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Agenda

1. Introducing the problem
2. Evaluating performance
3. Interpreting the model
4. Designing the machine
5. Deploying to production




Historical attempts have not succeeded

Points = w; * stars + ws * rating + w3 * price + wy * spread + ...

app._id

experiment_name

hotelstorm-www

hotelstorm-www

hotelstorm-www

ALL-whitelabel-web

hotelstorm-www

hotelstorm-www

Config:hs.exp.search.ranking_algo_points
Config:hs.exp.search.ranking_algo_points
Config:hs.exp.search.ranking_algo_points
Config:itestarossa.searchResults.rankweights
Config:hs.exp.search.ranking_algo_points_v2

Config:hs.exp.search.ranking_algo_points_v3

start_dt ttm_Lift |
Nov 2017

Jan 2018 0.01064
Feb 2018 0.0141
Feb 2018 0.00466
Mar 2018 -

Apr 2018 0.01407
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Ranking is a complex problem!

Standard machine
learning methods

Hotel attributes User preferences

Price Price level
Quality Travel intent
Location

History
Diversity

Firm priorities
Profit
Profit margin

Our solution
balances all
factors

Existing solution
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Our solution balances all factors

\/ profit x profit margin TTM + Overrides (PO
customizable)

s N g )
P t
Ranking Score = Relevance x roft

/ vV Revenue,

Probability user picks this
result, given the user
picks a result
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1e drivers of hotel relevance?




Force plots reveal the effect of every feature

Grand Fiesta: High ranked because it's popular with decent rewards

higher 2 lower

' ~ e eEm — T

hotel_cumulative_bookings = 94.0 pumber_of reviews = 1590.0 sfq_rewards_zscore = 1.16162494 hotel_cumulative_share = 0.0287286 user_preferred_price = 0.11896885618399

Sunset Royal: Low ranked because no history, reputation, and a high price

higher P lower
output value base value

0.63

)P0 0 10 N E G S S S S

[ stars =50 hotel_cumulative_share = 0.00152811 number_of_reviews = 16.0 srq_price_zscore = 1.14017349

Every data field is credited with its contribution to the final prediction.
This credit is the data field's SHAP value.
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Violin plots summarise aggregate effects

High
hotel_cumulative_share
number_of_reviews - *
sr_price_zscore Previous performance
previous_user_hotel_interaction ' ST T
region_meanprice_diff
user_preferred_price
srcg_hotsl_ distance Relative price
region_centroid_distance
n_results - P
user_preferred_stars g
hotel_cumulative_bookings % ReVl e\x/ C Ou nt
average_published_price &
srq_stars_zscore
hotel_description_score .
sars Distance
rating
reward_program_id
user_preferred_rating .
region_preceding_bookings Sta rS
region_stars_diff
Low

4 0 1 2 3 4
SHAP value (impact on model output)
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Partial dependence plots for feature interactions

20
04 = v
0.2 : ' : 1.5
Model is able to adjust s g e i : ; H @
the score based off of Ry ! | <50l
@ = -
how closely the hotel &8 o i ' 8
price (srq_price_zscore) % ; . ¥ ] 00 ;
- 3
matches the user's =0 Sy 2
. . -0.5
preferred price level 038
-1.0 -1.0

075 -050 -025 000 025 050 075 100 125
user_preferred_price
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Modeling search result relevance

Credit; https:./xkcd.com/1838/
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https://xkcd.com/1838/

Model of choice: gradient boosting tree

Cumulative share > 07

I
! }

Rating > 8.2? Price < 1007
I T
! ! l
The second
_ 1 0 -1
tree predicts Cumulative book ,
umulative DOOKINgS > 4:
the error of the T J
first tree | }
Cumulative share > .05? Rewards > 20007
I T
l l ! l
-0.5 -0.7
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Predict which hotel is “preferred” by the customer

- Unconsidered o Irrelevant 1 Details 2 Payment 3 Purchased
1. Mgm Grand 2. Aria 3. Ti - Treasure Island 4. The Venetian® 5. Hard Rock
6. Paris 7. The Palazzo 8. The Cosmopolitan 9. Luxor 10. Sls
11. Tropicana 12. Westgate 13. The Ling 14. Bally's 15. Circus Circus
16. Golden Nugget 17. The Signature 18. El Cortez 19. Renaissance 20. Polo Towers
21. Waldorf Astoria 22. Palms Casino 23. Red Rock 24. Nomad Las Vegas 25. Downtown
Resort Grand

A result’s label is determined based on its funnel stage
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Predict which hotel is “preferred” by the customer

- Unconsidered o Irrelevant 1 Details 2 Payment 3 Purchased
1. Mgm Grand 2. Aria 3. Ti - Treasure Island 4. The Venetian® 5. Hard Rock
6. Paris 7. The Palazzo 8. The Cosmopolitan 9. Luxor 10. Sls
11. Tropicana 12. Westgate 13. The Ling 14. Bally's 15. Circus Circus
16. Golden Nugget 17. The Signature 18. El Cortez 19. Renaissance 20. Polo Towers
21. Waldorf Astoria 22. Palms Casino 23. Red Rock 24. Nomad Las Vegas 25. Downtown
Resort Grand

Neighbors of positively labeled results were likely considered
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Predict which hotel is “preferred” by the customer

- Unconsidered o Irrelevant 1 Details 2 Payment 3 Purchased
1. Mgm Grand 2. Aria 3. Ti - Treasure Island 4. The Venetian® 5. Hard Rock
6. Paris 7. The Palazzo 8. The Cosmopolitan 9. Luxor 10. Sls
11. Tropicana 12. Westgate 13. The Ling 14. Bally's 15. Circus Circus
16. Golden Nugget 17. The Signature 18. El Cortez 19. Renaissance 20. Polo Towers
21. Waldorf Astoria 22. Palms Casino 23. Red Rock 24. Nomad Las Vegas 25. Downtown
Resort Grand

Results unconsidered by the user are left out of the dataset
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Error function compares scores against each other =R

)\i — Z[Ptrue(ﬂji > > ajj) — Ppredicted(xi > > xj)]|ANDC’G|
J

- The modelis graded based on how far the predicted preference
probability differs from the true preference probability

- NDCG is a metric which penalizes errors made high in the ranking more
than mistakes made further down

- When we gradient boost with this error function, we are using a Learning
to Rank model called LambdaMART

: : : Machine
Introduction Interpretation Deployment




Map score differences to preference probabilities

L4

Ppredicted(mi > > ZEj) = Sigmoid(a:z- — xj) — 0T 1 ot

0.98
1.0 0.95

0.8
06
04

02

0.0 :
-4 -3 -2 -1 0 1 2 3 4
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Converting scores to probabilities for profit reranking =R

sigmoid(x) — softmax({x1, ..., Z;, ..., Tn })
ex exi

et + eV ) €Tl + ...+ e%i + ...+ eTn

This softmax probability represents the chance that result X from the set {X }
IS picked, given the user picks one result

With these probabilities, we can rerank results and maximize expected profit!

(Actually, since the softmax normalization is constant across all results in the request, simply multiplying
profit by the exponentlated scores achieves the profit-maximizing sort,)
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Deployment

\
- Credit: Sergly Serdyuk oto/Thinkstock



Model architecture

Raw Event
Prediction Result

AmazonAPI AWS Lambda
Gateway

Invoke Endpoint Algorithm Image

Raw Prediction

Amazon AmazonECS
SageMaker

R

Cached Data
Read Cache
Training Data

Algorithm
Container Push

@i+ @

Elasticache (Redis)

AmazonS3 Docker
o = < o
S ~ ¥ |5
S 3 o\~ 3 /q
< \od” 9 2
g e HIE
§| g 3
o . =

Compute train data
—p Real-time Process

| 4

——*  Batch Process

Airflow AmazonEMR
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Model architecture

Raw Event
Prediction Result

AmazonAPI AWS Lambda
Gateway

Airflow & redis + 3 *

Elasticache (Redis)

Invoke Endpoint

_ Algorithm Image B

Amazon AmazonECS
SageMaker

Raw Prediction

—

Cached Data

Read Cache
Training Data
Container Push

Algorithm

, . AmazonS3 Docker
Coordinates script o el
=) e al 3
. <1 oto/,/ 5 a
execution 2 nor> S @
L e S|| S
x ~ Compute train data ‘
—» Real-time Process r— .
——*  Batch Process i
Airflow Amazon EMR
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Model architecture

Raw Event
Prediction Result

AmazonAPI AWS Lambda
Gateway

Invoke Endpoint

_ Algorithm Image B

Amazon AmazonECS
SageMaker

Raw Prediction

—

Cached Data

Read Cache
Training Data
Container Push

Algorithm

AmazonS3 & redis + ; *
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Model architecture

Raw Event
Prediction Result

AmazonAPI AWS Lambda
Gateway

AmazonEMR e redis + 3 *

Invoke Endpoint

_ Algorithm Image B

Amazon AmazonECS
SageMaker

Raw Prediction
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Cached Data
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Container Push
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Model architecture

Raw Event
Prediction Result

AmazonAPI AWS Lambda
Gateway

Invoke Endpoint

_ Algorithm Image B

Amazon AmazonECS
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Model architecture

Raw Event Invoke Endpoint Algorithm Image B
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Model architecture
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Model architecture
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Model architecture

Raw Event

Invoke Endpoint

Prediction Result
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Model architecture
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Quality assurance at every step

m Model training Pre-deployment Post-deployment

L ®O
“““‘-’"\Z dmic "siramazon CHARTIO
XG Boost NF webservices (i

Data integrity Model quality Infrastructure Performance

- Nulls - NDCG scores - Unit tests - MBPR

- Duplications - SHAP signs - Batch load - Prediction

- Ranges - Correlations simulations histograms

- Similarity to with previous - Data integrity

prod logs models
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Looking ahead

Engineering

Reducing Latency
Encapsulability

QA and monitoring
Broader model ecosystem

| Dl

Theor);\

Embeddings as features
Alternate loss function

Debiasing by rank
Supporting dynamic reranking



Thanks to everyone who contributed!

{A.
ke L

Eric He Renyu Zhang Gary Ng

Research and Analysis Architecture and QA Planning and Review
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1.  Map score differences to preference probabilities ;
e
Plx,<x;) =0l —J) =
( ¢ .7) ( ) €I + eJ
2. Loss function adds NDCG-reweighting and rank debiasing
= i e qw)] % |[ANDCG|
Az, = ;[Ptruc(xz <].’I:]) Pprcdlctcd('Ez 4, )] p+(rank(:1:.,')) *p— (I“dllk(.’l)j))
DOG — Z orel; _ 1 pt (1) :ZZL(I,]:) +( ZZ
10g2(2 + 1) N q 7 '3 (‘7) o praw
 pee Pran() = 3 30 L) o
NDCG = m 7 P (.7)
3.

Ranking Score = Relevance x

Multiply exponentiated relevance score by profitability metric

Profit
Vv Revenue

Z])

*(4)
L(i,5)

— pt* (7)



Updated architecture

D: Development change |

T: Train new model API Gateway
L: Live update

Real-time Process 1. Raw Event

Batch process

6. Processed
predictions s

(D) Scripts, configs (T) Raw features, scripts

(T) Train dataset

Github

Redshift



