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Retrieval Evaluation Goals 

Goals:  Practicality,   Correctness,   Efficiency 

 

Baseline Ranking Algorithm My Research Project 

Which is better? 



Retrieval Evaluation Goals 

ÅPracticality 
ïLŦ LΩƳ ŀ ǊŜǎŜŀǊŎƘŜǊ ǿƛǘƘ ŀ ǎƳŀƭƭ ƎǊƻǳǇΣ Ŏŀƴ L ǊŜŀƭƭȅ ǳǎŜ 

this evaluation method in practice? 

 
ÅCorrectness 
ïIf my evaluation says that my ranking method is better 

than a baseline, would users really agree? 
ïLŦ Ƴȅ ŜǾŀƭǳŀǘƛƻƴ ǎŀȅǎ ǘƘŀǘ Ƴȅ ǊŀƴƪƛƴƎ ƳŜǘƘƻŘ ƛǎƴΩǘ 

better than the baseline, is that true? 
 

ÅEfficiency 
ïI want to make the best use of my resources: How do  

I best trade off time/cost and sensitivity to changes? 
 

 



Evaluation 

Two types of retrieval evaluation: 
 

ÅάhŦŦƭƛƴŜ ŜǾŀƭǳŀǘƛƻƴέ 

Ask experts or users to explicitly evaluate your 
retrieval system. This dominates evaluation today. 

 

ÅάhƴƭƛƴŜ ŜǾŀƭǳŀǘƛƻƴέ 

See how normal users interact with your retrieval 
system when just using it. 



Do we need online evaluation? 

ÅTraditional offline evaluation: The Cranfield approach 

ïSample some real representative queries 

ïRun them against a number of systems 

ïJudge the relevance of (top) documents versus (inferred) 
information needs 
 

ÅMore often: Assume that somebody else has done this 

ïaŀƴȅ ƎǊƻǳǇǎ ƘŀǾŜΥ ¢w9/Σ hI{¦a95Σ /[9CΣ [9¢hwΣ Χ 
 

ÅBasic evaluation method: 

ïFor my new approach, rank a collection & combine the 
judgments into a summary number. Hope it goes up 



Do we need online evaluation? 

ÅThe Cranfield approach is a good idea when 

ïSome representative query set captures cases that my 
research is trying to address 

ïThe judges can give accurate judgments in my setting 

ïI trust a particular summary number (MAP, NDCG, ERR, 
w.tΣ Χύ to accurately reflects my ǳǎŜǊǎΩ ǇŜǊŎŜǇǘƛƻƴǎ 
 

ÅLŦ ǘƘŜǎŜ ŀǊŜƴΩǘ ǘƘŜ ŎŀǎŜΥ Even if my approach is valid, 
the number might not go up 

ïOr worse: The number might go up despite my approach 
producing worse rankings in practice 



Challenges with Offline Evaluation 
ÅDo users and judges agree on relevance? 
ïParticularly difficult in personalized search research 
ïParticularly difficult for specialized documents  

 

Å Its expensive and slow to collect new data 
ïCheaper crowdsourcing (this morning) is sometimes an alternative 

 

ÅAmbiguous queries are particularly hard to judge realistically 
ïWhich intent is most popular? Which others are important? 

 

ÅJudges need to correctly appreciate uncertainty 
ï If you want to diversify web results, how do they know what is most 

likely to be relevant? 
 

ÅHow do you identify when relevance changes? 
ïTemporal changes: Document changes; Query intent changes 

 

ÅSummary aggregate score must agree with users  
ïDo real users agree with MAP@1000? NDCG@5? RBP? 



Challenges with Offline Evaluation 



Challenges with Offline Evaluation 

ÅvǳŜǊȅΥ άintroduction to ranking boosted decision treesέ 

ÅDocument: 

Χ 



Challenges with Offline Evaluation 

ÅvǳŜǊȅΥ άǎƪƛ ƧǳƳǇ ǿƻǊƭŘ ǊŜŎƻǊŘέ 

ÅDocument: 



Tutorial Goals 
ÅProvide an overview of online evaluation  
ïhƴƭƛƴŜ ƳŜǘǊƛŎǎΥ ²Ƙŀǘ ǿƻǊƪǎ ǿƘŜƴ όŜǎǇŜŎƛŀƭƭȅ ƛŦ ȅƻǳΩǊŜ ŀƴ ŀŎŀŘŜƳƛŎύ 
ïInterpreting user actions at the Document or Ranking level 
ïExperiment Design: Opportunities, biases and challenges 

 

ÅGet you started in obtaining your own online data 
ïIƻǿ ǘƻ ǊŜŀƭƛǎǘƛŎŀƭƭȅ άōŜ ǘƘŜ ǎŜŀǊŎƘ ŜƴƎƛƴŜέ 
ïEnd-to-End: Design, Implementation, Recruitment and Analysis 
ïOverview of alternative approaches 

 

ÅPresent interleaving for retrieval evaluation 
ïDescribe one particular online evaluation approach in depth 
ïHow it works, why it works and what to watch out for 
ïProvide a reference implementation 
ïDescribe a number of open challenges 

 

ÅQuick overview of using your online data for learning 



Outline 
ÅPart 1: Overview of Online Evaluation 
ïThings to measure (e.g. clicks, mouse movements) 
ïHow to interpret feedback (absolute vs. relative) 
ïWhat works well in a small-scale setting? 

 

   (Break) 
 

ÅPart 2: End-to-End, From Design to Analysis 
 

   (Break) 
 

ÅPart 3: Open Problems in Click Evaluation 
 

ÅPart 4: Connection to Optimization & Learning 



Online Evaluation 

Key Assumption: Observable user behavior reflects relevance 

 

ÅImplicit in this: Users behave rationally 
 

ïReal users have a goal when they arrive at an IR system 
Å¢ƘŜȅ ŀǊŜƴΩǘ Ƨǳǎǘ ōƻǊŜŘΣ ǘȅǇƛƴƎ ŀƴŘ ŎƭƛŎƪƛƴƎ ǇǎŜǳŘƻ-randomly 

 

ïThey consistently work towards that goal 
Å!ƴ ƛǊǊŜƭŜǾŀƴǘ ǊŜǎǳƭǘ ŘƻŜǎƴΩǘ ŘǊŀǿ Ƴƻǎǘ ǳǎŜǊǎ ŀǿŀȅ ŦǊƻƳ ǘƘŜƛǊ Ǝƻŀƭ 

 

ï¢ƘŜȅ ŀǊŜƴΩǘ ǘǊȅƛƴƎ ǘƻ ŎƻƴŦǳǎŜ ȅƻǳ 
ÅMost users are not trying to provide malicious data to the system 



Online Evaluation 

Key Assumption: Observable user behavior reflects relevance 
 

Å¢Ƙƛǎ ŀǎǎǳƳǇǘƛƻƴ ƎƛǾŜǎ ǳǎ άƘƛƎƘ ŦƛŘŜƭƛǘȅέ  

Real users replace the judges: No ambiguity in information need; 
Users actually want results; Measure performance on real queries 
 

ÅBut introduces a major challenge 

²Ŝ ŎŀƴΩǘ ǘǊŀƛƴ ǘƘŜ ǳǎŜǊǎΥ Iƻǿ Řƻ ǿŜ ƪƴƻǿ ǿƘŜƴ ǘƘŜȅ ŀǊŜ ƘŀǇǇȅΚ  
Real user behavior requires careful design and evaluation 

 

ÅAnd a noticeable drawback 

5ŀǘŀ ƛǎƴΩǘ ǘǊƛǾƛŀƭƭȅ ǊŜǳǎŀōƭŜ ƭŀǘŜǊ όƳƻǊŜ ƻƴ ǘƘŀǘ ƭŀǘŜǊύ 



What is Online Data? 

ÅA variety of data can describe online behavior: 

ïUrls, Queries and Clicks 

ÅBrowsing Stream: Sequence of URLs users visit 

ÅIn IR: Queries, Results and Clicks 

ïMouse movement 

ÅClicks, selections, hover 

ÅThe line between online and offline is fuzzy 

ïPurchase decisions: Ad clicks to online purchases 

ïEye tracking 

ïOffline evaluation using historical online data 



Online Evaluation Designs 

ÅWe have some key choices to make: 

1. Document Level or Ranking Level? 

 

 

 
 

2. Absolute or Relative? 

 

 

 

 

Document Level Ranking Level 

I want to know about the documents 
 
Similar to the Cranfield ŀǇǇǊƻŀŎƘΣ LΩŘ ƭƛƪŜ 
to find out the quality of each document. 

I am mostly interested in the rankings 
 
LΩƳ ǘǊȅƛƴƎ ǘƻ ŜǾŀƭǳŀǘŜ ǊŜǘǊƛŜǾŀƭ ŦǳƴŎǘƛƻƴǎΦ L 
ŘƻƴΩǘ ƴŜŜŘ ǘƻ ōŜ ŀōƭŜ ǘƻ ŘǊƛƭƭ Řƻǿƴ ǘƻ 
individual documents. 

Absolute Judgments Relative Judgments 

I want a score on an absolute scale 
 
Similar to the Cranfield ŀǇǇǊƻŀŎƘΣ LΩŘ ƭƛƪŜ ŀ 
number that I can compare to many 
methods, over time. 

I am mostly interested in a comparison 
 
LǘΩǎ ŜƴƻǳƎƘ ƛŦ L ƪƴƻǿ ǿƘƛŎƘ ŘƻŎǳƳŜƴǘΣ ƻǊ 
which ranking, is better. Its not necessary 
to know the absolute value. 



Online Evaluation Designs 

Å Document-Level feedback 
Å E.g., click indicates document is relevant 
Å Document-level feedback often used to define 

retrieval evaluation metrics. 
 

Å Ranking-level feedback 
Å E.g., click indicates result-set is good 
Å Directly define evaluation metric for a result-set. 



Experiment Design 
Lab Study 

Ask users to come to the lab, where 
they perform a specific task while you 
record online behavior. 

Å Controlled Task 
Å Controlled Environment 

Example: Users sit in front of an eye tracker while finding the answers to 
questions using a specific search engine [Granka Ŝǘ ŀƭΣ {LDLw Ωлпϐ 

Controlled Task  Field Study 

Ask volunteers to complete a specific 
task using your system but on their 
computer. 

Å Controlled Task 
Å Uncontrolled Environment 

Example: Crowdsourcing tasks (tutorial this morning) 

General Usage  Field Study 

Ask volunteers to use your system for 
whatever they find it useful for over a 
longer period of time 

Å Uncontrolled Task 
Å Uncontrolled Environment 

Example: Track ŎǳǊǎƻǊ Ǉƻǎƛǘƛƻƴ ƻƴ ǿŜō ǎŜŀǊŎƘ ǊŜǎǳƭǘǎ ǇŀƎŜ ώIǳŀƴƎ Ŝǘ ŀƭΣ /IL Ψммϐ 



Concerns for Evaluation 

ÅKey Concerns: 
ïPracticality 

ïCorrectness 

ïEfficiency (cost) 

 

ÅPractical for academic scale studies 
ïKeep it blind: Small studies are the norm 

ïMust measure something that real users do often 

ï/ŀƴΩǘ ƘǳǊǘ ǊŜƭŜǾŀƴŎŜ ǘƻƻ ƳǳŎƘ όōǳǘ ǘƘŀǘΩǎ ǎƻŦǘύ 

ïCannot take too long (too many queries) 



Interpretation Choices 

Absolute Relative 

 
 
 

Document Level 
 
 
 

Click Rate,  
Cascade Models, 

Χ 

Click-Skip, 
FairPairs 

 
 

 
Ranking Level 

 
 

 

Abandonment, 
Reciprocal Rank,  

Time to Click, 
PSkip,  
Χ 

Side by Side, 
Interleaving 



Absolute Document Judgments 
ÅCan we just look at the clicked results and take them to 

be relevant? 
ïThis would provide a relevance dataset, after which we run 

a Cranfield style evaluation 

 
ÅA variety of biases make this difficult 

 

ïPosition Bias:  
Users are more inclined to examine and click on higher-ranked 
results 
 

ïContextual Bias: 
Whether users click on a result depends on other nearby results 
 

ïAttention Bias: 
Users click more on results which draw attention to themselves 



Position Bias 
Hypothesis:  Order of presentation influences where users 

  look, but not where they click! 
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More relevant 



Position Bias 
Hypothesis:  Order of presentation influences where users 

  look, but not where they click! 

Ҧ Users ŀǇǇŜŀǊ ǘƻ ƘŀǾŜ ǘǊǳǎǘ ƛƴ DƻƻƎƭŜΩǎ ŀōƛƭƛǘȅ ǘƻ 

 rank the most relevant result first. 
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More relevant 



What Results do Users View/Click? Time spent in each result by frequency of doc selected
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Which Results are Viewed Before Click? 
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Ҧ Users typically do not look at lower results before they   

click (except maybe the next result) 
[Joachims et al. 2005, 2007] 



Quality-of-Context Bias 

Hypothesis:  Clicking depends only on the result itself, but 
  not on other results. 

Rank of clicked link as 

sorted by relevance judges 

Normal + Swapped 2.67 

Reversed 3.27 

Reversed:  
Top 10 results in 
reversed order. 

[Joachims et al. 2005, 2007] 



Quality-of-Context Bias 

Hypothesis:  Clicking depends only on the result itself, but 
  not on other results. 

Rank of clicked link as 

sorted by relevance judges 

Normal + Swapped 2.67 

Reversed 3.27 

Ҧ  Users click on less relevant results, if they are 

 embedded between irrelevant results. 

[Joachims et al. 2005, 2007] 



ÅHow to model position bias? 

 

 

 

 

ÅWhat is the primary modeling goal? 

Correcting for Position  
(Absolute / Document-Level) 

 

 

 

 

 

 

 

 

 

Position Models Cascade Models 

Clicks depend on relevance and position 
 
Each rank position has some independent 
probability of being examined. 

Users examine ranking sequentially 
 
Users scan down the ranking until finding a 
relevant document to click on. 

Insight into User Behavior Estimating Relevance 

Model parameters can be used to 
interpret how users behave 
 
άtƻǎƛǘƛƻƴ ōƛŀǎ ƎŜƴŜǊŀƭƭȅ ŀŦŦŜŎǘǎ ǳǎŜǊǎ · 
ŀƳƻǳƴǘ ŀǘ Ǌŀƴƪ мέΦ  LƴŘƛǊŜŎǘƭȅ ŜƴŀōƭŜǎ 
relevance estimation of documents. 

Directly estimate the relevance of 
documents (or quality of rankings) 
 
ά! ŎƭƛŎƪŜŘ ŘƻŎǳƳŜƴǘ ŎƻǊǊŜǎǇƻƴŘǎ ǘƻ ·҈ 
ǇǊƻōŀōƛƭƛǘȅ ƻŦ ōŜƛƴƎ ǊŜƭŜǾŀƴǘέΦ  5ƻŜǎ ƴƻǘ 
directly shed insight on user behavior. 



Examination Hypothesis 
(Position Model) 

ÅUsers can only click on documents they examine 

ïIndependent probability of examining each rank 
 

 

 

ïStraightforward to recover prob. of relevance 

ïExtensions possible 

ÅE.g. Dupret & Piwowarski 2008 

ïRequires multiple clicks on the same 
document/query pair (at different rank positions 
is helpful) 

Pr Click =1|doc,rank( ) = Pr Reldoc =1( ) ´ Pr Erank =1( )

[Richardson et al. 2007; Craswell et al. 2008; Dupret & Piwowarski 2008] 



Logistic Position Model 
(Position Model) 

 

 

 

 

 

 

ïRemoves independence assumption 

ï{ǘǊŀƛƎƘǘŦƻǊǿŀǊŘ ǘƻ ǊŜŎƻǾŜǊ ǊŜƭŜǾŀƴŎŜ όʰύ 

ïRequires multiple clicks on the same 
document/query pair (at different rank positions 
helpful) 

 

Pr Click =1|doc,rank( ) =
1

1+ exp - a doc - b rank( )

[Craswell et al. 2008; Chapelle & Zhang 2009] 



Clicks Over Expected Clicks 
(Position Model) 

[Agichtein et al 2006a; Zhang & Jones 2007; Chapelle & Zhang 2009] 



Clicks Over Expected Clicks 
(Position Model) 

[Agichtein et al 2006a; Zhang & Jones 2007; Chapelle & Zhang 2009] 



Clicks Over Expected Clicks 
(Position Model) 

[Agichtein et al 2006a; Zhang & Jones 2007; Chapelle & Zhang 2009] 



Cascade Model 

ÅAssumes users examines results top-down 
1. Examines result 

2. If relevant: click, end session 

3. Else: go to next result, return to step 1 

 

 

ïProbability of click depends on relevance of 
documents ranked above. 

ïAlso requires multiple query/doc impressions 

[Craswell et al. 2008] 

Pr Clickj =1( ) = Pr rel j =1( ) 1 - Pr Reli =1( )( )
i< j

Õ



Cascade Model Example 

 

 

500 users typed a query 

Å0 click on result A in rank 1 

Å100 click on result B in rank 2 

Å100 click on result C in rank 3 
 

Cascade Model says: 

Å0 of 500 clicked A Č relA = 0 

Å100 of 500 clicked B Č relB = 0.2 

Å100 of remaining 400 clicked C Č relC = 0.25 

Pr Clickj =1( ) = Pr rel j =1( ) 1 - Pr Reli =1( )( )
i< j

Õ



Dynamic Bayesian Network 
(Extended Cascade Model) 

ÅLike cascade model, but with added steps 
1. Examines result at rank j 
2. If attracted to result at rank j: 
Å Clicks on result 
Å If result is relevant, ends session 

3. Otherwise, decide whether to abandon session 
4. If not, j ă j + 1, go to step 1 

 
ïCan model multiple clicks per session 
ïDistinguishes clicks from relevance 
ïRequires multiple query/doc impressions 

 
[Chapelle & Zhang 2009] 



Dynamic Bayesian Network 
(Extended Cascade Model) 

[Chapelle & Zhang 2009] 



Performance Comparison 

[Chapelle & Zhang 2009] 

ÅPredicting clickthrough rate (CTR) on top result 
ÅModels trained on query logs of large-scale search engine 



Estimating DCG Change Using Clicks 

ÅModel the relevance of each doc as random variable 

ïI.e., multinomial distribution of relevance levels 

 

 

 

ïX = random variable 

ïaj = relevance level (e.g., 1-5) 

ïc = click log for query q 

 

ï/ŀƴ ōŜ ǳǎŜŘ ǘƻ ƳŜŀǎǳǊŜ tόɲ5/D ғ лύ 

ïRequires expert labeled judgments 

 

 

[Carterette & Jones 2007] 



Estimating DCG Change Using Clicks 

 

 

 

ÅPlotting accuracy of predicting better ranking vs model 
confidence, i.e. tόɲ5/D ғ л) 

 

ÅTrained using Yahoo! sponsored search logs with relevance 
judgments from experts 

 

ÅAbout 28,000 expert judgments on over 2,000 queries 
 

 
[Carterette & Jones 2007] 



Absolute Document Judgments (Summary) 

ÅJoint model of user behavior and relevance 

ïE.g., how often a user examines results at rank 3 
 

ÅStraightforward to infer relevance of documents 
 

ïNeed to convert document relevance to evaluation metric 
 

ÅRequires additional assumptions   

ïE.g., cascading user examination assumption 
 

ÅRequires multiple impressions of doc/query pair 

ï! ǎǇŜŎƛŀƭ ŎŀǎŜ ƻŦ ά9ƴƘŀƴŎƛƴƎ ²Ŝō {ŜŀǊŎƘ ōȅ aƛƴƛƴƎ {ŜŀǊŎƘ 
ŀƴŘ .ǊƻǿǎŜ [ƻƎǎέ ǘǳǘƻǊƛŀƭ ǘƘƛǎ ƳƻǊƴƛƴƎ 

ïMay be impractical at small scales 

 



Absolute Ranking-Level Judgments 

ÅDocument-level feedback requires converting 
judgments to evaluation metric (of a ranking) 
 

ÅRanking-level judgments directly define such a 
metric 

Some Absolute Metrics 

Abandonment Rate Reformulation Rate 

Queries per Session Clicks per Query 

Click rate on first result Max Reciprocal Rank 

Time to first click Time to last click 

% of viewed documents skipped (pSkip) 

[Radlinski et al. 2008] 



Absolute Ranking-Level Judgments 

ÅBenefits 
ïOften much simpler than document click models 
ïDirectly measure ranking quality: Simpler task 

requires less data, hopefully 
 

ÅDownsides 
ï/ŀƴΩǘ ǊŜŀƭƭȅ ŜȄǇƭŀƛƴ ǘƘŜ ƻǳǘŎƻƳŜΥ  
ÅNever get examples of inferred ranking quality 
ÅDifferent queries may naturally differ on metrics: counting 

on the average being informative 

ïEvaluations over time need not necessarily be  
comparable. Need to ensure: 
ÅDone over the same user population 
ÅPerformed with the same query distribution 
ÅPerformed with the same document distribution 



Monotonicity Assumption 
ÅConsider two set of results: A & B 
ïA is high quality 
ïB is medium quality 

 

ÅWhich will get more clicks from users, A or B? 
ïA has more good results: Users may be more likely to click 

when presented results from A.  
ïB has fewer good results: Users may need to click on more 

results from ranking B to be satisfied. 
 

ÅNeed to test with real data 
ïIf either direction happens consistently, with a reasonable 

amount of data, we can use this to evaluate online 



Testing monotonicity on ArXiv.org 

Å This is an academic search engine, similar to ACM 
digital library but mostly for physics. 

Å Real users looking for real documents. 

Å Relevance direction known by construction 
ORIG  >  SWAP2  >  SWAP4 

ÅORIG: Hand-tuned ranking function 

ÅSWAP2: ORIG with 2 pairs swapped 

ÅSWAP4: ORIG with 4 pairs swapped 

ORIG  >  FLAT >  RAND 

ÅORIG: Hand-tuned ranking function, over many fields 

ÅFLAT: No field weights 

ÅRAND : Top 10 of FLAT randomly reordered shuffled 

ÅEvaluation on 3500 x 6 queries 
[Radlinski et al. 2008] 

Do all pairwise tests: 
Each retrieval function 
used half the time. 



Absolute Metrics 
Name Description Hypothesized Change 

as Quality Falls 

Abandonment Rate % of queries with no click Increase 

Reformulation Rate % of queries that are followed 
by reformulation 

Increase 

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

Increase 

Clicks per Query Number of clicks Decrease 

Clicks @ 1 Clicks on top results Decrease 

pSkip [Wang Ŝǘ ŀƭ Ωлфϐ Probability of skipping Increase 

Max Reciprocal Rank* 1/rank for highest click Decrease 

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

Time to First Click* Seconds before first click Increase 

Time to Last Click* Seconds before final click Decrease 

(*) only queries with at least one click count 



Evaluation of Absolute Metrics on ArXiv.org 
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[Radlinski et al. 2008] 



Evaluation Metric Consistent 
(weak) 

Inconsistent 
(weak) 

Consistent 
(strong) 

Inconsistent 
(strong) 

Abandonment Rate 4 2 2 0 

Clicks per Query 4 2 2 0 

Clicks @ 1 4 2 4 0 

pSkip 5 1 2 0 

Max Reciprocal Rank 5 1 3 0 

Mean Reciprocal Rank 5 1 2 0 

Time to First Click 4 1 0 0 

Time to Last Click 3 3 1 0 

Evaluation of Absolute Metrics on ArXiv.org 

ÅHow well do statistics reflect the known quality order? 

[Radlinski et al. 2008; 
Chapelle et al. under review] 



Evaluation Metric Consistent 
(weak) 

Inconsistent 
(weak) 

Consistent 
(strong) 

Inconsistent 
(strong) 

Abandonment Rate 4 2 2 0 

Clicks per Query 4 2 2 0 

Clicks @ 1 4 2 4 0 

pSkip 5 1 2 0 

Max Reciprocal Rank 5 1 3 0 

Mean Reciprocal Rank 5 1 2 0 

Time to First Click 4 1 0 0 

Time to Last Click 3 3 1 0 

Evaluation of Absolute Metrics on ArXiv.org 

ÅHow well do statistics reflect the known quality order? 

[Radlinski et al. 2008; 
Chapelle et al. under review] 

Absolute Metric Summary 
 

ÅNone of the absolute metrics reliably 
reflect expected order. 

 

ÅMost differences not significant with 
thousands of queries. 

 

ü (These) absolute metrics not suitable 
for ArXiv-sized search engines with 
these retrieval quality differences. 



Relative Comparisons 

ÅWhat if we ask the simpler question directly: 
 Which of two retrieval methods is better? 

 

ÅInterpret clicks as preference judgments 
ï between two (or more) alternatives 

 

ÅU(f1) > U(f2) ė pairedComparisonTest(f1, f2) > 0 
 

 

ÅCan we control for variations in particular user/query? 

ÅCan we control for presentation bias? 

ÅNeed to embed comparison in a ranking 



Analogy to Sensory Testing 

ÅSuppose we conduct taste experiment:            vs  
ïWant to maintain a natural usage context 

 

 

ÅExperiment 1: absolute metrics 
ï9ŀŎƘ ǇŀǊǘƛŎƛǇŀƴǘΩǎ ǊŜŦǊƛƎŜǊŀǘƻǊ ǊŀƴŘƻƳƭȅ ǎǘƻŎƪŜŘ  
ÅEither Pepsi or Coke (anonymized)  

ïMeasure how much participant drinks 
 

 

ÅIssues: 
ï/ŀƭƛōǊŀǘƛƻƴ όǇŜǊǎƻƴΩǎ ǘƘƛǊǎǘΣ ƻǘƘŜǊ ŎƻƴŦƻǳƴŘƛƴƎ ǾŀǊƛŀōƭŜǎΧύ 

ïHigher variance 

 



Analogy to Sensory Testing 

ÅSuppose we conduct taste experiment:            vs  
ïWant to maintain natural usage context 

 

 

ÅExperiment 2: relative metrics 
ï9ŀŎƘ ǇŀǊǘƛŎƛǇŀƴǘΩǎ ǊŜŦǊƛƎŜǊŀǘƻǊ ǊŀƴŘƻƳƭȅ ǎǘƻŎƪŜŘ  
ÅSome Pepsi (A) and some Coke (B) 

ïMeasure how much participant drinks of each 
Å(Assumes people drink rationally!) 

 

 

ÅIssues solved: 
ïControls for each individual participant 

ïLower variance 

 

A B 



A Taste Test in Retrieval: 
Document Level Comparisons 

This 

Is probably  
better than that 

[Joachims, 2002] 



A Taste Test in Retrieval: 
Document Level Comparisons 

ÅThere are other alternatives 

ïClick > Earlier Click 

ïLast Click > Skip Above 

ïΧ 

ÅHow accurate are they? 

[Joachims et al, 2005] 



A Taste Test in Retrieval: 
Document Level Comparisons 

ÅYou can only observe that lower > higher 

ÅSo randomly reorder pairs of documents 

 

 

 

 

 

 

  

 

 

 

 

 

 

Document 2 

Document 1 

Document 1 

Document 2 

Half the time, show: The other half, show: 

ώwŀŘƭƛƴǎƪƛ ϧ WƻŀŎƘƛƳǎ Ψлтϐ 



A Taste Test in Retrieval: 
Document Level Comparisons 

ÅYou can only observe that lower > higher 

ÅSo randomly reorder pairs of documents 

 

 

 

 

 

 

ÅHybrid approach: Convert pairs to absolute 

ώ!ƎǊŀǿŀƭ Ŝǘ ŀƭ Ψлфϐ 

Document 2 

Document 1 

Document 1 

Document 2 

Half the time, show: The other half, show: 

What happens 
more often? 

ώwŀŘƭƛƴǎƪƛ ϧ WƻŀŎƘƛƳǎ Ψлтϐ 



Document-Level Comparisons 

ÅDerive pairwise judgments between documents 
 

ÅOften more reliable than absolute judgments 
ïAlso supported by experiments on collecting expert judgments 

[Carterette et al. 2008] 
 

ÅBenefits: reliable & easily reusable 
ïDƛǾŜǎ άŎƻǊǊŜŎǘέ όƛƴ ŜȄǇŜŎǘŀǘƛƻƴύ ŦŜŜŘōŀŎƪ 

ïEasy to convert into training data for standard ML algorithms 
 

ÅLimitations: still a biased sample 
ïDistribution of feedback slanted towards top of rankings 

ïNeed to turn document-level feedback into evaluation metric 

 

 



A Taste Test in Retrieval: 
Ranking Level Comparisons 

ÅNot natural όŜǾŜƴ ƎŜǘǘƛƴƎ ǊƛŘ ƻŦ ǘƘŜ άǾƻǘŜέ ōǳǘǘƻƴύ  
ÅLŦ ȅƻǳΩǊŜ ŀƴ ŜȄǇŜǊǘΣ ƳŀȅōŜ ȅƻǳ Ŏŀƴ ƎǳŜǎǎ ǿƘƛŎƘ ƛǎ ǿƘƛŎƘ 

 
 
 
 
 

ÅWhat about getting a preference between rankings? 

e.g. [Thomas & Hawking, 2008] 



Paired Comparisons 

ÅHow to create a natural (and blind) paired test? 

ïSide by side disrupts natural usage context 

ïNeed to embed comparison test inside a single ranking 



Team Draft Interleaving 
Ranking A 

1. Napa Valley ς The authority for lodging... 
 www.napavalley.com 
2. Napa Valley Wineries - Plan your wine... 
 www.napavalley.com/wineries 
3. Napa Valley College 
 www.napavalley.edu/homex.asp 
4. Been There | Tips | Napa Valley 
 www.ivebeenthere.co.uk/tips/16681 
5. Napa Valley Wineries and Wine 
 www.napavintners.com 
6. Napa Country, California ς Wikipedia 
 en.wikipedia.org/wiki/Napa_Valley 

Ranking B 
1. Napa Country, California ς Wikipedia 
 en.wikipedia.org/wiki/Napa_Valley 
2. Napa Valley ς The authority for lodging... 
 www.napavalley.com 
3. Napa: The Story of an American Eden... 
 books.google.co.uk/books?isbn=... 
4. Napa Valley Hotels ς Bed and Breakfast... 
 www.napalinks.com 
5. NapaValley.org 
 www.napavalley.org 
6. The Napa Valley Marathon 
 www.napavalleymarathon.org 

Presented Ranking 
1. Napa Valley ς The authority for lodging... 
 www.napavalley.com 
2. Napa Country, California ς Wikipedia 
 en.wikipedia.org/wiki/Napa_Valley 
3. Napa: The Story of an American Eden... 
 books.google.co.uk/books?isbn=... 
4. Napa Valley Wineries ς Plan your wine... 
 www.napavalley.com/wineries 
5. Napa Valley Hotels ς Bed and Breakfast... 
 www.napalinks.com  
6. Napa Balley College 
 www.napavalley.edu/homex.asp 
7 NapaValley.org 
 www.napavalley.org 

A B 



Team Draft Interleaving 
Ranking A 

1. Napa Valley ς The authority for lodging... 
 www.napavalley.com 
2. Napa Valley Wineries - Plan your wine... 
 www.napavalley.com/wineries 
3. Napa Valley College 
 www.napavalley.edu/homex.asp 
4. Been There | Tips | Napa Valley 
 www.ivebeenthere.co.uk/tips/16681 
5. Napa Valley Wineries and Wine 
 www.napavintners.com 
6. Napa Country, California ς Wikipedia 
 en.wikipedia.org/wiki/Napa_Valley 

Ranking B 
1. Napa Country, California ς Wikipedia 
 en.wikipedia.org/wiki/Napa_Valley 
2. Napa Valley ς The authority for lodging... 
 www.napavalley.com 
3. Napa: The Story of an American Eden... 
 books.google.co.uk/books?isbn=... 
4. Napa Valley Hotels ς Bed and Breakfast... 
 www.napalinks.com 
5. NapaValley.org 
 www.napavalley.org 
6. The Napa Valley Marathon 
 www.napavalleymarathon.org 

Presented Ranking 
1. Napa Valley ς The authority for lodging... 
 www.napavalley.com 
2. Napa Country, California ς Wikipedia 
 en.wikipedia.org/wiki/Napa_Valley 
3. Napa: The Story of an American Eden... 
 books.google.co.uk/books?isbn=... 
4. Napa Valley Wineries ς Plan your wine... 
 www.napavalley.com/wineries 
5. Napa Valley Hotels ς Bed and Breakfast... 
 www.napalinks.com  
6. Napa Balley College 
 www.napavalley.edu/homex.asp 
7 NapaValley.org 
 www.napavalley.org 

Tie! 



Scoring Interleaved Evaluations 

Å/ƭƛŎƪǎ ŎǊŜŘƛǘŜŘ ǘƻ άƻǿƴŜǊέ ƻŦ ǊŜǎǳƭǘ 

ïRanking r1 

ïRanking r2 

ïShared 
 

 

 

 

 

 

 

 

 

 

 

 

ïA & B share top K results when they have identical results 
ŀǘ ŜŀŎƘ Ǌŀƴƪ мΧY 

ïRanking with more credits wins 

A 

C 

D 

B 

A 

E 

F 

B A 

C 

F 

B 

r1 r2 



Simple Example 

ÅTwo users, Alice & Bob  
ïAlice clicks a lot,    

ïBob clicks very little. 

 

ÅTwo retrieval functions, r1 & r2 

ï r1 > r2 

 

ÅTwo ways of evaluating: 
ïRun r1 & r2  independently, 

measure absolute metrics 

ï Interleave r1 & r2, measure 
pairwise preference 



Simple Example 

ÅTwo users, Alice & Bob  
ïAlice clicks a lot,    

ïBob clicks very little, 

 

ÅTwo retrieval functions, r1 & r2 

ï r1 > r2 

 

ÅTwo ways of evaluating: 
ïRun r1 & r2  independently, 

measure absolute metrics 

ï Interleave r1 & r2, measure 
pairwise preference 

ÅAbsolute metrics: 

 

 
Higher chance of falsely 

concluding that r2 > r1 
 

ÅInterleaving: 
 

 

 

 

 

User Ret Func #clicks 

Alice r2 5 

Bob r1 1 

User #clicks on r1 #clicks on r2 

Alice 4 1 

Bob 1 0 



Challenges (Calibration) 

ÅNo longer need to calibrate clickthrough rate  

ïacross users and queries 
 

ÅMore sensitive 

ïFewer queries to achieve statistical significance 

 
 

 

Will see empirical evaluations later. 



Challenges (Presentation Bias) 

ÅInterleaved ranking preserves rank fairness 

ïRandom clicker clicks on both rankings equally 

ïBiased clicker clicks on both rankings equally 
 

ÅMore reliable 

ïMore consistently identifies better ranking 
 

Will see empirical evaluations later. 



Benefits & Drawbacks of Interleaving 

ÅBenefits 

ïA more direct way to elicit user preferences 

ïA more direct way to perform retrieval evaluation 

ïDeals with issues of position bias and calibration  

 

ÅDrawbacks 

ïCan only elicit pairwise ranking-level preferences 

ïUnable to interpret much at the document-level 

ïUnable to interpret much about user behavior 



Quantitative Analysis 

ÅCan we quantify how well Interleaving performs? 

ïΧǿƛǘƘ ǊŜǎǇŜŎǘ ǘƻ ǊŜǘǊƛŜǾŀƭ ŜǾŀƭǳŀǘƛƻƴ 

ïvs. Absolute Ranking-level Metrics 

ïvs. Offline Judgments 
 

ÅReliability   

ïDoes Interleaving identify the better retrieval function? 
 

ÅSensitivity 

ïHow much data is required to achieve a target p-value? 
 

[Radlinski et al. 2008; Chapelle et al. (under review)] 



Experimental Setup 

ÅSelected 4-6 pairs of ranking functions to compare 

ïKnown retrieval quality, by construction or by judged evaluation 
 

ÅCollected click logs in two experimental conditions 

ïEach ranking function by itself to measure absolute metrics 

ïInterleaving of the two ranking functions 
 

ÅThree search platforms used 

ïarXiv.org 

ïYahoo! 

ïBing 

[Radlinski et al. 2008; Chapelle et al. (under review)] 



Comparison with Absolute Metrics (Online) 

[Radlinski et al. 2008; Chapelle et al. (under review)] 

p
-v

a
lu

e 

Query set size 

ÅExperiments on arXiv.org 
ÅAbout 1000 queries per experiment 
ÅInterleaving is more sensitive and more reliable 

Clicks@1 diverges in 
preference estimate 

Interleaving achieves 
significance faster 

ArXiv.org Pair 1 ArXiv.org Pair 2 
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Comparison with Absolute Metrics (Online) 
p
-v

a
lu

e 

Query set size 

[Radlinski et al. 2008; Chapelle et al. (under review)] 

ÅExperiments on Yahoo!  (smaller differences in quality) 
ÅLarge scale experiment 
ÅInterleaving is sensitive and more reliable  (~7K queries for significance) 

Yahoo! Pair 1 Yahoo! Pair 2 

A
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t 
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b

a
b
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ty 



Comparative Summary 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Pair1 Pair2 Pair3 Pair4 Pair5 Pair6

Abandonment

Clicks / Query

Clicks @ 1

pSkip

Max Recip. Rank

Mean Recip. Rank

Time to First Click

Time to Last Click

Interleaving

ÅComparison of arXiv.org experiments for ~150 queries 
ÅResults on Yahoo! qualitatively similar 

p
-v

a
lu

e 

[Radlinski et al. 2008; Chapelle et al. (under review)] 



Comparative Summary 

Method Consistent 
(weak) 

Inconsistent 
(weak) 

Consistent 
(strong) 

Inconsistent 
(strong) 

Abandonment Rate 4 2 2 0 

Clicks per Query 4 2 2 0 

Clicks @ 1 4 2 4 0 

pSkip 5 1 2 0 

Max Reciprocal Rank 5 1 3 0 

Mean Reciprocal Rank 5 1 2 0 

Time to First Click 4 1 0 0 

Time to Last Click 3 3 1 0 

Interleaving 6 0 6 0 

ÅComparison of arXiv.org experiments 
ÅResults on Yahoo! qualitatively similar 

[Radlinski et al. 2008; Chapelle et al. (under review)] 



Interpretation Choices 

Absolute Relative 

 
 
 

Document Level 
 
 
 

Click Rate,  
Cascade Model, 

Χ 

Click/Skip, 
FairPairs 

 
 

 
Ranking Level 

 
 

 

Abandonment, 
Reciprocal Rank,  

Time to Click, 
PSkip,  
Χ 

Side by Side, 
Interleaving 

Often more 
reliable & 
sensitive 

Often 
more 

reusable 

Often 
what you 
actually 
want 

Best understood 
& most reusable 



Story so Far 

ÅQuantitatively compared Interleaving vs 
absolute online metrics 

ïMore reliable 

ïMore sensitive 
 

ÅWhat about offline (expert) judgments? 

ïDoes Interleaving agree with experts? 

ïHow much is a query worth? 



Calibration with Offline Judgments 

[Radlinski & Craswell 2010;  Chapelle et al. (under review)] 

ÅExperiments on Bing (large scale experiment) 
ÅPlotted interleaving preference vs NDCG difference 
ÅGood calibration between expert judgments and interleaving 
ÅI.e., magnitude preserving 



Comparison with Offline Judgments 

[Radlinski & Craswell 2010;  Chapelle et al. (under review)] 

ÅExperiments on Bing (large-scale experiment) 
ÅPlotted queries required vs expert judgments required (for varying target p-values) 
ÅLinear relationship between queries and expert judgments required 
ÅOne expert judgment is worth ~10 queries 



Summary of Ranking-Level 
Quantitative Analysis 

ÅInterleaving is reliable 

ïConsistent & calibrated expert judgments 
 

ÅInterleaving is sensitive 

ïRequires fewer queries to achieve significance 

ïFor Bing:  1 judgment = ~10 queries 
 

ÅNot easily reusable or interpretable 

ïEach evaluation requires new online experiment 

ïHard to say more than Ranking A > Ranking B 



Summary of Part 1 

ÅConsidered online versus offline evaluation 

ïUnder which conditions is each better 
 

ÅWith online data 

ïCompared absolute & relative interpretations 

ïCompared document level & ranking level 
interpretations 

 

ÅPart 2 will show you how to collect data and 
apply these methods yourself 



Practical Online Retrieval Evaluation 
Part 2 

Filip Radlinski (Microsoft) 

Yisong Yue (CMU) 



Outline 

ÅPart 1 : Overview of Online Evaluation 
 

   (Break) 
 

ÅPart 2: End-to-End, From Design to Analysis 
ïSetting up a search service 

ïGetting your own data 

ïRunning online experiments 
 

   (Break) 
 

ÅPart 3: Open Problems in Click Evaluation 
 

ÅPart 4: Connection to Optimization & Learning 



Information 
Systems 
Your 

System! 

http://www.genealogyreviewsonline.com/photos/uncategorized/2008/07/22/facebook_pic_2.jpg
http://www.mapquest.com/


A Recipe 

0.  Come up with a new retrieval algorithm 
 

1. Create logging infrastructure 

2. Create reranking infrastructure 

3. Recruit some users 

4. Wait for data 

5. Analyze Results 

 

6. Write a paper 



User behavior we can record 

ÅQueries & results 
ïContext as well: Which computer & when 

 
ÅClicks on results 
ïMetadata: What order, dwell time, but not tabs 

 
ÅThe same methods can be used to observe 
ïQuery reformulations    
ïBrowsing of result site 

 
ÅWith some more work 
ïMouse movements, text selection, etc Χ 



Being the Search Engine 

ÅTo get real data, we need real users 
ïbŜŜŘ ǘƻ ƛƳǇƭŜƳŜƴǘ ŀƴ Lw ǎȅǎǘŜƳ ǘƘŀǘ ǇŜƻǇƭŜ ǿŀƴǘ ǘƻ ǳǎŜ Χ 

ïΧ ǿƛǘƘƻǳǘ ƘŀǾƛƴƎ ǘƻ ōǊŜŀƪ ǘƘŜƛǊ ƴƻǊƳŀƭ ǊƻǳǘƛƴŜ 

ïThen convince some people to actually do it 

 

ÅBenefits 
ïReal users & data! 

 

ÅChallenges 
ïMake the system usable (hint: start by using it yourself) 

ïEffective data collection 

ïMake it easy to run evaluation experiments 

ïImportant consideration: Privacy & Human Subjects 



A spectrum of possible approaches 

ÅWeb proxy 
ï Intercept, record & modify results before they get to the client 

 
Å Browser toolbar 
ï Intercept and modify the page the browser gets 

 
Å Search engine on top of a public search API 
ïFetch results from a search API, build your own results page 

 
Å Your own search engine 
ïMany tools exist to get you most of the way there 
ïDirect access to index, generate any rankings 
ïUsually for a special collection: arXiv.org, CiteSeerΣ tǳōaŜŘΣ Χ 
 

 
 



A spectrum of possible approaches 

Method 
Easy to 

get 
users 

Easy 
on/off? 

Easy to 
observe 

Robust 
Runs 
ƻƴ Χ 

Amount 
of work 

Changes 
are easy 

Proxy V All web 
traffic 

server Ï V 

Toolbar V V Everything client ÏÏ 

Search API V Our queries 
& clicks V server ÏÏ V 

Write an 
engine V Our queries 

& clicks V server ÏÏÏ V 

Can you get some 
volunteers to spend 5 
minutes to be set up, 
then regularly use it 
without thinking? 

How likely are you to 
need to actively keep 

tweaking it? 

What happens 
when you find 
a bug just after 
setting up the 

20th user? 



A spectrum of possible approaches 

Method 
Easy to 

get 
users 

Easy 
on/off? 

Easy to 
observe 

Robust 
Runs 
ƻƴ Χ 

Amount 
of work 

Changes 
are easy 

Proxy V All web 
traffic 

server Ï V 

Toolbar V V Everything client ÏÏ 

Search API V Our queries 
& clicks V server ÏÏ V 

Write an 
engine V Our queries 

& clicks V server ÏÏÏ V 

How easy is it for a 
user to remember 
ǘƘŀǘ ȅƻǳΩǊŜ ƭƻƎƎƛƴƎ 

things? Can they just 
turn it off for a 

minute? 

Do you need to set 
up a special server? 



A spectrum of possible approaches 

Method 
Easy to 

get 
users 

Easy 
on/off? 

Easy to 
observe 

Robust 
Runs 
ƻƴ Χ 

Amount 
of work 

Changes 
are easy 

Proxy V All web 
traffic 

server Ï V 

Toolbar V V Everything client ÏÏ 

Search API V Our queries 
& clicks V server ÏÏ V 

Write an 
engine V Our queries 

& clicks V server ÏÏÏ V 

What data can you 
(the researcher) 
easily record? 

Is this something you 
can do before lunch? 



A spectrum of possible approaches 

Method 
Easy to 

get 
users 

Easy 
on/off? 

Easy to 
observe 

Robust 
Runs 
ƻƴ Χ 

Amount 
of work 

Changes 
are easy 

Proxy V All web 
traffic 

server Ï V 

Toolbar V V Everything client ÏÏ 

Search API V Our queries 
& clicks V server ÏÏ V 

Write an 
engine V Our queries 

& clicks V server ÏÏÏ V 



Demo Application 
Some easy to use academic research systems 



Building a Proxy 

ÅIntercepting traffic is easy 

ïAll you need are representative users 

ïΧ ǿƘƻ ŘƻƴΩǘ ƳƛƴŘ ǎƘŀǊƛƴƎ ǘƘŜƛǊ ǘǊŀŦŦƛŎ ǿƛǘƘ ȅƻǳ 

 

ÅFour parts to a proxy: 

ïIntercepting search engine requests 

ïLogging queries & results 

ïLogging clicks on results 

ïSubstituting in your own search engine results 

 



Intercepting search engine requests 

ÅWrite a proxy, e.g. in Perl. Its  REALLY  EASY! 

 

 

 

 

 

 

 

 

 

 

Å{Ŝǘ ǾƻƭǳƴǘŜŜǊǎΩ ōǊƻǿǎŜǊǎ ǘƻ ǳǎŜ ǘƘƛǎ ǇǊƻȄȅ 
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Logging clicks 

we want to log this request 

Then log it 

Get request metadata 



Logging clicks 



Logging queries & results 

we want to log this request 

Get the metadata 

Parse the results 



Logging queries & results 



Modifying results 

Get the original results 

Rerank them 

Set up the evaluation 

Replace the old results with your new set 



Modifying results 



Demo! 



Other approaches 

ÅBrowser toolbar 
ï All modern browsers support custom toolbars 
ï They are getting much simpler to write 
ï Lemur toolkit [lemurproject.org] has open source toolbars to start with. 

Another starting point is AlterEgo [Matthijs ϧ wŀŘƭƛƴǎƪƛ Ωмлϐ 
ï GreaseMonkey lets you do limited logging & rewriting almost browser-

independently 

 

ÅUse a search API 
ï Bing, Google, Yahoo! all offer search APIs 
ï Many non-web engines (twitter, Facebook, etc) also offer an API 
ï You can treat a regular search page as an API of sorts, parsing the results 

 

ÅBuild your own search engine 
ï Easy to use libraries: Lucene (java), Lucene.Net (C#) 
ï Easy to run-on engines: Indri,  Lucene, Terrier, Zettair, and many more 



Designing our experiment 

Get the original results 

Rerank them 

Replace the old results with your new set 



Randomly choose which Ranker picks next 

Case 1: Ranker A chooses, then Ranker B chooses 

Case 2: Ranker B chooses, then Ranker A chooses 

Check for shared results 

Repeat until 10  
results chosen 





Demo! 



So far in our recipe 

0.  Come up with a reranking system 

 

1. Create logging infrastructure 

2. Create reranking infrastructure 

3. Recruit some users 

4. Wait for data 

5. Analyze Results 



Recruiting Users 

Questions to ask when recruiting 
1. Are you using the system yourself? 
ÅIf not, why not? 

 

2. Will your users find the system usable? 
ÅA little worse than the default is ok 
ÅA little slower than the default is ok 
ÅA little less reliable than the default is ok 
    Χ ōǳǘ ƴŜǾŜǊ ōȅ ǘƻƻ ƳǳŎƘ 

 

3. Are you collecting private data? 
ÅDo you really need to? 
ÅWhat will you do with it? 

 

4. Is your user base representative? 
 



ÅRecall the three study setup alternatives 
 

ïControlled task lab study 
ïControlled task, uncontrolled environment 
ïGeneral uncontrolled retrieval tasks 

 

ÅThe right setup depends on the research question 
 

ïWill users naturally enter a sufficient number of queries that 
you want to improve? 
ÅFor example, for long question queries 

 

ïDo you need additional metadata about users? 
ÅFor example, for personalization 

 

ïIs there a natural place this system should be deployed? 
ÅFor example, on a computer in your building lobby? 

What to ask of your users  



Analyzing the Results 

ÅWe have collected data of the form: 

 <query> <results> <metadata>  

and <clicks> <associated query> 

ÅWe want to group those into 

 <query> <metadata> <clicks> 

ÅAnd evaluate how often each retrieval function wins 

 <query 1> <which ranking won> 

 <query 2> <which ranking won> 

 Χ 

ÅFinally, we can see if the retrieval functions are different, 
statistically significantly. 



Significance Testing 

ÅThe simplest test: Sign Test 

ÅSuppose: 

ïThe baseline won interleaving on 120 queries 

ïYour ranking won interleaving on 140 queries 

ïIs your ranking significantly better? [here: no] 

ÅStatistical tests:  

ïRun a sign test in your favorite software 

ïUse a Binomial confidence interval 

Ð ὴǶᾀ
ὴǶρ ὴǶ

ὲ
 



Significance Testing 

ÅWe can also test the power of the evaluation 
methodology 

 

ÅInterleave r1 vs r2 

 

ÅGiven set of logged queries Q = {q1ΣΧΣqn}  
ïSŀƳǇƭŜ ƪ ǉǳŜǊƛŜǎ vΩ ŦǊƻƳ v ǿƛǘƘ ǊŜǇƭŀŎŜƳŜƴǘ 
Åόƪ Җ ƴύ 

ïCompute whether r1 ǿƛƴǎ ƛƴ vΩ 

ïRepeat m times 

 

[Efron & Tibshirani 1993] 



Significance Testing 

ÅExample: log 4 queries Q = {                               } 
 

 

 

q1 q2 q3 q4 

[Efron & Tibshirani 1993] 



Significance Testing 

ÅExample: log 4 queries Q = {                               } 
 

ÅGenerate m bootstrap samples 

ïSample w/ replacement 

ïRecord who wins each sample 
 

 

q1 q2 q3 q4 

[Efron & Tibshirani 1993] 

q1 q1 q3 q4 

q2 q4 q3 q2 

q4 q1 q4 q2 

q3 q1 q3 q3 Χ
 



Significance Testing 

ÅExample: log 4 queries Q = {                               } 
 

ÅGenerate m bootstrap samples 

ïSample w/ replacement 

ïRecord who wins each sample 
 

ÅE.g., r1 wins in 74% of samples 

ïSuppose we know r1 > r2 

ï²ŜΩŘ ƳŀƪŜ ǘƘŜ ǿǊƻƴƎ ŎƻƴŎƭǳǎƛƻƴ нс҈ ƻŦ ǘƘŜ ǘƛƳŜ 

ïMore queries = higher confidence (less likely to be wrong) 

[Efron & Tibshirani 1993] 

q1 q2 q3 q4 

q1 q1 q3 q4 

q2 q4 q3 q2 

q4 q1 q4 q2 

q3 q1 q3 q3 Χ
 


