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ill-formed queries

WordsStie imenstgmmed: Blsdinedj e oo dsrrection
data mine - data mining\ /sytem number—-> system number

Wiste keplistimgrged words;
nypark-> ny park

Wistelkdrlyg syt words:
on line game - online game

iINnamant

Acronym tb(perfs'mlanded/ \ Phrase feipgengudation

nfs—-> need for speed the office show - “the office” show




Query Refinement:

— Spelling error correction:

* [1] Exploring distributional similarity based query spelling correction (Li et al. ACL '06)

» [2] Spelling correction as an iterative process that exploits the collective knowledge of
web users (Cucerzan et al. EMNLP ‘04)

» [3] Learning a spelling error model from search query logs (Ahmad et al. EMNLP ‘05)
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Separate Tasks
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> A unified framework
Discriminative Model

Our Goal

Query segmentation:

=4

* [6] Query segmentation for web search (Risvik et al. WWW ‘03)
* [7] Learning noun phrase query segmentation (Bergsma et al. EMNLP ‘07)

Work

Task

Approach

spelling correction

[1]{2](3]
[1](3]
(3]

[6]

[7]

spelling correction
word stemming
phrase segmentation

phrase segmentation

generative
discriminative
generative
generative

discriminative
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Why unified framework?

2
€ Various query refinement tasks Cascaded Mode|

\/ Incorporate different tasks easily
€ Mutual dependencies between tasks % Ignore the dependencies between the tasks

\/ Address tasks simultaneously to boost accuracy $& Accumulate errors through the processes

A case of Query Refinement

Original: Papers on machin learn
Spelling error word
correction stemming
Refined: Papers on machine learning’
Phrase

segmentation



> Nnnt’
\NsUIlIL

Why discriminative model?

€ By nature a structured prediction problem

‘/ Enjoy all the merits of discriminative learning

X Adirect application of existing models would not work

Conditional Random Fields for Query Refinement (CRF-QR)

A Case of Query Refinement

Original: Papers on machin learn
Spelling error word
correction stemming
Refined: Papers on machine learning’
Phrase

segmentation
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A case of Query Refinement

Original: Papers on machin learn
Spelling error word
correction stemming

Refined: Papers on <machine learning’
\ Phrase /

segmentation

Structured Prediction problem
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CRF-QR Basic Model
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Introducing Refinement Operations
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Task Operation Description
Deletion Delete a letter in the word
Spelling Error Insertion Insert a letter into the word
Correction Substitution Replace a letter in the word with another letter
Transposition  Switch two letters in the word
Word Splitting Splitting Split one word into two words
Word Merging Merging Merge two words into one word
Begin Mark a word as beginning of phrase
Phrase Middle Mark a word as middle of phrase
Segmentation End Mark a word as end of phrase
Out Mark a word as out of phrase
+s/-s Add or Remove suffix "-s'
Word Stemming +ed/-ed Add or Remove suffix -ed'
+ing/-ing Add or Remove suffix "-ing'
Acronym Expansion  Expansion Expand acronym
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y* = arg maxy Pl(y‘ﬁﬂ)
0, Oi11

O 0O),
/ Yir1

y 0" = arg maxy, Pr(y, o|x)

Conditional Function

T

| | |
Pr(y,ofz) = 77 [T ¢(vi-r. v)b(ys, 01, 20)

i=1
Potential Function
HYyi-1,yi) = EXP(ZMH{%—LMU
- Xi-1 Xi Xis1
'?I‘-'I:y’ho?i!m) - E‘XP[ZAF{Flk('yi?Oi?m}j
E

Basic CRF-QR model
Pr(y,olz) = Z{lm} exp(Y () Aafulmio1,m) + D Aehwlys, 01, 2)))
k ke
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Learning becomes efficient!

) I

Deletion

machin learn
1. o constrains the mapping from x's to y's (Reduce Space)
2. 0 indexes the mapping from x's to y's (Common Property)
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e Learning:

— Labeled data (X, y, 0)
— Maximize the regularized log-likelihood function
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N
A =argmax ¢ Y " log(Pr(y™, 0" ]2')) — C||A|l2
argmf:«{ og| }lI‘IIy ol |zt ) | ||~}

— Quasi-Newton Method
— Global optimal is guaranteed

e Prediction:
— Viterbi algorithm

y o = argmax Pr(y,o|x)
v,



Feature Type 1:

J(yi—1.y:i) = log Pr(yi|yi—1)

\/ V4 \/

A1 A Ni+1

Feature Type 2:
I, certain condition satisfied. given o;
h(yi,0;, @) = '

0, otherwise
Lexicon-based feature Word-based feature Query-based feature

Position-based feature Corpus-based feature



multiple refinement tasks needed
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e Data Set

— Random select 10,000 queries
— Average length: 2.8 words
— Four human annotators
— Four refinement types:
» Spelling error correction
* Word merging
» Word splitting
* Phrase segmentation
— Training 7000 Testing 3000

Refinement Task Num. of Refined Queries

Spelling Correction 733
Word Splitting 221
Word Merging 323

Phrase Segmentation 5,876




Racaline MaoathnAd
LICAODCUIITINL [IVIUUII\UWU

» Cascaded approach
— Build one sub-model for each task
— Same structure and feature set for each sub-model
— Sequentially connect the sub-models in different orders

» Generative approach
Spemng':“@,.g,rr%gg};ﬁg,mel model\/t;ardsgﬁ[[m@ error correqygrla,,\yg%riggsplitting and
WOTT Terging

word seih@iel model: ssiingeEeauabireamation probahilidissliting
» /Source model: Language probabilities

~WearMesdingformation for Yaradergegmentaticgifg[BYpr Correction

Phrase Segmentation Phrase Segmentation Phrase Segmentation
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Comparisons between CRF-QR and Baselines on Query
Refinement at Query level (%)

Pre. Rec. F1 Ace.
CRF-QR 54.48 | 40.75 | 46.63 | 56.27
Cascadedl | 53.38 | 39.71 | 45.54 | 55.57
Cascaded2 | 53.38 | 39.71 | 45.54 | B5.57
Cascaded3 | 53.38 | 39.71 | 45.54 | B5.57T
Cascadedd4 | 53.45 | 39.76 | 45.60 | 55.60
Cascadedb | 53.45 | 39.76 | 45.60 | 55.60
Cascaded6 | 53.45 | 39.76 | 45.60 | 55.60
Generative | 3046 | 32.95 | 31.66 | 39.10

Relative Improvement: F1 Score 2.26% Accuracy 1.21%
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Comparisons between CRF-QR and Baselines on Query Refinement Tasks (%)

Spelling Correction Word Splitting Word Merging Phrase Segmentation

Pre. Rec. F1 Pre. Rec. F1 Pre. Rec. F1 Pre. Rec. F1
[ CRF-OR T7.16 | 71.84 | 74.40 | 76.47 | 76.47 | 76.47 | 883.80 | 82.35 | 85.50 | 69.21 | 50.78 | 58.58
Cascadedl | 73.91 | 68.39 | 71.04 | 74.19 | 67.65 | 70.77 | 86.67 | 76.47 | 81.25 | 69.00 | 50.13 | 58.07
Cascaded2 | 73.91 | 68.39 | 71.04 | 74.19 | 67.65 | 70.77 | 86.67 | 76.47 | 81.25 | 69.00 | 50.13 | 58.07
Cascaded3 | 74.68 | 67.43 | 70.87 | 70.59 | 70.59 | 70.59 | 86.67 | 76.47 | 81.25 | 69.01 | 50.16 | 58.09
Cascaded4 | 75.16 | 67.43 | 71.09 | 70.59 | 70.59 | 70.59 | 86.89 | 77.94 | 82.17 | 69.01 | 50.16 | 58.09
Cascadedb | 74.38 | 68.39 | 71.26 | 74.19 | 67.65 | 70.77 | 86.89 | 77.94 | 82.17 | 69.00 | 50.13 | 58.07
Cascaded6 | 75.16 | 67.43 | 71.09 | 70.59 | 70.59 | 70.59 | 86.89 | 77.94 | 82.17 | 69.01 | 50.16 | 58.09
Generative | 30.86 | 92.57 | 46.29 | 39.06 | 59.52 | 47.17 | 34.44 | 84.93 | 49.01 | 57.36 | 53.47 | 55.35

CRF-QR performs best!
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« Why CRF-QR can outperform the Baseline methods?

— Cascaded approach suffers from the neglect of mutual
dependencies between tasks
* E.g. nypark hitel - ny “park hotel”
— Cascaded approach accumulate errors
 E.g. bankin las vegas - banking “las vegas” (bank in “las vegas”)
— Generative approach produces more incorrect results
» E.g. pick up stix - pick up six door to door - “door to” door



Errnr |\l
L1 1 Ul CAl

J
-]

* (1) Errors were mainly made by one of the refinement tasks
— E.g. parnell roberts - pernell roberts
— Adding new features
— Increasing data size for language model training

* (2) Competition between refinement tasks
— E.g. skate board dudes - “skate board” dudes (skateboard dudes)
— Adding new features
— Increasing training data size
 (3) Some queries were difficult to refine even for humans
— E.g. ohio buckeye card - “ohio buckeye” card (ohio “buckeye card”)
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Measure: NDCG

Results on Relevance Search with Entire Query Set (NDCG@3)

Before After
Human 0.265 | 0.304 (+14.7%)
CRF-QR 0.265 | 0.288 (+8.77%)

Results on Relevance Search with Refined Queries (NDCG@3)

Refined | Before After
Human 2023 0.254 | 0.312 (+22.8%)
CRF-QR 1546 0.258 | 0.304 (+17.7%)
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Results on Relevance Search by Query Refinement Tasks (NDCG@3)
Refined | Before | After |
Spelling Human 208 0.093 | 0.339
Correction Unified 163 0.078 | 0.322
).
).

Word Human 61 0.190 | 0.333

).
).
Splitting Unified 51 0.180 | 0.294
Word Human 120 0.198 | 0.305
).
).
).

Merging Unified 111 0.207 | 0.278
Phrase Human 1881 0.281
Segmentation | Unified 1351 0.276

308
288

(
(
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* Query Refinement
— Automatically reformulate ill-formed queries
— Better represent users’ search needs
e CRF-QR model
— Unified
— Discriminative
» Experimental results
— Query Refinement
— Relevance Search
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