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Interactive Learning Systems 

ÅExamples 
ïSearch engines 
ïEntertainment media 
ïE-commerce 
ïSmart homes / robots 

ÅLearning 
ïGathering and maintenance  

of knowledge 
ïMeasure and optimize  

performance 
ïPersonalization 
 

Interventions 



Interactive Learning System 

 

 System User 
command xt and feedback  

(e.g. query, click given ranking) 

response yt dependent on xt  
(e.g. ranking for query) 

Utility: U(yt) 

ÅDesigning Information Elicitation Interventions 

ÅOnline Learning with Interventions 

ÅOffline Learning with Logged Intervention Data 



Decide between two Ranking 
Functions 

Distribution P(x) 
of x=(user, query) 

Retrieval Function 1 
 f1(x) Ą y1 

Retrieval Function 2 
 f2(x) Ą y2 

Which one  
is better? 

4 

(ǘƧΣέ{±aέύ 
4 

1.  Kernel Machines  
 http://svm.first.gmd.de/ 
2. SVM-Light Support Vector Machine  
 http://svmlight.joachims.org/ 
3. School of Veterinary Medicine at UPenn 
 http:// www.vet.upenn.edu/  
4. An Introduction to Support Vector Machines 
 http://www.support-vector.net/ 
5. Service Master Company 
 http://www.servicemaster.com/ 

 

1. School of Veterinary Medicine at UPenn 
 http:// www.vet.upenn.edu/  
2. Service Master Company 
 http://www.servicemaster.com/  
3. Support Vector Machine 
 http://jbolivar.freeservers.com/ 
4. Archives of SUPPORT-VECTOR-MACHINES  
 http://www.jiscmail.ac.uk/lists/SUPPORT... 
5. SVM-Light Support Vector Machine  
 http://ais.gmd.de/~thorsten/svm light/  

 

¦όǘƧΣέ{±aέΣȅ1) ¦όǘƧΣέ{±aέΣȅ2) 



Measuring Utility 
Name Description Aggre-

gation 
Hypothesized 
Change with 
Decreased Quality 

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

Reformulation Rate % of queries that are 
followed by reformulation 

N/A Increase 

Queries per Session Session = no interruption 
of more than 30 minutes 

Mean Increase 

Clicks per Query Number of clicks Mean Decrease 

Click@1 % of queries with clicks at 
position 1 

N/A Decrease 

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

Mean Reciprocal Rank* Mean of 1/rank for all 
clicks 

Mean Decrease 

Time to First Click* Seconds before first click Median Increase 

Time to Last Click* Seconds before final click Median Decrease 
(*) only queries with at least one click count 



ArXiv.org: User Study 

User Study in ArXiv.org 
ïNatural user and query population 

ïUser in natural context, not lab 

ïLive and operational search engine 

ïGround truth by construction 
ORIG Â  SWAP2 Â  SWAP4 
ÅORIG: Hand-tuned fielded 

ÅSWAP2: ORIG with 2 pairs swapped 

ÅSWAP4: ORIG with 4 pairs swapped 

ORIG Â  FLAT Â  RAND 
ÅORIG: Hand-tuned fielded 

ÅFLAT: No field weights 

ÅRAND : Top 10 of FLAT shuffled 

[Radlinski et al., 2008] 



ArXiv.org: Experiment Setup 

ÅExperiment Setup 
ïPhase I: 36 days 
ÅUsers randomly receive ranking from Orig, Flat, Rand 

ïPhase II: 30 days 
ÅUsers randomly receive ranking from Orig, Swap2, Swap4 

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

ÅBasic Statistics 
ï~700 queries per day / ~300 distinct users per day 

ÅQuality Control and Data Cleaning 
ïTest run for 32 days 
ïHeuristics to identify bots and spammers 
ïAll evaluation code was written twice and cross-validated 

 
 



Arxiv.org: Results 
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Conclusions 
 

Å None of the absolute metrics reflects 
expected order. 

 

Å Most differences not significant after 
one month of data. 

 

Å Analogous results for Yahoo! Search 
with much more data  
[Chapelle et al., 2012]. 

[Radlinski et al., 2008] 



Economic Models of  
Decision Making 

ÅRational Choice 
ïAlternatives Y 
ïUtility function U(y) 
ïDecision  

y*=argmaxy2Y{U(y)} 

ÅBounded Rationality 
ïTime constraints 
ïComputation constraints 
ïApproximate U(y) 

ÅBehavioral Economics 
ïFraming 
ïFairness 
ïLoss aversion 
ïHandling uncertainty 

Click 



A Model of how Users Click in 
Search 

ÅModel of clicking:  
ïUsers explore ranking to 

position k 

ïUsers click on most 
relevant (looking) links 
in top k 

ïUsers stop clicking when 
time budget up or other 
action more promising 
(e.g. reformulation) 

ïEmpirically supported 
by [Granka et al., 2004] 

Click ÁÒÇÍÁØ
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Decide between two Ranking 
Functions 

Distribution P(x) 
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Retrieval Function 1 
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Balanced Interleaving 

1.  Kernel Machines  
 http://svm.first.gmd.de/ 
2. Support Vector Machine 
 http://jbolivar.freeservers.com/ 
3. An Introduction to Support Vector Machines 
 http://www.support-vector.net/ 
4. Archives of SUPPORT-VECTOR-MACHINES ... 
 http://www.jiscmail.ac.uk/lists/SUPPORT... 
5. SVM-Light Support Vector Machine  
 http://ais.gmd.de/~thorsten/svm light/ 

1.  Kernel Machines  
 http://svm.first.gmd.de/ 
2. SVM-Light Support Vector Machine  
 http://ais.gmd.de/~thorsten/svm light/ 
3. Support Vector Machine and Kernel ... References 
 http://svm.research.bell-labs.com/SVMrefs.html 
4. Lucent Technologies: SVM demo applet  
 http://svm.research.bell-labs.com/SVT/SVMsvt.html 
5. Royal Holloway Support Vector Machine  
 http://svm.dcs.rhbnc.ac.uk 

1.  Kernel Machines  1 
 http://svm.first.gmd.de/ 
2. Support Vector Machine 2 
 http://jbolivar.freeservers.com/ 
3. SVM-Light Support Vector Machine  2 
 http://ais.gmd.de/~thorsten/svm light/  
4. An Introduction to Support Vector Machines 3 
 http://www.support-vector.net/ 
5. Support Vector Machine and Kernel ... References 3 
 http://svm.research.bell-labs.com/SVMrefs.html 
6. Archives of SUPPORT-VECTOR-MACHINES ... 4 
 http://www.jiscmail.ac.uk/lists/SUPPORT... 
7. Lucent Technologies: SVM demo applet  4 
 http:// svm.research.bell-labs.com/SVT/SVMsvt.html 
 
 

 f1(x) Ą y1 f2(x) Ą y2 

Interleaving(y1,y2) 

x=(u=tjΣ ǉҐάsvmέύ 

Interpretation: (y1 Â  y2ύ ҭ clicks(topk(y1)) > clicks(topk(y2)) 
Ą see also [Radlinski, Craswell, 2012] [Hofmann, 2012]  

 

 

Invariant:  
For all k, top k of 

balanced interleaving is 
union of top k1 of r1 and 

top k2 of r2 with k1=k2 ± 1. 

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

Model of User:  
Better retrieval functions 
is more likely to get more 

clicks. 



Arxiv.org: Interleaving Experiment  

ÅExperiment Setup 

ïPhase I: 36 days 

ÅBalanced Interleaving of (Orig,Flat) (Flat,Rand) 
(Orig,Rand) 

ïPhase II: 30 days 

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

ÅQuality Control and Data Cleaning 

ïSame as for absolute metrics 

 

 



Arxiv.org: Interleaving Results 
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Conclusions 
 

Å All interleaving experiments reflect 
the expected order. 

 

Å All differences are significant after 
one month of data. 

 

Å Analogous findings for Bing 
[Radlinski & Craswell, 2010] and 

Yahoo! Search [Chapelle et al., 2012]. 
 



Interactive Learning System 

 

 System User 

Design! Model! 

command xt and feedback  
(e.g. query, click given ranking) 

response yt dependent on xt  
(e.g. ranking for query) 

Utility: U(yt) 

ÅDesigning Information Elicitation Interventions 
ïaƻŘŜƭ ǳǎŜǊΩǎ ŘŜŎƛǎƛƻƴ ǇǊƻŎŜǎǎ Ą derive intervention design 

ÅOnline Learning with Interventions 

ÅOffline Learning with Logged Intervention Data 



Coactive Exploration 
Example 1 

 



Coactive Feedback Model 

ÅIntervention: prediction y and browsing network 

 

 

 

 

Set of all y 
for context x 

ώ 
ώ 

User 
explored Algorithm 

prediction 

Improved 
Prediction 

ÅFeedback: 

ïImproved prediction t 
   U( t|x t) > U(yt| xt) 

ïSupervised learning: optimal prediction yt*  
   yt* = argmaxy U(y|x t) 

ώᶻ 

Optimal 
Prediction 



Coactive Exploration 
Example 2  

 

Click 


