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Ranking should consider multiple factors 
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• YouTube videos: view, subscribers, video length, user profile factors (e.g., age, location), 
title relevance, video quality, recency, …

• LinkedIn job postings: posting popularity, company popularity, number of openings, skill 
match with the user, nearness, recency, salary, …

• Our record store: record popularity, singer popularity, language, keyword match, …



Hand-tuning a Ranking Function
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• Score(𝑞𝑞, 𝑑𝑑) = 
 𝑎𝑎1 × TF-IDF(𝑞𝑞, 𝑑𝑑) + 
 𝑎𝑎2 × BM25(𝑞𝑞, 𝑑𝑑) + 
 𝑎𝑎3 × # views in the last day(𝑑𝑑) + 
 𝑎𝑎4 × # views in the last week(𝑑𝑑) + 
 𝑎𝑎5 × recency(𝑑𝑑) + 
 𝑎𝑎6 × PageRank(𝑑𝑑) + 
 …

• After checking some examples, you set 𝑎𝑎1 as 0.5, 𝑎𝑎2 as 0.8, …
• Problems with this strategy?



Instead, let’s learn a good ranker!
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• Rough Idea (not 100% accurately framed): Learn the value of 𝑎𝑎1, 𝑎𝑎2, … from data (e.g., 
relevant query-document pairs according to user clickthrough history)

• A very natural idea (especially these days)

• But it took a while for ML and IR to be good friends
• Wong et al., Linear structure in information retrieval. SIGIR 1988.
• Fuhr, Probabilistic methods in information retrieval. Computer Journal 1992.
• Gey, Inferring probability of relevance using the method of logistic regression. SIGIR 1994.
• Herbrich et al., Large margin rank boundaries for ordinal regression. Advances in Large 

Margin Classifiers 2000.



Background: Text Classification
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• Given:
• A document space 𝒳𝒳
• A fixed set of classes 𝒞𝒞 = {𝑐𝑐1, 𝑐𝑐2, … }
• A training set of labeled documents: 

• E.g., 𝑑𝑑1 → 𝑐𝑐1,   𝑑𝑑2 → 𝑐𝑐1,   𝑑𝑑3 → 𝑐𝑐2,    …

• Use a learning algorithm to learn a classifier f that maps documents to classes f: 𝒳𝒳 → 𝒞𝒞

• Examples
• Paper Topic Classification: 𝒳𝒳 = academic papers, 𝒞𝒞 = {math, physics, chemistry, …}
• Review Sentiment Analysis: 𝒳𝒳 = food reviews, 𝒞𝒞 = {1-star, 2-star, 3-star, 4-star, 5-star}
• Songwriter Prediction: 𝒳𝒳 = lyrics, 𝒞𝒞 = songwriters



Background: Text Classification
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• Training: Use a learning algorithm to 
learn a classifier f that maps documents 
to classes f: 𝒳𝒳 → 𝒞𝒞

• Testing/Inference: Given an unseen 
document 𝑑𝑑test

• Apply our classifier function f(𝑑𝑑test) 
to determine the most appropriate 
class in 𝒞𝒞



A Couple of Simple Text Classifiers: Rocchio
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• Training:“Learn” class centers for each class by finding the centroid of all the training 
examples from each class

• Testing/Inference: Assign a new example to the class of the nearest class center

• Example:
• 2-class classification (chemistry paper vs. history paper)
• Training samples

• chemistry: 𝑑𝑑1 = (1.0, 0.9), 𝑑𝑑2 = (0.9, 1.0)
• history: 𝑑𝑑3 = (0.2, 0.3), 𝑑𝑑4 = (0.3, 0.2)



A Couple of Simple Text Classifiers: Rocchio
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• Example:
• 2-class classification (chemistry paper vs. history paper)
• Training samples

• chemistry: 𝑑𝑑1 = (1.0, 0.9), 𝑑𝑑2 = (0.9, 1.0)
• history: 𝑑𝑑3 = (0.2, 0.3), 𝑑𝑑4 = (0.3, 0.2)

• Step 1: Compute class centroids

• chemistry: 𝑐𝑐chemistry = 𝑑𝑑1+𝑑𝑑2
2

= (0.95, 0.95)

• history: 𝑐𝑐history = 𝑑𝑑3+𝑑𝑑4
2

= (0.25, 0.25)



A Couple of Simple Text Classifiers: Rocchio
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• Step 1: Compute class centroids

• chemistry: 𝑐𝑐chemistry = 𝑑𝑑1+𝑑𝑑2
2

= (0.95, 0.95)

• history: 𝑐𝑐history = 𝑑𝑑3+𝑑𝑑4
2

= (0.25, 0.25)

• Step 2: Classify a new document
• New document: 𝑑𝑑5 = (0.8, 0.85)
• Compute Euclidean distance:

• To chemistry: dist 𝑑𝑑5, 𝑐𝑐chemistry = (0.8 − 0.95)2+(0.85 − 0.95)2 ≈ 0.1803

• To history: dist 𝑑𝑑5, 𝑐𝑐history = (0.8 − 0.25)2+(0.85 − 0.25)2 ≈ 0.8124
• 𝑑𝑑5 is closer to chemistry, so we classify it as a chemistry paper.



A Couple of Simple Text Classifiers: Rocchio
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• Can you raise an example where Rocchio does NOT work?



A Couple of Simple Text Classifiers: 𝑘𝑘 Nearest Neighbors (𝑘𝑘NN)
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• Training: None

• Testing/Inference: Assign a new example to the majority class of the 𝑘𝑘-nearest training 
examples

• Example:
• 2-class classification (chemistry paper vs. history paper)
• Training samples

• chemistry: 𝑑𝑑1 = (1.0, 0.9), 𝑑𝑑2 = (0.9, 1.0), 𝑑𝑑3 = (0.2, 0.3), 𝑑𝑑4 = (0.3, 0.2)
• history: 𝑑𝑑5 = (1.0, 0.3), 𝑑𝑑6 = (0.9, 0.2), 𝑑𝑑7 = (0.3, 1.0), 𝑑𝑑8 = (0.2, 0.9)

• New document: 𝑑𝑑9 = (0.4, 1.0)
• 𝑘𝑘 = 3



A Couple of Simple Text Classifiers: 𝑘𝑘 Nearest Neighbors (𝑘𝑘NN)
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• Nearest neighbor: history
• 2nd nearest neighbor: history
• 3rd nearest neighbor: chemistry

• Majority voting: the new 
document has more history 
neighbors, so we classify it as a 
history paper.

new 
document



A Couple of Simple Text Classifiers: 𝑘𝑘 Nearest Neighbors (𝑘𝑘NN)

13

• Can you raise an example 
where 𝑘𝑘NN does NOT work?

• How to determine 𝑘𝑘? What if 
𝑘𝑘 = 5?

• Nearest neighbor: history
• 2nd nearest neighbor: history
• 3rd nearest neighbor: chemistry
• 4th nearest neighbor: chemistry
• 5th nearest neighbor: chemistry

new 
document



In practice: Which features?
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• Very important to select good features to represent our documents

• Features we know about:
• TF-IDF score of each word (one feature per word)
• PageRank/Hub/Authority score of the document
• Popularity, # of clicks, freshness, …



In practice: Which classifier?
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• Many, many ways to learn a good classifier
• Rocchio
• 𝑘𝑘NN
• Support Vector Machine
• Naive Bayes
• Decision Tree
• Random Forest
• Gradient-Boosted Decision Tree
• …



In practice: How to evaluate?
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• Need a way to evaluate how well we do

• Classification accuracy is one way
• For a held-out test set (for which we know the correct labels), calculate how many 

labels our classifier correctly predicts
• Many others (some we may talk about later)

• Keep part of the labeled data separate as a validation set
• Train a model over the training data and “test” over the validation set
• Train another model over the training data and “test” over the validation set (and so on 

and so on)
• Choose model that minimizes error on the validation set



Back to Ranking
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• Assume we have a test collection:
• A benchmark document collection
• A benchmark suite of queries
• A binary assessment of either Relevant or Non-relevant for each query and each 

document

• Sounds like classification!
• Classification Training: Given a training set of (query, document → relevance) triples, 

learn a model f that outputs Relevant or Non-relevant
• Classification Testing: Given unseen (query, document), apply f(query, document) and 

output Relevant or Non-relevant
• NOTE: Now our input is not just a document but both a document and a query!



Relevance Classification: Example
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term
proximity



Relevance Classification: Example
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Nallapati [SIGIR 2004]
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Nallapati [SIGIR 2004]
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• Experiments:
• Comparisons with Lemur (LM), a state-of-the-art open-source IR engine
• Which classifier? SVM with linear kernel
• What features? 6 features, all variants of TF, IDF, and TF-IDF scores



Experiments on 4 TREC Datasets

22

• Metric: Mean Average Precision (MAP)



Experiments on 4 TREC Datasets
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• At best the results are about equal to Lemur
• Actually a little bit below

• Paper’s advertisement: Easy to add more features
• This is illustrated on a homepage finding task on WT10G:

Success@10

Lemur 0.52

SVM with text features only 0.58

SVM with URL-depth and in-link 
features

0.78



Questions?
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But Boolean ≠ Ranking!
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• Assigning (query, document) to 
• Relevant
• or
• Not Relevant 

• Is not really what we want when we think about ranking



Pointwise Learning
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• Assume we have training data like (query, document, score)
• Here the score could be a relevance score like

• 4 Perfect match
• 3 Very relevant
• 2 Relevant
• 1 Somewhat relevant
• 0 Not relevant at all 

• Our goal is to output a score
• This is regression (if we can output any value)
• Or ordinal regression (If we can only output 0, 1, 2, 3, or 4)



Pointwise Learning
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• What could be a difference between classification and ordinal regression?



Pointwise Learning
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• Regression Training: Given a training set of (query, document → score) triples, learn a 
model f

• Regression Testing: Given unseen (query, document), apply f(query, document) and output 
the score

• Challenges?
• Expensive to collect labels
• Focuses on scores, not relative ordering (or relationship to other documents)
• Bias towards frequent queries
• …



Pairwise Learning
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• Aim is to classify instance pairs as correctly ranked or incorrectly ranked
• Given the query 𝑞𝑞 and two candidates (𝑐𝑐𝑖𝑖, 𝑐𝑐𝑘𝑘), predict if 𝑐𝑐𝑖𝑖 should be ranked higher 

than 𝑐𝑐𝑘𝑘 (denoted as 𝑐𝑐𝑖𝑖 > 𝑐𝑐𝑘𝑘)

• This turns an ordinal regression problem back into a binary classification problem in an 
expanded space

• We only need lots of (𝑐𝑐𝑖𝑖, 𝑐𝑐𝑘𝑘), where we already know 𝑐𝑐𝑖𝑖 > 𝑐𝑐𝑘𝑘, for training

• Formally, we want a ranking function f such that
• 𝑐𝑐𝑖𝑖 > 𝑐𝑐𝑘𝑘  ⟺ f 𝜓𝜓𝑖𝑖 > f 𝜓𝜓𝑘𝑘
• 𝜓𝜓𝑖𝑖 is the feature vector of 𝑐𝑐𝑖𝑖 given the query 𝑞𝑞 (e.g., one entry can be TF-IDF(𝑞𝑞, 𝑐𝑐𝑖𝑖))

• To simplify our discussion, let’s suppose that f is a linear function: f 𝜓𝜓𝑖𝑖 = 𝑤𝑤𝑇𝑇𝜓𝜓𝑖𝑖



Joachims [KDD 2002]
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Training a Linear SVM for Ranking
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Ranking function:
f 𝜓𝜓𝑖𝑖 = 𝑤𝑤𝑇𝑇𝜓𝜓𝑖𝑖

𝑤𝑤

Should be 
ranked higher

Should be 
ranked lower



Training a Linear SVM for Ranking
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• But we don’t have pointwise training data!
• Remember we only have lots of (𝑐𝑐𝑖𝑖, 𝑐𝑐𝑘𝑘), where we already know f 𝜓𝜓𝑖𝑖 > f 𝜓𝜓𝑘𝑘
• We don’t know the value of f 𝜓𝜓𝑖𝑖  or f 𝜓𝜓𝑘𝑘

• Idea: Create a new instance space from pairwise learning
• We have 𝑐𝑐𝑖𝑖 > 𝑐𝑐𝑘𝑘  ⟺ f 𝜓𝜓𝑖𝑖 > f 𝜓𝜓𝑘𝑘  
• We also have f 𝜓𝜓𝑖𝑖 = 𝑤𝑤𝑇𝑇𝜓𝜓𝑖𝑖 and f 𝜓𝜓𝑘𝑘 = 𝑤𝑤𝑇𝑇𝜓𝜓𝑘𝑘
• So 𝑐𝑐𝑖𝑖 > 𝑐𝑐𝑘𝑘  ⟺𝑤𝑤𝑇𝑇𝜓𝜓𝑖𝑖 > 𝑤𝑤𝑇𝑇𝜓𝜓𝑘𝑘 ⟺ 𝑤𝑤𝑇𝑇 𝜓𝜓𝑖𝑖 − 𝜓𝜓𝑘𝑘 > 0
• Let’s create a new instance 𝜙𝜙𝑢𝑢 = 𝜓𝜓𝑖𝑖 − 𝜓𝜓𝑘𝑘
• And 𝑧𝑧𝑢𝑢 = +1, 0,−1 as 𝑐𝑐𝑖𝑖 >, =, < 𝑐𝑐𝑘𝑘
• From training data 𝒮𝒮 = {𝜙𝜙𝑢𝑢}, we train an SVM



Two Queries in the Original Space
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Two Queries in the Pairwise Space
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Performance of Ranking SVM
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Questions?
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Burges et al. [ICML 2005] (RankNet)
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Burges et al. [ICML 2005] (RankNet)
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• Led to popular and successful variants:
• LambdaRank
• LambdaMART: top performer at the 2010 Yahoo Learning to Rank Challenge



Existing Public Datasets
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Datasets for the Challenge
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Documents



Features
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• Web graph: in-links, out-links, PageRank, …
• Doc statistics: # of words in title, # of words in body, number of slashes in URL, …
• Doc classifier: spam, topic, language, …
• Query: # of terms, frequency of query and its terms, …
• Text match: BM25, counts, …
• Clicks: probability of a click, dwell time, …
• External references: tags
• Time: age of doc, age of in-links, …



Baselines

42



The Winners
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• What is RankNet? Next lecture!

RankNet



Thank You!
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	CSCE 670 - Information Storage and Retrieval��Lecture 9: Learning to Rank
	Ranking should consider multiple factors 
	Hand-tuning a Ranking Function
	Instead, let’s learn a good ranker!
	Background: Text Classification
	Background: Text Classification
	A Couple of Simple Text Classifiers: Rocchio
	A Couple of Simple Text Classifiers: Rocchio
	A Couple of Simple Text Classifiers: Rocchio
	A Couple of Simple Text Classifiers: Rocchio
	A Couple of Simple Text Classifiers: 𝑘 Nearest Neighbors (𝑘NN)
	A Couple of Simple Text Classifiers: 𝑘 Nearest Neighbors (𝑘NN)
	A Couple of Simple Text Classifiers: 𝑘 Nearest Neighbors (𝑘NN)
	In practice: Which features?
	In practice: Which classifier?
	In practice: How to evaluate?
	Back to Ranking
	Relevance Classification: Example
	Relevance Classification: Example
	Nallapati [SIGIR 2004]
	Nallapati [SIGIR 2004]
	Experiments on 4 TREC Datasets
	Experiments on 4 TREC Datasets
	Questions?
	But Boolean ≠ Ranking!
	Pointwise Learning
	Pointwise Learning
	Pointwise Learning
	Pairwise Learning
	Joachims [KDD 2002]
	Training a Linear SVM for Ranking
	Training a Linear SVM for Ranking
	Two Queries in the Original Space
	Two Queries in the Pairwise Space
	Performance of Ranking SVM
	Questions?
	Burges et al. [ICML 2005] (RankNet)
	Burges et al. [ICML 2005] (RankNet)
	Existing Public Datasets
	Datasets for the Challenge
	Features
	Baselines
	The Winners
	Thank You!

