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Ranking : Old Approaches

* \Vector Space Model
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http://nlp.stanford.edu/IR-book/pdf/06vect. pdf



Ranking : Old Approaches

* ProbabilisticRanking Model
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Ranking : Old Approaches

* Language Model based IR
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Ranking : AA||At=t
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Ranking : Learning-to-Rank Overview
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Ranking : Learning-to-Rank Overview
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d,.1 f(qm+1’dm+1,l)
dm+l,2 f(qm+1adm+1,2)

m+ln f(qm+1’ m+l,n,,. )

http://research.microsoft.com/en-us/people/hangli/acml-tutorial.pdf



Ranking : Learning-to-Rank Overview

* Training Data
- Query : Document(URL) : Feature-Value-List : Grade

* Feature List
- Matching Feature
v Sum of tfxidf , Match term Ratio, etc
- Document-specific Feature
v Visit Count, Quality, Create Time, etc

- Query-specific Feature
v Length of query, HasPersonName, etc

* Grade
- Perfect / Excellent/ Good / Fair / Bad



Ranking : Learning-to-Rank Overview

* Evaluation Measure : nDCG

4 documents: d,, d,, d;, d,

Ground Truth Ranking Function, Ranking Function,

Document Document Document
Order fi Order fi Order

d4 d3 d3

d4 d2

NDCGg,=1.00 NDCG,,=0.9203

MaxDCG = DCG,, = 4.6309

http://web.stanford.edu/class/cs276/handouts/lecture8-evaluation_2014-one-per-page.pdf



Ranking SVM

* Problem Definition
* |nput space: X
Ranking function f/: X —>R
Ranking: x; =x, < f(x;;w)> f(x;;w)

Linear ranking function: £(x;w) = (W, x)

<W’a X; — xj> >0 < f 1(—’\’;' W) > f 1(—\’_,- W)

Transforming to pairwise classification:
[+l X, =X,

(X, —x;,2), 2= 1

—1 x. >x.
. ] )



Ranking SVM

* Solution
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Ranking SVM

* Problems

Ranks: 3,2, 1

ranking1: 2321111

ranking 2: 3212111

ranking 2 should be better than ranking 1
Ranking SVM views them as the same

- Queryd labeled A0 T2t bias/t MZ 4 ULt

gl:3221111
g2:3322211111
number of pairs for gl : 2*(2-2) + 4*(3-1) + 8*(2-1) = 14

number of pairs for g2: 6*(3-2) + 10*(3-1) + 15*(2-1) = 31
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Ranking and Regression : GBRT

« Regression Tree « Regression Tree Ensemble

Does the person like computer games

* Model: assuming we have K trees

5 K
Ui = D ey Ju(Ti), [ €F

® Objective

Obj =" Uys i) + oK Q(fe)
- N

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




Ranking and Regression : GBRT

« GBRT (Gradient Boosted Regression Tree)

=0
A(l) = fi(zi) = QE()) _|_f1(1 )

’!)7@ = 2-2:1 Jr(xi) = l(f % + fi(x;) <———— New function
A AN

Model at training round t Keep functions added in previous round

Ob](t) - Zz Ll(JllJr— )*_*_ gz }
:Z" [ (yt l/l(f_ ) 4 fi(z )) —|— SZ(}‘ ) + constant

- —_— I \
Goal: find /{- to minimize this

- 2
Y (A ff(fr,))) +Q(f,) + const
Q% [Q(sz D Uz\) fe(zs) + fi(as) ] + Q(ft) + const




Ranking and Regression : GBRT

« GBRT (Gradient Boosted Regression Tree)

v function

‘ Gol: find f to minimize this
(/ (’71(’t___1) + fi(@. ))) + Q(f:) + const
[2<z/f’ U~y filwd) + Fi(wi)?] + QF) + const




Sequence Labeling : YEIAQ| A2 20}

* \Word Segmentation
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Sequence Labeling : 44| A2 A
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Sequence Labeling : HMM / MEMM / CRF

HMM

NNP ——>{ VBZ ——>{ VBN ——>{ T0 ——>{ VB ——>{ \R

|

Secretariat IS expected to race tOMOorrow

MEMM

NNP }——>{ VBZ }——>{ VBN ——{ TO ——>{ VB ——3{ NR

F |

Secretariat 1S expected race tomorrow

CRF

—— — -

NNP j——— VBZ j——— VBN

Secretariat




Sequence Labeling : HMM / MEMM / CRF
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Sequence Labeling : LSTM

* M=& JAHLSTM

Table 2: Comparison of tagging performance on POS, chunking and NER tasks for various models.

POS

CoNLL2000

CoNLL2003

Random

Conv-CRF (Collobert et al., 2011)
LSTM

BI-LSTM

CRF

LSTM-CRF

BI-LSTM-CRF

96.37
97.10
97.30
97.30
97.45
97.43

90.33
92.88
93.64
93.69
93.80
94.13

81.47
79.82
81.11
83.02
84.10
84.26

Senna

Conv-CRF (Collobert et al., 2011)
LSTM

BI-LSTM

CRF

LSTM-CRF

BI-LSTM-CRF

97.29
97.29
97.40
97.45
97.54
97.55

94.32
92.99
93.92
03.83
94.27
94.46

88.67 (89
83.74
85.17
86.13
88.36

88.83 (90.10)

Table 3: Tagging performance on POS, chunking and NER tasks with only word features.

POS

CoNLL2000

CoNLL2003

Senna

LSTM
BI-LSTM

CRF
LSTM-CRF
BI-LSTM-CRF

90.11 (-2.88)
93.80 (-0.12)
85.34 (-8.49)
93.13 (-1.14)
94.40 (-0.06)

75.31 (-8.43)
83.52 (-1.65)
77.41 (-8.72)
81.45 (-6.91)
84.74 (-4.09)

http://arxiv.org/pdf/1508.01991v1.pdf




Sequence Labeling : LSTM

« Motivation : RNN2| & H2| o|22AH &4
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Sequence Labeling : LSTM

* RNN vs LSTM

http://colah.github.io/posts/2015-08-Understanding-LSTMs/



Sequence Labeling : LSTM

e Cell state 2| =&

http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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Sequence Labeling : LSTM

Forgot gate & | AAA| & 2| FH|

http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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Sequence Labeling : LSTM

-_

* Input gate & S¢of O|HYUAO| BIH YL FH]

it =0 (Wi-lh—1,2¢] + b;)

C~'t = tanh(W¢-[he—1,2¢] + be

http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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Sequence Labeling : LSTM

t
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http://colah.github.io/posts/2015-08-Understanding-LSTMs/
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Sequence Labeling : LSTM

. 2|22 AFERR} output gate 9| 2
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Text/Query Mining

* Query Suggestion & Reformulation
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Text/Query Mining

* Product Categorization
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* Place Analysis

Text/Query Mining

S1:
S2:
S3:
S4:
S5:
S6:
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Vision-Text Integration
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Vision-Text Integration
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Vision-Text Integration
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Recommendation
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Recommendation

» Collaborative Filtering + Diversity

Low-Rank Matrix Factorization:

f(l)
= 0

User Factors (V)
() S4039B4 SIAO|L|

Movies

[terate:

fli] = arg min

wER .
jE€NDrs(z

https://databricks-training.s3.amazonaws.com/movie-recommendation-with-mllib.html

DIVERSIFY(k): Given query g, a set of documents R,,
a probability distribution of categories for the query
P (c|q), the quality values of the documents V(d|g,c),
Vd € D and an integer k. Find a set of documents S C R,

with |S| = k that maximizes

P(Slg) =) _P(clg) (1 - [ a-Vvdq, c)))‘ —(8) — Novelty factor

des
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