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Largest Travel Platform in the World ...

High Volume and
diversity of Customers

Broad and diversified
Supply Pariners

750M+

o )
monthly visits' 1.1TM+ properties on

core lodging
platform*

2M+ active

corporate travelers Suppliers 2M+ Vrbo online

bookable listings

Customers

™

expedia groups

Powering ~100K
offline travel agents?

500+

airlines
35K+ B2B partners

leveraging our 175+ carrental

platform .
companies
50M+ contacts )
+
handled annuailly? 35K unique
activities

Notes: Expedia Group data shown as of 3/31/19, unless otherwise noted. 1. Monthly visits based on data for Brand Expedia, Hotels.com, Orbitz, Travelocity,
Wotif, Vrbo, trivago and Hotwire combined during 2018. 2. Offline travel agents based on number of sales agents in Global Customer Operations, Expedia
Partner Solutions (EPS), Vrbo, Classic Vacations, CruiseShipCenters, Travel Agent Affiliate Program (TAAP). 3. Contacts handled annually include calls,
emails, chats and social media. 4. Includes more than 460,000 integrated Vrbo listings. This information is based on Q2 19" Earning Report.



Recommender Systems and the Long Tail

RHAPSODY N AMAZON.COM [  NETFLIX |

Online services carry far more inventory than traditional retailers. TOTAL INVENTORY: : TOTAL INVENTORY: : TOTAL INVENTORY:
Rhapsody, for example, offers 19 times as many songs as 735,000 songs : 2.3 million books : 25,000 OVDs
Wal-Mart’s stock of 39,000 tunes. The appetite for Rhapsody’s : :

more obscure tunes (charted below in yellow) makes up the

so-called Long Taill, Meanwhile, even as consumers flock to

mainstream books, music, and films (right), there is real demand

for niche fare found only online trpicsd : pecal
Wed Mart : Bareos & Noble  :
Where: 20000 samgs e 130,000 howkn

typcal
Blechdesnor
1heo: 1000 OVOs

6,100

OBSCURE PRODUCTS YOU CAN'T GET ANYWHERE BUT ONLINE

TOTAL SALES : TOTALSALES : TOTAL SALES

Songs
available at
<= both Wal-Mart
. and Rhapsody

Sonr
available only
on Rhapsody

— i

100,000
Titles ranked by popularity
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Source: Erik Brynjolfsson, Yu Jeffrey Hu and Michael D. Smith, MIT Sloan,"From niches to riches: Anatomy of the long tail." Sloan Management Review 47.4 (2006): 67-71. \\\\\ 7]} @//////))(( }))


https://sloanreview.mit.edu/article/from-niches-to-riches-anatomy-of-the-long-tail/#article-authors

Two-sided Vacation Rental Marketplace Platforms
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Recommendation use case in Vrbo

@ Vancouver is populart Only 12% of Vancouver properties ate lefz for your dates

®c @ e o
King Size Bed In The Sky + PARKING Explore s trendiest neigh ina Brand NEW !! 2-bedroom private entry suite, 10 min
beautiful townhouse walk to subway, city centre
#8225 per oight # View detals for price #5207 per gt #8151 por nige
hhk ki 7 *kokkk L2 2 & BN
BA - Sleeps 3 Stdo - Sleegs 2 Studio + 18A - Seeps 2 BR- 1BA . Seepsd

Continue Searching

Vancouver, BC, C Aug 26 Sep2 2 Guests

You might like these similar properties

] " e @ @ ® y - @
Studio - 1 BA - Sleeps 2 Studio - - Sleeps 2 Studio - 1 BA - Sleeps 2 Studio - - Sleeps 2 Studio - - Sleeps 2 Studio - 1 BA - Sleeps 2 Studio - - Sleeps 2
$181 .45 $211 mpnght $335 $335 svgiight $474 sghght $241 sgiigh
ok k




Research questions

How to personalize the item recommendations based on trip context?
How to make personalized recommendation scalable (millions of listings
and travelers)?

How to incorporate both seasonality and trip type (e.g. with family to
mountain or beach in summer) in personalizing recommendations?

How to capture the non-linear and complex search behavior of the
travelers to personalize recommendations

How to serve personalized recommendations to all the heterogeneous
use cases from discovery to final booking on home page, landing page,
property detail page, trip board, email, etc. in production environment?



Position of this research in literature

Session Based Recommender

Systems (SBRT), Shallow
Neural Network Embedding,

item2vec
This study

Content Based
Recommendation Deep Embedding Neural
System, Collab- Network: Long Short Term
orative Filtering, Memory, Attention, Encoder-
Factorization Ma- Decoder Network
chine

Vardbay



Gap in the literature and this study

Personalization of recommendation

Incorporating for trip context

Importance of Scalability

Importance of Computational Efficiency to fit in agile framework

Incorporating non-linearity

Architecture guided by theory: traveler bounded rationality, traveler's memory
and item encoding and decoding, traveler's attention
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Overview of the System

Listing .
; Collaborative Model
(Embeddlngs( ) : Processor Store

. Scoring API
(cache)

Traveler
Embeddings

request
4 > _ Scores
response ,? (Data Platform)

TensorFlo




Overview of the Methodology

e Internal anonymized clickstream data is collected for millions of users from two

different seven-day periods:

o The 1st dataset was used to generate embeddings using Deep Average Network and
the LSTM with Attention

o The 2nd dataset was used to evaluate the learned embeddings on the Traveler
Booking Intent Model

e Three baselines methods:

o Random Listing Embedding Selection

o Averaging Embeddings

o LSTM with Attention



Traveler Embedding Model (1)
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Traveler Embedding Model (2)

e Targettopredict: P(Y|S;, C;) = sigmoid(f(v;.))

e Deep Average Network (DAN):
f(I/j.) = TE|U(LU1 - hz(llj.) + ;’31)
hl(l/j_) = TE|U(WQ : hl(l/j_) -+ ,32)

t

1
hz(l/j.) = relu(w3 . ; Z_; I/j,') -+ ,33)

LSTM Architecture:f(z/jt) = sigmoid(wr[he, vj] + Br) - f(z/Jf‘l)
+ sigmoid(wi[he, v[] + B;) - tanh(we[he—1, V] + Bc)
e LSTM+ Attention: f(v;) = softmax(w” - hy)tanh(h7)



Traveler Booking Intent (TBI) Model

A scalable, end-to-end machine learning system in production that predicts
conversion, aka booking intent probability

XGBoost framework is used for advantages in performance and efficiency

O =303 570+ ) + (R

Handcrafted features using session data that includes user onsite interactions,

e.g. search, property listing page, check out flow and contacts (inquiries and
messages).



Experiments and Results (1)

Table: Comparison between Model Settings

Performance Metrics

Algorithm AUC  Precision Recall F-Score
Random 0.973 0.821 0.633 0.715
Averaging Embeddings 0.971 0.816 0.628 0.71
LSTM + Attention 0.976 0.877 0.62 0.727
DAN 0.978 0.888 0.628 0.735

Vardbay



Experiments and Results (2)

Table: Performance Uplift to TBI Model

Performance Metrics

Settings AUC  Precision Recall F-Score

Only Hand-Crafted Feat. 0.975 0.817 0.651 0.724
Hand-Crafted + DAN Feat. 0.978 0.888 0.628 0.735

Vardbay



Conclusions

Combined shallow and deep neural network embedding for listing and traveler
embedding and tree based boosting methods

Deployed end-to-end manner and traveler embeddings are made available to
any team in the company

Extension by incorporating more contextual spatio-temporal information in the
model

Currently working on the creation of a scoring layer that combines listing and
traveler embeddings to personalize recommendations and ranking of search
results
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https://lifeatexpedia.com/jobs

