited source data
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Taxonomy by Methodology

 Fused model

— Separately recommend POls and then combine
the results

* Joint Model

— Jointly learn the factors in a model together and
recommend POls

— MF-based, Generative graphical model, Neural
network model



Summarization

* Fused models
— Easy to extend

— Independent models

* Joint models
— Better reflect the real scenario than fused models

— Attract more attention



Thesis Structure

POl Recommendation in
LBSNs (My Thesis)
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Motivations

eographical influence from physical constraints

oise data against geographical models

Clustering
phenomenon
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Gaussian Mixture Model (GMM)

« GMM
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Genetic Algorithm Based GMM

* GA-GMM
— Trimmed likelihood estimate (TLE) method

— Select a subset of the data to filter noise

log p1LE(X|©) = Z(@'ng xi|©)

where Vi =1,2, ..., n



Genetic Algorithm Based GMM

* GA-GMM

— Fitness function: TLE value

— Coding scheme: binary string

representing the data

occurrence

— Guided mutation: tend to
increase TLE value

* Complexity

#Average check-ins of one user

Hcenters

O(;l * |//D’ % (r!‘llogm + |Q* m * l) * K) Stopping criteria = true

!

HUsers

Population size

HEM cycles

Hiterations

— ™
Initialization
— _
— ' ™
Fitness assignment -
~— ——
a7 * )
Selection
< _/
~ Y ™
Crossover
—
— Y ™
Mutation
N— -

Stopping criteria = false

42
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Experiment

e Data

— Gowalla during Feb. 2009 to Sep. 201 |
— 3836 users and 183667 locations

e Baselines

— Gaussian model (GM) [Cho etal, 2011]: modeling human
movement as a stochastic process distributed around a
center

— Multi-center Gaussian model (MGM) [Cheng etal.,2012] :
state-of-the-art geographical model for POI
recommendation



Experimental Results

* Following [Chengetal, 2012}, two types of data
separation: 90% and 50%

Plrecison at training data percentage=90% Recall at training data percentage=90%
‘ 1 3 G ' 3 GMm
B MGM . MGM
0.08 B GMM BN GMM
Plrecison at training data percentage=50% o 02I(?)\ecall at training data percentage=50%
0.10 ‘ , -
3 GM ' 3 GM
El MGM El MGM
. 0.08 - = GMM  H B GMM
( BN GA-GMM 0.015 B GA-GMM []
c 006} =
S =
i S 0010} |
@ &
& 004} E
0.005 |- .
0.02} -
0.00 0.000
P@5 P@10 R@5 R@10
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Chapter Contributions

* Model the geographical influence via GA-based
GMM

* Model the human mobility better

* Better performance for POl recommendation
than state-of-the-art methods



Thesis Structure

POl Recommendation in
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Motivations

* Temporal influence
— Periodicity [cho etal., 201 1,Yuan et al., 2013]

— Consecutiveness [cheng et al., 2013, Gao et al., 2013]

— Non-uniformness [Gao et al.,2013]



Motivations

* Temporal patterns happen at different scales

Morning Noon Night

oA -Y

Weekday Weekend

Day level

Week level .

48



Model Description

* Aggregated Temporal Tensor Factorization
(ATTF) model

— Time labeling scheme
— Formulate the preference score function
— Infer the model via BPR criteria

— Learn the model via SGD algorithm



Time Labeling Scheme

* Represent time stamps with latent vectors

2011-04-0518:10:23 | time spot
month | day of week | hour time slice
t1: 3 t2:2 | t3:18 temporal factor

A(tl, t2, t3)ﬁgregated temporal factor

50



time label

Tensor Construction

* Each time label is a tuple (tl, t2, t3) generated
from the time labeling scheme

//;' N
user
userl user2 user3
+
+ + + + +
+ + _—
+ [} + + +
B 3
- I * *
()]
* & + |+ + |+ +
+ P>
+ + +
+
POI POI POI

POI

51



Model Formulation

* Score function formulation

— Preference score of user u for a POI | given time t:

fu,t, 1) = (U, 5 4 (AT, T T3

1.t;° "2,tp° 3.1

), Li")

* Aggregate operator definition



Model Inference

* BPR criteria: user prefers the visited POls than
the unvisited

pli >ug i) = o flu.t.l) = flu.t )

* Inferring the model via BPR criteria, we get
the objective function

arg max H plls > ¢ 45
© (71%1.)‘ )€ Ds
Ds = {(u,t,l; zju cUtET Il € L)

53



Learning

* Parameter updating rules

Ush « U - (8- (L - 1) = X - Ui)
LD e 1)+ (8- UP = X 1p7)

LD — 07 448 AC) = x-1;)

LD 8y 5 U + 2 L)

LD e 1iT) — 5. (6. A0 +2- L)

T0 e« T 4y (0 a- () =157y =1 V)

* Complexity
O(N*k*d) , where N is #training examples, d is the latent
vector dimension, k is #sampled negative POls



Experiment

e Data
Source Husers #POls #Hcheck-ins
Foursquare 10,180 16,561 867,107
Gowalla 3,318 33,665 635,600
 Baselines

BRPMF [Rendel et al., 2009]
WRMF [Hu et al., 2008]

CF model for
implicit feedback

LRT [Gao et al., 2013]

POl recommendation

FPMC-LR [Cheng et al.,2013] model
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Chapter Contributions

* Propose ATTF model subsuming all the three
temporal properties

* General framework to capture the temporal features
at different scales

* Outperform prior temporal models
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Motivations

e Observation |

A b0 -
-0 &

* Target

— Capture contextual relations of POls in the sequence
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Motivations

e Observation 2

Weekday

Weekend

* Target

— Capture the temporal variance among sequences

60



Motivations

e Observation 3
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Proposed Model Framework

TT ﬁ

[ Temporal POl Embedding Geo Pairwise ng]
POI Pairwise
Embedding Ranking




Temporal POl Embedding

* Temporal POl Embedding

POIs in a sequence

Ii-k

—

Capture sequential
contexts from embedding

I|+k
Ii ts concatenated projection
N N
i-th POI |i ts temporal state for the sequence

\ Capture temporal variance

in sequences .



Temporal POl Embedding

* Temporal POl Embedding
1 |
Lrpp= 3 o 3 3 (logPrlligelife)
S,ES |Sul 1;€Sy —k<c<k,c#0 @

\ Weekday,
Softmax Negative sampling weekend

['TPE: Z SL Z Z (10g0‘(i;-l,f)+ZEk/ loga(—i;, l,f))

e - HES ThSesh e \h/

| =Lal =Lt




Geo Pairwise Ranking Model

* Geo pairwise ranking

— Assumption: users prefer the POls that are near
the visited POls

— Target: discriminate the unchecked POls

* Geo pairwise preference
Unchecked POI

N

i >u Al e <s ne > ,d(ls o) >s L
Checked POI Distance threshold

Distance



Geo Pairwise Ranking Model

* Geo pairwise ranking formulation

,C( ‘PR — Z Z log CT(ll° (ll — ln))
Su€S (u,l;,ly)

/Geo pairwise preference

Ds,

(u: lne: lnn) |l1 < Su; d(lz lne) S S,
d(lz lnxn) > S, lne, lnnn, < L \ L’u}-

66



Geo-Teaser Model

* Objective function

0= argmaxz Z Z

ULT g cS1,e8, —k<c<k,c0

alogad ) +ZaEk/ loga(—lk, 1Y)

Parameter to trade-off
the sequential modeling
and geo pairwise ranking
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Model Learning

* SGD algorithm

90(0)
90

@t—I-l — ®t i n x
* Complexity

Window Vector
size dlmen5|on

~—

context POls

All check

O((k h—l—m -d- \{

Number of negative Number of sampled
unchecked POI

Update embedding
model

!

Update geo pairwise
ranking model

!

Converge
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Experiment

e Data
Source #Husers #POls #Hcheck-ins
Foursquare 10,034 16,561 865,647
Gowalla 3,240 33,578 556,453
 Baselines
— BRPMF [Rendel et al., 2009] CF model for

WRMEF [Hu et al., 2008]

implicit feedback

LRT [Gao et al.,2013]
LORE [Zhang et al., 2014]

Rank-GeoFM [Li et al., 2015]
SG-CWARP [Liu et al., 2016]

POI
recommendation
model
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Experimental Results

0.2

] =
T — E
=

LI

005 ——

P@5

(a) Precision-Four

* Geo-Teaser performs the best
* Good performance in SG-CWARP and Geo-Teaser:

0.05}

-_BPRMF—” |-BPRMF |
-\NDME I s e

025_ ................ ....................

Q. 2Fmmmmeeeeens ....................

Il GPRMF
I \WRMF
ERILRT
CJLORE

SG-CWARP

[IRank-GeoFM|

P@5

P@10

(¢) Precision-Gowalla

embedding learning works

[l Geo-Teaser

0.2

0.1

Il ePRVF
I RMF
0.15 ELRT

[ ]LORE
[_]Rank-GeoFM

se-cwarp |\ om |
Il Geo-Teaser ;

R@5

(d) Recall-Gowalla
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Chapter Contributions

* Propose temporal POl embedding model to
capture check-ins' sequential contexts

* Propose a new way to incorporate the
geographical influence

* Propose the Geo-Teaser model as a unified
framework incorporating sequential patterns,
geographical and temporal influences
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Thesis Structure

POl Recommendation in
LBSNs (My Thesis)

— .

Literature . POI ,
, User Behavior ....:-, Conclusion
NAHA Understandin Aecommendsy (Chapter 7)
(Chapter 2) & System P
Geographical Temporal Generic Successive
Perspectiv erspective Recommender, ecommender
- ' 4 N
Modellng Modeling Geo-Teaser STELLAR
Geographical Temporal
System System
Influence Influence
(Chapter 5) K(Chapter 6)j

(Chapter 3) (Chapter 4)




Motivations
Successive POI

recommendation
—
‘\
1

@ :
1
. Saturday

20

Monday

Successive POl recommendation is a time-subtle task
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STELLAR Framework

* Spatial-Temporal Latent Ranking

— Learn the preference score for a given user u to a candidate POI
at the time stamp t given his/her last check-in as a query POI [4

[

Successive POIs’ Uy
user I .
/ * User preference correlation
N +
+ +
— + X
_ 5T T e ~T
2 + J—l f(lq,u, t, lc) - Llc,lUu'*'LlC,Zqu,z*'Llc'th qu'z
) 2
Y +
|
8 +

Temporal influence

(query POI, time)

-

T,
Use a 3-d matrix to represent the POI feature ‘



Time Encoding Scheme

* Transform a time stamp to a unique id

2011-04-0518:10:23 | time stamp
month weekday/ hour time slice
weekend
t1: 0011 t2:0 | t3:11 temporal factor

\_l_/

0011011

bina

!

27

ry representation

time id
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Model Formulation

Introduce interval-aware weight utility

function { 0.5+ 2 AT > s

1 otherwise

New score function
Flu 00,41 w) = Lo Uy €0 Dy Lo + Lie 5T,

Inference via BPR

arg min 3 —In(o(f(u, 19 t,15) = f(u,19,t,15))) + N6
O (u,l9,tlc,1¢)EDg

p'n

Complexity

O(N*k*d) , where N is #training examples, d is the latent
vector dimension, k is #sampled negative POls



Experiment

e Data
#Husers #POls #check-ins
Foursquare 10,034 16,561 865,647
Gowalla 3,240 33,578 556,453
* Baselines
— BRPMF [Rendel et al., 2009] CF model for

WRMF [Hu et al., 2008]

implicit feedback

LRT [Gao et al.,2013]

POl recommendation

FPMC-LR [Cheng et al.,2013] model
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Experiment

* Model comparison PLTIN

BPRMF | WRMF | LRT | FPMC-LR | TLAR | SLAR | STELLAR

P@5 | 0.025 0.031 | 0.033 0.048 0.053 | 0.050 0.059

Gowalla - -r @5 0000 [ 0025 [0.030 | 0.067 | 0204 | 0.197 | 0226
Foursauare | 2@ | 0031 [ 0033 0061 [ 0109 [ 0119 [ 0.114 [ 0.129
OUBAUAIt TR@5 0027 [ 0028 [ 0053 | 0347 | 0373 | 0368 | 0.425

* Comparison of different time schemes

M+W | M+D | W+D | M+W+D
P@5 | 0.051 | 0.053 | 0.054 0.059

Gowalla &1 0207 70208 T0219 | 0.226
Fourcauare | P@5 [ 0118 [ 0.120 [ 0.121 | 0.129
54 R@5 | 0371 | 0.389 | 0.398 | 0.425

78



Chapter Contributions

Propose a time-aware successive POI
recommendation method: STELLAR model

Design a novel three-slice time indexing scheme to
represent the time stamps

Introduce a interval-aware weight utility function
to differentiate successive check-ins’ correlations



Thesis Structure

POl Recommendation in
LBSNs (My Thesis)

Literature :
. User Behavior |..:-,
Review . = Recommender

Understanding
(Chapter 2) 5 System
Geographical Temporal Generic
Perspectiv erspective Recommender
Modelin Modelin
.g 5 Geo-Teaser
Geographical Temporal
System
Influence Influence
(Chapter 5)

(Chapter 3) (Chapter 4)

_—— \\/

Conclusion

\

(Chapter 7)

-

)

Successive
ecommender

STELLAR

System

(Chapter 6)



Conclusion

* A systematic literature review

* Understand the user behavior from geographical
and temporal perspective

* Propose two systems: Geo-Teaser and STELLAR



Future Work

* Ranking Based Model

* Online Recommendation

* Deep Learning Based Recommendation



Ranking Based Model

Rating based model Ranking based model

estimate the value estimate preference order

\ h > Ik > lg—1

NN | Tl [ ey | g
1

w NGO [ [ (D7 k>he?

ug \L |17 5T 4 9
I \? L[ |10 : 7 | 4
UL | 9 4 | 9
/BN L N B B ? ?

ug—1 | 2] T T 1 9
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Ranking Based Model

Rating based model Ranking based model

estimate the value < estimate preference order
\ h > Ik > lg—1
NN [ e | e g
w @GO [ (@) [ (D) [ 2 > g
Uy NI 7] |5 & |7
\
S N 2N O T R ) | RN O
we |11 7 |- 4] 1 7
Y] | 7 | ?

[Li et al,, 2015, Zhao et al.,, 2016a, Zhao et al., 2016b, Liu et al., 2016b] -



Online POl Recommendation

* Geographical characteristics change
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Online POl Recommendation

* Geographical characteristics change

* Check-in preferences change

Single
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Deep Learning Based Recommendation

‘ POIs in a sequence ‘

- J
e |- T2 [Taal -~ [ LSTM
N\ ® ® ©
. I T ) t
rojection y——prr
{ A | bt A E
ithpor| | ; | g T
Skip-Gram © © ©
® ® ‘
1
A

[Liu et al., 20163, Liu et al.,2016b]
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Supplementary Slides



FAQ

|. Data set selection reason

Answer: There are two kinds of data: city-based and universal. Yelp usually provide the city-
based data. Our work aims to construct a global model for all users.We choose the universal
data from Gowalla and Foursquare.The data are crawled in 201 I. Now due to the privacy
issue, a user’s sequential check-ins are not allowed to attain.

2. Generic POl recommendation v.s. successive POI
recommendation

Answer:The difference lies in the successive POl recommendation suggests POls given the
current check-in. Generic POl recommendation does not have this constraint, which is
similar to traditional movie recommendation---report suggestions given all prior records.

3. Relation between POl recommendation and traditional
recommendation



FAQ

Answer: We have the user-POIl matrix with the following map relations: user---user, POI---

movie, check-in frequency---rating. Based on this user-POI matrix, we can use CF methods
for POl recommendation.

Lol | e | o | Ligg=1 | e

w, |46 7 | -2 [ ] ?
Uy I [17 |-~ |35 |---| 4 ?

: 201 |10 : ? 4
Ur I [ 2 [ [ 4 - ] ?

?

U|ul_1 1 !
) 1271271 9 9
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FAQ

Why the accuracy is very low!?

Answer:The big challenge is the data sparsity. Even in a city, we have hundreds of thousands
of POls, but each user only check-ins at hundred of POls, even less than one hundred.

How to improve the accuracy to make the application useful
in industry!?

Answer: First, filter the few visited POls. According to the long tail effect, a lot of POls visited
less than 5 users. Including these POls does harm to the model. This method has been used
in our recent paper for data preprocessing. Second, add constraints to specify the needs. In
real scenarios, we have more information, such as the time and current check-in.This method
has been used in our ATTF model (chapter 4) and STELLAR system (chapter 6), which really
improve the accuracy, especially the recall.

Challenge of the metrics.
Answer:They are data sensitive.



Data Format

user_id, latitude, longitude, time, location_id
0,41.72757566,- 88.03198814,2011-01-01 00:00:01,0
1,51.31791,-0.588761,2011-01-01 00:00:20, |

geographical
information

[ POI (Venue) 1 Happening near Chinatown

2 City Winery is trending!

[ time Stamp } Crave Espresso Bar is new in the

neighborhood

Worldwide

David Blackman
at La"Obe Torrefaction

Coffee with EmmesS b the kids
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Metrics

* Precision and recall

1 Lvisie N L rec
P@N:—Zl ted (1 LN rec

’U| uelU N
_ 1 |Lvisited M LN fr*eCI
RQN = — ’
‘U’ Z ‘Lvisitedl

uclU
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Literature Review



Kernel Density Estimation

* Step I:

— Sample a check-in set for a user and compute the density

function over the distance

f(d) =

/

Distance

Gaussian Pair distance of
Kernel V|S|ted POils
d— d’
Z K(
Xl / dex.,
\
Smoothing Check-in set
parameter

[Zhang et al., 2013, Zhang et al., 2015]




Kernel Density Estimation

e Step 2:

— Recommend POls according the distance

p(lj| L) = ILluI > fdy)

VA

Candidate
POI Visited POI set

Distance between
Ii and I]

[Zhang et al., 2013, Zhang et al., 2015] 103



Fused Model

Representative model: MGM-PMF [cheng et al,2012]

ZiECu i 2iec, Nk 32;)

V i

Py = P(Fu) - P(l|Cy)

. ; ; ( Ul) ~ G(UTL )

mlnzzlzj C’l,j UTL —I')‘IHUHF'I')‘QHLHF

i=1 j=1 104




Joint Model

Representative model of MF-based joint model:
GeoMFiLian et al, 2014]

Latent Factors | K
g 3
_ g
m . .
2 0/1 rating matrix = X
s >L
-
3
y L B Y
Y Y ) 4
POI K L POI

User latent matrix| | User activity area latent matrix

: ™~ T /T‘Z 2 2
argmin ||W © (R - PQ" — XY )||F+7(||P||F+|IQ||F)+/’\’|X||1

PQ.X <~

POl latent matrix || POl influence area latent matrix || Sparsity constraint for
limited user activity areas
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Joint Model

Representative model of generative graphical model:
Geo-PFMLiu et al, 2013]

Algorithm 1 Model generative process

: Draw a region r ~ Multinomial(7),,)

l

2: Draw a location [ ~ N (pi,, ). )
GD\ 3: Draw a user preference

4:

5.

6

7

Generate user latent factor u; ~ P(u;: y)
Generate POI latent factor ; ~ P(l;: 9y.)

User-item preference a(i, j) = u! l; + /z:TWyj

; . i+
. Generate p;; ~ P(f;;), where
pij = (“z.le - :z??ﬂ"g/j) pildo +d(ui, ;)"
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Joint Model

Representative model of neural network
model: ST—RNN[Liu et al., 2016]

User latent matrix POI latent matrix

Ouatal o (h )QZ _|_ pu)T

Anamlc interest modeled by RNN

ht D,q¥_ . hy ,u q ht+w qt+ =

i (qt GQ t—w<t <t) ar. (qt eQ t<t <t+w)

107



GA-GMM



Term Definitions

Definition 1. Encoding scheme. The chromosome is encoded into a binary string

and each bit represents the existence of corresponding observed data. Each chro-
mosome and its corresponding mixture model will be a possible solution to our
problem.

Definition 2. Fitness function. The fitness score function is set as the trimmed
logarithm likelihood of the corresponding GMM of a chromosome—log prrp(X|©).

Definition 3. Guided Mutation. Guided Mutation ensures the chromosome in
a population to mutate toward mazimizing fitness score. It means we choose
chromosome that has higher value fitting trained GMDM.
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GA-GMM Alg.

Algorithm 1 Genetic-based Expectation Maximization Algorithm

1. t=0:

2. Initialize Py(t);
3.fort=1:G do

13.
14.
15.

Py (t) < perform several cycles of EM on Py (t);

Ps(t) < Guided Mutation in P (t);

fScores < evaluate P»(t);

Py (t)l + selection and crossover to generate offspring from P»(t);
P (t)/ < perform several cycles of EM on Po(t)’;

Pg(t), < Guided Mutation in Pl(t)l;

fScores + evaluate Pg(t)l;

Ps(t) < selection from [Ps(t), P» (t),];

iBest < best individual from P3(t);

if iBest satisfies convergence condition then break;

P()(t + 1) < .P3(t);
=1+ 1;

16. Perform EM on iBest until convergence;




Complexity

Parameter Settings

The number of components in GMM and GA-GMM s set as 2. We set the
radius of region in MGM as 1 kilometers and the ratio of one centre to

whole record is set as 0.1. For GA-GMM, we set population size |P| = 6,
EM cycles |C| = 4, and discard rate e = 1//n.

Computation Complexity
o GM: O(n*m* T)
o MGM: O(n* m2)
o GMM: O(n*m*k* T)
o GA-GMM: O(nx* |P| % (mlogm + |C|«mx k)« T) 2

?n means the size of users; m means the average check-ins of one user; T
means the iterations; k means the size of centers; |P| is population size, |C| is
EM cycles.
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ATTF



checkin frequency

Data Analysis

12 1.0
1
= /| 0.8 I
\ |" '| f \ |
8 /\.‘\ ' 'l 'II' |'|| ll" ||| "' |Il R ||| .|
\ / l "I l‘.. "’ |l '|| l||l 'b:-l 0.6 I" ||
6 | P/\ YY) 2 bl ﬁ
f [
? | | | g ' |
4 '! \ ." \' \[ %0 .’/‘ | .‘I \ r !
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u l| ' l’ \‘l || If \|
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0 5 10 15 20 0 5 1 15 20
hour hour
(a) A user’s check-in pattern in a day (b) Consecutive hour pair similarity

Figure 4.2: Sparsity demonstration
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Data Analysis

6.

S

i

o 3'

= 2,

1

8

0O 1 2 3 45 6 7 8 9 1011121314 1516 17 18 19 20 21 22 23 '

hour of a day
(a) Non-uniformness in hour of one day

o
.

OORHFHNNWW/ARWN
ouwouowouwowmo

0 :
1 I
> :
3 I
a :
0 &2 3 4 5 6 '

2 3 4 B B
Sun. Mon. Tue. Wed. Thu. Fri. Sat. month

(b) Non-uniformness in day of week (c¢) Non-uniformness in month

Figure 4.3: Demonstration of non-uniformness at different time scales
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Model Interpretation

| BPR Loss |

[ Sum

Product

Figure 4.5: Embedding neural network for ATTF model
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Summary

Aggregated Temporal Tensor Factorization

Time spot — Latent vector representation

2011-04-0518:10:23 | time spot

Periodicity: same vector

for the same time type A

Non-uniformness: different month | day of week | hour | timeslice
vectors for different time types | | |

t1: 3 t2: 2 t3: 18 temporal factor

Consecutiveness: learned

from vectors via the check-ins
A(tl, t2, t3) aggregated temporal factor

Preference score function
L (U L) —(L) —(L T
Fut, 1) = (U, L5y + (AT, T T80, L)

A() =qQq - Tl(,LtZ + Qo - T2(,Ltl + a3 - T3(’Lt1 16




Learning ATTF
* ATTF model learning algorithm

Input: Training tuples {(u;, ti, i) }i=1....N
Output: UW, 7B 7B 7B 1) 1(T)

1: Initialize U, 7O, 7B 75D 1(0) 1(T)

2: repeat

3:  Draw (u.t,I,) uniformly from training tuples

4: For s = 1.2..... k. where k is #sampled negative POls
4: Draw (u. t, I, l,) uniformly

5: Yut,lpdn < Yu,t,ly — Yu,t.I,

6: 0 1—0(yutl,i)

I Update parameters according to Eq. (4)

8: until convergence
0; retum UW, T\, 759, TP, 1), 4(T)
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Data Analysis

* How POls in sequences correlate each other

Il Nonconsecutive
I Consecutive

0.25;

O
N

Correlation
(@»)
a— S
(@)]

0.05;

Foursquare C Foursquare Gowalla

] (b) Consecutive vs. Nonconsecu-

a) Sequence vs.
(@) q five 121



Data Analysis

* lemporal variance between weekday and weekend

led
1.4} "—- Monday ~— Thursday —_— Saturday‘
Tiacaacaa.. Falada.. [ PPN PR
P 1.21e4 ,
= — Monday -~ Thursday —— Saturday
21-0 1.0 —— Tuesday — Friday —— Sunday
%08 ‘§ — Wednesday
&7 \ So.s
O =
D 0.6\ %
© N\ 206
S (&)
©
50'4\ 2
S 0.4
0.2 E
o
0.2
O.O0
0:%9 5 10 15 20

hour

(b) Gowalla
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Sequence Pair Explanation

* A sequence:l, |, |5
— Consecutive pairs: (I}, I5), (I5, 15)
— Non-consecutive pairs: (I, |3)
* A sequence:l}, | I3, 14
— Consecutive pairs: (1, 1), (15, 3), (I3, 14)

— Non-consecutive pairs: (I}, 13), (I, 14), (I5, 14)



Context Window Demonstration

* When k =2,

— For
— For

— For

,, context PO
,, context PO
3, context PO

S are

S are

S are

2 14y I
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Learning Geo-Teaser Algorithm

Learn the embedding model

Learn the geo pairwise ranking

Algorithm 1: Learning algorithm for the Geo-Teaser model

Input: S
Output: U L. T

1 Initialize U, L. L', and T (uniformly at random)
2 for iterations do
3 for S. € S do
4 for (u,l;) € .S, do
5 " | for each context POI l. do
L+ L+ an(l—o(.-15))L
b tetam(l —o (I~ )L
1.+ 1. + an(1l — a(i,c )L + )
for {k' ~ P,._} do
10 L« 1; — cn]o'(i;l.f 3 )
11 | ERE ol Q‘T]U'(i;\,/ . lf)ll/
12 C = —ena(ya 1k 2 6)
13 end
14 . end
15 = Uniformly sample 7 unvisited POIs
16 for (u,l;, lne) € D, do
17 d0=1—oc(u-l; —u-l,.)
18 u<—u+ Bné(l; —1,.)
19 I, < L + B8ndu:lhe < e — Bndu
20 end
21 for (u,lne,lnn) € D, do
22 d=(1—oc(u-lne —u-lun))
23 u<—u+ Bnéd(lne — 1.n)
24 Lie < lne + Bndu : Ly < L — B7du
25 end
26 L end
27 end
28 end




Complexity

Window Vector All check-
5|ze dlmen5|on |ns

/Hrm \C\

Number of negative | Number of sampled
context POls unchecked POI

* Linear in o(|C)

— k, h, m, d are fixed hyper-parameters
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Parameter Effect

{| —Foursquare
:(—Gowalla

{| — Foursquare
|—Gowalla

0 05 1 15 2 0 05 1 15 2
Bla B lo
(a) P@5 on Geo-Teaser (b) R@5 on Geo-Teaser

Figure 7: Parameter effect on o and 3
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Parameter Effect
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Figure 8: Parameter effect on distance threshold s
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Data Analysis

1.0 1.0 ,
« Foursquare « Foursquare
0.8} + Gowalla 0.8} + +« Gowalla
- 0.6} 7 0.6
A A
e | >
T 0.4} , 0.4
.Q.*."' *
h ¥ *
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% 2 4 6 8 08605 10 15 20 25 30 35 40
distance(kilometer), log scale(base 10)

time in hour (log scale, base 2)

(a) CCDF of intervals in succes- (b) CCDF of distances in succes-
sive check-1ns sive check-1ns
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Data Analysis

Time Sensitive Analysis

1.0 . ’
1.0
« Foursquare [ Insensitive
0.8 it - + + Gowalla >~0.8 B Sensitive
20.
=
~ 0.6} * T
A A § 0.6
;f./ !z o
0.4 -
T 0.4}
~
0.2 8
' 5 0.2
080 05 1.0 15 20 25 30 35 40 0.0
distance(kilometer), log scale(base 10) "~ Foursquare Gowalla

(c) CCDF of distances in succes- (d) Time sensitive analysis of suc-
sive check-ins beyond 4 hours cessive POI check-ins
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Parameter Effect
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Parameter Effect
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