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1.4 POl Knowledge Graph

Node: Entity
Node Label: Entity Type
Edge with Relationship: Relation
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1.4 POI Knowledge Graph

Why Knowledge Graph?
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1.4 POI Knowledge Graph
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1.4 POl Knowledge Graph
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1.4 POI Knowledge Graph




2. POl Embedding with Graph
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2.1 POl Embedding2| 1178
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Model Design 3. Knowledge GraphO| & €2t Modeling

POl Embedding



DEVIEW

2.2 POI2VEC o
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2.2 POI2VEC Problem Design
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2.2 POI2VEC Graph Design
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2.2 POI2VEC Graph Design
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2.2 POI2VEC Model Design

1 1
6 = ar maxz +z
g@ (W,€)EVpos 1 + exp(—u,v,) (W,€)EVneg 1 + exp(uy,v.)

Sentence = Session
Center word(c) = Session LS/ 2= POI
Around word(w) = Center word= A2/ &F Session LS/ 2= POI

Efficient Estimation of Word Representations in Vector Space, Tomas Mikolov, 2013
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2.2 POI2VEC Model Design

Edge Relation by Session Click
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2.2 POI2VEC Model Design
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Efficient Estimation of Word Representations in Vector Space, Tomas Mikolov, 2013
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2.3 POIMeta2vec
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2.3 POIMeta2vec Problem Design
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2.3 POIMeta2vec Graph Design

2. POI2} Metadata? 2| 2tAH = O|- 23t Heterogeneous Graph=

POI-Metadata Graph
Graph Design

1. Node Design
- POI2| Metadata= 112{0}”7| ?/3l, Heterogeneous Graph = Design

N
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St
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2. Edge Design

-SAH 78 N 7| B R ZE BB == El Metadata= Binary Edge =
Design

 Heterogeneous Graph = Node TypeO| O 2{7tX| QI 2=
* Bipartite Graph=2 = - ES0| F A5 = LIFX|D M= CHE
EfRC| = ES0| edgelL = HAAE|OA U= 2=




DEVIEW

2.3 POIMeta2vec Graph Design

2. POI2} Metadata?F2| £t A= 0|8t Heterogeneous Graph=

POI Knowledge Graph

Projection POI, Metadata Node
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2.3 POIMeta2vec Model Design

3. 3 E =l MetadataS 7HX| = Poi7| 2| 7HZ A Embedding | AH| SHA}.

input layer hidden output layer
laver -
ACL |0
meta paths a [0
v a |0
OO0 a |90
APA — (s n ......
a [0
APVPA emulo _
OO0 P [0
OAPVPAD p: [0 Nl
p: L0 Efgppm's
|V]-dim V| x k

1. KnowledgeGraph Generation 2. Metapath Generation 3. ltem Embedding(skipgram)

metapathZvec: Scalable Representation Learning for Heterogeneous Networks, Yuxiao Dong 2017
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2.3 POIMeta2vec Model Design

3. 3 E =l MetadataS 7HX| = Poi7| 2| 7HZ A Embedding | AH| SHA}.

POI-Metadata Graph

Metapath Generation

Metapath

By Random Walk
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2.3 POIMeta2vec Model Design

3. 3 E =l MetadataS 7HX| = Poi7| 2| 7HZ A Embedding | AH| SHA}.

POI-Metadata Graph

P(Vi ~ T))

Random Walk(Vl- - 7}) = 5 P(V _) T)
J L J

(1, if (V, T)) is occurred sequentially even once

P(V;> T,) = (0,1)

L 0, else

If (POI, POIk) O] H=ZX O = S&3H 1T
= AL0/9] & & metadata jO| = &3

Then P(Vi, Tj), P(Vj, Tk) = 1

metapathZvec: Scalable Representation Learning for Heterogeneous Networks, Yuxiao Dong 2017
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2.3 POIMeta2vec Model Design

3. 3 E =l MetadataS 7HX| = Poi7| 2| 7HZ A Embedding | AH| SHA}.

POI-Metadata Graph Metapath

Metapath Generation

Related by

= 2F Data

718 (Explicit Feedback) = A&, £0[2 5 Z It Al X} F/gF Lf0/E]

metapathZvec: Scalable Representation Learning for Heterogeneous Networks, Yuxiao Dong 2017
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2.3 POIMeta2vec Model Design

3. 3 E =l MetadataS 7HX| = Poi7| 2| 7HZ A Embedding | AH| SHA}.

1 1
6 = ar maxz | z
gg (W,C)EVpos 1 F exp(—ulv,) (W,C)EVpeg 1 T exp(ul,v,)

Sentence = Metapath
Center word(c) = Metapath LS/ 2= Node

Around word(w) = Center word 9! /S window size &//L{/S/ Node

metapathZvec: Scalable Representation Learning for Heterogeneous Networks, Yuxiao Dong 2017
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2.4 POISAGE o
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2.4 POISAGE Problem Design

Recommend
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2.4 POISAGE Graph Design

2. USER2| M= POIS 1129t Heterogeneous Graph= ZF=At.

POI-USER Graph :
P Graph Design
1. Node Design
- USERZ} 12 0l= POIE 11 245t7| 2|3, Heterogeneous Graph = Design

- Collaborative Filtering 342 & HZE5}7| 2|38l Local StructureE & &2 =

cee R = Bipartite Graph.= Design
2. Edge Design
- USERZ} F 2 Z =2 POIE Edge = Design
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2.4 POISAGE Graph Design

2. USER2| M2 pPOIS 1129t Heterogeneous Graph=

POI Knowledge Graph

Projection POI, USER Node
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/ 7 Related by
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2.4 POISAGE Model Design
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3. Collaborative FilteringO| Bt &| = = POl Embedding= Ot At
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* Heterogeneous Graph, Bipartite Graph 7|%t2| Graph Model

- C} A5 Node Feature2| &

- Domain Knowledge0l| 7|%tst

Sampling 24!

Graph Convolutional Neural Networks for Web-Scale Recommender Systems, 2018, Pinterest
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2.4 POISAGE Model Design

3. Collaborative FilteringO| Bt &| = = POl Embedding= Ot At
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2.4 POISAGE Model Design

3. Collaborative FilteringO| Bt &| = = POl Embedding= Ot At
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2.4 POISAGE Model Design

3. Collaborative FilteringO| Bt E | = = POl Embedding= S}X}.
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2.4 POISAGE Model Design

3. Collaborative FilteringO| Bt &| = = POl Embedding= Ot At

3. USER2| pOI0]| LS MS &= X}O|E Dn2{st 5= 27}

USER Preference Modeling Low-rank Positive Loss

User-Dish graph Positive Negative Low Rank Positive

Preference rv

’f
= , —2uZy HZuln [+ An)+

XY £ A4 (uv)EE l
oy max (0, —2, 2y + 2y 21 + Ay)
Hr=d Fe Type
A < A,
oo Figure 4: Our Uber Eats recommendation system leverages max-margin loss augmented with low
rank positives.
Binary Relation Weighted Relation

https://eng.uber.com/uber-eats-graph-learning/
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2.4 POISAGE Model Design

3. Collaborative FilteringO| Bt &| = = POl Embedding= Ot At
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2.4 POISAGE Model Design

3. Collaborative FilteringO| Bt &| = = POl Embedding= Ot At

1. Pinl}Board= O 7| ’d2| of| Of&t77}?
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2.5 Summary of POl Embedding

POI2VEC POIMeta2vec POISAGE

POI Metadata”}
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Problem Design

POI-Metadata Heterogeneous POI-USER
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Graph Design
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3.2 Visualization
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3.2 Visualization: Preview
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3.2 Visualization: Details
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3.2 Visualization: Details

POI2VEC POIMeta2vec POISAGE
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3.3 Precision

Value of

Context
Personalization

Visualization
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3.3 Precision: Same Intent
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3.4 Value of Personalization

Value of

Context
Personalization

Visualization
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3.4 Value of Personalization: Preview

M= EO0tLf LA =3 &l =7F2

2 =7)F?: Case By Case




3.4 Value of Personalization: Diversity
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M= EO0tLf CHESHA =3 &l =7F2
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POl Coverage(%)

" POI2VEC
. POIMeta2vec

W roisAGE

Top-1 Top-5 Top-10 Top-25 Top-50 Top-100
POI2VEC 0.43 0.78 0.89 0.96 0.99 1
POIMeta2vec 0.49 0.89 0.97 1 1 1
POISAGE 0.45 0.77 0.87 0.95 0.98 1

Top-1
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Top-10

Top-25

Top-50

Top-100

Coverage Description
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3.4 Value of Personalization: SME

SME(Small and Medium Enterprise, 2=
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SMESE &

X |

L_ .

Top-1 Top-5 Top-10 Top-25 Top-50 Top-100
POI2VEC 0.15933 | 0.17876 | 0.18858 | 0.19802 | 0.20212 | 0.20467
POIMeta2vec | 0.10437 | 0.14245 | 0.15363 | 0.16227 | 0.16260 | 0.16259
POISAGE 0.19663 | 0.21857 | 0.22821 | 0.23753 | 0.24117 | 0.24311
SME Description
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3.4 Value of Personalization: Case by Case
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3.4 Value of Personalization: Case by Case
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3.5 Summary

Context Visualization

Coverage(Diversity)

Case by Case
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4.1 Future Works

Multi-Intent

Explainable

Recommendation

Deeply
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4.1 Future Works: Explainable

MAGNN
e Node Content Transformation

* |ntra-metapath Aggregation

* |nter-metapath Aggregation

Metapath #1

we® o’ 9 .
Metapath I:lst-an?:e-)O \\
Encoder #1
------------ )
Y /
’ 7’
Target Node 6_ _ _)@_ i
-l\/;etha_th-Ins-ta;cg i ,’
Encoder #2 b
Metapath #2
(a) Node Content Transformation (b) Intra-metapath Aggregation (c) Inter-metapath Aggregation

MAGNN: Metapath Aggregated Graph Neural Network for Heterogeneous Graph Embedding Xinyu Fu, 2020
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4.1 Future Works: Multi-Intent

User
HyperGraph
 Understanding Multi-Intents from Multi POls
 Understanding POls by Hyper Edges
Intent
POI

Researching by AirSPACE collaborated with NLE, 2021 ~ Current
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4.1 Future Works: Multimodal
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4.2 Conclusion

1. 21X St =X &2 & Context & E2|5H= A0| S QS

2. Knowledge Graph= 538 = @l= #3A5=0H| A} & =HolLt,

3. = A| &= 8l contextO]| 5= Knowledge Graph Design & Modeling O| & 8 S}LC}.

4. Embedding?| S 8= E LotH, 4 S0 = Aot =W MH[A S A[AE S HdT = UL
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