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About...

Links together restaurants, diners, and drivers
Want to be the marketer go-to for restaurants
140,000+ restaurants in over 2,700 cities
>20MM active diners

>$5B annual food sales

Other brands: Seamless, LevelUp, Tapingo,
AllMenus and MenuPages
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The Marketing Funnel

TrackMaven

» Marketing campaigns and
consumer research

» Events, advertising, tradeshows,
blog, webinars, direct mail, viral
campaigns, social media, search,
media mentions, and more

* Engagement and introduction to
positioning

* Emails, targeted content, classes,
newsletters, and more

* Product information and specials
* Automated email campaigns, case
studies, free trials, and more

* Product demos and shopping carts
» Sales adds to nurture stream

# Marketing and sales work to
prove their product is best

» Sales transaction is completed



Assumption: Make Money, Scale




Assumption: Lose Money, Don’t Scale




Assumption: Make Money, Scale
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What Really Happens... And What We Should Do
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Approach

e Teston a simple brand email
campaign

e Use training data from a prior email

e Predict revenue for each email /
customer segment pair

Get Prabal Gurung’s joyful style © nbox x

Etsy <email@email.etsy.com> Unsubscribe

12:33 PM (11 hours ago) Yy
tome «

Etsy on Sale Gift Guides Home Hub
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Dish of the Month: Grilled Cheese > inbox x

Grubhub <email@a.grubhub.com> Unsubscribe Fri, Feb

all GRUBHUB
A
®

CHEESY : CRUNCHY : BUTTERY




Approach

Training data:

Training data is from a prior randomized experiment
o 10% random holdout

Predictors: features about the customer
o Purchase behavior, email interaction, time on platform...

Target: revenue generated 7 days after the email was sent

One predictive function per email variant, including holdout
Send variant v to customer ¢ where f(v, ¢) = revenue is maximized



Results

e FAIL!
e Offline analysis

recommendation

don't send send
don't send DD DS
actual send SD SS

e Expect that customers whose treatment in the training data matched

model recommendations to make more revenue

o Revenue(DD) >? Revenue(DS)
o Revenue(SS) >? Revenue(SD)
o Differences were very noisy with small magnitude



Results

e Offline analysis
o Interaction term significance
m revenue(treatment, customerFeature) =
e WO + w1*treatment + w2*customer + w3*(treatment*customerFeature)
m Expect w3 to be significant




Results

Online test: Want to see monotonicity / sensical directionality in results...

Expected lift

Emails sorted by lift



Results

Online test: No monotonicity in revenue per send / directionality in

Expected lift

revenue

A
-

N\

Baseline: Send to everyone.

. Treatment 3: Expect lower gross revenue
than treatment 2

» Treatment 2: Expect highest gross revenue, lower
revenue per send than treatment 1

——  Treatment 1: Expect highest revenue per send

Emails sorted by lift



What To Do?

e Work with more complex algorithms
e Get better data



Use A Coupon Email Campaign

e More than 50% greater engagement rates than other types of emails
e \Varied dollar off and minimum purchase amount

Encore! You can still get $5 off fireworks o inbox x &5
Grubhub <email@a.grubhub.com> Unsubscribe Sun, Jul 5,2020, 10:35AM Y *~
tome v

2 ANOTHER

\|/




Results

Treatment Order Lift Revenue Lift

$3 OFF $15 0.71% 1.63% <

3 OFF 10 1.43% -1.37%

5 OFF 15 3.13% 1.49% <1
5 OFF 10 4.52% -7.67%

7 OFF 15 4.74% -3.30%

7 OFF 10 7.72% -13.52%

10 OFF 15 5.08% -8.97%

Maximize revenue subject to not losing order volume

*Numbers are obfuscated but directionally consistent



Targeted Treatment - Heterogeneous Treatments

Order Lift
Bucket

D customers
C customers
B customers
A customers

Revenue Lift
Bucket

D customers
C customers
B customers
A customers

$3 OFF $15
1.69%
1.52%
-0.52%
-1.83%

3 OFF 15
1.84%
1.60%
0.92%
0.34%

3 OFF 10 5 OFF 15
2.33% 2.34%
2.41% 3.43%
0.40% 1.00%
-2.75% 4.49%

3 OFF 10 5 OFF 15
-2.06% 1.76%
1.93% 1.18%
-4.03% 0.41%
-3.07% -0.03%

5 OFF 10
7.64%
4.49%
1.05%
0.27%

5 OFF 10
-9.75%
-11.23%
-7.81%
-5.73%

7 OFF 15
6.10%
4.29%
1.90%
4.37%

7 OFF 15
-5.96%
-4.13%
-4.25%
-0.99%

7 OFF 10
9.34%
6.81%
3.96%
3.99%

7 OFF 10
-21.37%
-19.10%
-16.86%

-6.53%

10 OFF 15
9.03%
2.84%
-0.61%
2.05%

10 OFF15
-17.75%
-12.37%
-10.85%

-1.22%

holdout

holdout

0.00%
0.00%
0.00%
0.00%

0.00%
0.00%
0.00%
0.00%



Tradeoff

Lift vs.
Holdout Orders Revenue

S0ft20 o.44% o7
Targeted - 0.83%



Findings with Lift Modeling and Heterogeneous Treatment

e Need data with sufficient signal
e Treatment effects can vary across populations
e Allows finer tuning of treatments depending on business goals

e Not covered: where this work fits into a bigger targeting framework



Restaurant
Recommendations
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@ Delivery - 115 W 40th St, New York, NY, 10018
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Rosa's Pizza
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McDonald's
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Rest/Dish/Cuisine
Search

128 W [of Fill F:750

Q@ Delivery - 115 W 40th St, New York, NY, 10018

BN =

Cuisines Refine

O french

Le Rivage

Matches:  French Dip French Onion Soup Burger

Poulette Rotisserie Chicken
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Matches:  Fries
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See more
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Le Prive
626 10th Ave
New York, NY 10036-3036

About Reviews (3)

Delivery, ASAP (25 - 35 mins)

Order Again

Magret de Canard  $27.00
= +
e

Lamb Burger $24.00
B

¢!

Cuisine
Recommendations
129 A O PLEE7%
My Grubhub o

f“% Good afternoon, Alex!

= Saved restaurants

Past orders

Magret de Canard




Ecommerce Dilemma

Our catalog grows everyday

Data is unstructured

and unbounded

How can we understand it to drive:
search & recommendations?
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Embedding Primer

Softmax

Hidden Layer

Input Layer

L

A1

female

queen

\myal

/ \
_

| want to order chinese for

lunch

female

woman



Representation Learning

1

Query2vec: understanding users

2. Rest2vec: understanding restaurants

3.

FastMenu: understanding menus

Users + Restaurants + Menus = Grubhub Food Universe

Softmax

Hidden Layer

Input Layer

Predict Next Word

OICHOC
7

Predict Restaurant

| want to order chinese for

lunch

e

Predict Next Restaurant

Query 1, Query 2, Query 3, Query 4

Rest B

7

Rest1 Rest2 Rest3 Rest4

Rest5

Context/History Next word

T
Converted Queries for Rest B

T
Restaurant

User Interaction in

Next

Session Restaurant

Predict Next Substring

\

<START>ppizzzza

a<END>

T
Context/History

. T
Next substring



Search Pipeline

Candidate
Selection

Query Understanding Query Building

Ranking Enrichment

e Language e Filtering e Phrase/Term e Revenue e Pruning
Normalization e Query Expansion Matching e Relevance e Hydration
e Intent Classification e Semantic Matching e Personalization e Pagination



Query Expansion w/ query2vec

Classical Query Expansion

e Thesaurus/Synonyms:
O  Not Robust

O  “Dan Dan Noodles” -> cranium, brain, noggin, thinker

e Knowledge Graph

0 Difficult to build and maintain

Modern Query Expansion

e Representation Learning
o  Click Pattern Mining: Cluster similar queries
based on converting restaurant
o query2vec a la word2vec builds a virtual
product knowledge graph




Nearest Neighbors

Search by
alcohol * label ~
neighbors @ -@ 100

distance

Nearest points in the original space:

wine

beer

BOOKMARKS (0) @

COSINE EUCLIDEAN

0.219
0.337
0.503
0.57
0.584
0.596
0.612
0.618
0.635
0.638
0.646

N K49

A

Search t

italian * label ~
neighbors @ @ 100
distance COSINE EUCLIDEAN

Nearest points in the original space:

BOOKMARKS (0) @

Search by

ramen * label ~
neighbors @ @ 100
distance COSINE EUCLIDEAN

Nearest points in the original space:

ramar

w

earch b

kimchi jjiga * label ~
neighbors @ @ 10
distance COSINE EUCLIDEAN

Nearest points in the original space:



Query2vec Latent Product Knowledge Graph

Search by

I mediterranean I * label ~
neighbors @ @— - 10
distance COSINE EUCLIDEAN

Mediterranean |
! Middle Eastern

Nearest points in the original space:

falafe 0343

mediteranean 0.365

hummus shawarma 0379
schwarma 0.385
chicken shawarma sandwich 0.385
baba ganoush -
hummu 039N

babaghanoush 0.3%4

shicken shawarma 0.395

midd! eastern 0.396
greek 0.403



Rest2Vec

Creates numerical vector representation of restaurants from historical clickstream data

using user’s clicks/conversions

© Helps to understand Restaurants
® Helps to power Discovery
® Helps to power Personalization

Predict Next Word

s [
e

Hidden Layer

Input Layer | want to order chinese for

lunch

\ T J L—'—J
Context/History Next word

Word2Vec

Predict Next Restaurant

OO0 O
7

Hidden Layer

Input Layer Rest1 Rest2 Rest3 Restd | Rest5

L I J
T T

User Interaction in Next
Session Restaurant

Rest2Vec




Tensorboard
Visualization

e Each Market has its
own Cluster

e C(Cluster size indicates
how big the Market is



Nearest Neighbors

Search by Search by

Bravo PiZZ&_NeW York_1 0( * hicago Curry House - Indi * Name - East Vi"age Farm & Grocer Name ~

neighbors @ @ 10 neighbors @ X 10

neighbors @ @ 10 —
Query Restaurant ——  Mixed Cuisine Neighbors have long
s C i dis’man SlIMAlcahoa AN
. OSINE  EUCLIDEAN menus & sell’Alcohol
distance COSINE EUCLIDEAN dRestaurants I N SIS ST
(Indian & Nepallse)
5 h I Nearest pOi‘:l the original space: Henrast polris e origiisl spuce:
earest points in the original space: :
Nepal House Indian & Nepalese Cuisine...| 0.027 Ve Form & Groiory Mo Yok 1000 0019
ol i 6 i .. 0.034
Famiglia Pizzeria (8th Ave)_New York_1.. 0.028 Himalayan Restaurant_Chicago_60605_..] 0.076 Five Star Grocery_New York_10003_109.. 0.03
's Pi N New York_1 91851 .07
Rosa's Pizza_New York_10119_102882  0.038 Tikkawala_Chicago_60607_875787 0.084 Good Nature_New York_10022_29185 0.076

High Line Pizzeria_New York_10001.27.. 0.042  g,noowder Cafe_Chicago_60605.1400.. 0086 Yours Wholesome Foods Deli & Grocery... 0.077
Deliteria Deli & Grocery & Alcohol_New Y... 0.080

Corner Grocer_New York_10002_263076 0.087

Little Italy Pizza_New York_10001_2681.. 0.052  Bombay House and Grill_Chicago_6060.. 0.093

Freshco Grocery and Deli_New York_10.. 0.097

Famous Amadeus Pizza_New York_100.. 0.059  Mughal India Restaurant_Chicago_6060.. 0.094

Greenstar Foods_New York_10002_285.. 0.112

NAn Dani Dizsa Naw Varle 1NNN1 707144 N NAN 8 Qtar India Chirann ANANS RRIANARK nnaz



Menu Text Matching

Menu Item Description:
e mai fun

e blueberry pancake

String Matched Menu Items:

e mai fun, chow fun, shrimp mai fun

e blueberry smoothie, buttermilk pancake
Semantic Matched Menu Items

e stir fried noodles, thin rice noodles

e grand slam breakfast

e Increased recall



FastMenu

Creates numerical vector representation of menu items using associated textual
data rather than diner behavior

e Helps to understand menus
e Helps to power semantic search
e Complete catalogue coverage



Static Sequence Embeddings

Fasttext = sub-words

e Handles out of vocabulary words

Softmax
113 s »
® pPlizza
Hidden Layer

e <START>p, pi, iz, zz, za, a<END>

Input Layer

Predict Next Substring

@ =

D
7

<START>ppiizzzza

a<END>

T
Context/History

T
Next substring



Geohashes

Covers the surface of the earth
Denotes rectangular area
Alphanumeric string

~32 bit lat-long specification
Nested precision levels

dr5x dr5z

dr5

drh

dr



longitude (km)

Geohash Embedding

Geohashes: same representative characters as language

language geohash

Word Geohash location
“pizza” “dr5ru”

Sentence Traversal pattern

“margarita pizza adorned simply with “dr725 dr72h dr72j dr5rg dr5ru
basil mozzarella tomato sauce pizza dr5rv dr5re dr5rs dr5rt”
subs italian american lunch specials "

dr725 dr72h df72j
drbrg I it drSrv l>
dr5re drbrs dr5rt
% * @
2 @ 4 ® o ®
39.1 ® » L ° )
° o
b » e ° o
® e o ©
00 - o o @ o ®
o @ @ @
o & o ¢ @ @
© ° o
-391 1 > L J e L g ?
° o
s 4 o
E ° @
—55.5 —3;0 —]35 O,TO 19:'» 39T 0 SE,S
latitude (km)

e  Concat geohash sentence to menu text
“margarita pizza adorned simply with basil mozzarella tomato sauce
pizza subs italian american lunch specials dr725 dr72h dr72j drsrg
drsru drsrv drsre drsrs drsrt”

e Expand “word” vocabulary, but still 26 chars and 10 numbers

® Menu item text now knows about location



Visualization: TensorBoard

t-SNE: local variation
(cuisine separable)

Nashville: .
asian

Topeka:
Small
market

indian

Phoenix:
asian

Phoenix:
mexican

f': ‘Phoenix:

Phoenix

PCA: global variation
(geography separable)

Topeka Nashville

El Topeka -> Nashville: 600 mi
° Topeka -> Phoenix: 1k m
E) Topeka = few restaurants

Global trends
e Menu items separable by
geography
e geography is strongest feature
e Embedding distance ~ physical

distance
o Topeka cluster closer to
Nashville than Phoenix

Local trends
e Geohash strongest feature
e Cuisine features highly unique
e Small market size obscures
separability

Now we preserve the semantic comparison but don’t recommend pizzas Phoenix to a diner in Nashville -> decreases latency at

run time



Nearest Neighbors

1096076,57175260,2 Buttermilk A o s i s
Biscuits, Topeka KS cust_id 302844
menu_item_id 46097558
label 1096076,57175260,2 Buttermilk name Thin Rice Noodle Tray
Biscuits, Topeka KS lacadion Nashville TN

bl D

Nearest points in the original space:

Nearest points in the original space: Flat Rice Noodle Tray 0.002
3 1095970,57175400,2 Buttermilk Biscuit.. 0.005 Vegetarien Fried Noodiss Lunch Speciat _ 0.007
1076808,41975502,Biscuits and Gravy,T.. 0.018 DA S - Ll
Vi table Mai F. 0.008
1076808,41975510, Trainwreck Topeka .. 0.026 cx_ o e
40. House Mai Fen 0.008
1096076,57175264,Hash Browns,Topek... 0.030
54. Vegetable Mai Fun 0.008
1096076,57175309,Hash Browns,Topek... 0.030
Pork Mei Fun 0.008
1095970,57175384,Blueberry Pancake ... 0.031 3 :
Shrimp Mei Fun 0.009
1095970,57175396,1 Hearty Breakfast ... 0.033 58 H Special Mei Fun 0.009
1076808,41975503,Breakfast Biscuit, To.. 0.034 53. Vegetable Mei Fun 0.009
1076808,41975514,Breakfast Bowl,Top.. 0.034 58. House Special Mai Fun 0.009
1096076,57175256,1 Hearty Breakfast .. 0.035 55_Chicken Mai Fun 0.009
1095970,57175449 Hash Browns,Topek... 0.035 53. Vegetable Mai Fun 0.009
1095970,57175404 Hash Browns,Topek... 0.035 Lo Mein Noodle Tray 0.009
1096076,57175244 Blu Pancake ... 59. House Special Mai Fun 0.009
95970,57175373,Lumberjack SlamA... Combination Pan Fried Noodle 0010




Nearest Neighbors

P tons

- 37. Beef ~
921564,55189279,Grande Nachos A
Box - Seasoned Beef,Nashville TN cust_id 289964
menu_item_id 12216021
label 921564,55189279,Grande Nachos Box . name 37. Beef
- Seasoned Beef,Nashville TN location Nashville TN
“distance COSINE EUCLIDEAN

Nearest points in the original space:
Nearest points in the original space: 56. Beef Pad Thai 0.007
923311,55181646,Grande Nachos Box - .. 0.000 46b. Pad Thai Beef 0.007
923311,55181642,Grande Nachos Box - ... 0.000 32. Chicken Chop Suey 0.007
922837,55185452,Grande Nachos Box - ... 0.000 49. Roast Pork with Black Bean Sauce 0.007
922837,55185454,Grande Nachos Box - .. 0.000 31. House Special Fried Rice 0.007
922837,55185456,Grande Nachos Box - .. 0.000 4S. Sweet and Sour Pork 9.007
921216,55189327,Grande Nachos Box - .. 0.000 Besf Fried Rice 0.007
921216,55189325,Grande Nachos Box - . 0.000 195, Hunen Bauf gors
921216,55189323,Grande Nachos Box - .. 0.000 6 Semhian Bet 9807

. i 7

921568,55191370,Grande Nachos Box - .. 0.000 101 Dt o Teding Dol wie el 090

32. Chicken Chow Mein 0.007
921568,55191372,Grande Nachos Box - ... 0.000

34. House Fried Rice 0.007
921568,55191374,Grande Nachos Box - ... 0.000

72. Sweet and Sour Chicken 0.007

922249,55185666,Grande Nachos Box - ... 0.000

17. Kung Pao Beef Dinner 0.007



Conclusions and Future Work

Are pierogis really

empanadas?!? Try this French

restaurant instead

AMAZING!! 10 Asian
blueberry noodles P }',:
pancakes near you

e But lots more to go to tune models to optimize relevance and lifetime values



Thanks

e Contactinfo: waigen at ieee

e Thanks, too, to Alex, Emily, Parin, Sahil, Weiwen, Yong, Renata
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