HRNCEE R & RSt
lucene HZEMHEEHIH

xR
AER R RHLIAE B HARA PR 2 H
2014-12-11




€ lucene search

1. TFIDF Similarity
2. problem of search multi—-filed
3. improvement in search

4. z—mert optimization
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« Lucene Conceptual Scoring Formula

LW W L %
Wl Y
/(q) - V(d)

score(gq.d) = - - + doc-len-norm(d) - doc-boost(d)

« Description for Formula
1. Query-boost for the query (actually for each query term) is known when search starts.

2. Query Euclidean norm |V(q)| , There are two good reasons to keep this normalization.

2.1 Recall that Cosine Similarity can be used find how similar two documents are.

2.2 Applying query normalization on the scores helps to keep the scores around the unit vector, hence preventing
loss of score data because of floating point precision limitations.
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« Lucene Practical Scoring Formula

score(q.d) = + queryNorm(q) - Z (’[f{tin d) - i::i1"|:t:}2 ' ' m:”l*[t.dj:)
ting
» Description for Formula
1. tf(t in d) tf(t in d) = frequency®
2. Idf(t) numDocs
idf(t) = 1+log( — )
docFreg+1

3. coord(q,d)
coord(q,d) is a score factor based on how many of the query terms are found in the specified document.

4. t.getBoost()
t.getBoost() is a search time boost of term t in the query q .like “jakarta®4 apache”,4 is the term boost

5. norm(t,d) :encapsulates a few (indexing time) boost and length factors
norm(t,d) = lengthNorm - |_| f. boost()

field fin d named as ¢




Lucene f&23--TFIDF Similarity

Lucene Practical Scoring Formula

score(q.d) = - queryNorm(q) - Z (tf(tind) - idf(t)? - - norm(t,d) )
tin q
Description for Formula
6. queryNorm

queryNorm(q) = queryNorm(sumOfSquaredWeights) =

sumOfSquaredWeights™

sumQfSquaredfeights = q. getBoost() 2 - Z (idf{'t) - t_gethost()) 2

ting
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« Multi-field search
1. query search(booleanQuery)
Q= g1 or g2 or g3. which g1 is searching field1,g2 is searching field2...
gl=terml or term2 or term3.
* Problem in multi-field search
1. queryNorm calculated
ql(sumOfSquaredWeights) = q1.getBoost()* X ¥, i, g1 ({df(t) = t. getBoost)?
Q(sumOfSquaredWeights) = ¥, i o q(sumOfSquaredWeights)

1
JQ(sumofSquaredWeights)

queryNorm(Q) =

queryNorm(ql) = queryNorm(Q) X ql. getBoost

so the queryNorm for every single query is not independent . When some field contain
unusual word that doesn’t match key word. It is influence the result.
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Multi-field search

1. query search(booleanQuery)
Q= g1 or g2 or g3. which g1 is searching field1,g2 is searching field2...
gl=terml or term2 or term3.

Problem in multi-field search
1. queryNorm calculated
2. coord calculated

coord(gl,field)= max_contain_word/query_word.
max_contain_word : how many of the query terms are found in the specified document
query_word : how many of query terms
coord(Q) = max_contain_query/query_number
max_contain_query : how many of the query that score is not zero.
guery_number : how many of the query

so it influence the result if it have some field that is not important.
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MERT
1. maximum score
score(ey, f) = Ym=1AmPm(ex f).
where f-foreign sentence , canditate set for f be {e,, e,,.. ex}. feature vector ¢ (e, f)={p1(e, f) ...y (e, )}
2. parameter estimation using Och’s Method
2.1 fix the dt" dimension

— (A £\ 1 \O 1 A (A £\
score(eg, f) = 2aPqa
=1 Och’s method applied to a set of two
2.2 Vary /1d g foreign sentences. Candidates correspond
E to lines, and envelopes of top-most lines

correspond to argmax in Eq. 4. The set of
[{-best candidates| and the error metric
(TER) change only at four critical i,
values. Numbers (v) in square brackets
are the overall sufficient statistics (SS) for

-
-

score(e, f2)

i

1
S
i a2
15

[14,25]18,251

b 0.56
|0.32.

TER, and are the sum of SS for individual
1-best candidates ({). This sum is only
done once to obtain [14,25], and then
simply adjusted appropriately to reflect
change(s) in 1-best candidates.

el:[6,10] €f:[3,15] | TER suff. stats for
1el:[1,10] €:[8,15] | candidates. The SS

) 2. 1915 for e{mean 6 edits
.5 [3’1'_3] M [ r ] are needed to match

al. T4 1ﬂ—‘I"‘|rp-2- 11" | a8 4Nuwwmrd rafoarcm o
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MERT
2. parameter estimation using Och’s Method

2.1 fix the dt" dimension

score(ey, f) = AgPalek, ) + Xmza Am®Pm(ex, ).

2.2 vary A,

&-: Och’s method applied to a set of two
o < foreign sentences. Candidates correspond
E : to lines, and envelopes of top-most lines
» ld‘ correspond to argmax in Eq. 4. The set of
) " |i-best candidates| and the error metric
. Z (TER) change only at four critical &,
- e? values. Numbers () in square brackets
g & e —— |are the overall sufficient statistics (SS) for
3 A, TER, and are the sum of SS for individual
| 1 > |1-best candidates (4). This sum is only
el] [er el el e done once to obtain [14,25], and then
[Ez] LZ} l ell Lz} lezl simply adjusted appropriately to reflect
: ! L3 change(s) in 1-best candidates.

[14, 25115 25] [13,251iw____[6,25] [12 25] e!:[6,10] €:[3,151) TER suff. stats for
g s : - e __-val. 11010 e2: candidates. The SS

EE 0.36 . . D & \'@ '—E—i:—[—l —'!q]—’l j [z’i:] for e mean 6 edits
PE E la, ' _f{_[?: _IP] _{'_E_’___]_ are needed to match
i > el: [4,10] ej: [2,15]5 a 10-word reference.

Figure 1. Och’s method applied to a set of two foreign sentences.
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Input: Initial weight vector A® = {A°[1], ..., A°[M]}; numInter, the number of initial points

MERT
2. parameter estimation using Och’s Method

per iteration; and N, the size of the candidate list generated each iteration.

Return: Final weight vector A* = {A*[1], ..., A*[M]}
1. Initialize A e A°
2. Initialize currError «— +oo
3. Intialize the cumulative candidate set for each sentence to the empty set.

4. loop
Using A, produce an N-best candidate list for each sentence, and merge it with the
cumulative candidate set for that sentence.

. if no candidate set grew then Return A // MERT convergence; we are done.
7.
A Initialize Aq — A
a. for (j = 2 to numInter), initialize A; + random weight vector
10,
11. Initialize jpaes +— O
12. for (j =1 to numInter) do
13, Initialize currError; — error(A;) based on cumulative candidate sets
14 repeat
15. Initialize My — O
16. for (m=1to M) do
17. Set (A,err) = value returned by efficient investigation of the m*" dimen-
sion and the error at that value (i.e. using Och’s method)
18. if (err < currError;) then
19. Mpest +— M
20. Apest — A
21. currError; « err
22 end if
23 end for
24, if {mbe-st ?é ﬂ} then
25. Change Aj[Mhest] to Apest
26. end if
27. until [Mpest == 0)
28. if (currBError; < currError) then
29, currError «— currError;
30. best =1
3L A=Ay
32 end if
33 end for
34 if (ipast == 0) then Return A // Could not improve any further; we are done.
35. end loop

1V
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MERT
3. lucene optimization with MERT
g
1. 3T query &35 lucene #F R4 nbest (B 5), A: q1,92,03,04.95- «
2. nbest rescore:+
[B¥F 8 nbest.
2.1 score(q,,query) =w, X f;(q,,query,STD) +w,, f,(q,,query,STD + ANS) + w, X f,(q,, query,STD + EXT)-
L TOPL.

o Query
L'
lucene
'
nbest MERT
WV W
STD STD+ANS STD+EXT

v

Answer
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