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Numerous ML Applications

*Abuse/Fraud
*Address Quality

*Packaging

*Substitutes
Prediction

*Payment Instruments

ess Predi
Operatio
S

*Named-Entity
Extraction

*Reviews
Summarization

*Reviews Ranking and

Insights
*Fraudulent Reviﬁeﬁw&

*Product

Recommendations
*Product Search
*Product Ads
*Customer Targeting
*Lending

*Visual Search
*Product Image
Quality

*Celebrity Faces

*Incorrect Postures

*Brand Tracking

*Demand Forecasting
*Pricing
*Fraud Detection

*Seller Lead
Generation

Sellers

*Automatic Speech
Recognition
*Natural Language
Understanding
*Dialog Management

*Product Classification

*Duplicate Products
Detection

*Product Attributes
Mismatch Detection

* Attributes Extraction
from Titles/Images

*Predicting Resource
Requirements

*DDoS Detection
*Reputation

Computation of
MTurk Workers
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Address Quality

* Identify and correct poor quality addresses

— “Pakistan, Sharjah, Lahore”

- “asdf asdf”

q

TELHFE

N

— “Near Orion Mall, Malleswaram,
Bangalore”

. ';A.“."N" 3 =
| '-_—.L'-.“?'?"‘ .

A
4




Product Packaging

* Determine the most cost-effective packaging to use for a
product

Bubble package Variable

depth box Corrugated box
@ Packaging Cost
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Product Substitutes

* Identify substitutes for a product

amazon = "Amazon App Contest
~—7prime W Win a OnePlus 6T
(@ Dver o deganns_ Shopby Hello, jagarn_ Yo Your
Eedit R i e TR ey S G S e he Vol

Apple iPhone 7 (Black, 2GB
by Apr

amazon
~—



Product Recommmendations

* Recommend products to customers that match their
preferences

amazon..

~~—Tprime

amazonprime | Exclusive deals |

@ Do dagama. Shopby
Bangalore 560032

oo g vox  vx 3y
Amazon Pay Sell Customer Service Your Orders - Prime - Lists - % Cart

Amazon Home
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Product Demand Forecasting

* Given past sales of a product in every region, predict
regional demand up to one year into the future

ama;ﬁﬂf@ s~ cow dung cake amazonprime | Exclusive deals )
Deiiver i Jaganna__ Shop by Hello. Jagann...  Your Your 23 /
Bangalore 560032 Category -  BuyAgsin Jagann_ 's Amazonin Today'sDeals AmazonPay Sell  Gustomer Service Your Orders - Prime - Jjats o oy

Amazon Home
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Product Classification

* Classify each product into the appropriate leaf node in

product taxonomy

amazon. | Y
“~—Tprime
Deliver to Jaganna._. Shop by Hello, Jagann...  Your Your 2\ 7
Bangalore 560032 Category ~  BuyAgsin Jsgann.. 's Amazonin Todsy'sDeals AmazonPay Sell CustomerService Your Orders ~ Prime ~ Lists ~ =7 Cart

Amazon Fashion

amazon
~—



Product Matching

* Identify duplicate product listings in Amazon catalog

amazon; ime | i
L L) amazonprime | Exclusive deals )
Deliver to Jaganna... Shop by Hello. Jagann... “Your
Bangalore 560032 Category ~  BuyAgsin Jagann..'s Amazonin Today'sDeals AmazonPay Sell Customer Service Your Orders -  Prime -
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Insights Extraction from Reviews

* Extract fine-grained attribute ratings from product
reviews

uk
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Outline

* Question Answering
« Catalog Quality

* Product Size Recommendations
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Outline

« Catalog Quality

* Product Size Recommendations
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Amazon Product Pages

Amazon product pages contain a wealth of

informatjaon
vidd oen QB O
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About this item
Features
ital Camera
3X Optical and 4.8 Digital Zoom
2.5" Vibrant LC
Electrical Image Stabilization
Face-Tracking, Panorama, Sti
Eye Removal Built In

Product Information Black

6x 4.1 x 2.6 inches

95 1.1 poun:

A730 7MP Digital Camera with 3x Optical
om (Black) (OLD MODEL) Shipping

W ht

3 Colors:
Black

Manufacturer General Imaging

ASIN BOO0QGBCVY

See All Buying Options

-} = | v'dY = 064

Top reviews
| bought the GE
it has by far the best feature set
of any camera in its class at an

| have had t amera for
weeks and | LOVE IT! |
previously had a Nikon L11 and returned

it due to the known se of it just
up when it wants. | purchased...

Customer Questions

oes it record videos well?
A: It does shoot video, kind of well, the
lighting y bad on video I'd and
foritt.

dianna decoste

Q: 1 alooking for a camera that takes
good interior pictures, wide angle for
realtor photos,...

great little camera, | love it

Q: Will this use a 32gb sdhc memory
card?

A:Yep

Q: Does it have a timer?

A: It has a three-mode timer: 2

< O O
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Question & Answering Bot

* Question answering interface to make it easy for
users to find information on product page

-l =~ -} = | vidu
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Customer Questions

About this item
Features

Top reviews
| bought the GE
it has by far the best feature set
of any camera in its class at an

ital Camera
3X Optical and 4.8 Digital Zoom
2.5" Vibrant LC
Electrical Image Stabilization
Face-Tracking, Panorama, Sti
Eye Removal Built In

oes it record videos well?
A: It does shoot video, kind of well, the
lighting y bad on video I'd and
foritt.
dianna decoste

| have had t amera for
weeks and | LOVE IT! |

previously had a Nikon L11 and returned

Product Information Black Q: 1 alooking for a camera that takes
good interior pictures, wide angle for

realtor photos,...

it due to the known se of it just
up when it wants. | purchased...

6x 4.1 x 2.6 inches
great little camera, | love it

95 1.1 poun:

A730 7MP Digital Camera with 3x Optical

om (Black) (OLD MODEL) Q: Will this use a 32gb sdhc memory

card?
A:Yep

Shipping
W ht

Ask us about this item

Enter a question, and we'll search this page Manufacturer General [maging

s P iooar
ASIN BO0D0QGBCVY Q: Does it have a timer?

See All Buying Options

A: It has a three-mode timer: 2

< O O < O O < O O




Product Feature Questions

(= A o4 | m0sa

Canon S
Canon PowerShot 5X720 HS (Black) < Bacl

Product information

Canon

1 Product

4.3 inches
Dimensions

item? (Please don't enter per
info. For questions about your ord
or account, go to Your Account.)

Shipping

5 1.2 pounds
Weight P

Manufacturer Canon

ASIN BO1BV14140

Item Weight : 8.6 ounces

Origin Japan

Manufacturer
reference

ell me mor

Batteries 1 Lithium ion batteri

< @) O

DeeXop HD Mini Digital Camera with 2.7 inch TFT LCD
Display

Great price!

Is it expensive ?

For the price this cami good
value for money for an amateur
protographer.

Brought as a birthday present for
my mum.

By Jairo on June 6

Brought as a birthda
photo quality. For the pric
value for money for an amateur
protographer.how easy it was to use s

Helpful Not Helpful

Still a great buy,
By Hunte etko on June 5, 2!
still a great buy. My son loves it.Excited Great
camcorder! Great package of sories.
Shipped fast. Great price! Pleased with the
company, L order from them ag

T

Helpful




Product Comparison/Compatibility Questions

How does it compare with rebel SL1 ?

stion: What is the difference
1 this camera and the Rebel

ver: The SL1 is more compact and
the specs are not as good as the T5i.

How big is it?

< Canon EOS Rebel T5i EF-S 18-55 IS STM Kit

Q: What is the difference between this camera
and the Rebel SL1?

wvanna said is a tie between both camera sl1
mall t51 HDR include and light fl

TOP OF PAGE

v. 2 0029

@ htips

or account, go to Your Account.)

Is it compatible with canon lenses ?

The EOS Rebe
compatibl
the EF and EF-S lineup.

Canon EOS Rebel T6 Digital SLR Camera Kit with EF-S
18-55mm and EF 75-300mm Zoom Lenses (Black)

< Back

COLOr. You can cno €en tnese tv

settings to make sure your image looks how you
want it t n under different lighting
conditior

Compatible with the full line of Canon EF and

help you capture sports, wildlife and more from
afar. Each Canon lens employs advanced optical
expertise and micron-pre n engineering to
phenomenal pe nce in
virtually all f: f the photog
Numerous lenses feature Canor
Optical Image Stabilizer technology to minimize
the effect of camera shake. Through Canon
lenses, photographers can truly maximize the
quality and liberating performance of the EOS
Rebel T6.
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Key Challenges

Question understanding
—“What is ISO?” vs “What is the ISO [of this cameral]?”

Semantic matching

n u

—“cost”,

n u

price”, “bang for buck”, “expensive”, “cheap”

Natural language answer generation
—e.g. “This is great value for money” for question “Is this expensive?”

High precision (>90%) requirement

Data availability
— “Will this suitcase fit in the overhead of an airplane?”

Data quality
— “Dimensions: 1x1x1 inches” for the question “How big is it” on a “Tripod page”

amazon
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Learning Semantically Rich Representations

« Training examples: <question (q), relevant snippet (s+),

irrelevant snippet (s-)> triples

PisRiseidsaiey@niiogl="—
o

sine Similarity = cos(E(q), E(s*))

E(s*) Mean/Max E(q) Mean/Max

Word Embedding Word Embedding
(word2vec) (word2vec)
s*: Product is very good for g: Is it expensive?

the given price

E(S') Mean/Max

T

Word Embedding
(word2vec)

s Auto focus is great

amazon
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Results for Different Loss Functions

* Learn question and snippet representations to
minimize the following loss functions:
— Log loss [EMNLP 2015]

— Siamese loss [Wang =t al. 2014]
max{0, M — (cos(E(q), E(s*)) — cos(E(q), E(s ™))}

— Twin loss

* Metric: Precision at rank 1 (P@r1)
* Results:

— cos(E (q), E(s*))} + max{0, cos(E(q), E(s‘))
P@rl 56.8%  84.6% 96.1% 97.04% amazon

[Wang et al 2014] Learning Tine-grained Image similarity with deep ranking,




Qualitative Results

Is this camera good for
pictures at a basketball
game?

What is the price ?

How big is it?
How good is stabilization?

Will it fit on Olympus air?

How much weight can it
hold?

What is the color of the
paper on which the photo
is printed?

sports

costs

dimensions
blurry

Iltem weight: 2.2 pounds

the color of the camera and the pictures are
great.

amazon
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Learning Representations with Attention

« Only consider relevant portions of snippets when learning
representations [Bahdanau et al. 2015]

fos(E(q), E(s*))

E(q) Mean/Max E(S+) Mean/Max

oolin Pooling
i
S*:

amazon
~—

[Bahdanau et al. 2015] Neural machine translation by jointly learning to align and translate, ICLR 2015.



Highlighting Words with High
Attention Weights

Review Statement:

Questions:
Questionl:
Question?2:

amazon
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Outline

* Question Answering

* Product Size Recommendations

amazon
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Amazon’s Product Catalog

* Product catalog contains rich metadata on Amazon products

— Title

L w=m  Best of A. R. Rahman
— Image © T —— e N0,
— Description

OnePlus & (Mi
Black 6GB RAM +

* Must ensure that information i
— Factually correct
— Consistent
— Adheres to pre-set guidelines

TR L




Title Defects

Title too long, Spam keywords

Z0N; [oose]

amazon., = )

@ Hello Hello. Sign i
Select your address Catooory Your Amazon.in Today'sDeals AmazonPay Sell Customer Service Your Orde

Amazon Fashion

* Instant Discount* with HDFC Bank

Debit/Credit Cards & EMI transactions “T&C apply

Gopinath Feb

Gopinath Feb SAREES FOR WOMEN Latest dESIgI’l for Party

Wear Sarees With Blouse Piece
Be the first to re

0 Delivery charge Details

Pay on Delivery (Cash/Card) eligible What is this? ~

In stock.

Delivery to pincode 400001 - Mumbai between Sep 20 - 21. Details
Sold by G ath Fel

out of 5 stars | 8 ratings) and Delivered by Amazon.

Email in Title

amazon., e =

"--_.;’Tgy Prine | ey Al

@ Hello Hello. Sign in
Select your address Catlgory Your Amazon.in  Today's Deals AmazonPay Sell Customer Service Your Orders

Amazon Fashion ‘ MEN KIDS
nstant Discount* with HDFC Bank
| Debit/Credit Cards & EMI transactions
GFashion

GFash\on family Tshirts-set of 4 -mom dad and kids

Price: ¥ 1,449.00 + 7 50.00 Del

Inclusive of all tax

In stock.
Delivery to pincode 400001 - Mumbai within 5 - 9 business days. Details
Sold and fulfilled by gfashion (3.8 out of 5 | 31 ratings).

Material: Cotton

Size Chart Mens-

- from 6 months to 10yrs available



Image Defects

Background not white Incomplete image, Improper

Pl oV o W o N

amazon., A amazon..
7Tty Prime 1Tty Prime
@ Helio Shop by Hello. Sign It @ Hello Shop by Hello. Sign in
Select your address Category ~  Your Amazon.in Today's Deals AmazonPay Sell Customer Service Your Orde Select your address Category ~  Your Amazon.in Today's Deals AmazonPay Sell Customer Service Your Orders -

Electronics Amazon Fashion MEN N GS & LUG TS

10” Instant Discount* with HDFC Bank
Debit/Credit Cards & EMI transactions “TaC apply

Electrotech Cute Cartoon Hello Kitty Back
Cover for Samsung Galaxy A8 2015 Madel
(Pink)

by Electro

eachmo
Peachmode Women's Modal Dress
Material (PEACHM-ESU4170_Pink_Free

899.00 FREE Delivery. Detal

Pay on Delivery (Cash/Card) eligible
In stock.

ve of all tax

Pay on Delivery (Cash/Card) eli
In stock.

Deliv o pincode 400001 - Mumbai between Sep 20 - 21.
ION (4.1 out stars | 281 ratil

Removing The
Shoc! rption On Sid

amazon
~—



Product Attribute Mismatches

Category Mismatch Color Mismatch

TR IPARS
amazon., - 7\ 7N
77Ty Prime SRR ! ama/;m an gage & Bags ~ 1
@ Hello Shop by ) Hello. Sign in @ Hello Shop by Hello. Sign in
Select your address Category ~ Your Amazon.in  Today's Deals Amazon Pay  Sell Your Orders Select your address Category ~  Your Amazon.in  Today's Deals Amazon Pay Sell Your Orders

Amazon Fashion WOMEN MEN BAGS & LUGGAGE SPORTSWEAR BRANDS SALH Amazon Fashion WOMEN MEN BAGS & LUGGAGE SPORTSWEAR

10™ Instant Discount* with HDFC Bank Clattiing & Accal v hnic Wear > Dress Materal
1 | Debit/Credit Cards & EMI transactions

ories > Baby » Soft As A Grape Toddler'S 100% Cotton Short Slee -Shirt (2T, Light Blue)

Soft As A - - 3 2 customer reviews

Short Sld i " Available from these sellers.

by BroBag
Length of Top: 2.5 meters (Top Fabric Max Chest Size 43 Inch)

Size: Free Size | Color: Beige

Available from these sellers. X Disclaimer :- PRODUCT COLOUR MAY SLIGHTLY VARY DUE TO PHOTOGR
LIGHTING SOURCES OR YOUR MONITOR SETTINGS.

‘Wash Care: Dry Clean Only

¥ 18 customer reviews

2 offers from ¥ 6,710.00

Product Type: Baby Clothing © Report incorrect product information
Product Brand: Soft As A Grape

Genuine Imported Products from USA. Prices include Import

Custom Duties and Taxes.

g foin o . EXPLORE OUR SELECTION OF
LIMITED Note: The order quantity is limited to 5 units per BEST-SELLING DRESS MATERIALS /
e/ \NI1pd customer.
Please note that orders which exceed the quantity ¥ 50% - 80% OFF

limit will be auto-canceled. This is applicable across sellers. Shop now »




Text Attribute Extraction

Objective: Extract attributes like brand, color,
size, model from product title and description.

CRF ?—»?———»
Brand
Example: ,

Samsung Galaxy A8 Brand New Dustin

hard Silicon Transparent black Color
/ edge Back CaseCover

Word Embeddings

I |
COIOF Character Embeddings

White Apple
Iphone

amazon
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Image Classification/Attribute Extraction

Objective: Detect image defects, extract image
attributes such as color, and classify images

Attribute Category
Extraction Classification

e
74 \
s R
oy
"

Image Defects

Category: T-
Shirt




Mismatch Detection

Extractions from
Image

Extractions from Text
CRF

e m m

X X3 Xn

Word Embedding (word2vec)

Character Embeddings

White Apple |phgne,

Brand, Color,

l PN S

Mismatch Logic

amazon
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Outline

* Question Answering

« Catalog Quality

amazon
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Size Recommendation Problem

* Given a customer and product, recommend product
size that would best fit the customer

amazon
~—



Motivation

No standardization of sizes across brands and locales for
product categories such as shoes and apparel

This leads to users making incorrect purchases, and then
returning products

Products belonging to shoe and apparel categories have
high return rates due to fit issues

Example:
— Reebok size mapping convention: 6 = 15cm, 7 = 17cm, 8 = 21cm
— Nike size mapping convention: 6 = 16cm, 7 = 18cm, 8 = 22cm

amazon
~—



Key Challenges

Scale: hundreds of millions of customers and products

Data sparsity: bulk of users/products have very few
purchases

Cold start scenarios: new customers/products
— User features: demographics (age, gender), location
— Product features: catalog size, title, brand, product type

Multiple personas: each customer i may involve multiple
personas

— E.q., family members sharing an account

— Personas may have widely varying sizes

amazon
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Our Approach

* Learn true (latent) size for each customer, product

— True size for customer corresponds to the physical size of the
customer (for shoes, it would be the feet size)

— True size for product corresponds to it's physical size

* Leverage past customer transactions T = {(/, /, y;)}
y; takes ordinal values {small, fit, large}

Customer
1

Customer

2
Customer ' 2 a\ma;,on
3




Our Approach (Contd)

y Naietion
— Latealsize for auesaaer & s;
— Lateaitsize for peeldck: i; ¢
— Cataligssize forppeadect: £ ¢;

* Mookt likelihood affffitaa s dubutiotiaf tietddfdifiere beanweetween
austtomer amtppoddochtebenizeizes

 Recommend product j with highest fit likelihood P(gi- = fit)to .
° Pt%g%p.mepd product j with highest fit likelihoo ko customer |

amazon
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Bayesian Modeling Benefits

Handles data sparsity by placing priors on latent size
variables

Models uncertainty in inferred latent sizes
— Estimates posterior distribution of latent size variables

— Fit probability is obtained by averaging over posterior size
distribution

Model can capture all the available data

— Observations: transaction outcomes, customer and product
features

— Hidden variables: latent sizes, customer personas

Efficient techniques for approximating posterior
distributions of latent size variables

amazon
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Intuition

« Transaction (/, j, fit) [] very likely that s; and t; are close

A

|

t
« Transaction (i, j, small) [] very likely that s; is much larger
than ¢

« Transaction (i, j, large) [] very likely that s; is much

| 1
t. amazon

J



Data Likelihood

1

1+e—6t(5i—tj)+bl

P(yU = Small|s,;, tj) =

1 1

P(y;; = fit|s;, t;) = :
(yU ft ISL ]) 1+ea(si—tj)—b1 1+e—a(si—tj)+b2

1 1

1+eﬂ£(5i—tj)—bl 1+eﬂ£(5i—tj)—bz

P(yij = large|s;, t;) =

[Albert & Chib 1993] Bayesian analysis of binary and polytomous response data, JASA 1993.

amazon
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Data Likelihood

Probability
o
o

o
Y
1




Generative Model

amazon
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SEVESERRRIEEREE

Letplbe tievwactor lafelataent sizes

S1, .- Scrtlr veny tp ) 1)

. oster | Igj[lsérkl)o%ﬁlon

* SEI

*
o

P(BIT) < P(T|B) - P(B)

1 eyﬁT'
o< N(s|u,0) N(tjlcj, ot )
*  Not availg ilrﬁtd?gséd ue'to Iocljt "

likelihood terms and Normal priors
0/1

* Not available in closed form due to logistic likelihood terms and
Normal priors

amazon
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Polya-Gamma Augmentation [Polson et al. 2013]

Intradtiide € el Eartramamant adesil o/ aR#FIol €, T foe wairy

Defih€ the joint likelihood distribution
Define the joint likelihood distribution

..‘

(57%)"

. In[Polpc(mv’eg;p*.’gglé]%'@(i@’ﬁ}i\g\ﬁﬁnﬁggw' 2 )°P(W)

 In[Polson et al. 2013], it is shown that

eyBT'x

1+eBx

me(w,y|ﬁ,x)dW =
0

[Polson et al. 2013] Bayesian inference for logistic models using Polya-Gamma latent variables, JASA 2013.

amazon
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Polya-Gamma Augmentation (Contd)

s lLetWbbehtrsetsgtP ol alkyrizamriantdey arfablesy ferD
P(BID) x f P(W,D|B) - P(B)dW
L ABProximate the augmented, ?J.%Et‘?éﬁtﬁ'ﬁxb‘t}ﬂ%) P(B)

110,02 ]—[N(t 6,02

amazon
~—

1 (-3)-(7x)-w
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Gibbs Sampling Algorithm

 Conditional distribution of

c ColM icasE@Id(sh)) - cos(B(q), E(s7)))

_:::-=_:—_—-_

amazon
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Predictive Distribution

+ Letrrssaniples drevdréam tronestheopotterior of
e Letttied”/sagameplefdes (51, -, S, th, -, tp)

P(yij = fit|D) = fP(Yij = fit|g) - P(BID)dp

_ 12?" 1 _ 1
r~l=1 1+ea(s%—t})—b1 1+e—a(s%—t})+bz

amazon
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Experimental Results

Consider 6 real-life shoes datasets with between 10M and
33M transactions

Baseline model

— Product size t; = ¢;

— Customer size s; = Average size of products purchased by
customer

— Logistic regression model with feature (s-t;) to predict outcome

Bayesian Logit model
— Predict outcome with highest probability

Performance metric: weighted AUC
Results (% improvements over baseline)

Bayesi 17.71 18.28 19.7 25.78 20.22 19.42
an

amazon
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Leveraging Customer and Product Features

* Means of latent size priors are obtained by performing
regression over customer (f;) and product (g;) features [AC

2Oogll“or each customer |,

large|.)
+ Perform least squares regression to learn parameters wrand w,
from customer and product size samples

amazon
~—

[Agarwal & Chen 2009] Regression based latent factor models, KDD 2009.



Incorporating Customer Personas

Latent size for persona k of customer i: s;
Latent variable containing persona involved in transaction (i, j, y;): z;
Generative model:

Gibbs Sampling algorithm can be extended to draw z;samples

amazon
~—



Summary

* Learning semantically rich data representations
improves predictive accuracy of models

Question answering, catalog quality, product search, product
recommendations, ...

to learn embeddings
Allows semantic matching between questions and snippets

Loss functions like Siamese loss that aim to maximize difference in
class scores perform better

to learn latent sizes
Priors handle data sparsity, prevent overfitting
Posteriors model uncertainty in data

Leverage all the available signals amazon
~—")



Summary

Al, ML at the core of Amazon’s business

— Address quality, recommendations, product search,

catalog quality, question answering, demand
forecasting, ...

Learning semantically rich data representations
iImproves predictive accuracy of models

— Question answering, catalog quality, product search, ...

Deep learning is an effective tool to learn
semantically rich data representations

amazon
~—
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