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Zalando

Multinational fashion e-commerce company
Operates in 14 countries in the EU

» 23 million active customers

More than 14,000 employees

» 1,900 tech-employees

More than 100 data scientists/ research
engineers etc..

e large data scientific component
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Zalando Research

15 Researchers with PhDs

Backgrounds (S/ ML/ Physics/ Math/ Linguistics
4 subteams

RL, Vision, NLP, Retrieval

We are growing/ hiring!

Fashion

Logistics Technology  Students & Graduates

Home Culture Jobs Locations
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Zalando Launches
Research Lab

by Dr. Reiner Kraft - 28 Sep 2016

Zalando Tech is embarking on an exciting new chapter in its evolution. We've recently
launched Zalando Research — an endeavour to place Zalando at the forefront of
cutting-edge research, to complement our already strong foothold on technology.

Why are we doing this? We already boast great researchers at Zalando Tech, so we
want to give them an outlet where they can be better organised and aligned. We also
want to have a greater impact in the tech research community, especially in the fields
of data science, machine learning, and artificial intelligence (Al). We want to carve out
an academic standpoint for Zalando Tech.
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The launch of Zalando Research begun with a group of internal research scientists researCh
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NLP Team @ Zalando Research

Roland Vollgraf
Alan Akhik
Duncan Blythe
Leonidas Lefakis
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NLP Team @ Zalando Research

Credit to Han Xiao (now @ ten cent) for the initial work
M|
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How do many product search systems work?

Why do we need an end-to-end product search system?
What data do we need to build end-to-end search?
End-to-end retrieval model

Discussion
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Classical full-text retrieval framework

Query Product

String /Symbolic Matching String /Symbolic

representation | ~ | representation
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*Animation

Classic product search system with filter query

{
“brand”: “Miss Selfridge”,
DAMEN KINDER “category”: “Umhé&ngetasche”,
“ecolor”: “red”,

Schuhe

Neu Accessoires

Bekleidung

—_—

Accesspires
Alle Ka\egorien

essage
Queue

-30 % NEU in Rfcessoires

Rucksacke
Clutches
Sonnenbrillen
Geldborsen & Etuis

- Tucher & Schais

Hute & Caps
Grtel
é Weekender & Gepack .
Indexing
Marke v Farbe ~ leis N Grolke b Anlass ~

Structured

Filter query rutt
string index

Obermaterial ~ . . . bue Produkte
\_/

% brand="nike" AND color="orange"
® zalando
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Deine Auswahi Miss Selfrid




Parsing a full-text query to a filter query

"brand": "Miss Selfridge",
"category": "Umhdngetasche",
"color": "red",

red shirt Q

Indexing

{

"color": "red", i
e e Matching otructured

) string index
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Query understanding as a pipeline (ideal)

User query > normalize jecck wolfskin bluejackets
"Jeckk Wolfskin : - : w :
BluEjackets" tokenize jeckk+wolfskin+blue+jackets
lemmatize . “jeckk wolfskin”+blue+jacket
: j 3
spell-correct . “jack wolfskin”+bluetjacket
T :
4 . N
recognize o _
named-entity jack wolfskin”+blue+jacket
1
4 . N
recognize synonym “jack wolfskin”+bluet+coat
. baoonym
+ :
. .. ) ?“jack wolfskin”?+blue+coat
brand="Jack Wolfskin" : L disambiguate ) ?jack+wolf-skin?+blue+coat
AND category="coat" AND ) ) R :
color="blue" query-builder ; = Filter query research



Query understanding in practice

Full text query normalize
"Jeckk Wolfskin E - l N
BluEjackets" ; \ tokenize |
lemmatize
( l ™
on
R= spell-correct
(V] L )
= :
(=== e R R :
= recodg_mz[gt recognize synonym | -
= (__ Mdmed-entty ) & acronym

brénd="Jack Wolfskin"
AND: category="coat" AND
] . color="blue"

disambiguate
)

query-builder } - Filter query | research




Pros & cons of a pipeline system

Upside: intuitive, modular, many off-the-shelf packages, easy to collaborate

e fragile

e (omplicated dependency

e Not straightforward to improve overall search experience
e [ifficult to scale out on other languages

e No concept of “continuous improvement”
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Pros & cons of an query/attribute based system

Upside: makes sense to use attributes if they are there

e Attributes can be wrong
e Attributes can be missing
e Attributes can't easily capture “style” in a succinct way

e Synonyms need to be hardcoded
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Question 1:

If finding the right article is the final goal, then
why should we even care about pipeline components?




Question ¢:

How can we associate “petite”
with “for the smaller man"
without hard-coding for each language?




“End-2-End"” product search

Product search system

e [rained as mapping from queries to products
e Fully data-driven

e All components trained with deep learning
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“End-2-End"” product search

Question 1:

If finding the right article is the final goal,

then why should we even care about
spell-checking?

Question ¢:
How can we associate “fur mamas” with

“Schwangerschaftsmode”
without hard-coding on each domain?

-

eliminate
components in the
pipeline

~

find better
representation for

uery and product
\q y andp )

\

smarter

simpler
architecture

more robust

easier to maintain

more scalable
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Classical system vs end-to-end product search system

Query

@ parsing

Symbolic
representation

@ matching

offline
Product
@ indexing
Symbolic
representation

Query

Product

.......................................................................................................

deep learning

Latent
representation

matching

deep learning

Latent
representation

........................................................................................................
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Text < product data sources




Three types of data sources

e (lickthrough data
e (rowdsourcing annotations Product
e (ustomer reviews I

User-generated
content
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, see search
@ Q\type in search-hox

result page Q&[li(k a product
user

Extracting Query<Product mapping from message queue

Q&tlick 0N reco

> Time
search-result .

Message
Queue

g Coo O

receive-query:

<S\Kretrieval—searth-result

click-through:

i > [ime
retrieve-reco click-through:
"denin SKU?O-UOI Q& -result <x\§
{

query: "denim shirt”

SKU00A0-002
skus: ("SKU00000-001", "SKU00000-002"]
!

® zalando

research



Example of Query — Product map

{"query":"ananas”,

"skus":[

{"id":"CE321DOHP-ALL" "freq":37L),
{"id":"RL651E02D-F11","freq":273},
{"id":"EVA11AAOK-T11" "freq":243},
{" 'f !
{

id":"L1211E001-AL1","freq":208),
"id":"ES1Z1D0ON-C11","freq": 1801,

{ld””T0226K009Ill"”ﬁeq“Z}
{"id"-"BH523F01)-ALL" "freq":2),
{"id":"M0C83C00C-J11" "freq":L),
{"id""MOC83C001-J11" "freq":L),
{"id""HG223FO4A-ALL" "freq":L1]}
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Example of Product — Query map

Chi Che

Chi Chi London
TRISH - Ballkleid - coral

79,95 € inki. Mwst.

{"sku":"CZ621C040-G11",
"queries”:[

"text":"chi=chi+london","freq":998},

"text":"abendkleid","freq":403},
"text":"ballkleid”,"freq":3941,
text":"cocktailkleid” "freq":134},

"text”:"kleid","freq":125},
"text":"kleider","freq":118},

{
{
{
{
{
{
{"text":"abendkleider","freq":79},
{
{
{
{
{
{

"text":"abendkleid+lang”,"freq":58},

"text":"kleid+lang”,"freq":46},

text":"abiballkleid","freq":46},
"text":"chi+chi" "freq":43},

1

'text":"lange+kleider”,"freq":401,
"text":"ballkleider”,"freq":36}

nn

"text”:"ballkkeid-lang","freq":1},
"text":"ball-kleid","freq":1},

1 nmn nn

'text”:"abschlusskleid+leng” "freq":1},

1 nn nn

{

{

{
{"text":"abschlusshallkleider”,"freq":1},
{"text":"abschluss+kleidersrot”,"freq":1},
{"text":"abenkleid”,"freq":1},
{"text":"abendskleid","freq":1},
{"text":"abendkleider+in+lang","freq":1},
{"text":"abendkleider-abendkleider”,"freq":1},
{"text":"abendkleid-damen","freq":1},
{"text":"abendkleid-chi+chilondon”,"freq":1},
{"text":"abendkleid+/ballkleid","freq":1},

{

"text":"abend+Kleid","freq": 111} research



Encoder-Matcher Architecture

query-encoder

]

| X cgaracter-embedding X

J

matcher

\_
’ |
' l‘—> image-encoder

{brand: )
"Nike", —> attribute-encoder

color:

"olive"}

YES/NO
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Component parts

Query encoder Image encoder Attribute Encoder Matcher
e  Recurrent neural e  (onvolutional neural e Textual e “Objective function”
network network embedding e Ranking/
o LSTM/ GRU etc.. o VGG/ RESNE[/ AlexNet Py WUI’dZVE['ES[]UE (|assifi[a[]0n
o (haracter o Muliple views? e  Pretraining o  Nonlinear/ linear
e  Nopreprocessing o  Pretraining methods fashion corpora e  Eg. cosine similarity
e language flag e [Data augmentation e Testtime

considerations
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Convolutional image encoders

1 13fe
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Convolutional image encoders: fDNA

Nearest neighbours:

araveesint

e

pebadeavel

baw .

Product map:

arXiv:1609.02489v1 [cs.IR] 8 Sep 2016

Sehastian Heinz

Christian Bracher

Fashion DNA: Merging Content and Sales Data for
Recommendation and Article Mapping

Christian Bracher, Sebastian Heinz, Roland Vollgraf *
Zalando Rosearch
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Query encoders
"denim shirt”

<male> d e

he = g(x¢, heq)
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Alignment objective

We want this to
be large:

similarity (g(Zquery)s f ({good—maten)) — similarity(g(zquery), f (Ibad—matcn))
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Demo




Code Review

t torch

Model(torch.nn.Module):
__init__(self, n_inp, n_hid, n_layers, n_emb, n_hash, n_features):
torch.nn.Module.__1init__(self)

self.encoder = torch.nn.GRU(n_emb, n_hid, n_layers)
self.char_emb = torch.nn.Embedding(n_inp, n_emb)
self.fdna_emb = torch.nn.Linear(n_features, n_hash)
self.rnn_emb = torch.nn.Linear(n_hid, n_hash)
self.matcher = torch.nn.functional.cosine_similarity

forward(self, query, lens, fdna):

item_feature = self.fdna_emb(fdna)

query_feature = self.featurize_query(query, lens)
rn self.matcher(query_feature, item_feature)

featurize_query(self, query, lens):
emb = self.char_emb(query).transpose(1l, 0)
hidden = self.encoder(emb)[0]

thought = [hidden[lens[i1] - 1, 1, :].unsqueeze(0)
for 1 in range(len(lens))]

thought = torch.cat(thought, 0)

7 rn self.rnn_emb(thought)
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Quantitative Results

n use use n

h top 1 top 1 top 1 top 1 til
counts fdna attr hidden L P opie apieg opIaee PETSEIRE
1 True  False 1024 0.2 9.1 414048 | 9404 BDB0E | 4615607
28.76 49.25 40.52 20.73

5 True False 1024 0.2 10.20 = 41.30 = 79.80 = 95.60 = 1.47 =
30.26 49.24 4015 20.51 5.70

20 True False 1024 0.2 7.90 = 3610 = 7410 = 93.80 = 242 =
26.97 48.03 43.81 2412 7.56

5 True True 1024 0.2 8.70 = 34.80 = 7010 = 93.30 = 1.87 =
28.18 4763 45.78 25.00 5.36

5 True Ealse 1024 01 450 = 25.60 = 62.30 = 91.10 = 282 =
20.73 43.64 48.46 28.47 7.59

5 True False 1024 03 7.70 = 35.30 = 76.20 = 94.60 = 1.79 =

26.66 47.79 42.59 22.60 6.45



Discussion: pros/cons of an end-to-end product search

Classic Deep learning based End2End
............. [].f%h‘ne ofﬂme
Query Product Query Product
@ parsing (L indeting deep learning deep learning
Symbolic . ) matching | Symholi Latent __ matching : Latent
representation representation representation representation

........................................................................................................

@ Scalable,
maintainable, data-driven

& Need a lot of data, comp. o
researc
[esources




Thanks for your attention!




