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Interactive Learning Systen

response ydependent onx
e.g. ranking for quer

Utility: U(y)

commandx, and feedbac
e.g. query, click given ranking

A Designing Information Elicitation Interventions
A OnlineLearning with Interventions
A Offline Learning with Logged Interventidata



Decide between two Ranking

Functions
Distribution P(x) (u 842 £0ta
of x=(user, query) 4
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Retrieval Function 1 \wnich one | Retrieval Function
f,()A Y, 's better? f(X)A Y,

Kernel Machines
http://svm.first.gmd.de/

SVMLight Support Vector Machine
http://svmlight.joachims.org/

School of Veterinary Medicine &iPenn
http:// www.vet.upenn.edd

School of Veterinary Medicine &tPenn
http:// www.vet.upenn.edi

Service Master Company
http://www.servicemaster.com/
Support Vector Machine
http://jbolivar.freeservers.com/

An Introduction to Support Vector Machines Archives of SUPPORECTORIACHINES
http://www.support-vector.net/
Service Master Company
http://www.servicemaster.com/

http://www.jiscmail.ac.uk/lists/SUPPORT...
SVMLightSupport Vector Machine
http://ais.gmd.de/~thorsten/svm lighit
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Measuring Utility

Abandonment Rate %of queries with no click N/A Increase

Reformulation Rate % of queries that are N/A Increase
followed by reformulation

Queries peiSession Session = nmterruption  Mean  Increase
of more than 30 minutes

Clicks per Query Number of clicks Mean Decrease

Click@ %of queries with ticksat  N/A Decrease
position 1

Max Reciprocal Rank* 1/rank for highest click Mean  Decrease

Mean Reciprocal Rank Mean of 1/rank forall Mean  Decrease
clicks

Time to First Click* Seconddefore first click Median Increase

Time to Las€Click* Second®defore final click Median Decrease
(*) only queries with at least one click count




ArXiv.org: User Study

User Study in ArXiv.org

I Natural user and guery populati
I User in natural context, not lab

I Live and operational search engi

I Ground truth by construction

ORIGA SVAR2 A SNAR}
A OriG Handtuned fielded
A Swar2: OriGwith 2 pairs swapped
A Sward: Oricwith 4 pairs swapped
ORIGA FLATA RanD
A OriG Handtuned fielded
A FLAT No field weights
A RanD: Top 10 ofiATshuffled

[Radlinski et al., 2008]



ArXiv.org: Experiment Setur

A Experiment Setup

I Phase |: 36 days
A Users randomly receive ranking fradrig, Flat, Rand

I Phase Il: 30 days
A Users randomly receive ranking fradrig Swap2, Swap4

I User are permanently assigned to one experimental condition
based on IP address and browser.

A Basic Statistics
I ~700 queries per day / ~300 distinct users per day
A Quality Control and Data Cleaning
I Test run for 32 days
I Heuristics to identify bots and spammers
I All evaluation code was written twice and cresdidated



Arxiv.org: Results

2 Conclusions
2 ANone of the absolute metrics reflects
expected order.
1.5
AMost differences not significant aftef —
1 one month of data.
L
0e AAnalogous results for Yahoo! Seargh
| with much moredata
0 - [Chapelle et al., 2012].
Qi?;@ Qif’& Q}C) OK(J \&@'\, Qib& Q@& « 3,&(' c}(J
& & (OQ & 0\0 Q Q A O\,’b
600 & Q/{\Q/ S > Qg’c Qg’o Qfo e
S & N & @e,bo & kE

[Radlinski et al., 2008]



Economic Models of
Decision Making

A Rational Choice |
PA | ternat | ve SY oe Search: svm - Microsoft Internet Ex
I Ultility function U(y)
I Decision
y =argmax,, {U(y)}
A Bounded Rationality
I Time constraints e
I Computation constraints  [E e
I Approximate U(y)
A Behavioral Economics
I Framing
I Fairness
I Loss aversion
I Handling uncertainty

Results 1- 10 of about 3 seconds.

tor rmachin

& Internet




A Model of clicking:

A Model of how Users Click ir

Search

File Edit

Users explore ranking tc
position k

Users click on most
relevant (looking) links
In top K

Users stop clicking whe
time budget up or other
action more promising
(e.q. reformulation)

Empirically supported
by [Grankaet al., 2004]

A Google Search: svm - Microsoft Internet

Results 1- 10 of about 3 seconds.
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& Internet



Decide between two Ranking

Functions
Distribution P(x) 4

(2zéP+a
of x=(user, query) 4

/\

Retrieval Function 1 which one | Retrieval Function
f,()A Y, 's better? f,(0A Y,

1. Kernel Machines 1. School of Veterinary Medicine &iPenn
http://svm.first.gmd.de/ http:// www.vet.upenn.edd

2. SVMLight Support Vector Machine 2. Service Master Company
http://svmlight.joachims.org/ http://www.servicemaster.com/

3.  School of Veterinary Medicine &iPenn 3. Support Vector Machine
http:// www.vet.upenn.edd http://jbolivar.freeservers.com/

4.  An Introduction to Support Vector Machines 4. Archives of SUPPORECTORIACHINES
http://www.support-vector.net/ http://www.jiscmail.ac.uk/lists/SUPPORT...

5. Service Master Company 5. SVMLightSupport Vector Machine
http://www.servicemaster.com/ http://ais.gmd.de/~thorsten/svm lighit
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Balanced Interleaving

x=(u%jZ  §virEQ
e///\
f()A v f,(X)A Y,

1.  Kernel Machines 1. Kernel Machines
http://svm.first.gmd.de/ http:/svm.first.gmd.de/ _
2. Support Vector Machine 2. SVMLl_ght Support Vector Machlr}e
http://jbolivar.freeservers.com/ http://ais.gmd.de/~thorsten/svm light/
3. An Introduction to Support Vector Machines 3. Support Vector Machine and Kernel ... References
http://www.support-vector.net/ http://svm.researc_h.be#labs.com/SVMrefs.htmI
4. Archives of SUPPORECTORIACHINES ... 4. Lucent Technologies: SVM demo applet
http://www.jiscmail.ac.uk/lists/SUPPORT... http://svm.research.bellabs.com/SVT/_SVMsvt.html
5.  SVMLight Support Vector Machine 5. Royal Holloway Support Vector Machine
http://ais.gmd.de/~thorsten/svm light/ I t I . http://svm.dcs.rhbnc.ac.uk
nterleaving(y,Y,)
1. Kernel Machines 1
http://svm.first.gmd.de/
2. Support VectoMachine 2
. http://jbolivar.freeservers.com/ . .
M Odel Of U ser. 3. SVMLight Support Vector Machine 2 I nva”ant.
. . http://ais.gmd.de/~thorsten/svmiight/
Better retrieval functions 4. An Introduction to Support Vectddachines 3 For all k, top k of
. . http://www.support-vector.net/ . . .
5. Support Vector Machine and KernelReferences 3
is more likely to get more o e e T K oretererce balanced interleaving is
1 6. Archives of SUPPORECTORIACHINES. 4 H
CIICkS http://www.jiscmail.ac.uk/lists/SUPPORT... union Of tOp Iﬁ Of I‘l and
7. Lucent Technologies: SVM demo applet 4 H
http:// svmresear?:h.bellabs.com/SVEI'F;SVMsvt.html tOp k2 Of I‘2 W|th kl—k2 i 1

Interpretation: (y, A y,0  glicksfopk(y,)) > clickgbpk(y,))
A see also [Radlinskiraswell 2012][Hofmann, 2012]

[Joachims, 2001] [Radlinski et al., 2008



Arxiv.org: Interleaving Experiment

A Experiment Setup

I Phase |: 36 days

ABalanced Interleaving o®¢ig,Fla} (Flat,Randl
(Orig,Randl

I Phase Il: 30 days

ABalanced Interleaving of (Orig,Swap2) (Swap2,Swap4)
(Orig,Swap4)

A Quality Control and Data Cleaning
I Same as for absolute metrics



Arxiv.org: Interleaving Results

Conclusions
45 . . .
10 AAIl interleaving experiments reflect
35 the expected order.
< 30 AAIl differences are significant aftef— ——
525 one month of data. e
S0 - . . = =
5l i AAnalogous findings for Bing .
10 41— | [Radlinski &raswell2010] and | -
5 | _| Yahoo! Search [Chapelle et al., 2012]. _
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Interactive Learning Systen

response ydependent onx Modell
e.g. ranking for quer

4

Utility: U(y)

commandx. and feedbac!
e.g. query, click given ranking

A Designing Information Elicitation Interventions
iaz2zRSt dza SNXa ARJSriveiiktekvenyfon HasignO

A Online Learning witinterventions

A Offline Learning with Logged InterventiBata



Coactive Exploration
Example
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Coactive Feedback Mode

A Intervention: prediction y and browsing networ

Setof ally
for context x

i User (|) Improved
Algorithm explored . P OV
prediction : (b P Prediction

o

Optimal

A Feedback: Prediction
I Improvedprediction
U( X)) >U(y] %)
I Supervised learning: optimal predictigyf
yy* = argmay Uly|x,)



CoactiveExploration
Example 2



