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search Logs Provide Rich Context for
Jnderstanding Users’ Search Tasks
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O 85% information
maintenance tasks :

5/29/2012 52% information ga

5/29/2012 14:06:04 coney island Cincinnati tasks will span mult
queries [Agichtein et al. S|

5/30/2012
5/30/2012 12:12:04 exit #72 and 275 lodgin

5/31/2012
5/31/2012 19:40:38 motel 6 locations
5/31/2012 19:45:04 | Cincinnati hotels near coney island | <™= a good chance

to customize

Task: an atomic information need that may the results!
result in one or¥ore queries [Jones et al. CIkKM'08]
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uery-based Analysis: An Isolated View
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Search log mining approaches:

° Query categories [.Iansen etal. IPM 2000]

* Temporal query dynamics [Kulkarniet al.
e N Survey: [Silvestri 2010]
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‘ask-based Analysis: A Comprehensive View

Task: read financial news T
OO0 OO0 OO OO
Task: inquire health insurance
OO0 OO0 OO OOOOOO
==
Task: find NBA game schedule
OO0 OO0 OO O
@ Task: download pop music
OO0 OO0 OO OO0 O
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‘ask-based Analysis: A Comprehensive View
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in-task personalization
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‘ask-based Analysis: A Comprehensive View
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Cross-user: collaborative ranking
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‘ask-based Analysis: A Comprehensive View

task satisfaction prediction
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esearch Questions

How to effectively extract search tasks from search logs?
. How to represent and organize search tasks?
. How to model users’ in-task search behaviors?

. How to optimize search services based on the identified search
tasks?

. How to interactively assist users to perform search tasks?
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\ Task-based Framework

Long-term task extraction
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* In-task personalization
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\ Task-based Framework

Long-term task extraction

_____________

_____________

___________
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How to extract tasks? WWW13]

New perspective: best-link as task structure

. . q1 :“Coney iSland Cincinnati” q2 — “gag”
ructure is lost . |
e C q3 ="sas ShOGS”\Q4 =“exit #72 and 275 lodging”

5 — @¢ = ‘coupon for 6pm”

| . :
Latent! Existing solutions:

Binary classificatio
[Jones et al. CIKM’
Ti={q1,q9} T2 = {92, 43,45, 96 } Lucchese et al. WS
n Query features (9) K'otov et al. SIGIR”
= argmax w P(Q,y,h) URL features (14) Liao et al. WWW'’]

(y,h)€EYXH Session features (3)
/23/14 Task Modeling for IR

red learning solution:
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-xperimental Results

Query Log Dataset
* Bing search log: May 27, 2012 — May 31, 2012
* Human annotation
e 3 editors (inter-agreement: 0.68, 0.73, 0.77)

# User # Session # Query
7628 37547 114723
Query/User | Session/User | Query/Session
15. 13172 4.943.5 3.141.2
. .2%10.1 ) 6.61+8.2
Session / Task™ Task duration (mins)*
2.8+2.6 491.1£933.5

-l 1 L L LIy
WVTOSCS T T

Tas gfor s
xcount only 1n mLfltl—query tasks

—
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xample of Identified Search Tasks

User
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www.dailyastorian.info@5/28/2012 1:8:34 PM

N

" “plantar fasciitis symptoms@5/29/2012 2:35:53 PM ™

| www.dailyastorian.com@5/30/2012 11:45:15 AM
scott somers reedsport@5/30/2012 1:6:57 PM
L__scott somers reedsport@5/30/2012 1:8:0 PM
www.dailyastorian.com@5/31/2012 11:8:1 AM

\

—

| _plantar fasciitis pictures@5/29/2012 2:36:22 PM!
| toe paine5/29/2012 2:39:31 PM :
| toe pain©5/29/2012 2:40:55 PM !
| toe pain symptoms@5/29/2012 2:43:21 PM
| foot pain@5/29/2012 2:43:57 PM
,__foot pain@5/29/2012 2:45:47 PM
| hammer toe@5/29/2012 2:45:55 PM
1 hammer toe®5/29/2012 2:47:57 PM
| _chagas disease®5/31/2012 4:57:3 PM _ -

clatsop community college columbia address@5/29/2012 2:31:47 PM

|
|
I
|
|
!

/

|__astoria safeway address©5/29/2012 4:37:11 PM
Task Modeling for IR



search Task Extraction Performance

lo structures,
ifferent post-
processing

2nt structural
assumption
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2 rrn =

Ppair I'pair J1ceEAF

NMI

Q_wcce

Q_htc
AdaptClu

cluster-svm
bestlink SVM

0.8653 0.9833"  0.4826
0.9213 0.8607 0.5461
0.9059 0.9046 0.5583
0.9232 0.7908 0.9363

0.9330* 0.9273  0.5895"

0.4058
0.5636
0.5466
0.5602
0.6046"

X

indicates p-value<0.01
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\ Task-based Framework

* In-task personalization

_____________

_____________

- ——— - —— -
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n-task Search Personalization

Search log:

Timestamp

Query

Clicks

sting solutions:

Extracting user-centric features
[Teevan et al. SIGIR’05]
Memorizing user clicks [White
and Drucker WWW’07]
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New perspective: personalized ranking modél
ydaptation BIGIRL3]

Adjust the generic ranking model’s parameters with respect to each
individual user’s in-task rankine nreferences

ypo -7~

T, ) O( 2)
fla@)y=wla | 5 o () = (A"0®) '

mestamp Query Clicks ﬁ O(V)
012 14:06:04 coney island Cincinnati v XXX
012 12:12:04| drive direction to coneyisland | X X W X ===~ /l \
012 19:40:38 motel 6 locations XV XX L Q1) \0\ o
012 19:45:04|Cincinnati hotels near coneyisland| ? ? ?2 ? R v y
N Av | BB bg<2>
\\ . \\
\
\ 0 b))
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inear Regression Based Model Adaptation

Adapting global ranking model for each individual user

min - Lagapt(A") = L{Q" f*) + AR(f“)

where f"(z)="(A"0%)"z and w* = |(w*, 1)

Loss function from any Complexity of adaptation
linear learning-to-rank

algorithm, e.g., RankNet,

LambdaRank, RankSVM



n-task Personalization Evaluation

Dataset
* Bing query log: May 27, 2012 — May 31, 2012
* 1830 ranking features
 BM25, PageRank, tf*idf and etc.

# Users # Queries # Documents

Annotation Set - 49,782 2,320,711
User Set 34,827 187,484 1,744,969




\daptation Efficiency

Against global model

30%

25% |

20%

rlovement

MAP Im

10%

q

Adapting from global n
and sharing transformc

Cannot deal with
== i~ Fo - T ST Y R LT ST

milis | Jser—-LambdaRank

sparsity in limited
data

0 =X =RA-LambdaRank pl e
=@= Cross-LambdaRank
Cannot deal with
oo/0 | | | | | | |

1
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2 3 4 5 6 7
Step of model update
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10 variance in user clicks



\ Task-based Framework
ON X N NN N _
PageRank
Cross-user collaborative ranking .
—— ‘. 7
----------------------- g = AT
g - esar?
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‘ask-Based Groupization WWW2013b]
~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ Find other users engaged in similar task

Forexample, for
clicked URLs:

s(t,url) = where c(t’url)isthe
click frequency for

(k(t, t") - c(t’,url)) URLfor similartasks

Srcnna=-

t'er

9 A 4 —
A t”  Similarity (k)
E:] F/ 7/
Task 777 w— Feature
Generator

777 mm (Per URL)
(77—

Similarity
Matching

~
~
~
~a
Son
it THEREES o

Set of historic tasks
from otherusers (7)

Re-ranked
(more relevant)

results

Task ( t) {qo---qe 4}
(Clicked: URLs, ODP
categories & domains)

1
I Y Y T

Task Modeling for IR Current
Query(q,)

Task
Model
Builder

Time
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' QG: same query, all users
- Ql: same query, same user

. QGl: QG + Q|

‘ask Match vs. Query Match

MAP/MRR gains on the test data, production ranker is the baseline.

Model | AMAP(1072%) | AMRR(10°?) | Rerank@1 | Coverage | Win | Loss | Cost Rate
QG | 0.0888+0.0023 | 0.1076+0.0024 0.46% JO102e | 23009 S0y | 98 210
;> QI 0.1425+0.0028 | 0.1431+0.0029 0.70% 17.87% | 26966 | 23214 | 86.09%
QGI | 0.1448+0.0028 | 0.1455+0.0029 0.71% 91000 [ 20959 V5007 | 85 R
TG | 0.1408+0.0029 | 0.1440+0.0029 0.88% 67.37% | 45866 | 37668 | 82.13%
‘ TI 0.1485+0.0028 | 0.1490+0.0029 0.71% 19.44% | 30932 | 26586 | 85.95%
TGI | 0.2292+0.0035 | 0.2318+0.0036 1.22% 67.37% | 32753 | 22292 | 68.06%

Some key findings:

* Both query and task match get gains over baseline

* Task match better, especially when both feature groups used (TGl)

* Task match better coverage (> 3x) — re-rank@1 ~2x results as query

/23/14
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-ffect of Query Sequence in Task

S

O

5 g QG: Query-based Global Features
-g ® TG: Task-based Global Features
53

<Et § TI: Task-based Individual Features

/23/14 Task Modeling for IR

P Y

]
RIE
BlE



\
D~

\ Task-based Framework

/23/14



e
Al |

{ow to assess search result quality?

Query-level relevance evaluation [Ricardo etal. 1999
* Metrics: MAP, NDCG, MRR

Task-level satisfaction evaluation !Hassan etal. WSDM"10]

WEB IMAGES VIDEOS MAPS NEWS MORE

WEB IMAGES VIDEOS MAPS NEWS MORE WEB IMAGES VIDEOS MAPS NEWS
. . N N 5 biN search task satisfaction action success
[ ] l | S blng ‘ web search satisfaction model ng ‘ search satisfaction modeling QNG L
MS Beta MS Beia
7,930,000 RESULTS  Any time ~
6,930,000 RESULTS Any time ~ 6,810,000 RESULTS Any time ~
Y Employee Surveys Action Planning, Scoring Engagemem RELATED SEARCHES
er SatisfactionMode , www.insigptlink. com/employee_sugsey_action_planni Gov Vafogng Search fction
h-satisfaction predickion”
Work-for-"tctiog¥evel:search-satisfaction p
Looking for Meflels: Apply Here Now!
. . : ) Job Search Action-Plan Sheet
Apply Now - No Mg i - Success Sto Running An Effective Task Group: The Five C's Class-Action Search
www socialworker.com/task htm ~ Search Action Links
... you have already experienced a task group in action. ... of the ingredients that go Search Action All-Stars

nto a ful task .. linked to group member satisfaction -
A two-dimensional ! successiulfas ! group satistactiol Klode Action Search Inventory

occurrence of both highand Iow Satistac idati Student Employment Task Force : Student Success and
Satisfaction ...
www.uvm edu/provost/studentsuccess/?Page=setf.html ~

Job satisfaction - Wikipedia, the free encyclo

en.wikipedia.org/wiki/Job_satisfaction ~ —_— Student Success and Satisfaction at UVM. ... As a subset to the courses of action
Definition - History - Models of job ... - Factors that ... - M research.microsoft.co ault.asp development and analysis, the task force is asked to make specific policy ..
Job satisfaction is how content an individual is with his o In The 35th Annt 1 IGIR
resource professionals generally make a distinction betwe Development in SIGIR California Community Colleges Chancellor's Office > Policy In ...

californiacommunitycolleges.cccco.edu/PolicylnAction/Student... ~ —
ACSI| Methodology - American Customer Sati: An Overview 2% isfactil Student Success Initiative; Newsroom. Press Releases. Press Release Archives; Key

Facts; Data Mart; Reports and Resources; ... Policy In Action > Student Success
www.theacsi.org/about-acsi/acsi-methodology ~ WWW.rpgroup.orgs 200ve Task

The American Customer Satisfaction Index uses custom Another relevant modeling issue at the micro-1
multi-equation econometric model developed at the Unive the ... Satisfaction, Disgatisfaction and Compl:

Action Planning - University of Kent - the UK's European university

www kent ac uk/careers/sk/skillsactionplanning htm ~

A Model of Job Facet Satisfaction. - ERIC — Customer Sa Prioritising your tasks ... plan at the start of your job search, has a big impact on
www.eric.ed.gov/ERICWebPortal/search/detailmini jsp?E success: ... of your choice and to be successful in it. ACTION ...

EJ370651 - A Model of Job Facet Satisfaction. ... Click ¢ ier sausfactlon modeling predictive tool. This allows

perform a new search: Title: A Model of Job Facet Satist you to test the injpucy sy wiieess have on levels of satisfaction.

/23/14 Task Modeling for IR
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Viodeling Latent Action Satisfaction for
search-task Satisfaction Prediction BIGIR'14]

Hypothesis: The desire for satisfaction drives users’ interaction with
search engines and that the satisfaction attained during the search-
task contributes to the overall satisfaction

alized as a latent . . . i
ructural learning wm—'
problem
f +

-

/23/14 Task Modeling for IR
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Viodeling Latent Action Satisfaction for
search-task Satisfaction Prediction [51GIR'14]

Action-aware Task Satisfaction model (AcTS)
* A latent structured learning approach

Short-range features: Long-range features:
1. #clicks, #queries, last action 1. existSatQ, allSatQ

2. Dwell time, query-URL 2. action treasliBatisfaction
match, domain

@ Action satisfaction (latent)
a End Actions

(§. ) = argmax wTB(A, H.y)
(y,H)EYXH

Start




\nalysis of Search Behavior Patterns

First-order transition probabilities between different actions within
satisfying and unsatisfying tasks

0.058

(a) Satisfying tasks (b) Unsatisfying tasks
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Deployed in Bing’s Internal Tool Chain

It takes only 37 mins to process 14 days of Bing search query logs

e

T Cross Session Task Judge Tool
Exit l l Correct Double Click Row to View Bing SERP, modify the labels in the newtaskid column
clientid timestamp sessionid query taskid newtaskid
00000000000000000018000082C8E074 | 7/1/2013 6:54:33 AM| 1 skyrim 0 0
00000000000000000018000082C8E074 (7/1/2013 7:13:01 AM| 1 skyrim is the dagger of crap a mod |0 0
00000000000000000018000082C8E074 | 7/1/2013 7:14:06 AM| 1 skyrim is the dagger of crap a mod [0 0
00000000000000000018000082C8E074 | 7/1/2013 9:18:22 AM| 3 skyrim funny 0 0
00000000000000000018000082C8E074 | 7/2/2013 8:26:56 AM| 1 att.com 1 2
00000000000000000018000082C8E074 | 7/2/2013 8:27:38 AM| 1 google 1 1
00000000000000000018000082C8E074 | 7/2/2013 8:28:43 AM| 1 google.com 1 1
00000000000000000018000082C8E074 | 7/2/2013 9:59:54 AM |2 google.com 1 1

biNg

MS Beta
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‘ att.com

2,450,000 RESULTS

Any time ¥

AT&T® Official Site - Phones Starting at Free!

att.com/wireless

Enjoy Free 2 Day Shipping at ATT.com
15251 Ne 40th Street, West Campus, Redmond
Log In to Your Account

Free Phones

$0.01 Smartphone Sale

(425) 881-7137

AT&T Next: Upgrade Yearly

iPhone 5 - Order Now

Special Offers

AT&T Online Only Deals | attwirelessoffers.com

www_attwirelessoffers.com/Phones
Get on the Nation's Fastest 4G Network with AT&T. Free Shipping!

99¢ HTC First - $29.99 Samsung Galaxy S4 - Shop the Latest 4G Androids
Task Modeling for IR
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Recent work in search-task mining

Task-aware query recommendation [Feild, H. &Allan, J., SIGIR'13]
e Study query reformulation in tasks

Click modeling in search tasks [¢hang, Y. et al., KDD'11]
e Model users’ click behaviors in tasks

Query intent classification [Cao K. et al,, SIGIR'03]
* Explore rich search context for query classification



“onclusions

A task-based framework for user behavior modeling and search
personalization

e Bestlink: an appropriate structure for search-task identification

* In-task personalization: exploiting users’ in-task behaviors

* Cross-user collaborative ranking: leveraging search behaviors among differen
users

* Search-task satisfaction prediction: modeling detailed action-level satisfactio



-uture Directions

Explore rich information about users for search-task identification
* In-search, out-search behaviors

From query-based search engine optimization to task-based
e Optimize a user’s long-term search utility

Game-theoretic models for interacting with users
 Machine and user collaborate to finish a task
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Task: a new perspective for us to understand
users’ search intent

Task Modeling for IR



PN
Lo Se
BIE

-xplore Domain Knowledge for Automating
Viodel Learning

5/30/2012
~| 5/30/20129:12:14 airline tickets
5/30/2012 9:20:19 rattlers
Sub-query
Same-query = Sub-query
5/31/2012
5/31/2012 8:56:39 | sulphur springs school district
-l 5/31/2012 9:10:01 airline tickets
A generalized margin
/ l \ M) =3
/23/14 # querles # Conﬂgﬁﬂ&%ngform O-(yj (27])) - —)\ 1f y( ) 7& y‘
components 0 otherwise



Jser-level improvement analysis

Adapted-LambdaRank against global LambdaRank model

per-user basis adaptation baseline

User Class Methad AMAP AP@1 AP@3 AMRR
RA 0.1843 0.3309 0.0120 0.1832
[10, ==) queries Heavy
Cross  0.1998 0.3523 0.0182 0.1994
Ve RA 0.1102 0.2129 0.0025 0.1103
5,10 [ edium
[5,10) queries Cross  0.1494 02561 0.0208 0.1500
:_L_ ;‘t_ ______ RA™ ~ 70.0042 00575 -0.0221  0.0041 :
i |
(0, 5) queries 8 Cross  0.0403 00894 -0.0021 0.0406 '

Use cross-training to determine feature grouping



\utomating Model Learning with Domain Knowledge

0.96 , l :
e m---Eeaa
0.94 —— P o
/~~
09 ‘-'-‘-‘-*-'-'.""-‘ '-'-‘-'-* -- -'-x
$ 0 . JR 2 SER et
Q.Q \ ’ﬁ‘
0.9 w -
L4
L4
L4
088 ,* ]
L4
L4
086 1 1 1 1
0 1000 2000 3000 4000 6000

Unannotated User Size

(2) Ppair

\\\ \“
; X
w .-F‘h./ ‘N
(@] -V ~ - - -
T 0545--" ¢ Aot B ACEEE iy
4
4 d
052~
4
05+, 1
4
0.48 ' : ' :
0 1000 2000 3000 4000 6000

Unannotated User Size

(¢c) flcear

/23/14

pair

Task Modeling for IR

1 T T T T

0.8 v o

il R TP o Sy Ry
075 1 1 1 I
0 1000 2000 3000 4000 6000
Unannotated User Size
(b) rpair

‘'~

"-----v-----v----+----

'V'chc 5
’ Qo

045+ ¢ +=f= AdaptClu |
¢ = W =clustser SVM
’ =@= bhestlink SVM

0 1000 2000 3000 4000 6000
Unannotated User Size

(d) NMI




search Task Extraction Methods

Baselines
 QC_wecce/QC _htc [Lucchese et al. WSDM’ 11]

* Post-processing for binary same-task classification

* Adaptive-clustering [Cohen et al. KDD’02]

* Binary classification + single-link agglomerative clustering

* Cluster-SVM [Finley et al. ICML’05]
e All-link structural SVM

Binary classification
based solution

Structured learning
solution



-xperimental Results

Four weeks of Bing query-click logs
* Logs collected from an A/B test with no other personalization

Week 1: Feature generation
 Compute sik for clicked URLs

Weeks 2-3: Learn re-ranking model (LambdaMART)

Week 4: Evaluation

* Re-rank top-10 for each query
 Compute MAP and MRR for re-ranked lists (and coverage stats)

Training Validation Evaluation

Tasks 1,165,083 1,126,452 1,135,320
Queries/Task 1.678 1.676 1.666




earn from Related Tasks

For each URL u in top 10 for current query, compute score si4&

* k(t,tT ): relatedness between t, related task t’, computed in different ways
o w(tT ,u): importance of URL in related task (we use click frequency)

Generate sk for a range of different 4 (z, 7

Syntactic similarity,
URL similarity,
topical similarity,
etc.

/23/14 Task Modeling for IR



\ction-level Satisfaction Modeling

As additional features for document relevance estimation
* 4-month Bing search log
e Ranker: LambdaMART

e 398 standard ranking features, e.g., BM25, language model score and
PageRank

% P@1 MAP NDCG@5 MRR
igid assumption: task- MML +4.926 +3.482  +3.573 +2.650
itisfaction equals to LogiReg +5.110 +3.352 +3.783 +2.776
ction-satisfaction session-CRF  +4.752  +3.402  +3.896  +2.616
tasks are satisfactory SUM +5.101 +3.405 +3.946  +2.807

AcTS* +5.366 +3.819 +4.278 +2.955

* Indicates p-value<0.01



ask-level satisfaction prediction performance

Toolbar data set [Hassan etal. CIKM'11]

e 7306 tasks from 153 users
* |In-situ task satisfaction annotations from the actual users

Avg-f, T*-f, T-f, Accuracy
Assumption: MML 0.707 0.897 0.518 0.830
action satisfaction LogiReg 0.740 0.918 0.563 0.861
= task satisfaction
Session-CRF  0.728 0.910 0.545 0.850
AcTS 0.761* 0.938*  0.584* 0.893*

* Indicates p-value<0.01



