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Motivating Example

Query : James Registration

Spotioh:
Show All

Documents == Final - Aggregate Table.xlsx
) aggregate_table_test.tsv
8 09.mq.topics.20001-60000
CHANGELOG — actionpack-
baingboing.html

@

Changelog — rubygems-up.
Memento (2000)- imacRuell.srt
docs_ichk_all.txt.result
Program-SICOL 2010(2010F

1 L

PDF Documents | [¥] rfc2445.pdf
p435.pdf

¥ programme_1.pdf
JAS003217.paf
18mfm-abbk.pdf
¥ program-ACAL.pdf
programv1.pdf
Program_Web.pdf
¥ campusmap.pdf

E]
E]

i

E]
E]

Messages Re: Two Dollar Dinner Regist...
Re: Two Dollar Dinner Regist...
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Motivating Example

Can’t we do better than this?
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Drag categories to change the order in which results appear.

Search Results | Privacy -

Only selected categories will appear in Spotlight search results.

™ #\ Applications

& System Preferences
™ % Documents

™ [ Folders

™ | Contacts

™ £ Events & To Do Items
™ E@ Images

[ PDF Documents
™ & Mail Messages

™ € Webpages

™ A Music

™ B Movies

™ A Fonts

M 2 Presentations
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Desktop Search

Significance
@ Most common search system for personal information

Characteristics

@ People mostly do ‘re-finding’ [Elaweiler07]
e Known-item search

@ Many document types
o Meta-search [Thomas09]

@ Unique metadata for each type

e Semi-structured document retrieval (TREC Email Track)

This characterization holds true in the age of cloud computing!
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Introduction

Past Works on Desktop Search

Focuses
@ User interface issues [Dumais03,06]

@ Desktop-specific features [Solus06] [Cohen08]
Limitations

@ Each based on different user study

@ None of them performed a comparative evaluation
Pseudo-desktop Method [Kim09]

@ TREC-style evaluation for desktop search

Trading external validity for experimental control & repeatability
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Contributions

Document Type Prediction Method
@ Show the impact of type prediction method to the final ranking
o New type prediction method that exploits document metadata
@ Combination of evidence improves the performance further
Evaluation

@ Game interface to collect a large amount of human queries
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Outline

© Retrieval Model
@ Type-specific Retrieval Models
@ Type-prediction Methods
@ Summary
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Retrieval Model for Desktop Search

Type-specific Ranking

@ Use the most suitable ranking algorithm
Type Prediction

@ Predict which document type the user is looking for
Merge into Final Result

@ Rank list merging

Email -Rank List
mai -Type Score

~—

—

f——-v] . Final
-Rank List .
Webpage ; D -Type Score $ Rank List

-

—

S —
) - -Rank List
Office File $ D -Type Score

~—
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Type-specific Retrieval Models

Retrieval Models:

@ DQL : Document Query Likelihood

@ PRM-S : Probabilistic Retrieval Model for Semistructured Data [Kim09]
@ PRM-D : Interpolation of DQL and PRM-S
e More stable performance than PRM-S
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Type-specific Retrieval Models

Retrieval Models:

@ DQL : Document Query Likelihood

@ PRM-S : Probabilistic Retrieval Model for Semistructured Data [Kim09]
@ PRM-D : Interpolation of DQL and PRM-S
e More stable performance than PRM-S

Notations:
@ Query Q@ =1(q1,--,9m)
e Collection C with fields (F1, ..., Fp)
e Each document d with fields (fi, ..., ;)
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Probabilistic Retrieval Model for Semistructured Data [kimog

Basic ldea:
@ Estimate the implicit mapping of each query word to document fields
o e.g. james (— sender) registration (— title) 2010 (— date)
o Combine field-level evidences based on mapping probability Pu(Fj|q;)

P(Qld) = HZPM Filai)Pac(ailf;) (1)

i=1 j=1
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Probabilistic Retrieval Model for Semistructured Data [kimog

Basic ldea:
@ Estimate the implicit mapping of each query word to document fields
o e.g. james (— sender) registration (— title) 2010 (— date)
o Combine field-level evidences based on mapping probability Pu(Fj|q;)

P(Qld) = HZPM Filai)Pac(ailf;) (1)

i=1 j=1

@ Compare with mixture model using fixed field weights w;

P(Qld) =D wiParlailf;) (2)

i=1j=1
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Probabilistic Retrieval Model for Semistructured Data [kimog

Basic ldea:

@ Estimate the implicit mapping of each query word to document fields

o e.g. james (— sender) registration (— title) 2010 (— date)

o Combine field-level evidences based on mapping probability Pu(Fj|q;)

P(Qld) =

m

HZPM Filai)Pau(qilf)

i=1 j=1

@ Compare with mixture model using fixed field weights w;

P(Qld) = HZWJPQL 4ilf;)
i=1 j=1
Performance for TREC email collection: [Kim09]
Collection || DQL | MFLM | BM25F | PRM-S | PRM-D
TREC 0538 | 0.559 0594 | 0.617 0.624
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Improving Type Prediction Method

Query-likelihood of Collection [si02]
@ Match each query-term to the collection LM
@ Best performance in recent evaluation [Thomas09]

CRL(Q, C) =[] P(qlC)

geR
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Improving Type Prediction Method

Query-likelihood of Collection [si02]
@ Match each query-term to the collection LM
@ Best performance in recent evaluation [Thomas09]
CRL(Q, C) =[] P(qlC) (3)
qeQ

Field-based collection query likelihood (FQL)
@ Match each query-term to field-level collection LM
o e.g. james (— sender) registration (— title) 2010 (— date)

@ Combine field-level scores into a collection score

FRL(Q, C) = || averec(P(alF)) (4)

qgeqQ
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More Type-prediction Methods

Name

Source

Remark

QL of Collection (CQL)

QL of Field (FQL)

LM of collection

LM of collection fields

Terms similar to each collection
will be used in a query

Similar to CQL, yet use field-
level evidences

Dictionary-matching
QL of Query Log (QQL)

List of matching words

LM of query logs

e.g. meeting — email

Terms similar to previous queries
will be used

Geometric Average

ReDDE

TopK Document Scores

TopK Document Scores

Top documents can
the collection

represent

Model the expected count of the
relevant documents

Query Clarity

LM of collection

Model the expected performance
of query for each collection
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Retrieval Model Type-prediction Methods

Combining Type Prediction Methods

Grid-search of Parameter Values (Grid)

o lteratively find the best-performing parameter setting
Multi-class Classifier (MultiSVM)

@ Cast as an one-versus-rest classification
Rank-learning Method (RankSVM)

@ Cast as a collection ranking problem

@ The collection containing relevant documents is preferred to others
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SR
Retrieval Model for Desktop Search (summary)
Type-specific Ranking
o DQL / PRM-S / PRM-D

@ Best : use the best-performing method for each type
Type Prediction

e Features : CQL / FQL / Dict / QQL / Clarity / GAVG / ReDDE
e Combination : Grid / MultiSVM / RankSVM
@ Oracle : always knows correct type
Merge into Final Result [Callangs]
@ CORI algorithm

S —
il -Rank List
-Type Score
S—
-Rank List
Webpage -Type Score
S—
- - -Rank List
Office File $ D -Type Score
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Outline

© Test Collection Generation Methods
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Pseudo-desktop Method [kimog]

Procedure

@ Collect documents of reasonable size and variety
e Emails from the mailing list
e Office documents by web search API

o Generate queries by taking terms from the target document
(adapted from [Azzopardi07])

Query Target Collection
jose 03 kahan email
presentation 19 | ppt

org address html

@ Manual queries were collected and used to validate generated queries
e By showing documents and asking for hypothetical queries
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DocTrack — Using HCG to collect known-item queries

Basic Idea
1 The users is shown a target document for 15 seconds
2 The user is asked to find the document
3 Score is given using the position of target document found

DocTrack Game

Home Sun ScoreBosrd Logout (ogeed in as babo)

Here's the 2nd document ( skip to search )
Type: fle Pages Found : /10

sss.edu/~yungchih/publication06_CHANTS_HEC.pdf (query) Querles [ssued : /3
Coret Sore 00
oy es/-yungehivpublcaions CHANTS.HEC.pdf
00:00
[enamelswwe s umes. ChANTS RECH] =

tent: p -
(click here 1o se¢ the content i i invisible) T oo
» o @ e uysal: 67 )
1 > El8 uysal: 53 (2010-01-08)
jangwon : 52 (2010-01-07)
uysal 45 (2010-01-07)
youngah : 39 (2010-01-06)

uysal: 36 (2010-01-08)
jangwon : 36 (2010.01-07)
Sh:35(2010-01-05)
uysal:33 (2010-01-07)
youngah : 32 (2010-01-06)

‘Frequent Players

uysal: 6 times (ave: 52)

youngah : 3 times (ave: 34)

1. INTRODUCTION Sh: 2 times (avg: 30)
Jangwon : 2 times (ave: 44)

(CIIR, UMass Amherst)
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DocTrack Game (cont.)

Modifying of PageHunt game for Desktop Search [Ma09]
o Collect documents participants are familiar with
e CS Collection : department emails, calendar items and documents
@ Users are shown multiple target documents
e Simulate the vague memory of known-item searcher

Query Target Collection
reminder jeffrey johns email

2010 candidate weekend | calendar item
yanlei xml dissemination | office document
cs646 homework html html
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Outline

@ Experiments
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Experimental Setting

Collections
@ Three Pseudo-desktop Collections

e Automatically generated queries
e 100 queries / average length 2 (sd : 1)

@ CS Collection

o Human-formulated queries from Doctrack game (984)
o 984 queries / average length 3.97 (sd : 1.85)

Other details

@ Reciprocal Rank was used to evaluate retrieval results
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Collection Statistics

Pseudo-desktop Collections

Type | Jack | Tom | Kate
email | 6067 (555) | 6930 (558) | 1660  (935)

(
html | 953 (3554) | 950 (3098) | 957 (3995)
pdf | 1025 (8024) | 1008 (8699) | 1004  (10278)
doc 938 (6394) | 984 (7374) | 940 (7828)
ppt 905 (1808) | 911 (1801) | 729 (1859)
CS Collection

Type ‘ #Docs  Length

email 851 (731)

news article 170 (352)

calendar item 354 (306)

webpage 4727 (539)

office document 1887 (357)
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Result - Type Prediction Accuracy

Pseudo-desktop Collections

\ Jack Tom  Kate
CQL | 0.606 0.637 0.38
FQL | 0.773 0.807 0.64

CS Collection
Method || CQL  FQL | Grid RankSVM  MultiSVM
Accuracy || 0.708 0.743 | 0.747 0.758 0.808

e FQL improves performance over CQL

@ Combination methods improve the performance further
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Result - Type Prediction Accuracy

Method ‘ CQL FQL Dict QQL Clarity GAVG ReDDE
Single-feature Accuracy 0.708 0.743 0.201 0.579 0.240 0.255 0.207

Leave-one-out Accuracy | -0.6% -1.7% -0.6% -3.1% -0.6% -0.0% -0.0%

@ FQL has the best performance among features

@ QQL has the most impact when left out

@ Features based on document scores were not effective in general
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Result - Retrieval Performance

Pseudo-desktop Collections

Jack
CQL FQL | Oracle
DQL 0.159 0.27 0.331
PRM-S 0.212 0.326 0.403
PRM-D 0.219 0.335 0.403
Best 0.225 0.336 0.414

(CIIR, UMass Amherst)
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Result - Retrieval Performance

Pseudo-desktop Collections

Jack

CQL FQL | Oracle

DQL 0.159 0.27 0.331

PRM-S 0.212 0.326 0.403

PRM-D 0.219 0.335 0.403

Best 0.225 0.336 0.414

CS Collection

CQL FQL Grid  RankSVM  MultiSVM | Oracle
DQL 0.507 0.53 | 0.552 0.563 0.556 0.674
PRM-S 0.501 0.518 | 0.518 0.551 0.547 0.674
PRM-D 0.518 0.536 | 0.536 0.567 0.564 0.694
Best 0.548 0.564 | 0.590 0.596 0.594 0.72
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Outline

© Conclusions
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Conclusions & Future Works

Conclusions
o Field-based collection query likelihood (FQL) shows superior accuracy
@ Combination can improve type prediction performance further

@ Game-based method can be used to evaluate retrieval models
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Conclusions & Future Works

Conclusions
o Field-based collection query likelihood (FQL) shows superior accuracy
@ Combination can improve type prediction performance further
@ Game-based method can be used to evaluate retrieval models
Future Works
@ Type-specific Ranking
e Exploit unique features for each collection
@ Type Prediction Model
o More features

@ DocTrack game
e Study session-level data
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Thank you for your attention!

Any questions?
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© Appendix
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Other Type-prediction Methods

Query-likelihood of Query Log
QQL(Q, C) = ] P(alLe)

qeqQ

Geometric Mean of Top Document Scores [Seo08]

1

GAVG(Q,C)=( [] P(Qld))=

d€Drop

ReDDE [sio3]
ReDDE(Q,C) = > P(Q|d)

d€Drop

Query Clarity [Cronen-Townsend02]

Clarity(Q, C) = Z P(w|Lg)logs
weV

P(w|C)

(CIIR, UMass Amherst)
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CORI Algorithm for Rank-list Merging

C,/ - (CI - Cmin)/(cmax - Cmin)
D/ — (D - Dmin)/(Dmax - Dmin)

_D'+04-D'-C
a 1.4

D/I

(CIIR, UMass Amherst)

31 /31



	Introduction
	Retrieval Model
	Type-specific Retrieval Models
	Type-prediction Methods
	Summary

	Test Collection Generation Methods
	Experiments
	Conclusions
	Appendix

