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2.2. Primitive Feature
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Primitive Feature NDCG Improvement Rate
CTR +0.29%
DWELL TIME + 0.49%
NUMBER OF HOPS + 0.45%

BOUNCE RATE +0.57%
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- PBM (Position Based Model, WSDM 2008)

- UBM (User Browsing Model, SIGIR 2009)

- DBN (Dynamic Bayesian Network Model, WWW 2009)
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An Experimental Comparison
of Click Position-Bias Models

Nick Craswell, Onno Zoeter and
Michael Taylor
Microsoft Research, Cambridge UK

{nickcr,onnoz,mitaylor} @ microsoft.com

ABSTRACT

Search engine click logs provide an invaluable source of rel-
evance information, but this information is biased. A key
source of bias is presentation order: the probability of click
is influenced by a document’s position in the results page.
This paper focuses on explaining that bias, modelling how
probability of click depends on position. We propose four
simple hypotheses about how position bias might arise. We
carry out a large data-gathering effort, where we perturb
the ranking of a major search engine, to see how clicks are
affected. We then explore which of the four hypotheses best
explains the real-world position effects, and compare these
to a simple logistic regression model. The data are not well
explained by simple position models, where some users click
indiscriminately on rank 1 or there is a simple decay of at-
tention over ranks. A ‘cascade’ model, where users view
results from top to bottom and leave as soon as they see a
worthwhile document, is our best explanation for position

Bill Ramsey
Microsoft Research, Redmond USA
brams @ microsoft.com

present, click logs are of particular interest. These record
which results-page elements were selected (clicked) for which
query. Click log information can be fed back into the engine,
to tune search parameters or even used as direct evidence to
influence ranking [5, 1].

A fundamental problem in click data is position bias. The
probability of a document being clicked depends not only
on its relevance, but on its position in the results page. In
top-10 results lists, the probability of observing a click de-
cays with rank. The bias has several possible explanations.
Eye-tracking experiments show that the user is less likely to
examine results near the bottom of the list, although click
probability decays faster than examination probability so
there are probably additional sources of bias [6].

Our approach is to consider several such hypotheses for
how position bias arises, formalising each as a simple prob-
abilistic model. We then collect click data from a major
Web search engine, while deliberately flipping positions of
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An experimental comparison of click position-bias models,
WSDM 2008
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2.4.1. PGM Click Model : PBM

PBM Notations
- U : Url

- T :Rank

- { : Query

- P(C) : Click Probability

- P(F) : Examination Probability

- P(A) : Attractiveness Probability
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2.4.1. PGM Click Model : PBM

PBM Definition

@ 32 miatolg

[PBM Definition of parameters]

XtE2ZEX: Click Models For Web Search
(https://clickmodels.weebly.com/the-book.html)
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A User Browsing Model to Predict Search Engine Click
Data from Past Observations.

Georges Dupret
Yahoo! Research Latin America
gdupret@yahoo-inc.com

ABSTRACT

Search engine click logs provide an invaluable source of rele-
vance information but this information is biased because we
ignore which documents from the result list the users have
actually seen before and after they clicked. Otherwise, we
could estimate document relevance by simple counting. In
this paper, we propose a set of assumptions on user brows-
ing behavior that allows the estimation of the probability
that a document is seen, thereby providing an unbiased es-
timate of document relevance. To train, test and compare
our model to the best alternatives described in the Litera-
ture, we gather a large set of real data and proceed to an
extensive cross-validation experiment. Our solution outper-
forms very significantly all previous models. As a side effect,
we gain insight into the browsing behavior of users and we
can compare it to the conclusions of an eye-tracking exper-
iments by Joachims et al. [12]. In particular, our findings

Benjamin Piwowarski
Yahoo! Research Latin America
bpiwowar@yahoo-inc.com

are increasingly understood to be the driving force of the In-
ternet and many initiatives are aimed at empowering them.
Arguably, this is a long term trend that started with Klein-
berg idea of Hubs and Authorities, which proposed that a
hyperlink from one document to another was a vote in favor
of the document linked to, an idea in practice exploited in
the Pagerank algorithm.

Social search, as its name implies, supposes participation
from users who tag, bookmark, and comment their search re-
sults. In addition to this information explicitly provided by
users, there is a much larger source of implicit data which is
collected by search engines. This feedback provides detailed
and valuable information about users interactions with the
system as the issued query, the presented URLSs, the selected
documents and their ranking. It is a poll of millions of users
over an enormous variety of topics. It has been used in
many ways to mine user interests and preferences. Exam-

ples of applications in de Web personalization. Web spam

DEVIEW
2021

=
A User Browsing Model to Predict Search Engine
Click Data from Past Observations, sigir 2008



m DEVIEW
2021

- UBM

2.4.2. PGM Click Mode|

UBM(User Browsing Model) O| Ef?

off's =A1 O] 0

-?el 7Id=pPeM =AM = 82, o Eot= 22



DEVIEW
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UBM 3 9]

@ & nteto|E
[UBM Definition of parameters]

XtE2ZEX: Click Models For Web Search
(https://clickmodels.weebly.com/the-book.html)
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A Dynamic Bayesian Network Click Model
for Web Search Ranking

Olivier Chapelle
Yahoo! Labs
Santa Clara, CA
chap@yahoo-inc.com

ABSTRACT

As with any application of machine learning, web search
ranking requires labeled data. The labels usually come in
the form of relevance assessments made by editors. Click
logs can also provide an important source of implicit feed-
back and can be used as a cheap proxy for editorial labels.
The main difficulty however comes from the so called posi-
tion bias — urls appearing in lower positions are less likely
to be clicked even if they are relevant. In this paper, we
propose a Dynamic Bayesian Network which aims at pro-
viding us with unbiased estimation of the relevance from
the click logs. Experiments show that the proposed click
model outperforms other existing click models in predicting
both click-through rate and relevance.

Categories and Subject Descriptors

H.3.3 [Information Search and Retrieval]; H.3.5 [Online
Infarmation Services!: T2 6 [ARTIFICTATL INTELTLI-

Ya Zhang
Yahoo! Labs
Santa Clara, CA
yazhang@yahoo-inc.com

most up-to-date documents/sites to the users. However, it
would be prohibitive to keep all the relevance labels up to
date. Click logs embed important information about user
satisfaction with a search engine and can provide a highly
valuable source of relevance information. Compare to edi-
torial labels, clicks are much cheaper to obtain and always
reflect current relevance.

Clicks have been used in multiple ways by a search en-
gine: to tune search parameters, to evaluate different rank-
ing functions [7, 13, 14, 15], or as signals to directly influence
ranking [1, 13]. However, clicks are known to be biased, by
the presentation order, the appearance (e.g. title and ab-
stract) of the documents, and the reputation of individual
sites. Many studies [8, 10] have attempted to account the
position-bias of click. Carterette and Jones [7] proposed to
model the relationship between clicks and relevance so that
clicks can be used to unbiasedly evaluate search engine when
lack of editorial relevance judgment. Other research [10, 21,
16]_attemnted to model user click _behavior _duringe search

DEVIEW
2021
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A dynamic bayesian network click model for
web search ranking, WWW 2009
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2.4.3. PGM Click Model : DBN
DBN Notations

- U : Url

- T :Rank

- { : Query

- P(C)) : Click Probability

- P(F) : Examination Probability

- P(A) : Attractiveness Probability

- P(S) : Satisfaction Probability

X2 ZEA: Click Models For Web Search
(https://clickmodels.weebly.com/the-book.html)



2.4.3. PGM Click Model : DBN

DBN Definition (1/2)
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[DBN Definition of parameters]
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X2 ZEA: Click Models For Web Search
(https://clickmodels.weebly.com/the-book.html)
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2.4.3. PGM Click Model : DBN

DBN Definition (2/2)

AMre)sMME  HHM(rs)=AS
T =t E = =2 O

AT(rS) EME  O[F(r1) M7
S o= A2 22 )

AN =

P(E,=1]8,_,=1)=0

AMra) 2ME Her-18) 2AE fel(r-18) A7t
2 0lgt =2l & 1ol ani AP A X AU [
P(E =1|E,,~ 1 =1,5,_1=0)=7

@ & ntzto|E

[DBN Definition of parameters]
Xt = Z= X : Click Models For Web Search

(https://clickmodels.weebly.com/the-book.html)
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2.6 Neural Click Model
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-PGM 2= AtFH0] S22t %= 20| 5

- O[Off Ik 2f, ArEAF 2| AHM|E E20|A ef5Al7]l= G771 DA

Neural Network 7| Ef Click Model =2&f
-RNNEZE X B E

: NCM (Neural Click Model, WWW 2016)
- BMO 2N 2 EAHSL ContextE &5

: CACM (Context Aware Click Model, WSDM 2020)
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A Neural Click Model for Web Search

i

Alexey Borisov' llya Markov?

alborisov@yandex-team.ru i.markov@uva.nl

Maarten de Ruke

Pavel SerdyukovJr

derike@uva.nl  pavser@yandex-team.ru

J’Yandex, Moscow, Russia
t University of Amsterdam, Amsterdam, The Netherlands

ABSTRACT

Understanding user browsing behavior in web search is key to im-
proving web search effectiveness. Many click models have been
proposed to explain or predict user clicks on search engine results.
They are based on the probabilistic graphical model (PGM) frame-
work, in which user behavior is represented as a sequence of ob-
servable and hidden events. The PGM framework provides a math-
ematically solid way to reason about a set of events given some in-
formation about other events. But the structure of the dependencies
between the events has to be set manually. Different click models
use different hand-crafted sets of dependencies.

We propose an alternative based on the idea of distributed repre-
sentations: to represent the user’s information need and the infor-
mation available to the user with a vector state. The components
of the vector state are learned to represent concepts that are use-
ful for modeling user behavior. And user behavior is modeled as
a sequence of vector states associated with a query session: the
vector state is initialized with a query, and then iteratively updated

l\oonr‘ nn ;nfnrmof;nn Q}'\f\llf ;ﬂfﬂf‘)f‘f;f\ﬂ(‘ ‘ll;fl’\ fI’\P C‘DOI“I“}\ Pﬂﬂ‘;l’\ﬂ re_

1. INTRODUCTION

Understanding users’ interaction behavior with a complex Infor-
mation Retrieval (IR) system is key to improving its quality. In
web search, the ability to accurately predict the behavior of a par-
ticular user with a certain information need, formulated as a query,
in response to a search engine result page allows search engines
to construct result pages that minimize the time that it takes users
to satisfy their information needs, or increase the probability that
users click on sponsors’ advertisements.

Recently, many models have been proposed to explain or predict
user behavior in web search; see [10] for an overview. These mod-
els, also called click models as the main observed user interaction
with a search system concerns clicks, are used for click prediction
and they may help in cases where we do not have real users to ex-
periment with, or prefer not to experiment with real users for fear of
hurting the user experience. Click models are also used to improve
document ranking (i.e., infer document relevance from clicks pre-

dicted by a click model) [4, 12], improve evaluation metrics (e.g.,
model-based metrics) [5._8 351 and to better nunderstand a nser bv

DEVIEW
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A Neural Click Model for Web Search, WWW 2016
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2.6.1. Neural Click Model : NCM

NCM =0 27 =l Network architecture
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2.6.1. Neural Click Model : NCM

NCM Sequence Vectors

- Query Sequence

-G M L, EAT HelS

Embedding= = 10tA| 71 2}

- Document Sequence
WAz oR YYE

1 1
EmbeddingsS = 1tA| 71 2}

- Interaction Sequence

HMZADL 2R YR O RS

Embedding= = 10tA| 71 2}

Query

qu Sequence
q > S0

Interaction
Sequence

W’isa st v

> S1 » C1
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» Sr41

Document
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2.6.1. Neural Click Model : NCM

NCM RNN/Output Layers
- RNN layer q - 80

- Sequence vector== RNN= 1[0t S5

FFN
- Feedforward Network Wi, Wi. R BB

0;,d; > S1 » C1

CRNNS| ZTIE A|E N2 £ :
H

ir,d'r-l-l g >~ R

RNN Click
Layer Labels
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2.6.1. Neural Click Model : NCM

N ESAM7El71=3] O

‘ A‘ =3t VIEW O|ojX] X[AliN OIEE NCM
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(?:I —1 - 1T O Al_l- — e/ a2 ) S4+ A7feH7t 25| YEE BB,

& https://gris.gg.go.kr/rtip/selectRtl...

- UBM+DBNC| FHHE Ol S 1t H| 3} A

0.2113

! 3essEy
ZAAMSHOI Ol X O] EX| S A EHOFLH L 72
O 1o Tl—| -7 A L- o= 2 O4d L — [ CIAT - Q2|5 BSA

0.0186

CIATOM 22[SH MZ2 2418 BLEAL.

- E'H 9 I —CI)—‘ X‘ 77 |- X ‘ gl- 77-” _6;!- ﬁ _cl>_|_ 04 P ¢¥] http://nhuf.molit.go.kr/FP/FPO7/F...

OHRICHA ZUZES| < HN1BFRUITERAA <
HoHRH | FHEA7|Z

R R, | RS _ _ 0.0001

bias©® = 0 ANZ 20IFRS 02 SAl0) SA| i 2

o — 2 =3, MFoIRtet MBS 7125t n2Ee| A

N RE=S Zslste = JASLIC




DEVIEW
2021

2.6.2. Neural Click Model : CACM
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A Context-Aware Click Model for Web Search

Jia Chen, Jiaxin Mao, Yiqun Liu*, Min Zhang, Shaoping Ma
Department of Computer Science and Technology, Institute for Artificial Intelligence
Beijing National Research Center for Information Science and Technology
Tsinghua University, Beijing 100084, China
yiqunliu@tsinghua.edu.cn

ABSTRACT

To better exploit the search logs, various click models have been
proposed to extract implicit relevance feedback from user clicks.
Most traditional click models are based on probability graphical
models (PGMs) with manually designed dependencies. Recently,
some researchers also adopt neural-based methods to improve the
accuracy of click prediction. However, most of the existing click
models only model user behavior in query level. As the previous
iterations within the session may have an impact on the current
search round, we can leverage these behavior signals to better
model user behaviors. In this paper, we propose a novel neural-
based Context-Aware Click Model (CACM) for Web search. CACM
consists of a context-aware relevance estimator and an examination
predictor. The relevance estimator utilizes session context infor-
mation, i.e., the query sequence and clickthrough data, as well as
the pre-trained embeddings learned from a session-flow graph to
estimate the context-aware relevance of each search result. The
examination predictor estimates the examination probability of
each result. We further investigate several combination functions
to integrate the context-aware relevance and examination probabil-
ity into click prediction. Experiment results on a public Web search
dataset show that CACM outperforms existing click models in both
relevance estimation and click prediction tasks.

CCS CONCEPTS

« Information systems — Users and interactive retrieval; Query

simulation may help search engines better fulfill users’ information
needs. To this end, numerous click models have been proposed for
Web search [9]. These click models act as the click simulators in
a virtual environment if no real users are available. While click
signals are vulnerable due to behavioral biases, e.g., the position
bias [24], click models also estimate the unbiased relevance scores
for query-document pairs to facilitate document ranking.

Most existing click models represent user behaviors as a se-
quence of observable or hidden states. They are normally con-
structed based on the probabilistic graphical model (PGM) frame-
work. Researchers may first analyze the search log data and then
manually design the dependencies in the PGM framework, e.g.
Position-biased Model (PBM) assumes the examination probability
of a document depends heavily on its position in the Search Engine
Result Page (SERP) [12]. These model-driven methods can reason
about user behavior through the dependencies between the events
in PGMs. However, these dependencies have to be set manually
and are likely to miss key aspects of user behavior [3, 4].

To better capture users’ behavior patterns, Borisov et al. [3]
propose a neural click model (NCM) for Web search. Instead of
the traditional PGM-based framework, they adopt the distributed
representation (DR) approach for user behavior representation. In
NCM, user interactions are represented as a vector sequence. Ex-
periment results show that it outperforms traditional click models
constructed on the PGM framework. Although NCM has utilized
the query-level interaction information, they ignore the interaction

affante hatysraan diffarant canrah itaratinne arithin a caccinn T+ alen

=

A Context-Aware Click Model for Web Search, WSDM 2020
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2.6.2. Neural Click Model : CACM

CACM(Context Aware Click Model) O| £t?
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2.6.2. Neural Click Model : CACM

_______________________________________________________________________________________________________________________________________________________________________________________________________
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2.6.2. Neural Click Model

CACM ==0| A7H5| Network archltecture

Click Context Encoder

T--Iteration ID V--Vertical type
P--Position C--Click U--URL

O previous document

O  following document

: CACM

Click
Predictor

Examination
Predictor

Document Encoder

_  current document

@ vector concatenation

embedding layer E attention layer
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CACM Encoders (1/3)

- Query Context Encoder

- MM o] BARE 2= sequence vector

- Embedding, GRU Layer,

Attention Layer = X[ 2 S}

- Query Context Vector

AH A
=Ne

Query Context Encoder

Query Segneuce

Query Embedding
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GRU Layer
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2.6.2. Neural Click Model : CACM

CACM EnCOderS (2/3) Click Context Encoder

- Click Context Encoder Position - click e
2M, WYX, 220l HEIZER B8 e
- Embedding, GRU Layer, !—HQ«I—!
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2.6.2. Neural Click Model : CACM

CACM EnCOderS (3/3) Document Encoder

- Document Encoder
- =X, ALK HE[ZEE, HE=AZE 2&

- Embedding, Linear Layer= A& £ S}
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- Document Vector 'S ‘s - R a—
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2.6.2. Neural Click Model : CACM

CACM Predictors (1/2)

- Examination Predictor

- TR, 2SR, HE[ZEE &8

Examination Predictor
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2.6.2. Neural Click Model : CACM

CACM Predictors (2/2)
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2.7 Click Model Evaluation

12fA], A= PGM / NeuralNet 22 T 718 =2 B EI =27

- LogLikelihood

- Measure the goodness of a model to a sample of the parameters. (from $/7|Z| C|O})

Sh&T RUO| MK B HO|E| MED UBEE HE £S242 52

- Perplexity

- How well a probability model predicts a sample. (from $/7|Z| C|O})
H== 0L & o[Sot=X[0ff Cfet 41




DEVIEW

2.7 Click Model Evaluation

L 5l 7 O 74
JeA, of = B Eo| EL AN}
B o
- AP B2 (Clara)=2 2 H7F 21t
NDCG Avg (@1,3,5,10) LogLikelihood Perplexity
PBM 0.7870 -0.0515 1.0566
UBM 0.7720 -0.0497 1.0562
DBN 0.8261 -0.0494 1.0556
________ (Simplified Version)
20 o 0.9581 10.0516 1.0570
CACM 0.9018 .0.0521 1.0590

(=29 70% T+31)
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2.8 Future work
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2.8 Future work

NAVER LABS EUROPE 9 A 74
- Click Model= = = | O| E{ | Distributional Shift(= X 2| H2H) | QI

- 7|& "I 2 Ol perplexity, NDCG= Distributional ShiftS S80o17|0f| £

- NAVER LABS EUROPEO| Al = %Ef EEe= &0
Distributional Shift CH=S = E 71 9 Click Model %%ﬂ()ﬂ CHSK &|©F

- NAVER A A| -+= G| O| E{ Al @l ClaraOff CHSH A~7H gt
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3.2 CLARA O|A|= £ 22| [4|0|E{All o] O|sH =+

I Ofl Al
Query NAVER
1. https://www.naver.com/ (58)
M 27| 2. https://www.navercorp.com/ (473)

3. https://namu.wiki/w/%EB%84%A4%EC (5 )
4. https://section.cafe.naver.com/ca-fe/ (43)
5. https://map.naver.com/v5/ (48)

Click 1: https://www.naver.com/
==l g4 Click 2: https://section.cafe.naver.com/ca-fe/

OlRelevance
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-Query X URL S E 92| C+F2t (Query Count, URL's Collection &)
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examples
pyclick
.DS_Store
.gitignore
LICENSE

README.md

setup.py

rrErErEErEErEE BN |

test_run.sh

README.md

issue #3

issue #3

issue #3

Initial commit

first commit from https://github.com/ghcho80/PyClick forked from h...

first commit from https://github.com/ghcho80/PyClick forked from h...
first commit from https://github.com/ghcho80/PyClick forked from h...

first commit from https://github.com/ghcho80/PyClick forked from h...

PyClick - Click Models for Web Search

3 days ago
3 days ago
3 days ago
last month

last month

last month
last month

last month

4

PyClick is an open-source Python library of click models for web search. It implements all standard click models
and most inference methods described in the following book:

Aleksandr Chuklin, Ilya Markov, Maarten de Rijke.

Click Models for Web Search.

Morgan & Claypool Publishers, 2015.
http://clickmodels.weebly.com/the-book.html

gEA
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= X{: https://github.com/markovi/PyClick
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3.6 Our Contribution on Pyclick

1. Matrix Factorization Click Model (MFCM)
- Position Based Model9{| Collaborative Filtering=

- Tail Queryoﬂ [ljot 85 SN0 =5

M
10

2. Forgetting Rate (Online EM Algorithm)



3.6 Our Contribution on Pyclick

Matrix Factorization Click Model (MFCM)
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R
Moviel | Movie2 | Movie3 | Movie4
Userl ? 5 2 ?
/ User2 1 3 ? 2
Collaborative Filtering 2|
HE| S pPBMO| B E \ Query-URLZI2| PBM Attractiveness
4 URL1 URL2 URL3 URL4
Query 1 ? 1 0.4 ?
Query 2 0.2 0.6 ? 0.4

=X : Personalized click model through collaborative filtering (Shen et al., 20:
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3.6 Our Contribution on Pyclick
Forgetting Rate for Online EM

Online EM
@: Parameter
X~Bernoulli(0)
_| 1} sessionOf|
CHSH x| &
B | AX) sessionOf|
/ g(new) _ Px] +IP(X's) =1 C®), wlk) et ol 28
* Sx | +1
Online EM with Forgetting Rate
Forggeting Rate
\ L oHg

O(new) _ Px ' +P(X($) =1] C(S),‘P(k))
- ISXI + 1

= XN: Online Expectation-Maximization for Click Models (Markov et al., 2016 )




DEVIEW
2021

3.7.1 Pyclicke &2t 2 EOo| a5
3.7.2 ©F5 | O| B Search Session
3.7.3 Parserl| A&t

3.7.3. P BMEE O A| = =2t Click Model2| Class T+
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Pyclicke &%t 2 29| st&

N 4 click_model = globals() [sys.argv[1]]1()

LR B RE Y=
=527

i ¥i search_sessions_path = sys.argv|[2]
|- search_sessions_num = int arg
Bl 46 search_sessions| 5§ YandexRelPredChallengeParser().parse(search_sessions_path, search_sessions_num)

train_test_split = int(len(search_sessions) * 0.75)
train_sessions = search_sessions[:train_test_split]

— . 5 ¢ train_queries = Utils.get_unique_queries(train_sessions)
rain, Test= | O| £

) |

test_sessions = Utils.filter_sessions(search_sessions[train_test_split:], train_queries)
test_queries = Utils.get_unique_queries(test_sessions)

click _model.train(train_sessions)

loglikelihood = LogLikelihood()

ITE 7|_ | _ perplexity=Perplexity()
o ' 11 _value = loglikelihood.evaluate(click_model, test_sessions)
perp_value = perplexity.evaluate(click_model, test_sessions) [0]

=
=2o

n
1o
1%
r]>

I




3.7 PyClick Tutorial

or 5 | O| E SearchSession

(TaskCentric) SearchSession
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SearchResult

field

query (type: str)

task (type: str)

field

click (type:int in {0,1})

id (type: str)

web_results(type: list of SearchResult)




3.7 PyClick Tutorial zoat
Parserl| 7| &

Raw Data Search Session

O Q"NAVER" 234
{"query": "NAVER",

0C3
Parser "task": "0"

0C4
‘ "web_results":[{"click": O, "id": "2"},

{”C“Ck": 1’ llidll: Il3ll}’
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K
PBM 2= = =2t Click Model2| Class T+ &

| Of 5}
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ClickModel

ParamContainer

Param

field

param_names (type: enum)

params (type: dict [str:ParamContainer])

_inference (type: inference)

method

train(SearchSession)

get_session_params(SearchSession)

get_full click_probs(SearchSession)

method

value()

update()

get_conditional _full click_probs(SearchSession

)

PBM

method

train(SearchSession)

get_session_params(SearchSession)

ParamEM

method

value()

method get
(input type: str type,
Output type: of Param )
set
get for _session_at_rank
QueryDocumentPC RankPC

ParamAtfrEM

ParamExamEM

get_full click _probs(SearchSession)

get_conditional full click _probs(SearchSession)

met
hod

value()

method

update()

value()

update()




DEVIEW
2021

STEP 1. PBM R EI 2 St&36}7|

STEP 2. PBM &2 2 | A Attractiveness Lt2t0| B & ==} 7|

STEP 3. AttractivenessOl MFCM= & 2 A|74 Query, URLO]| Ll ot Bl E{ & & O LY 7|

STEP 4. STEP 30| A1 @O Hh HIE{ = &S} A, Attractiveness Li2f0| EH = | 13517

STEP 5. A /3 =l Attractiveness Lt2t0| = pBM 22 O CrA| X} & E ot~
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4.1 User Modeling Process

LogLikelihood, Perplexity NDCG, AP

Deployment
(Scala/Spark)

Product-level . Search-Index

Implementation g Pre-Validation

Validation

Python

ﬁ
PBM, DBN, GCM, FCM, VCM, MFCM, .. Click Dataset
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Naver github repository

- H|10|H A1 : https://github.com/orgs/naver
- 4| 0| Al5{ E O A 'Pyclick' Repository = 4 4

HOIHX B2

- example/data/clara2/*
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Members
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QA/We are hiring!

ejoonsun.baek@navercorp.com
esuhyeon.baek@navercorp.com
eceunhee.cho@navercorp.com
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