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About us

Leading Machine Learning Platform For Ecommerce Search

120+Customers & Brands 1200+ Global Websites Over 1.5 Billion Interactions/Month
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Unbxd — Product Discovery Platform

Built on Machine Learning and Al to drive better experiences, engagement,
and ultimately drive conversions!

e Site Search
e Intelligent Storefront
e Product Recommendations
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Boolean Retrieval

mm = 0% implies black OR bomber OR jacket

e Query = “black bomber jacket”

bomber

black bomber
AND black AND
bomber AND jacket
bomber
AND
jacket

black
AND
jacket

e Search Setting: Minimum match(MM)
o MM=100% < match any term, MM=0% < match

all terms
o MM=66% < also matches "black bomber". Far

from good
o MM can’t specify importance of the terms.

e Better relevance & weighted retrieval(weighted query terms)
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Semantic Retrieval

e (Classic relevance measures
o Precision = num relevant docs/num retrieved docs
o Recall = num relevant docs retrieved/num actual relevant docs

e Better relevance — Semantic retrieval ( Key idea of this talk )
o & ldentify MT(must have) tokens

= |mproves precision but may drop recall
o & Augment MTs by synonyms (word sense disambiguated)

= As disjunctive(OR)s of MTs for better recall
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Must Have Tokens improve precision

MT : What noun best
describes this product?

/

One classic-cool silhouette, two slick bomber jacket options. This
reversible layer doubles your wardrobe by letting you switch from
black to green to match tons of looks.

Reversible bomber jacket
Stand-up collar; Zip front

Long sleeves; Pocket on left arm
Hand pockets; Straight hem
Polyester

Machine wash

Imported
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Must Have Tokens improve precision

MT : What noun best
describes this product?

/

One classic-cool silhouette, two slick bomber jacket options. This
reversible layer doubles your wardrobe by letting you switch from
black to green to match tons of looks.

Reversible bomber jacket
Stand-up collar; Zip front

Long sleeves; Pocket on left arm
Hand pockets; Straight hem
Polyester

Machine wash

Imported

Bomber Jacket
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e Synonymy variants that are also contextual to query most often more
useful in ecommerce
o Conventional synonyms: pullover & sweater

o Strongly Related words: printers < laserjet

o Spelling/lemma variants:
= wireless enabled phone & phone with wifi,

Thinking about
buying Christmas
Pajamas ?

= “packers tee” & “green bay packers t-shirt”

\

e Boolean queries won't find Christmas pajamas in ad-hoc categories

Relevant products might be and this is often the case
organized under category — « . » . » . . ”»
Saatie T, SR e P o e.g. “festive wear”, “christmas PJs”, “festive pajamas

“festive pajamas”
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$128:00 $76.80
Reversible Bomber Jacket

$228.00 $150.99
Quilted System Biker Jacket

2 colors

@ UNBXD

Query Understanding

$228:00 $150.99
(Minus The) Leather Quilted Asymmetrical
Moto Jacket

$148:00 $88.80 2 colors
Performance Water-Resistant Zip Front
Hooded Jacket

$148.00 4 colors
(Minus The) Leather Quilted Moto Jacket

EXPRESS VIEW

$128:00 $76.80
Color Block Pieced Windbreaker

Query = black bomber jacket

MT recognizer(black bomber jacket) —
(bomber jacket)

Synonym augmenter(bomber jacket) —
(Moto Jacket, Motorcycle Jacket, Biker
Jacket, windbreaker, Hooded Jacket)
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MT Generation steps

Domain Query Logs Query: black bomber jacket

=.' amod
v

Candidate Set Generation

compoun
Dependency Parse of Queries

black bomber jacket
ADJ

Generate Unigrams and Phrases

e amod < adj-noun-modifier-relation : adj that

Score/Rank MTs modifies the meaning of the noun

| e compound < noun-compound-noun relation:
Select top MTs based on cutoff

noun that modifies the meaning of another noun

A\

— Relevance Feedback e More than 85% top queries: amod

e More than 53% top queries: compound
10
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Domain Query Logs

N
al
v

Candidate Set Generation

Dependency Parse of Queries

Generate Unigrams and Phrases

Score/Rank MTs

v

Select top MTs based on cutoff

— Relevance Feedback

A 4

@ uUNBXD
MT Generation steps

Query: black bomber jacket

amod

compoun

black bomber jacket
ADJ

Generate MTs using the Dependency Parser

Unigram MTs & root of ‘amod’ relationships e.g jacket in

‘black-amod-jacket’
Phrase MTs < nouns connected with compound e.g

‘bomber jacket’ in ‘bomber-compound-jacket’

11
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Domain Query Logs

N
al
v

Candidate Set Generation

Dependency Parse of Queries

Generate Unigrams and Phrases

Score/Rank MTs

v

Select top MTs based on cutoff

A\

— Relevance Feedback

A 4

MT Generation steps @ unexD
Score/rank generated MT based on
actual_query_coverage + count(root_of_amodl oo

is_a_compound)

Grammatically incorrect queries “jacket bomber black’
will generate "black™ as MT but low
count(root_of_amodlis_a_compound), hence rejected

12




W Synonym Generation Pipeline

DOMAIN

<

s e 1. Build Local Corpus per domain OR per customer

a. Local corpus < catalog + sample queries

Catalog Clicklogs

e 2. Train word vector embedding of local corpus

Bt Viord e 3. Generate MTs from local corpus to be used as keys
ey 4. Generate synonyms
Wordnet ConceptNet a. Input MT list items to a Global Corpus(WordNet/ ConceptNet)

b. Input MT list items to Local Word2Vec.
5. Pipe synonyms word sense disambiguator (WSD) in embedding
WSD +

Spellecheck + Space:
Stemcheck . .
a. Basis & Distance(synonymSubspace, querySubspace)

v distance
i 6. Reject winning candidates based on misspellings and
— stemmed duplicates

Relevance
Feedback

Y

| Synoynm DB \

13




dad, what
are yov

Just checking
my balance!
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Language, meaning , context, machine

Humans understand language very well, machines do not.
Given millions of document being generated per day
impossible for a human to categorize, classify or translate all
of them. Hence we need to convert them to a format that
helps machine do NLP.

Representation of words which captures context of use,
lexical ambiguity, semantic relationships is called Word Vector
Embedding and it represents each word in the Vocabulary as
a n-dimensional vector of floats that a machine understands.

14
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Local Representation Distributed Representation
Cat

CO080]

* One-hot vector * Dense vector
* Only one units is one, and another * The concept ‘cat’ is represented
must be zero as strength of firing of units

great sad
O o
O O
awesome bittersweet

ROTFL @ @ 'augh

Word Embedding Vectors
(dense, continuous space)

@ uUNBXD

What are Word Vector Embeddings?

Words as symbols carry little information
Hinton : distributed representation
o Represent word as word= f(contextual words)
Word vector embedding
o  Word vector = f(contextual words) in optimal dimensions
o Captures context /lexical ambiguity/semantics difficult to
o model otherwise
2 neural network learned models
o CBOW(given context — predict missing word)
o  Skipgram (given word — predict context)
o We have used Google Word2Vec
o (CBOW + Skip gram) Neural Net Embeddings

15
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@ Search by
jacket A jacke * label ~
label jacket
neighbors @ -@ 100
s distance COSINE EUCLIDEAN
DOMAIN . .
. Nearest points in the original space:
vest 0.447
Catalog Clicklogs
5_<,,‘ fleece_jacket 0.463
Word 2 Vec Word 2 Vec g leather_jacket 0.469
Embeddings Embeddings £
— — ‘ s romper bomber_jacket 0.470
ConcepiNet R ot . moto_jacket 0.474
G RE .
oo ackel e . . parka 0.48
T ; ; it B e e trench_coat 0.485
Spellecheck + &, - —
Stemcheck - hooded_jacket 0.489
\T\ . padded_jacket 0.496
Synonym - » wuffer jacket 5
Candidates vﬁ PLITIOIS GHaT 0.506
. — ! coat 0.520
Feedback ffer_coat 0.526
¢ motorcycle_jacket 0.532
e e
0.543
0.545
0.546

0.547
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PCA Of Fashion Word Vector Embeddings

Search by

@ shoes A shoes * label ~
label shoes
neighbors @ @—— — 100
distance COSINE EUCLIDEAN
DOMAIN B o 4 . N
T e Nearest points in the original space:
Catalog Clicklogs
boots 0.454
Word 2 Vec Word 2 Vee SR £
Embeddings Embeddings sneakers 0.462
shoe 0.487
Wordnet ConceptNet
Py . footwear 0.499
, R 4 ¢ flats 0.503
WSD + S Al 5 A T, oo R 8
Sgﬂl;cc?‘e;ly A B oIS oes) SNOES R casual_shoes 0.509
\1/\ y e N :;‘_ j 3 - S gy j . — running_shoes 0.522
’ 7 | 5 o 3
o % & % £ oot PN : -.Dy S walking_shoes 0.532
Candidates s shoohes - { 3 e
slungbacksz;\dals wedge_sandals 0.547
: : slippers 0.548
Feedback 4 %A
'”""'"g-h“s S winter.boots les
ovenheknee boots - f' : R Y X booties 0.550
e —— aoxford shoes r '_ v o socks 0.560
Pl i hiking_boots 0.567
w %@ casual’shoe’
wflip_flops ::asga S pants 0.569
" b —
slipon_shoes house_slippers 0.570

work_boots 0.574

i v ~~ N o1



m 0T 2 Word2Vec synonymy in catalog space

mmhpr #[e:ch bracelet
gomber_jacket : @ bracelet
150 - d
200 .angle_bracelet
100 _
gnotorcycle jacket Jacket_stibrsmall 100 _
50 4 gacket @ .1ultistrand_necklace idi ring
grench_coat 0 -
0- 'ud_earring
. =100 - @ or_earring
=507 geather jacket gnoto_jacket ooded jacket @°7ing_set
~100 - =200 - @00 _earring
~150 4 . -300 . . BT .
' ' pk?r _jacketr ___anogak jacket
-100 -50 0 50 100 150 200 -100 0 100 200 300
w2vec, ("bomber jacket") w2vec, ("earrings")

18
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™ Word2Vec synonymy in user query space

Jomber 100 wh-calor
150 gvindbreaker
751 golorstay
100 -
gnorak 50 - op_liner
50 - gnoto_jacket avon #ngloss
¢weat shirt 25 F
0 -
0+ I
grench_coat gaims
' laze
. omber_jacket (puffer =25+ §loss f
—100 Jeather_moto =504  @psticks
=150 + genim_trucker =15+
T T l‘lumpe! T T MDL
. r—aftahel , . : -100 -75 -5 =25 0 25 50 75
-100 =50 0 50 100 150
w2vec, ("bomber jacket") w2vec, ("gloss")

19
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Performing WSD using Word2Vec

DOMAIN
Catalog Clicklogs
Word 2 Vec Word 2 Vec
Embeddings Embeddings Orange_color Orange_tree
« orangeness Orange_fruit + Bergamot Photopigment
« Reddish_orange « Bitter_orange + Sour_orange * Alizarin
« Salmon + Orange_rind + Orangewood * Bacteriochlorophyll
Wordnet ConceptNet + Pastel + Grapefruit « Citron. tree « Cadmium_yellow
* Viridity + Lemon + Kumgquat « Chrome_green
+ Blond « Lime + Pomelo_tree » Chrome_yellow
¥ « Pink « Mandarin « Rangpur_lime + haemitin
WSD + » olive « Citron
Spellecheck+ | f | L
Stemcheck 'serg ' """"""""""""" e
Citron_tree - mleddish Orange .,
‘ 'ome(o_Tree I’/ salmon - ) N\,
'(unquat {] | angeness
Synonym i i o \\
Candidates ‘ \ nge_color }
I — mond
Reback | NN T -
# Lime @ Mandarin
s
Bitter_Orange
Synoynm DB

. Haemitin @ Grapefruit

20
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Color Block Peced Widbrester

@ UNBXD

Semantic Retrieval Summary

Query = black bomber jacket

MT recognizer(black bomber jacket) —
(bomber jacket)

Synonym augmenter(bomber jacket) —
(Moto Jacket, Motorcycle Jacket, Biker
Jacket, windbreaker, Hooded Jacket)

Query — Dependency Parsing + Scoring — MT
Word2vec on local corpus

MT as key — Word2vec catalog synonym + clicklog
synonym

MT as key — conceptnet/wordnet synonym
candidates + WSD

MT OR SYNONYM — Final Query

Final Query — Edis Max Solr Query

21
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W Conclusions and Future Work

e We intend to train our own dependency parser using Deep Learning for
further boosting MT recognition algorithm

e We intend to extend MT-SYNONYM learning from one client to other clients
and finally over one domain

e We intend to improve and simplify the vector algebra operations on
synonymy vector

e We intend to further tune and improve performance figures using
mapreduce based Word2Vec training

e Implement relevance feedback to autocorrect good synonym and MT pairs
VS Noisy pairs

22
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Thank you!

Team members : Gururaj Desai, Soumik Chatterjee, Prasad Joshi
Twitter : @ ArpanmGupta, @seinjuti

Email : arpan@unbxd.com, seinjuti.chatterjee@unbxd.com

Questions ?

23
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Addendum

24
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Performing WSD using Word2Vec - Ex2

Catalog Clicklogs
Shoe Device
| + Work shoe + Water_pump orﬁa:rt
" -
g Enoecin + Platform * Gas_pump . C:rdiac valve
B MR + Heart_lung_machine -
* Spectator_pump « Hand bum + Arteria_coronoria
* Sandal -pume - Heart_muscle
Wordnet ConceptNet -
WSD +
Spellecheck + "as- Pump e — L
semetec “Vater_pump and_Pump 7 . work shoe ™
NN Qli=art.ung Nachine { . N\,
\J ! Platform \
Synonym I} L kY
Candidates Spectator_pump I’
N — . urt_shoe aoanket
Retback | N BN T e
CeEmES D

’C ve

' Heart_ muscle

25
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e oo B Search Stack (Query Understanding Layer)

i GET /unbxd/_search {
MT BUIlder "query" : "black bomber jacket",
Http Server Query SOLR _ , Mt “bomber jacket”
Understanding “0semo
= SEEICIT
—— \ [ X N ] . GET /unbxd/_search {
- = Synony BUIlder "query" : "black bomber jacket",
“mt” : “bomber jacket”,
= — “synonym” : “motorcycle
== meem jacket, windbreaker jacket
== s 2
. \ LA Asterix Service GET /unbxd/_search{
» query” : "black bomber jacket",
= “modified_query” : “black +
- -y "bomber jacket™ | "motorcycle
acket" | "windbreaker jacket" )”
= ) N Brewer Service GET /unbxd/_search {
- .y - - "query" : "black bomber jacket",
= ~ “modified_query” : “black +
mRR ( "bomber jacket™ | "motorcycle
| jacket" | "windbreaker jacket" )”,
—— “MM” : 0,
“boost”:”seersucker_brand”
o — Q ) -
" Custom Solr Plugin
- @ = LA GET lunbxdl search{
-1 - ) "query" : "black bomber jacket",
w GE':I"I.t‘ltr'ibeﬂIBseal;ch_{ Ket" TTTT “edismax_query”:DisjunctionMa
GUENVELIACIOOMbERIFCKE xQuery(tifle: black)

} +DisjunctionMaxQuery( (title:
"bomber jacket"
title:"motorcycle jacket"
title:"windbreaker jacket") )

QU Layer 26
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Ll é Performance Benchmark of MT and Synonym

On a 8 core 60 GB Linux AWS box network speed@94.5MB/s

Sl A

Typical mts count per site based on queries ~ 8573 unigrams + bigrams
Typical synonyms count per site ~ 6554

Typical gps for dependency tree calculation ~ 1000 gps

Typical batch gps for conceptnet api based synonym prediction ~ 100 gps
Typical batch gps for wordnet api + wsd based synonym prediction ~ 10 gps
gps for training word2vec model (multicore multithreaded but single machine) ~
865K gps

Typical accuracy of prediction ~ 10% error rate for known domains like fashion,
grocery, home and living, 30% error rate for new domains like autoparts

27
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| 2 The Skip-Gram Algorithm:
Vet Vel
k . Wve = pile) =
g 1‘9 3r'dr\q [wnTve)  softman (u700)
2 0,07]
* 63 ftﬂ'ml)( 64
) o
Vxl dxV 4wl o oo
oL
. w v‘ ol .
W(H'j) w, =W, 07 0.7 (o
Where jis a
INPUT PROJECTION OUTPUT ’ context oa “==07 - - 0.7 %) - [0
p ol 77 - i3] 5ftmen|6a 11
M e i ] o - o
4 w2 0 ﬂt‘-‘?‘)« ? sl B oo o > | ° Yt *\
ol [ oo o e al ol "
o= 0.5 = =] |0 Q] L4 A +. l
/ p h 0 07 b7( |O SN
/W) Covifest
—F——“ S A v ) i *; P b ﬂ wod s
wy) v n | ‘ 3 w(t-1) e \at {poks wp : mot|6a e 7
w(t) x vxn X | - | Seupatsn w column 3 \| > |ews ol We-)
0 ) t/ ) wo E 7 ) ool
~ w;ri unbe " @ 0
A D / ~ 57"""] malrix as § Ol o " .
\ wit+1) ——— D%, Ly J ep rLieaTal ion wor ) o orle |
Y Word f il wivd  YRprsAAEn
4 w2 o Mtj:]l
Objective function:
Skl pg ram Maximize the probability of any context word given the current center word:
vow(t+2) -
o s

Original diagram from Mikolov et al (2013) ) JI (g) = tlg!| HJS"‘ P(We-fal wt ; 9)

diagram entiting matix di

Negilve 7 ) u
Lag J (6) =4 —_ftz__ 2 log P{“’u;""t)

))-ﬁ-u" °'l | ~msjSm
L 0 j;‘bs

Google Word2Vec (CBOW + Skipgram)

exp (wo've)

plel<) = 5

war P (_uwT Vc}




