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Hi I'm Laurin

Working for Otto (otto.de)

ML student and practitioner
Today's talk was the topic of my
Master's thesis



GMV: 6.9 billion EUR
Transition to Marketplace
4000+ vendors

17+ million product variations
11.5 million customers

2.89 million qualified visits per day
1.67 million search queries per day

2021/22

= ll'l""'l !R':‘ _!l EREEEEE=

> - ARl 1R

S

ll’)..“ | !".4"‘, e ‘ S L
- o= 1 ‘g'? ,‘ =3 ey ~.‘ ';;a‘—‘":' YERE i U R . | T

- AL

: =T R
4

: SEES i my

L L i L \ L S L‘ ST umn Illllllllllll llllllll 1 0 B8 —l < m

H—H lJ H IWH e




Unbiased

Neural Ranking

Product Search



Neural Ranking

« Using Neural Networks
for the ranking task

* NNs are super flexible

 Allow the use of raw text
data (e.g. user query and
product descriptions)




Unbiased

Training NNs requires
tons of data

Manually labelling data
not feasible

Alternative: Use implicit
user feedback from click
logs

But: This data is biased
towards current ranking
(position bias)




Product Search

 Product search has some
peculiarities:

« Several feedback
signals (clicks,
purchases, a2b)

» Several important KPls
« -> Multi-task learning
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Neural Ranking

Why use Neural Ranking?

Which architectures are used?




Motivation for Neural Ranking

Addresses issues of exact term matching
models like BM25
« Can overcome the lexical gap
« “psd’ vs. “playstation 5"
« Learns synonyms
« “couch” vs. “sofa”
« Can handle common spelling errors

Relevant product

\

‘\ query
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Semantic Matching
On the example of the DSSM (Huang (2013))

Loss

shared weights shared weights

Deep Network Deep Network Deep Network

Pooling Pooling

Pooling

shared weights shared weights

Embedding layer Embedding layer Embedding layer

Tokenizer

Tokenizer

Tokenizer

e.g. ,ps5” e.g. ,Sony Playstation 5 e.g. ,Nintendo Switch” OTm
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Some Intermediate Results

Query: lascana jeans damen

lascana 78 jeans mit leicht ausgefransten beinabschllissen jeans - 1
lascana high waist jeans mit sichtbarer knopfleiste jeans damen - 1
lascana high waist jeans mit schlitzen am saum jeans damen - 1
lascana high waist jeans mit goldfarbenen knopfen jeans damen - 1
lascana jeggings mit schnurung am beinsaum hosen damen - 0.81
lascana 78 jeggings hosen damen - 0.81
lascana 78 jeggings mit schlangenprint hosen damen - 0.81
lascana basicsocken box 7 paar mit hochwertiger logo stickerei socken damen - 0.81
lascana jeansjacke mit zwei pattentaschen jacken damen - 0.81
tfidf_'score

0.91

0.93
0.95

0.94

sms

-1.0
+
+

-0.8
+
+

relevancy
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Semantic Matching
Limitations

« Semantic Matching is not equal to
relevance matching

« Especially in E-Commerce there are
often many perfect semantic matches to
a query

* Which one is the most relevant
depends on other factors

« - Semantic matching necessary but
NOT sufficient condition for relevance
matching




Input Space

Combining traditional LTR features with raw text matching

PBK-Classifier

Gaussian Transformation

Log1P Transformation Encoder Encoder

Xq = [Xq1,Xq1, ) Xqm] q = [dg1,dg2s -rr dgm]




Ranking Model

MLP: Rmxdmode] - ]Rmxl

T

Feature embeddings Context embeddings

Pl
)l

x [S4 LayerNormalization(MHSA + X)

VSHIN

FC: Rmxk N ]Rdemodel

Gaussian Transformation PBK-Classifier

J9Ae nduj

Log1P Transformation Encoder Encoder

Xq = [qu,qu, ...,qu] q Dq = [dqlu qu' ...,dqm]

Linear

Concat
Y}

Scaled Dot-Product
Attention

\




Estimating & Isolating
Position Bias

What is position bias?

How can we deal with it?




Position Bias
The curse of low-ranked products

* Higher ranked products get more attention than lower-ranked ones
* Naively training on click data will not learn the product relevance

d1 ®
d2 ®
d3 ®
da SN A
ds5 PN




Position Bias

The curse of low-ranked products

« Higher ranked documents get more attention than lower-ranked ones
* Naively training on click data will not learn the product relevance

dil

d2

d3

d4

®

Pr(C'=1lq,d,p) = Pr(E=1|p) Pr(R=1]q,d)

o N\ -

" "

examination:=f, relevance:=sgq

Current approaches:
Inverse Propensity Scoring

Requires the examination probability to be known

EM algorithm

Does not yield a ranking function applicable to new (q,d)-pairs
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Jointly Estimating Relevance and Position Bias
Our ,JoE" approach

' ini ' Inferen
Offline Training Click Probability : erence
i Sort
Bias Score . Relevance Score : Ranking Score
Bias Relevance | Relevance
Model Model i | Model

Ve

Document Dense Features

LN )

Query Document Dense Features




Different Layouts in E-=Commerce

Mean also different position biases?

Mobile:List

—
.
.
.
.

[eon}
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HOME AFFARE
Kleiderschrank »California« im wunderschonen
Landhausstil

khkkbd (221)

UVP €334555
nur bis Dienstag
€ 949,99

Seferbar in 12 Wockhen

WMEX
Schwebetlrenschrank »Berna mit zusitzlicher

Innenausstattung

*kkkdr (400)

Mobile:Grid

.

SIEMENS
Bodenstaubsauger
VSP3T212, weiB-...

kkkkd (1755)

UVP €229.59
€99,99

lieferbar - am nachsten
Werktag bei dir

Produkt vergleichen

SIEMENS
Bodenstaubsauger
VSO6A111, 600 Watt, ...

*hk Rk (2470)

UVP €35495
ab €79,90

lieferbar - am nachsten
Werktag bei dir

BOSCH
Bodenstaubsauger

BGCO5A220A Cleann'n...

hhkkd (494)

UVP €37499
€79,99

lieferbar - in 3-4 Werktagen
bei dir

Produkt verglexchen

HANSEATIC
Bodenstaubsauger

VCB35815C, 700 Watt,...

hhkkkd (1.284)

€79599
€59,99

lieferbar - am nachsten
Werktag bei dir

S~
= &

SIEMENS
Bodenstaubsauger VSP3T212, weill-
schwarz, 900 Watt, mit Beutel, ink

ekt (1755)

UVP €22955
€99,99

beferbar - am nichsten Werktag bei dir

Produkt vergleichen

i o

HANSEATIC
Bodenstaubsauger VCBISB15C, 700

Watt, mit Beutel, mit umfangreichem.
whkkt (1284)

D
€59,99

Beferbar - am nachsten Werktag bei dir

Desktop:Grid

»,

BOSCH
Bodenstaubsauger BGCO5A220A
Cleann'n, 700 Watt, beutellos, Kompa

wkkkdr (404)

UVP €374:55
€79,99

Feferbar - in 3-4 Werktagen bei dir

Produkt vergleichen

SIEMENS
Bodenstaubsauger extreme
silencePower VSQS5X1230, schwarz,...

whkkdr (3522)
esturteil

UVP €25555
ab € 149,90

SIEMENS
Bodenstaubsauger VSO06A1TY, 600

Watt, mit Beutel, Hygienefilter, inkl
dkkdt (2470)

UVP €35455
ab €79,90

leferbar - am nichsten Werktag bei éir

Produkt vergleichen

HANSEATIC
Bodenstaubsauger VCBISBISCAJTW.

70, 700 Watt, mit Beutel
whkhf (2665)
Testurteil

€6555
€5499




Multi-Task Learning

Tl

What is special about product search? A

I
W

How can we account for it?




SERP

CTR \
Product Detail
Page CvR List

List to

Order
A2B-Rate /
PDP to Basket J
Basket CVRPDP

(Wishlist) PDP to /
Order

Order

e Customers have different
intents (e.g. browsing and

shopping)
 We want to serve these

iIntents and optimise
different KPlIs

 CTR, CvR, GMV

 We can track the whole
funnel

* Clicks, Add2Baskets,
Purchases

OoTro



The final Model
,Unbiased Multi-task Ranking Model”

Bias Score

Order Scores

>

L l

Click Scores

Bias
Model

Bias Features

) 4

Order Tower

Shared bottom layer

Input Layer



The final Model
,Unbiased Multi-task Ranking Model”

Choose a so as to optimize

yrinal — o . yelick 4 (1 — g)yorder your online metrics

Bias Score _ b Order Scores
Click Scores .
Click Tower Order Tower

Shared bottom layer

Bias
Model

o110




Parameter Learning

Yclick Yorder YaZl

o
o
o

v

Bias Score Relevance Scores

Click Tower Order Tower

Shared bottom layer

Context embeddings

>
)l

Feature embeddings‘ﬁg

x [SA LayerNormalization(MHSA + X)

VSHN

FC: Rmxk N Rmxdmodel

Bias Features Input Layer

AP

PLAYSTATION NINTENDO SWITCH XBOX NINTENDO SWITCH
Playstation 5 Nintendo Switch Series X Kirby und das vergessene Land



Learning contd.

- This is in particular a multi-label classification problem (each example (SERP) can
have clicks on multiple items or none at all)
- In multilabel classification, we typically use sigmoid cross entropy (CE) loss

1
1+ e Si

fs) = £== yilog(f(sp)

- BUT: sigmoid CE does not necessarily approximate ranking metrics well

- Bruch et al. (from Google research) show ,that softmax cross entropy is a
bound on Mean Reciprocal Rank (MRR) as well as NDCG when working with
binary ground-truth labels”

esi
F6) =5 £=- Z yilog(f ()
- Another problem: sum over softmax equals to one, but sum over labels unlikely to
sum to one!

- Normalize labels by their sum



Learning contd.

Sclick Sorder Activation Veiick  Yorder Loss Function

0.2
0.3

— —> 0.4

- e -

L f) = e
i e 0.02
- ~ 1 e
t = _Zyilog(f(si))
i

Yclick Yorder y?ﬂ,ﬁn ygﬁgl‘g}‘

g Vi —

fQ) =
— l Zj yj —>




Results

What did we observe offline?

Were we able to improve online?




Feature Importances
Click task

num_clicks

sms

query_occurances

pbk_match

coec

product _pd_RatingCount
token_sums

avg_freshness

product pd_DiscountPercentage

query_length -
product_pd_AverageRating -
tfidf_score -
price -
num_orders -
brand_match .
delivery time .

shipping_cost |

0.0 0.2 0.4 0.6 0.8

mean(|SHAP value|) (average impact on model output magni

num_orders
guery_occurances
product_pd_RatingCount
avg_freshness
brand_match

price
product_pd_AverageRating
sms

token_sums

tfidf_score

coec

num_clicks

delivery_time
product_pd_DiscountPercentage
pbk_match

shipping_cost
query_length

0.0
mean(|SHAP value|) (average impact on model output magni

Order task

0.3 0.4

o110



1.0-

0.8-

0.2-

0.0-

-0.5
—— Position Bias

---- EM algorithm estimate
---- JoE estimate

EM abs. error
JoE abs. error

I
©
w

bsolute Error

-02¢

-0.1

-0.0
7 9 11 13 15

position p

---- JoE estimate for Layout0 _4 g

1.0 ---- JoE estimate for Layout 1
---- EM algorithm estimate
—— Position Bias for Layout 0 1.4
0.8- Position Bias for Layout 1
-1.2
=\ T -1.0 8
o 0.6- == Ll
= 2
I -08-=2
N 2
S N e b
___________ <
0.4- 0.6
~~~~~~~~~~~ -0.4
0.2- —
-0.2
0.0- -0.0
1 3 5 7 9 11 13 15
position p
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e (TR

A0.7%

ranking CTR List --> qADS (Session) : E651A

® Orders

® Orders OTTO

A0.5%

e CTR@E10

A3.3%

ranking CTR List --> gADS pos 1-10 organic
(Session) : E651A

A0.9%

® Orders PARTNER

A1.7%

® (CTRE@3 * PDP to Order ® Conversion Rate

v0.1%

A5.6% AO.7%

ranking CTR List --> gADS pos 1-3 organic v31 % AO 3 %

(Session) : E651A CVR List (Session) : E651A

® Units © Revenue

A0.2% A0.3%

units : E651A revenue [orders less 5.000 EUR] : E651A

® Orders MIXED

A1.8%



Thanks for
your attention

Any questions?

...and by the way: we are hiring! E

(https://www.otto.de/jobs/jobsuche/search/)




