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Ranking Problem 



Ranking in Web Scale 

10 million 10 million 10 million 10 million 10 million 

Estimated index size: 

• Google: 18 billion 

• Bing: 10 billion 

… 

10 billion 



Ranking in Web Scale 



How to Rank Search Results? 

• Looking at features of each document: 

– How many times keywords appear in 
title/body/anchors/url? 

– PageRank of url 

– Is there a phrase match? 

– Is this document clicked for same query by other 
users? 

– …  

𝑓1 𝑓2 𝑓3 𝑓4 𝑓𝑛 … 



Ranking in Commercial Search Engines 

• Google: about 200 aggregate features 

• Bing: about 1000 raw features 

• Yahoo!: at least 600 raw features 

𝑓1 𝑓2 𝑓3 𝑓4 𝑓5 𝑓6 𝑓7 𝑓8 

𝑓𝑠 

Spam 

Classifier 

Aggregate Feature 

Raw Features 



Ranking in Commercial Search Engines 

• Google  

– Hand-tuned algorithms 

 

• Bing, Yahoo!, Yandex, … 

– Machine Learning 

 

𝐼𝐷𝐹(𝑞2) 𝐼𝐷𝐹(𝑞1) 𝐼𝐷𝐹(𝑞3) 

𝑓(𝑞1, 𝐷) 𝑓(𝑞2, 𝐷) 𝑓(𝑞3, 𝐷) 

𝐷  𝑎𝑣𝑔𝑑𝑙 

𝑓1 𝑓2 𝑓3 𝑓4 𝑓𝑛 … 𝒔𝒅 



Evaluation Metrics 

Discontinuous and nondifferentiable functions 

NDCG@k MAP 

𝑁𝐷𝐶𝐺@𝑘 ∝  
2𝑟𝑗 − 1

𝑙𝑜𝑔2(1 + 𝑗)

𝑘

𝑗<1

 𝑀𝐴𝑃 =
 𝐴𝑣𝑒𝑃(𝑞)

𝑄
𝑞<1

𝑄
 



Variance in Measurements 

𝑓1 𝑓2 𝑓3 𝑓4 𝑓𝑛 … 

NDCG@10 = 0.6412 
STDEV = 0.01 

New NDCG@10 = 0.6452 
STDEV = 0.01 

0.6552 

0.6352 



Variance in Measurements 

Accuracy 

Model 1 Model 2 



Click-through Data: Implicit Feedback 

… … … … … … … … … … 

… … … … … … … … … … 

… … … … … … … … … … 

… … … … … … … … … … 

… … … … … … … … … … 

… … … … … … … … … … 

… … … … … … … … … … 

… … … … … … … … … … 

… … … … … … … … … … 

… … … … … … … … … … 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

2 is more relevant than 1 

Assuming that user has checked results from top to bottom: 

5 is more relevant than 1, 3, 4 

7 is more relevant than 1, 3, 4, 6 

(2,1) (5,1) (5,3) (5,4) 

(7,1) (7,3) (7,4) (7,6) 



Collecting Training Data 

Query URL Label 

ics uci www.ics.uci.edu Perfect 

ics uci vision.ics.uci.edu Fair 

ics uci www.cs.uci.edu Good 

ics uci www.ietf.org/rfc/rfc2396.txt Bad 

bren hall uci en.wikipedia.org/wiki/Donald_Bren Bad 

bren hall uci http://www.ics.uci.edu/about/brenhall/ Excellent 

4 

3 

2 

1 

0 

Perfect 

Excellent 

Good 

Fair 

Bad 



Is Ranking a Classification Problem? 

• Perfect classification leads to perfect ordering 

• A completely incorrect classification might still 
result in perfect ordering 

 

 

 

 

• Order between class labels 

• Rows are related to each other through queries 

Document True Class Predicted Class 

𝑑1 4 3 

𝑑2 2 1 

𝑑3 1 0 



Approaches to Learning-to-rank 

• Pointwise 
– Using existing learning methods for ranking: Regression and Classification  
– Documents and their ground truth labels are considered i.i.d. random variables. 

 
• Pairwise 

– Ranking problem is reduced to classification problem on document pairs. 
– Document pairs are not independent (violates the basic assumption of 

classification) 

 
• Listwise 

– Direct optimization of IR evaluation measures 
• Continuous and differentiable approximations of IR evaluation metrics 
• Continuous and differentiable bound of the IR metric 
• Using optimization frameworks that allow optimizing complex objectives 



Yahoo! Learning to Rank Challenge:  
May 2010 

Team Approach 

C. Burges et al. [Microsoft Research] Weighted Average of several Ensembles 
of Gradient Boosting 

E Gottschalk et al. [Activision Blizzard & 
Data Mining Solutions]  

Weighted Average of several Ensembles 
of Gradient Boosting and Random 
Forests 

D. Pavlov et al. [Yandex Labs] Ensembles of Gradient Boosting 



Gradient Boosted Trees 

𝑆 = 𝑆1 + 𝑆2 + 𝑆3 

𝑆1 𝑆2 𝑆3 



Gradient Boosted Trees: Binary Classification 

Labels: 𝑦𝑖 ∈ *±1+  

𝐹(𝑥): the model score for sample 𝑥 ∈ 𝑅𝑛 

Notations: 

𝑃: = P(y = +1|x) 

𝑃 :(𝑥𝑖) =  
1 𝑦𝑖 = +1
0 𝑜𝑡𝑕𝑒𝑟𝑤𝑖𝑠𝑒

 

Cross-entropy loss function: 

𝐿 𝑦, 𝐹 = −𝑃 :𝑙𝑜𝑔𝑃: − (1 − 𝑃 :)log⁡(1 − 𝑃:) 

𝑃: ≡
1

1 + 𝑒;𝐹(𝑥)
 𝐿 𝑦, 𝐹 = log 1 + 𝑒;𝑦𝐹 𝑥  



Gradient Boosted Trees: Binary Classification 

𝐿 𝑦, 𝐹 = log 1 + 𝑒;𝑦𝐹 𝑥  

𝑥𝑛:1 = 𝑥𝑛 −
𝑓′(𝑥𝑛)

𝑓′′(𝑥𝑛)
 

Goal is to minimize: 

Newton-Raphson method for minimization: 

𝛾𝑖𝑚 = −
𝑓′

𝑓′′ =
𝑦 𝑖

𝑦 𝑖 1 − 𝑦 𝑖
 𝑦 𝑖 ≡ −

𝜕𝐿

𝜕𝐹
=

𝑦𝑖

1 + 𝑒𝑦𝑖𝐹
 

𝐹𝑚 𝑥𝑖 = 𝐹𝑚;1 𝑥𝑖 + 𝛾𝑖𝑚 



Gradient Boosted Trees: Binary Classification 

𝛾𝑖𝑚 = −
𝑓′

𝑓′′
=

𝑦 𝑖
𝑦 𝑖 1 − 𝑦 𝑖

 

𝑦 1 
𝑦 2 

𝑦 3 

𝑦 4 

𝑦 5 

𝑦 6 
𝑦 7 

𝑦 8 

𝑦 9 𝑦 10 𝑦 11 

𝑦 12 

𝜇1 
𝜇2 𝜇3 

𝜇1 𝜇3 

𝜇2 

𝛾𝑗𝑚 = −
𝑓′

𝑓′′ =
 𝑦 𝑖𝑥𝑖∈𝑅𝑗𝑚

 𝑦 𝑖 1 − 𝑦 𝑖𝑥𝑖∈𝑅𝑗𝑚

 



Regression Trees 

(features1, y1) 

(features2, y2) 

(features3, y3) 

(features4, y4) 

(features5, y5) 

Initially, all samples are at the root of the tree 

The output value on the root node would be the 

Average of targets. 

𝜇 

𝐸𝑟𝑟𝑜𝑟 =  (𝑦𝑖 − 𝜇)2

𝑖

 



Regression Trees 

(features1, y1) (features2, y2) 
(features3, y3) (features4, y4) 

(features5, y5) 

What is the best feature and threshold for splitting the 

samples? 

𝜇𝐿  𝜇𝑅  

f ≤ 𝒕 > 𝒕 

𝑆 =  (𝑦𝑖 − 𝜇)2

𝑖

 𝑆𝑗 =  (𝑦𝑖 − 𝜇𝐿)
2

𝑖∈𝐿

+  (𝑦𝑖 − 𝜇𝑅)
2

𝑖∈𝑅

 

𝑆𝑝𝑙𝑖𝑡⁡𝑔𝑎𝑖𝑛 = 𝑆 − 𝑆𝑗 



Regression Trees 

• We need to compute gain of EVERY feature 
and threshold combination and then pick the 
best one. 

 

• How can we do it fast? 



Split Gain 

𝑆𝑗 =  (𝑦𝑖
2 + 𝜇𝐿

2 −2𝑦𝑖 𝜇𝐿)

𝑖∈𝐿

+  (𝑦𝑖
2 + 𝜇𝑅

2 −2𝑦𝑖 𝜇𝑅)

𝑖∈𝑅

=  𝑦𝑖
2

𝑖

+ 𝐿 𝜇𝐿
2 + 𝑅 𝜇𝑅

2 − 2𝜇𝐿  𝑦𝑖

𝑖∈𝐿

− 2𝜇𝑅  𝑦𝑖

𝑖∈𝑅

=  𝑦𝑖
2

𝑖

− 𝐿 𝜇𝐿
2 − 𝑅 𝜇𝑅

2 =  𝑦𝑖
2

𝑖

− (
𝑠𝑢𝑚𝐿

2

𝐿
+

𝑠𝑢𝑚𝑅
2

𝑅
) 

𝑆 =  (𝑦𝑖 − 𝜇)2

𝑖

=  𝑦𝑖
2

𝑖

+ 𝑡𝑜𝑡𝑎𝑙 𝜇2 − 2𝜇 𝑦𝑖

𝑖

=  𝑦𝑖
2

𝑖

− 𝑡𝑜𝑡𝑎𝑙 𝜇2

=  𝑦𝑖
2

𝑖

−
𝑠𝑢𝑚2

𝑡𝑜𝑡𝑎𝑙
 

𝑆𝑝𝑙𝑖𝑡⁡𝑔𝑎𝑖𝑛 = 𝑆 − 𝑆𝑗

=
𝑠𝑢𝑚𝐿

2

𝐿
+

𝑠𝑢𝑚𝑅
2

𝑅
−

𝑠𝑢𝑚2

𝑡𝑜𝑡𝑎𝑙
 

Fixed for all 

feature/thresholds 



Thresholds 

Which thresholds should we examine? 

Max: 32,767 bins 2 byte integers 



Ranking as Binary Classification 

𝑑𝑖 , 𝑑𝑗 : ⁡+𝟏 𝑑𝑖 should be ranked higher than 𝑑𝑗 

𝑑𝑖 , 𝑑𝑗 : −𝟏 𝑑𝑖 should be ranked lower than 𝑑𝑗 



Gradient Boosted Trees 



Gradient Boosted Trees 

𝑃: ≡
1

1 + 𝑒;𝐹(𝑥)
 

Binary Classification Ranking 

𝑃𝑖𝑗 ≡
1

1 + 𝑒;(𝐹(𝑥𝑖);𝐹(𝑥𝑗))
 

𝐿 𝑦, 𝐹 = log 1 + 𝑒;𝑦𝐹 𝑥  𝐿 𝑦, 𝐹 = log 1 + 𝑒;𝑦(𝐹(𝑥𝑖);𝐹(𝑥𝑗))  

𝜕𝐿

𝜕𝐹
=

−𝑦𝑖

1 + 𝑒𝑦𝑖𝐹
 𝜆𝑖𝑗 ≡

𝜕𝐿

𝜕𝐹
=

−𝑦𝑖

1 + 𝑒(𝐹(𝑥𝑖);𝐹(𝑥𝑗))
Δ𝑁𝐷𝐶𝐺  

LambdaMART 



On Improving LambdaMART 

PART 2 

• Parameter Tuning 

• Improving Accuracy and Reducing Variance 

• Compressing the Final Model 



Data sets 

Training 

Validation 

Test 

Fold 1: 

Fold 2: 

Fold 3: 

Fold 4: 

Fold 5: 

Data set Queries Avg. Docs Per Query Features Labels 

TD2004 75 989 64 {0, 1} 

MQ2007 1,692 41 46 {0, 1, 2} 

MSLR-WEB10K 10,000 120 136 {0, 1, 2, 3, 4} 

Yahoo LTRC 29,921 24 519 {0, 1, 2, 3, 4} 

10,000 x 120 x $0.20 = $240,000 



LambdaMART Parameters 

• Maximum Number of Leaves 

• Min observations per leaf 

• Learning rate 

 

 

• Randomization: 

– Feature Sampling 

– Subsampling 

 

 



Number of Trees 



Parameter tuning for LambdaMART 

1,008 162 x 5 x 5 x 3 x 3 = 15,120 = 2,430 

Total Number of Experiments: 2 x 15,120 + 2,430 = 32,670 

Trees: 8 million 

Splits: 192 million 

Splits/Threshold: 73 trillion 

2 weeks for one run! 



Parameter Tuning on a MapReduce Cluster 

…
 

Config:1, Fold:4: Seed: 2 

Config:1, Valid: 0.4567, Test: 0.4324 

Mapper 

Config:1, Fold:4: Seed: 3 

Config:1, Valid: 0.4534, Test: 0.4311 

… 

… 

Reducer 

Config:1, Avg Valid: 0.4544, Avg Test: 0.4318 



Amazon MapReduce Cluster 

40 xlarge machines (15GB RAM) 

… S3 

Training Data 

Outputs 

Codes 



Best Configs 



Did we need this many experiments? 



Bagging 

Training Set 

Random Sample 1 Random Sample 2 Random Sample 4 Random Sample 3 

S1 S2 S3 S4 

𝑆 =
𝑆1 + 𝑆2 + 𝑆3 + 𝑆4

4
 

Training time increase? 



Distribution of Scores 



Can we also increase accuracy? 

[Images are from “Pattern Recognition and Machine Learning” by Bishop.] 

High Bias 

Low Variance 

Low Bias 

High Variance 



Overfitting Tolerance 



Bagging on MapReduce Cluster 

TD2004 and MQ2007 

MSLR-WEB10K 

… 

… 

… 

… 

Model Pool 

1000 

50 

x 5 

x 5 

x 2 

x 2 

20,500 Models need to be trained and evaluated. 

18 hours on Amazon cluster 



Overfitting tolerance 



Evaluation Results: TD2004 



Evaluation Results: MQ2007 



Evaluation Results: MSLR-WEB10K 



Variance Reduction 

10 random samples from Fold1 of MSLR-WEB10K  



Thank You 


