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Search Engines - 2015 Stats

Leader Share Runner-Up Share Internet Penetration
. |
G O O g e Argentina Google 92% Yahoo 3% 75.0%
Australia Google 94% Bing 4% 89.6%
Brazil Google 95% Others 6% 54.2%
Canada Google 87% Yahoo 6% 92.5%
China Baidu 55% Qihoo 360 28% 49.5%
France Google 92% Yahoo 4% 83.3%
Germany Google 94% Bing 2% 88.6%
Hong Kong Google 73% Yahoo 24% 80.5%
India Google 96% Others 4% 28.3%
Indonesia Google 96% Others 4% 28.5%
Italy Google 95% Yahoo 2% 58.5%
Japan Google 57% Yahoo Japan 40% 90.6%
Malaysia Google 93% Yahoo 4% 67.5%
Mexico Google 94% Bing 3% 49.2%
The Netherlands Google 94% Bing 2% 95.7%
The Philippines Google 89% Yahoo 7% 43.0%
Poland Google 97% Others 3% 66.9%
Russia Yandex 58% Google 34% 61.4%
Saudi Arabia Google 94% Yahoo 2% 65.9%
Singapore Google 92% Yahoo 6% 82.0%
South Africa Google 93% Bing 4% 49.0%
South Korea Naver 77% Daum 20% 92.3%
Spain Google 95% Yahoo 2% 74.8%
Sweden Google 94% Bing 3% 94.8%
Thailand Google 98% Others 2% 34.9%
Turkey Google 96% Yandex 2% 56.7%
United Arab Emirates Google 94% Yahoo 2% 93.2%
United Kingdom / UK Google 90% Bing 5% 89.8%
United States Google 72% Bing 21% 87.9%
Vietnam Google 92% Bing 4% 48.3%
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- https://www wired.com/2011/02/bing-copies-google/

“ MIGEDR Google Catches Bing Copying; Microsoft

- COPYING: MICROSOFT
SAYS SO WHATY
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* Baidu
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* Yandex : Google O| & Z (29E2t23%2} > 8%=At)

<< Sep. 15 October 2015 Nov. 15 >>

report: from search engines by days | by weeks | by months
lues: t the

vees . October 2015 September 2015 atThe average

average daily / summarized for 3 months
Yandex 85,747,996 57.5% 88,350,993 57.4%  B7,944 514 57.3%
Google 58,042,645 349% 536790680 349% 53637708 35.0%

<< Sep. 17 October 2017 Nov. 17 >>

by days | by weeks | by months

report: from search engines
at the average

values:
October 2017 September 2017
average daily / summarized crober piemoer for 3 months
Yandex 59,732,021 52.0% 55,293,894 51.5% 55,305,245 51.6%

Google 50,258,202 43.8% 47,429,267 44.2% 47,134,364 44.0%
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« Seznam : | D] AAMH|A SlErA,
- 2011EHZEEE I A 7:322 22 24|

Google vs Seznam Google vs Seznam v r. 2016

MartinDomes.cz
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* Learning-to-Rank

"SIC}?

| S

- https://en.wikipedia.org/wiki/Learning_to_rank

u User query

Documents l

:

Results

Indexer Top-k retrieval

Index

Ranking
model

i

Learning
algorithm

Training
data
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x1 X2
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1 1

number of title matched words in user query
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[ . .
I number of title matched words in user query

: number of words in user query
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I number of title matched words in user query
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I number of words in title
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Schmidt: Listing Google’s 200 Ranking Factors
Would Reveal Business Secrets
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-0 SemrusH

BACKLINKC

Ranking Factors 2.0

+5 backlink-related factors

Google’s 200 Ranking Factors:
The Complete LiSt Download Updated Study

SISTRIX q SISTRIX TOOLBOX BLO

Ask SISTRIX Ranking Factors Wel

Home » Ranking Factors

Google Ranking Factors 2017
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- O] 4l ezl 5 4, 3,2, 1
- DCG = 5+4/log 2(3)+ 3/log_2(4)+ 2/log_2(5)+ 1/log _2(6)=10.27

- nDCG =10.27/10.27 =1

-_

- DA ARtHO = oreiZ0[ 5,4, 3,1, 2 fH -
- DCG =5+4/log 2(3)+ 3/log_2(4 )+ 1/Iog_2( )+ 2/log 2(6)=10.23
- nDCG =10.23/10.27 = 0.996

- Dt BRIHCS =2 ot &lZ0| 4,5, 3,2, 1 tH
- DCG =4+5/log 2(3)+ 3/log_2(4)+ 1/log_2(5)+ 2/log_2(6)=8.27
- nDCG =8.27/10.27 = 0.805
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* YahooO!{| Al &35t Learning-to-rank challenge (201 1&)

:

Validation Test
ERR NDCG ERR NDCG
BM25F-SD | 0.42598 0.73231 | 0.42853 0.73214
RankSVM | 0.43109 0.75156 | 0.43680 0.75924
GBDT 0.45625 0.78608 | 0.46201 0.79013

http://proceedings.mir.press/v14/chapellella/chapellella.pdf
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Learning-to-rank challenge (201 1)

Validation Test
ERR NDCG ERR NDCG
BM25F-SD | 0.42598 0.73231 | 0.42853 0.73214
RankSVM | 0.43109 0.75156 | 0.43680 0.75924
GBDT 0.45625 0.78608 | 0.46201 0.79013

http://proceedings.mir.press/v14/chapellella/chapellella.pdf
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- 1952, Taube S0 2fofl M A|¢Ha. 21 WA | =, B2 2A=2 7

flue] CE Batsie Aloz Bals9s.
- 0 QA= 0i BRI 0L0|CI0|2 QIAE|AOLL, A
TZ2 OISO

Brutus — (1| 2| 4| 11 31 |45 | 173 | 174

Caesar — | 1 2 4 5 6 | 16 57 | 132

Calpurnia | — | 2 | 31 | 54 | 101

N o NS
N

Dictionary Postings

https://nlp .stanford.edu/IR-book/pdf/01bool.pdf
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Document Expansion

« 2Ot ZAE LE, BEHEES ML 2 510 22 E 178
« J2jEO| EBE L ESHIHZ AHE
« word2vec2te| analogy:

INPUT PROJECTION  OUTPUT

w(t2) word2vec 0| Q| THO{~FHEH)]
> node2vecO|Me| Lt E~FHLE

w(t-1)

x 222 0jQ YHLYY LSO R,

w(t)

w(t+1) incremental ¢t embedding 2I2t7t &
w(t+2)

node2vec: Scalable Feature Learning for Networks. A. Grover, J. Leskovec. ACM SIGKDD
International Conference on Knowledge Discoveryand Data Mining (KDD), 2016.
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Ranking : Old Approaches

* Vector Space Model (19754)

QOSSIp
11 9(dy)

v(d3)
> jealous

http://nlp.stanford.edu/IR-book/pdf/06vect.pdf



Ranking : Old Approaches

* Probabilistic Ranking Model (19943 a.k.a BM25)

P(TF; = tf,|rel,q)

iy P(TF; = tf  [vel, q)

0]l T3t and/or KO




Ranking : Old Approaches

* Language Model based IR (1998)

P(d|q) o P(d) ] J((1—A)P(t[Mc) + AP(t|My))

teq
v'Simple smoothing

tft,d + ap([ ’MC)

p(_l]d): [ ta

v'LDA (2006)

P(w|D) = /1(NN" P'(w|D)+ (- NNd

d+lu d
£ % +B,  nYta

+(1-HO .~ N
’12(11()+ﬂ) Z(n(d)+0()

http://maroo.cs.umass. edu/pdf/IR 464 . pdf
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Learning-to-Rank Overview
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Learning-to-Rank Overview
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Ranking SVM

* Problem Definition
* |nput space: X
* Ranking function f: X >R
* Ranking: x, =x;, < f(x;w)> f(x;;w)
* Linear ranking function: f(x;w)=(w,x)
(W, =x,) >0 = f(giw)> [ (x,:w)
* Transforming to pairwise classification:

+1 X, =X,
J

(x, —xj,z), z :{

_—1 X, - X,



Ranking SVM

* Solution
| . /
min — || W ||‘ +CZ é‘i Slack variable 2| = ¢
w.e 1 > “E0l dEr & D3

ORI G _ SRR
z,.<wx ,.>Zl Soi=1--1

X X
o ©
o
© o
%o

mmZ[l zZ, w xV x.(2)>] +A | w’ ° °

| Xl Xl
lowe largec

Ooo
OO

X

X XX X
X X X X
X XX X

X X

_+_
C= overfitting= | O{St=
hyperparameter

] = 0 s A =
[s], =max(0,s) e
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Ranking SVM

* Problems

- Error O

- Query8d labeled @A 4=0f| e} bias/t 44 4= QUCH



Ranking SVM : ¢t/

* Problems
- Error Ol 11 S &7t Q= BtE S 2ottt
(Ao ELM S BIESH WO 5 21 2| &
z| A 32221111111
[m1=F 32212111111
1= 23221111111

- Queryg labeled &AM£=0f It} bias7t 44 ==
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Ranking SVM : S|

* Problems
- Error Ol 11 S &7t Q= BtE S 2ottt
(Ao ELM S BT WO E 21 2| X561 2| = 28
2

=
24 322

D 32212111111

DE? 23221111111

- QueryZ labeled A0 2t bias/t ‘H & o+ ULt

Q1:3221111
> 2+ 4+ 8= 14719 st&5E pairwise data A4Ad

Q2:3322211111
> 6+ 10+ 15 =31 72| &2 pairwise data A4



Ranking SVM : §H/|

* Problems
- Error Ol 11 S &7t Q= BtE S 2ottt
(HAo| E4M S Yt WA T E A 2| dotst | = 2ah)
2

=
z2| A 322

24l 32212111111

2E? 23221111111

- QueryE labeled = A14=0]| et bias/t A& 4= QUCE

Q1:3221111
> 2+ 4+ 8= 14719 st&5E pairwise data A4Ad

Q2:3322211111
> 6+ 10 + 15 =31 712| &8 pairwise data A4
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Ranking and Regression : GBRT

* Regression Tree « Regression Tree Ensemble

Does the person like computer games tree1 tree2

Use Computer

age <15

+0.9

* Model: assuming we have K trees

A K
Ui = 2p=1 fr(xi), freF SVM, NN, LRZO|
e Objective ot 0| & AL 02

Numerical vector/matrix?|gt

. < s K classifier7} OtL|2tA] -
Obj Zzzl l(yza yZ) + Zk=1 Q(fk?) StAHFEH Z"i‘”jl‘ E_ Od__I_LE]%I

/’ \ T =Hod

Training loss Complexity of the Trees
https://homes.cs.washington.edu/~tgchen/pdf/BoostedTree.pdf




Ranking and Regression : GBRT

« GBRT (Gradient Boosted Regression Tree)

0 = fi) =919 + hi@)
97 = = (@) + fales) = 9 + fo(;)

i = () = 557V + fi(@s) <——— New function
7

Model at training round t Keep functions added in previous round

0bj" =S Wy i)+ X0
fzy’zl l (yi? g),gt_l) - }‘t(xz)) + Q([@.—l— constant
‘-~-»-____________ - _—_____,_----*"'\

Goal: find /t to minimize this

= 217;1 (’!Jz (?th_. ) + ft(Tz)))z + Q(f¢) + const
)

?:1 2__@@“ Y l/)ft i) + fi(x;) ] + Q(f:) + const
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Ranking and Regression : GBRT

« GBRT (Gradient Boosted Regression Tree)

(1) N 7
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Model at traini

Obj(t) —
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Thankful open sources!

Getting started: an Example Problem

You will find an example problem at

http://download.joachims.org/svm light/examples/example3.tar.gz

It consists of 3 rankings (i.e. queries) with 4 examples each. It also contains a file
with 4 test examples. Unpack the archive with

gunzip —¢ example3.tar.gz | tar xvf -

This will create a subdirectory example3. To run the example, execute the commands:

= P . " M-

SvVin_ran|
svi-ren - >>> import numpy as np
The output| >>> from sklearn.metrics import mean_squared_error
so, you will| >>> from sklearn.datasets import make_friedmanl
do not havd >>> from sklearn.ensemble import GradientBoostingRegressor
equivalent ¢
>>> X, y = make_friedmanl(n_samples=1200, random_state=0, noise=1.0)
sm-1e3 555> X_train, X_test = X[:200], X[200:]
Note the dil >>> y_train, y_test = y[:200], y[200:]
>>> est = GradientBoostingRegressor(n_estimators=100, learning_rate=0.1,
ltcanalso ff ., max_depth=1, random_state=0, loss='ls').fit(X_train, y_train)

equivalentq¢ 555 mean_squared_error(y_test, est.predict(X_test))
are misords 5.00...

to the traini

-t

svm_rank_classify example3/train.dat example3/model example3/predictions.train




Thankful open sources!

Getting started: an Example Problem

You will find an example problem at

http://download.joachims.org/svm light/examples/example3.tar.gz

It consists of 3 rankings (i.e. queries) with 4 examples each. It also contains a file
with 4 test examples. Unpack the archive with

gt A= HolE= S22,

MACLAOMH 22| HO|E{2E EHEHM 2 21,

07{C Ao 2 Cf S THET,

22olH AL Mot YoM 2L ME THS7| = o1,

Note the di

It can also |
equivalent ¢
are misords

to the traini

>>> y_train, y_test = y[:200], y[200:]

>>> est = GradientBoostingRegressor(n_estimators=100, learning_rate=0.1,
max_depth=1, random_state=0, loss='ls').fit(X_train, y_train)

>>> mean_squared_error(y_test, est.predict(X_test))

5.00...

svm_rank_classify example3/train.dat example3/model example3/predictions.train

-t
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Take Home Message

We are hiring!

http://recruit.navercorp.com







