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Machine Learning intro.

• Label type: Task:

– Binary {A,¬A} Clasification

– Discrete {A,B,C} Multiclass Class.
   (Discrete but unknown) Clustering

– Preferences {A > B  > C} Oridinal 
   Regression

– Continuous {R} Regression

   

Machine Learning intro.
• The promise…

– Features + labels + ML = Good Model.
– Concentrate on innovation, tasks, forget the details…

• Until today…
– Good features.
– Lots of labels, good (#labels / #feaure) ratio.
– Not too noisy & nicely noisy (i.e. uncorrelated, unimodal...)
– Element-wise error.

  

i.e.
•    Reuters Document Classification: more than half of the topics 
are poorly classified!
•    INEX: not enough data to learn structure effect.
•    HARD: not enought labels to learn user context effect.

i.e. 
•  Biased Judges

•  Adversarial IR

•   Tomorrow…   
―  ML research is moving fast! 
―  Data is growing!
―  Main tasks are settling…

i.e.
• Performance Measures: Precision@10 , NDCG, …

i.e.
• tf , df        tf · log (N/df )       Σi tfi ∙ log (N/df i) 
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Learning Web Ranking Functions
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Almost… but,

    1) What is the label ?

   

The goodness of one score 
depends on all the others.

“ Ranking”  issues

• Rank-dependant evaluation • Query-dependant scale
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Precision@5      =  2/5

query1  = “Britney”  
   doc. A ()    score = 5
   doc. B ()   score = 0

query2  = “Britney Spears”  
   doc. A ()    score = 15
   doc. B ()   score = 7

The relevance scale changes 
across queries.



   

“ Ranking”  problem
1. We are only interested in top ranked objects.

2. Labels are only relative to other labels.
• i.e. Doc324 is best, Doc311 second best, etc.

• e.g. 
– Find the parameters that minimise L2 distance on the highest 

20 target values
– Precision at 5
– Average Precision, NDCG, Reciprocal mean, …

• Difficult, but ML is starting to propose practical 
solutions to this problem!

   

Avg. Precision Surface

Example (Topic Distillation, 
TREC’ 04)

*
Point­Wise (Cross­Entropy)

*
???



   

j scores lower    j scores higher
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Pair-wise error measures

Number of irrelevant above relevant doc i:

Precision at 5:

Precision@K

mistakes(i)

mistakes(j)      
             

Smooth­Step,
 Hinge Lose, 
  Exponential…

+ standard 
ML machinery

   

Pair-wise for NDCG:
should it work?

• At a maxima, we cannot decrease pair-wise errors 
without decreasing NDCG or Avg. Prec.

• Therefore, these measures must share local maxima!

[Robertson S., Zaragoza H., MSR­TR­2006­61]



   

Pair-wise for NDCG:
does it work?

hinge losscross­entropyaverage precision

   

Pair-wise for NDCG:
does it work?

Gradient Descent
few features

Gradient Descent
many features

Line Search
few features


