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Relevance Ranking is

nankai university

Important

Web Maps Images News Videos More = Search tools * C r Ite rl a : re | eva n C e

About 1,040,000 results (0.50 seconds) o Ra n ki ng m Od el

EFRRE
www_nankaiedu.cn/ = Translate this page Nankai Ul"li'u‘l':'l'SiUv'
BEFEAE, W, HFEERENE-

4.3 %K K4 9 Google reviews - Write a review

o) 94 Weijin Rd, Nankai. Tianjin, China, 300071
+86 22 2350 4845

Nankai University - Wikipedia, the free encyclopedia

https://fen wikipedia.org/wiki’Nankai_University = Wikipedia

Nankai University (NKU; simplified Chinese: B 7%, traditional Chinese: BIfAE;
pinyin: Mankai Daxue), is a public research university lecated in Tianjin, ...

History - Present - Colleges and schools - Rankings

Study at Nankai University : INTO China
www.intohigher.com/_./universities/nankai... = INTO University Partnerships
Study in China for a Masters degree taught in English at Nankai University. Mankai is a
top ranked university in China for intemnational students and offers .

Nankai University | Top Universities

www topuniversities com/universities/nan... = QS World University Rankings
Is the Nankai University undergraduate program right for you? Read the Top
Universities profile.

Nankai University - China Universities - CUCAS

school.cucas.edu.cn/Study-In-NanKkai-University_215 html -

Heuristic: VSM, BM?25,
LMIR

Learning to rank



Beyond Relevance Ranking

Michael Jordan
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About 300,000,000 results (0.48 seconds)

Michael Jordan - Wikipedia, the free encyclopedia
https://en.wikipedia.org/?title=Michael_Jordan ~ Wikipedia

Michael Jeffrey Jordan (born February 17, 1963). also known by his initials, MJ, is an
American former professional basketball player. He is also an entrepreneur

Jeffrey Jordan - 1984 - Marcus Jordan - Air Jordan

In the news

NBA 2K16 Special Edition Features Michael
Jordan

IGN - 11 hours ago

Basketball legend Michael Jordan will grace the cover for the
third time in the video game

NBA Draft rumors 2015: Michael Jordan and Phil Jackson may be battling for Frank
Kaminsky

SB Nation - 5 hours ago

LeBron James, Stephen Curry clash most watched NBA Finals since Michael Jordan
Stuff.co.nz - 1 day ago

More news for Michael Jordan
Michael Jordan NBA Stats | Basketball-Reference.com

www.basketball-reference.com > Players» J ~
Michael .lardan - Career stats name lons  hioaraohical info awards  and achievements

Basketball player

Michael Jeffrey Jordan. also known by his initials, MJ. is an American
former professional basketball player. He is also an entrepreneur. and
principal owner and chairman of the Charlotte Homets. Wikipedia

Born: February 17, 1963 (age 52), Brooklyn, New York City, New York
United States

Height: 6’6" (1.98 m)

School: University of North Carolina at Chapel Hill

Spouse: Yvette Prieto (m. 2013). Juanita Vanoy (m. 1989-2006)

Children: Marcus Jordan, Jeffrey Michael Jordan, Jasmine Mickael
Jordan, Ysabel Jordan, Victoria Jordan

Freshness
Response time
Diversification



Why Diversification?
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Outline

* Learning for search result diversification

— Ranking model



Framework of Machine Learning
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Bring Machine Learning to Ranking
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Ranking Model for
Relevance Learning to Rank

* Independent scoring function, e.g., f(q,d) = (w, (g, d))

¢ Featu res ¢(q, d) Table 1: Relevance Features for learning on
ClueWeb09-B collection [21, 19].

Category | Feature Description | Total
Q-D TF-IDF 5
Q-D BM25 5
Q-D QL.DIR 5
Q-D MRF 10

D PageRank 1
D #Inlinks 1
D #0utlinks 1

* Ranking: scoring and sorting ascendingly

T T P

f(q,d1)
d2 f(q,d2)
d3 f(q,d3) 10
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Maximal Marginal Relevance

* A greedy approach to search result diversification

— Scoring function

MMR = Arg max

DEREP.[:]-_}L]

Relation

Relevance

— Ranking: sequential selection procedure

X2

@ 2
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——

x3

X2

x1

12



Relational Learning to Rank (R-LTR) Model

* Scoring function for selecting a document

fo (%, R) =@ x/+alh (R), VX € X \S

Selected Content- Relation-
documents based score based score

* Ranking with sequential document selection
(X, R) = (fsys fs1s- s fsn_y)



Relevance Features X;

* fo(xi, Ri) = (wy, X;) + (wg, hs(Ry)), Vx; € X\S
* Adopting features used in relevance learning to
rank
— Query-Document features
— Document features



Relational (Diversity) Features

° fS(xi) Rl) — <W‘r; Xi> T (Wd) hS(Ri)>l vxi € X\S
— R: the relation cube, R is the k" feature
describing relation of document i and document j

— R;: the matrix describing the relationship of
document i and other documents

I Y P T P
dl

dj R;jx



Definition of hs(R;)

e

* fo(xi, Ri) = (wp, x;) + (wg, hs(R;)), Vx; € X\S

— Minimal: hg(R;) = (minR;jq, ..., min R
ijS XjES

1 1
— Mean: hS(Rl) — {sz]es Rijl ) ---JEZXJ'ES Rin}

— Maximal: hg(R;) = (maxR;j;, ..., max R; g
XjES XjES

16



Diversity Features

* Feature vector [R;j1, Rij2, ) Rijk|

— Subtopic Diversity: based on PLSA k.. = Jig;}l:k z.) - pl2x/z,))?

d. -d;

— Text diversity: B, =-1- S %
Yo Fo ]

— Title diversity

— Anchor diversity

— Link-based diversity
— URL-based diversity
— ODP-based diversity



Relevance Ranking Model vs.
Relational Ranking Model

Relevance ranking model

* Asingle scoring function

* Assigning document scores
independently

* Sorting document
ascendingly

* Relevance features

Relational ranking model

N-1 scoring functions
(sharing parameters) for
ranking N documents

Document relations are
taken into consideration

Sequential document
selection

Relevance features +
diversity features (d-d)



Outline

* Learning for search result diversification

— Loss function and optimization



Relevance Learning to Rank




Conventional Learning to Rank (cont’)

* Pointwise

> D @ dy) + o)

q ded
e Pairwise

D) W@,y f(@,d)y) +0(f)

q d>qd’
e Listwise

D 1(F (g, d),y) +0(F)

(q,d)

Permutation over d



Loss Functions for Search Result Diversification

* Generative approach [Zhu et al., SIGIR ‘14]

— Modeling the generation of the result list in a
sequential way

— Using the Plackett-Luce model
— Optimize with MLE

* Discriminative approach [Xia et al., SIGIR “15]

— Maximizing margins between “positive” and “negative”
rankings

— Optimize with Perceptron (other methods can also be
used)



Generative Approach [Zhu et al., SIGIR 14

1: Initialize So « 0,y = (1, ,n4)
2: fork=1...mdo
Process of sequential document selection 3. bestDoc « argmax__y, fs,_, (2. R)
4: Sk + Si_1 UDbestDoc
‘ 5. y'“ (k) «+ the indezx of bestDoc
6: end for
7: return y' = ('Y (1), .- ,y'"Y (n))

Modeling the generation of the result list
in a sequential way

¥

Loss Function:
Negative log likelihood of generation probability

L(f(X,R),y) = —log P(y|X)

P(y|1X) = P(xy1) Xy > Xy |1X)
= P(xy ()| X)P(xy2)|1X\S1) -+ P(%(2) I X\Sp—1)

23



Loss Function of R-LTR

®Plackett-Luce Model

M :
. sl
P(r|v) = H 0
i1 Un(i) f Un(i+1) Eirepscasi Tt Ur(M)
®Detailed definition
exp{f,(X,y)} expifs,, (X, Ryt
P(Xy(l) | X) = n : v P(Xy(j) | X \Sj—l) ~n J '
2 exp{f, (X,)} 2 exp{fs (X4 Ryg)}
k=1 k=]
®maximize the sum of the likelihood function
e I
T (1) T (i)
N exp{o, X, + & hs}‘)l (Ry(i))}

—Z Z logs -

n; : i
i=1 j=1 Zexp{a):— XE/I()k) + a);— hsél—)]_ (Rf,l()k))}
k=) g




Optimization

e Stochastic gradient ascent

i ﬂi Z Ehp{w {Eﬂ:}kj +w§ﬂh5‘£ 'I{R{Ef]k;l]}
Awy’ =
(1)
1=1 Zh jezxp{u.,! {}.,}_'_"""I hlg'i'-':] {R;fk]:l}
(i) Ty (2) T ,
Xy(5) exp{wy y{;r] T hq“' {Ry{;r})}

exp{ 'Tx” 4+ w Th m«. (R

y(j) y{JJ)}

n; T 'fj (i)
R ) n; Zk:j _‘L” ( y{h}}E}ap{w yfk']—l_wd th'l(Ry(kJ)}
W, =
j=1 ZE‘ exp{w/ {}u"‘”ghgiﬂ {R{yif}k]j}
olwlx® T
q“' {Ry{ ) ) exp{w;x y(j) T hQ“'l{Ry{JJ)}

Exp{-“gx{;{{u T Th*‘” {R{yﬁm}}

25



R-LTR Algorithm

Algorithm 2 Optimization Algorithm

Input: training data {(X® R® yO)N
parameter: learning rate 7, tolerance rate e

Output: model vector: wy,, wa

1: Initialize parameter value w,, wqg

2: repeat

3:  Shuffle the training data

4: fori=1,....N do

3% Compute gradient Aw,™ and Awg™

6: Update model: w, = w, — n x Aw, ",
Wy = wqg — N X Awg™

7:  end for

8:  Calculate likelihood loss on the training set

9: until the change of likelihood loss is below €

26



Can R-LTR be Further Improved?

* R-LTR only utilizes “positive” rankings
— Discriminative learning is effective in many machine
learning tasks

* Not all “negative rankings” are equally negative
— Can be measured with evaluation measures

* There exists a number of diversity evaluation
measures such as a-NDCG, ERR-IA etc.

Directly optimizing performance measures



Discriminative Approach [Xia et al., SIGIR "15]

N ¢ (W) predicted ranking
L (v g y---p
> (3" - ) J: ground truth

.'n'ir
Z (1 —E(X™ v, J{”]]) E: evaluation measure

‘Upper bounded

Y*+(: positive rankings
Y~ negative rankings
F: ranking model

¥y = arg max F(X™ R™ y)
yeY(n)
‘ Upper bounded if E € [0,1] F(X,R,y) =Pr(y|X, R)

=Pr(x,1) - xyan)| X, R)

N
> max (B(X™ytIW)-B(X ™y I™))
n=1 .V_E:Irj-l_l'n }

[Pt X ™ R < Py~ x™, R™)

.'h\r
Z HF{X{R}-. R{?I}1y+) _ F[:X{ﬂ}.. R{‘HJ‘}?—] < :ﬂﬁlpr(xy[r”x__ "
n=ly+.y— =t
M—1 : :
E X{nJ-V+IJ(nJ _E X{n}- _,—‘Jf_nj ]] . _ EXP{fS'r__l(x%Ry{r)}} _
( o ] ( o ] r=1 Ziirexp{fgr—l(xi‘-ﬁy(k))}

28



Optimization with Perceptron (PAMM)

Algorithm 2 The PAMM Algorithm

Input: training data {(X™ R J") 1N learning rate

71, diversity evaluation measure E, number of positive
rankings per query 77, number of negative rankings per
query 7 .

Output: model parameters (wy,, waq)

1:
2:

3

10:

11:

12:
13:
14:
15:
16:
17:

e

forn=1to N do
PR™ «c—PositiveRanlcings(X"{”},J[”),E,TJF]I {Algo-
rithm 3}
NR™ +NegativeRankings(X ™, J") E 77) {Algo-
rithm 4}
end for
initialize {w,,wa} + random values in [0, 1]
repeat
forn=1to N do
for all {y",y } € PR™ x NR™ do
AF « F(X™ R™ y") —p(X™ R™ y7)
{F(X,R,y) is defined in Equation (8)}
if AF < E(X™ y*, JM) - B(X™ y=, )
then . “ PPN
calculate Vw!™ and Vw!" {Equation (10) Margin between “positive

and Equation (11)} and “negative” rankings
(wr,wd) + (wr,wda) +7 X (V’wgﬂjjff'wéﬂ})
end if
end for
end for
until convergence 29
return (wy, wg)




Advantages of PAMM

* Online ranking
— Meets the MMR criteria

e Offline learning

— Can directly optimizing any diversity evaluation
measures

— Discriminative approach: ability to use both
positive rankings and negative rankings

— Maximizing the margins between positive rankings
and negative rankings



Outline

e Learning for search result diversification

— Experimental results



Datasets

« TREC datasets: WT2009, WT2010, and WT2011

Qu e ry ¥ <topic number="1" tc}fpe:”faceted”.}

Lquervrobama family tree<d/query>
¥ {descriptions
Find information on President Barack Obama’ 5 family history, including genealosy, national origins,
fdescriptions
¥<{subtopic rmmber="1" type="nav">
Find the TIME magazine photo essay “Barack Obams’ s Family Tree”.
<feubtopics
¥ {subtopic number="2" type="inf">
Where did Barack Obama' s parents and grandparents come from?
<foubtopics
¥ <{subtopic mumber="3" type="inf">
Find biographical information on Barack Obama’ s mother.

</subtopicy
{x’tupic)‘ ) )
* Label
Document 1

Document 2 1

Document 3 0 0 0
32



Evaluation Measures

* a-NDCG
*  NG(r)/log(r+1)

a-NDCGQk = Z; 1
> NG*(r)/ log(r +1)
NG(r) =S J(y(r),s)(1 —a)CsC—b
Ca(r=1) = 2 if (k). )
ERR-IA

ERR-IAGL = ) Pr(s|q)ERRQk(s),

where ERR@F(s) is the expected reciprocal rank score at k
in terms of subtopic s.

33



Experimental Results

Table 5: Performance comparison of all methods in
official TREC diversity measures for WT2009.

Method |  ERR-IA@20 a-NDCG@20
QL 0.164 0.269
ListMLE 0.191(+16.46%)  0.307(+14.13%)
MMR 0.202(+23.17%)  0.308(+14.50%)
xQuAD 0.232(+41.46%)  0.344(+27.88%)
PM-2 0.229(439.63%)  0.337(+25.28%)
SVM-DIV 0.241(+46.95%)  0.353(+31.23%)
StructSVM(a-NDCG) | 0.260(+58.54%)  0.377(4+40.15%)
StructSVM(ERR-IA) 0.261(+59.15% .37: .
R-LTR 0.271(+65.24%)  0.396(+47.21%)
PAMM{(a-NDCG) 0.284(+73.17%)  0.427(+58.74%)
PAMM(ERR-IA) 0.294(+79.26%)  0.422(+56.88%)

Table 7: Performance comparison of all methods in
official TREC diversity measures for WT2011.

StructSVM(a-NDCG)

0.512(445.45%
0.513(4-45.74%

0.617(+36.20%)

Method [ ERR-TIA@20 a-NDCG@20
QL 0.352 0.453

ListMLE 0.417(+18.47%)  0.517(+14.13%)
MMR 0.428(+21.59%)  0.530(+17.00%)
xQuAD 0.475(+34.94%)  0.565(+24.72%)
PM-2 0.487(+38.35%)  0.579(+27.81%)
SVM-DIV 0.490(+39.20%)  0.591(+30.46%)

)

)

)

StructSVM(ERR-1A)
R-LTR

0.539(+53.13%

0.613(+35.32%
0.630(+39.07%) )

PAMM(a-NDCG)
PAMM(ERR-IA)

0.541(+53.70%)

0.548(+55.68%)

0.643(+41.94%)
0.637(+40.62%)

Table 6: Performance comparison of all methods in
official TREC diversity measures for WT2010.

Method [ ERR-IA@20 a-NDCG@20
QL 0.198 0.302
ListMLE 0.244(+23.23%)  0.376(+24.50%)
MMR 0.274(+38.38%)  0.404(+33.77%)
xQuAD 0.328(+65.66%)  0.445(+47.35%)
PM-2 0.330(+66.67%)  0.448(+48.34%)
SVM-DIV 0.333(1+68.18%)  0.459(+51.99%)

StructSVM(a-NDCG)
StructSVM(ERR-IA)

0.352(+77.78%)
0.355(4+79.29%)

0.476(+57.62%)
0.472(4+56.29%)

{

R-LTR
PAMM(a-NDCG)
PAMM(ERR-IA)

0.365(+84.34%)
0.380(+91.92%)
0.387(+495.45%)

0.492(+62.91%)
0.524(+73.51%)
0.511(+69.21%)

]

 R-LTR outperforms other
baselines

 PAMM performs better than
R-LTR

e PAMM can directly optimize
the evaluation measure
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Effect of MMR

ranking positions

1 2 3 4 5 a-NDCG@5
StructSVM 2,4 1,4 2 1,3 4 0.788
s, i
= Jso |1 2,4 | 2 4 1,3 1,4 | 0.744
E L———ﬂ
= ] |
S| s 2,4 |y 1,3 1| 2 4 1,4 | 0.803
=
— L———a
o ===
7 | fs, 2,4 1,3 | | 1,4 : 4 2 0.812
o .
: pr—
a | f= || 24 1,3 14 [} 2 1| a |0815
il L———ﬂ

Figure 1: Example rankings from WT2009. Each
shaded block represents a document and the num-
ber(s) in the block represent the subtopic(s) covered
by the document.



- DO G20

Figure 2:

Ability to Improve Evaluation
Measures

0.43

0.42 -

0.41 -

04

0.39 -

fold1 fold2 folda fold4 folds

|Ea PAMM(a-NDCGQ) B0 PAMM(ERR-1A)

Performance in terms

of a-NDCG@20

when model is trained with a-NDCG@20 or ERR-

TA@20.

0.3

028 |

ERR-TAG20

0.26 |-

0.24 -

|B B PAMM (-NDCGQ) BB PAMM(ERR-IA)

Figure 3: Performance in terms of ERR-IA@20
when model is trained with o-NDCG@20 or ERR-
TA@20.
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Effects of Positive and Negative
Rankings

04d 7m—+—+—+—+—+—+——+—+——+ 4 0.44 i i i i i i
+12 TA
-
B e R W -
,a,_ -~ g . L 410 T -.-'“'--.L___ ________.
.‘——_.r/( __._--"' e
_ D4z _ D42 ¢ 16
a + 6 : E 44 :
T 04t 2 “ 0af E
+4
—a— PAMM(a-NDCG) —— PAMM(a-NDCG) [+ 2
e R-LTR +2 e R-LTR
0.38 1 training time 0.38 + training time
: : f f ; ; : : ; 0 f f f ; ; f 0
1 2 3 4 5 6 T 8 9 10 ] 10 15 20 25 30
parameter 7 parameter 7

Figure 4: Ranking accuracies and training time Figure 5: Ranking accuracies and training time w.r.t
w.r.t. 7. T
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Convergence of PAMM

0.4

0.3} p’. -

[]E’.I'J.-IZZII'II].é'I.I.I.IZ!E‘!

0.2 1‘ l =
.-' —— o-NDCG G20
u —a— ERR-TA@Q20
| | | [ [ [
0 10 20 30 40 gl 60

mumber of rounds

Figure 7: Learning curve of PAMM(a-NDICG).
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* Summary



Summary

 New learning to rank models for search result
diversification

— Model: following the MMR criteria
— Generative learning [Zhu et al., SIGIR "14]

* Modeling generation process with Luce model
e Optimizing with MLE

— Discriminative learning [Xia et al., SIGIR "15]
 Directly optimizing evaluation measures
 Utilizing both positive rankings and negative rankings
* Optimizing with structured Perceptron



Future Directions

Learning to rank is not hot in recent years
— However, a lot of issues not addressed

New applications: beyond independent relevance
— Diversification

— Whole page relevance

— Topic distillation

Addressing issues in existing (famous) algorithms

— E.g., lID assumption in pairwise ranking algorithms such as
Ranking SVM does not hold in real world data [Zhang et al.,
CIKM ’15]

New modeling and optimization tools
— Deep neural networks?
— ADMM for large scale learning?
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