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using IR and ML
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Then There was One...

When asked if he understood that the laser pointer was broken, the buyer said
“Of course, I'm a collector of broken laser pointers”
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Divine Reward!

e\

Research Labs

Neel Sundaresanm —SIGIR2010—



basis?

What we sell on a daily
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The Importance of Structured

F Search Experience
F Recommender Systems

P Fraud and Counterfeit Detection
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Discovering Catalogs: Challenges

B Our goal is to build catalogs using

B An unsupervised metadata extraction system

Challenges
B Huge volume of raw text

B Highly unstructured

B High level of noise

B Lack of consistency/standardization of attribute

name and value usage
z
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Take Advantage of the Community

B Savvy sellers provide plenty of useful

information

B We need to combine techniques that can

Extract attribute names and values from this large
collection

Remove noise and normalize attribute names and
value usage

\
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We have the data

Brand New GUCCI Sunglasses 2597/F/S %4 SHINY BLACK

ltern condition:  New
Ended:  Apr03, 2010 17:54:08 POT
Bid history: 0 bids

Starting bid: US $109.99

ar

Price: US $129.00

IMAGE PROPER

& SUNGLASSESE0IT

Shipping:  $29.00 USPS Express Mail International | see all details

Estirnated delivery tirme waries for iterns shipped from an international location,

Returns: 7 day exchange, buyer pays return shipping | Read details

& Enlarge @ eBay Buyer Protection %

eBay will cover your purchase price plus ariginal shipping.
Learn rmore

r]:)-3-..*31l[:rilzntil:-n
I

e Cuaranteed 100% Authentic GTTCCT Sunglasses.

Condition: Brand Mew,

Made in Ttaly.

Model Mo, 2557F/5  Color: 584 LF (BLACKE FRAMES, GEAY GEADIENT LENZES)

An Onginal Gueot Trademark Case And Cleaning Cloth Included.

® Sire (mm)
Eve | Bridge | Vertical(B) | Temple |
Ot f_‘,ﬂi_? | O | O]
G0 | 10 | 38 | 120 | ‘ )
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We have the data

Dinosaur Fossil Tyrannosaurus rex Foot Pes Claw ckp1225
Real Fossil from the Hell Creek Formation of Montana

ltermn condition: -

Tirme left:  4d 12k (&pr 03, 2010 06:03:30 POT)
Bid history: O bids

Starting bid:  US $6,500.00

CKP- 1225 . J Your max bid: US $ Place bid

4 Ed [ 7 5 i [Enter US $&6,500,00 or rare]
ar

rice: US $7.500.00  ([IEETIEEN

a

Item: Tyrannosaurus rex Foot Claw |y

Size: lmm between lines on ruler (25mm = 1 inch)

Collection Area: Channel Deposit, sub-surface, Garfield County, Morntana, Upper Hell Creek
Formation, Late Cretaceous {63-65mya)

Collection Date: 3/29/2010

Preparation Date: 3/:2920i0

Sediment: Coarse Sand (grains the size of table salt), reddish in color, high energy water flow, most
areas contain shell fragments with the fossil. Layer belaw is a mudstone containing plant fossils.

Description
We are back m the field!
Field Notes: We started digging agam after another long and snowy winter. This claw was found on our
second trp this vear. It was discovered on 3/29/2010 by C.M. at the main channel site (NCDO01). Tt was
warm, near 70 degrees F, but there were 30-40 mph winds causing a huge sand storm i the quarry. You
can see it in one of the field pictures. This fossil came out great and prepared well. -C.1L

This is a super muque find. This is a Tyrannosaurus rex foot claw. It is in good condition with excellent
color and good surface detail. The claw is nussing a small portion of the tip. This happened before the claw
was fossilized. We are 100% sure this is a T-rex foot claw. It did tumble a bit before bemng fossilized, but
all the features are present for a positive identification. Tlus is not a huge T-rex foot claw. It is either the ®
dew claw from an adult, or a toe claw from a juvemle-sub adult. Tt measures 4.5 mches along the outer ‘
curve and about 1.25 mnches at its widest. There 1s slight crushmg on the left side, but very mmor causing
only slight distortion which 1s very good for tlus size claw. Tlis i the first T-rex foot claw to come out of

S . this quarry(NCDO1). Research Labs
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The BIG Picture

Year: 1999

Model: premiere night

Edition: home shopping special

Hair: blond

Gown: purple and silver

Condition: new / never removed from box / mint

BARBIE
1999 "PREMIERE NIGHT"

Home Shopping Special Edition
Gorgeous Doll With Beautiful Blond Hair / In A
Gown Of Purple And Silver
New / Never Removed From Box / Doll Is In Mint
Condition / Remember This Beauty Is 11 Years
Old
Free Shipping To US Only / Will Ship International
/ Please E-mail For Cost
Feel Free To Ask Me Any Questions Or Concerns
Smoke - Free Environment
Free Shipping

Neel Sundaresanm —SIGIR2010—
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Our Approach

¥ To build an automatic product catalog we
follow the tollowing steps

B Grouping items into categories
Category classification
Weeding out noise through accessory classification
B Extraction of attribute names and values
Simple two pass approach
E Cleaning and normalization

Capturing human expertise through machine 3

a ]Pﬂfﬂ1ﬂ — Research Labs
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Catalog Discovery

E Improve value coverage for important names

Use machine learning to expand value coverage

B Product building

Organize items 1n a hierarchical collection
B Matching inventory to products
Adoption
B At each step we perform machine
learning/text mining techniques

\
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Item Categorization

Near similar titles

B “Apple IPOD Nano 4GB Black NEW! Great Deal!”

B “Apple IPOD Nano 4GB Black NEW! Skin Great
Deall”

Category Classification
B Feature Selection

E Smoothing

Accessory classification (NBC)
-
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Class Pruning

B Class Pruning — unique to eBay

B we compute the posterior probability in NBC
i.e, P(C|Title words) then for some title words
the number of class they appear 1s huge (for
instance, the word “harry potter’” appears in
thousands of categories and that puts a strain on
the online posterior probability computation. To
fix this, we use class pruning—tor a given
feature we only keep a few top classes in the
computation. \
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Item Categorization on eBay

eb

1. SELECT A CATEGORY
Select a category

Find a matching category

Enter at least 3 keywords about your item to find a relevant category ta list in.

For example: Transfarmers action figure

Larry Bird Boston Celtics Signed |[_Search || €= Seller describes his item with a few keywords

Search categories Browse categories Recently used categories

Buyers will see your listing in the category that you select.

Sports Mem, Cards & Fan Shop
[] Fan Apparel & Souvenirs = Basketball-NEA

[J Cards = Basketball

[ Autographs-Qriginal = Basketball-NBA = Jerseys
[ Fan Apparel & Souvenirs > Baseball-MLE

[] Autographs-Original = Football-MNFL > Jerseys

€— eBay recommends 15 categories for
his/her consideration

[1 Autographs-Criginal = Basebal-MLEB = Jerseys
[] Autographs-Original = Basketball-NBA = Photos
[] Fan Apparel & Souvenirs > College-MCAA,

—, - 'y LA Y Y Y

Tip: Feach mare buyers by selecting two categaries. (Fees apply)

Start over \

About eBay | Announcernents | Buy Hub | Security Center | Resolution Center | Buyer Tools | Policies | Governrment Relations | Stores | Site Map | Help
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Item Categorization on eBay

Larry Bird Boston Celtics Signed
Adidas Classic Jersey

Price: US $399.99
Buy It Now

B Categorize into ?

Sports Mem, Cards & Fan Shop > Manufacturer Authenticated > Basketball-NBA
Sports Mem, Cards & Fan Shop > Fan Apparel & Souvenirs > Basketball-NBA
Sports Mem, Cards & Fan Shop > Autographs-Original > Basketball-NBA > Jerseys
Clothing, Shoes & Accessories > Men's Clothing > Athletic Apparel

Clothing, Shoes & Accessories > Men's Clothing > Shirts > T-Shirts, Tank Tops

]

Collectibles > Advertising > Clothing, Shoes & Accessories > Clothing \
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Challenge 1

B Large collection of categories

B 30K categories

B Hard to distinguish
4 I

1. Clothing, Shoes & Accessories = Costumes & Reenactment Attire - Costumes - Women

2. Everything Else = Adult Only - Clothing, Shoes & Accessories = Costumes & Fantasy

Wear 2 Women
\ 4

P Insufficient information of items
B Limited length of item title: 10 words

B Inaccurate or fraud title description
\
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Challenge 11

Highly skewed item distribution

86 9% categorles contaln 17. 3% |tems

5 8 3
5 3 3

=]
=

=
l
l
l
L

1% categories ¢ontain 51.7% items

number of categories
S
2

-
=]
o =3

1] 500 1000 . 1500 ZEIJI] 2500 3000
number of items per category (binned)

B Scalability and efficiency
B 4 million items daily
B Real-time response
B Good scalability and high etticiency
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Applications

F Recommending category candidates for
sellet’s listing

E Monitoring misclassification rate on current
site

Detecting outlier items

\
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Method

Multinomial Bayesian algorithm

F Smoothing

B Scaling-up to cope with highly skewed item
distribution

B Data sparseness problem

B Common or non-informative word problem

\
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Bayesian Learning Framework

E We employ the Natve Bayes with
Multinomial likelihood function which is to
find the most likely class ¢ with the
maximum posterior probability of generating
item t

\
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Approach

B Exploit Data to the Maximum

E Apply simple algorithms at the same time

\
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Smoothing Algorithms

B Laplace Smoothing
E Jelinek-Mercer Smoothing
F Dirichlet Prior

F Absolute Discounting

B Shrinkage Smoothing

Neel Sundaresanm —SIGIR2010—
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Experiments

F Train:
B Sold items on eBay site in about one month
E 18 million items

B 18K categories

P Test:

E Sold items in the day following the training period
B 278K items

\
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Research Questions

¥ How various smoothing methods perform
on our task?

How does smoothing interact with
B size of training data set
E size of category

E vocabulary focusedness of category

\
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Overall Precision of Smoothing Methods

100
OP@1 OP@5 DOP@10 OP@15
90
80
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3.1%
5/1% 5% -
e [T [T A M A
NoSmoothing  Laplace Jelinek Dirichlet Absolute Shrinkage
Smoothing Mercer Priors Discounting  Smoothing
\
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Influence of size of training set on Smoothing

——4—NoSmoothing ~#—Dirichlet Priors

1-week 2-week J-week 4-week

B Larger data set leads to better performance
B The rate of the increase 1s not fixed when multiplying data set blindly

F Quality of training data \ /"

E_Increasing prior sample size g improves performance Reohd
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Influence of Category Size on Smoothing

i

B Smoothing for insutficient sample problem
B Eliminate zero probability of unobserved words
F Two data sets:

B LargeCat: the cat. containing >10K training instances

B SmallCat: the cat. containing <1K training instances

LargeCat | SmallCat | B LargeCat significantly outperforms
No Smoothing 69.4 3590 SmallCat by 27.7%
w= 100 69.8 39.1 B Smoothing saves the system
Dirichlet | p= 500 69.4 45.1 B +3.4% on LargeCat
Prior n= 1000 i 43.7 E +9.2% on SmallCat
pn= 2000 71.0 41.0
n= 5000 72.8 s N
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Intluence of word specificity on Smoothing

B Smoothing for common or non-informative words
B Decrease the discrimination power of such words
F Two data sets:

B SpecCat: the cat. containing words with high IDF values

B NotSpecCat: the cat. containing words with low IDF values

SpecCat | NotSpecCat | SpecCat significantly outperforms
No Smoothing i f 42.8 NotSpecCat by 31.4%
p= 100 73.0 43.7 ¥ Smoothing saves the system
Dirichlet | = 500 5.7 44.3 B +5.0% on SpecCat
Prior u= 1000 75.1 44.7 E +2.2% on NotSpecCat
= 2000 75.6 44.5
u=5000 |  76.4 450 | VA
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Cataloging: Extraction of Attribute

B We extract attribute names and values
from millions of descriptions

F Harder than named entity recognition

B Attribute names are not known beforehand

E We employ a two-pass process

\
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B Pass 1—Name identification

B Use a high-precision low-recall extraction based
on pattern search

E Use seller count, items count and other statistics
to find names

\
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B Pass 2—Improve recall

B Extract more names and values using the phase
1 results

B Observation

E Being community supplied information these
names and values are often
Noisy
Not normalized

Ot low coverage y
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Cleaning and Normalization

B Sellers use different vocabulary

B We need to normalize/merge names into more standardized
form

¥ We use a semi-supervised learning method
E We use a simple Ul to view the names per category

B Using this Ul human subjects can choose which names (e.g.,
brand and manufacturer) are to be merged

B From this human supervision we automatically draw training
data to build a classifier that can predict given two or more
names whether they should be merged

]

\

Research Labs

Ne;?el Sundaresan=SIGIR 2010



MaxEntropy Classitier

Training a MaxEnt classitfier
B Automatically build training examples
Positive: cases coming from same clusters

Negative: cases coming from different clusters

\
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Features...

B Features used
The context of attribute names and values

Jaqqgard distance between two names in term of their
values

Mutual information
Seller adoption as confidence score

Lexical equivalence (synonyms/related terms)

]
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Improve value coverage for important

E For a set of important names we seek to
maximize the value coverage
B Critical for automatic catalogs

E Our extraction and merging/cleaning process
otve us a set of seed values

B We apply a machine learning approach to
discover more values from titles

\
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Classification

B Algorithm: Convergent boundary classification (combine a
high-precision and a high-recall classitier)

B For each important name, we train a classifier

Training process 1s fully automatic, we go over the
product titles

« values from the seed dataset are taken as positive training
examples.

« all other tokens in the product title are added as negative
training examples.

« if a product title doesn’t contain any value from the seed

data, all tokens are added as test cases. ‘
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Features

o Feature generation

e Positional features

« Position of the token, statistical confidence for positions
ctcC

 Sequence modeling features

 The names to the left and right of each token etc.

« Syntactic features

« Contains letters, digits, or mixed

e Demand features

« Is part of top queries etc.

]

\
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Classifier

« We then train an SVM classifier that accurately

classifies each token whether it 1s a value of a
name

Example: if we see Canon, Sony, Samsung in the
training examples for brand, then “mustek”, which is
unknown but shares similar features as training cases
will be classified as a value of brand. In several
categories we achieve ~85% accuracy for brands and
~90-95% accuracy for model classification.

\
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Summary

F Structured Data Discovery Problem —
Categorization and Catalogs

F Intelligent Use of High Volume even though
Low Quality Data

F Simple Algorithms with Good Features
(textual, author, adoption) can give good
results

\
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Questions?

F We are hiring!

B Contact: nsundaresan(@ebay.com

A
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