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Ranking in Web Scale

Estimated index size:
« Google: 18 billion
« Bing: 10 billion
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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?

A2 |fs|fa fn




Ranking in Commercial Search Engines

* Google: about 200 aggregate features
* Bing: about 1000 raw features
* Yahoo!: at least 600 raw features

Raw Features

folfa |fs | fa|fs |f6 | f7 | s

fs Aggregate Feature




Ranking in Commercial Search Engines

LAlL |G A fn ‘ Sd

* Google * Bing, Yahoo!, Yandex, ...
— Hand-tuned algorithms — Machine Learning
score( D, Q) = ZIDF ™ D.)ffz;cD)('l(hb—i—:; o IDF(q1) |IDF(q2) | IDF(qs)
e o f(41,D) | f(@2.D) | (g5, D)

N —n(g)+05
n(g;) + 0.5

IDF(g;) = log |D| avgdl




Evaluation Metrics

NDCG@k MAP

2T — 1 O AveP
NDCG@k MAP = 2q=1 (@)

j=11092(1 +J) Q

Discontinuous and nondifferentiable functions



Variance in Measurements

NDCG@10 =0.6412

STDEV =0.01
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Variance in Measurements

Model 1 Model 2
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Click-through Data: Implicit Feedback

10
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Assuming that user has checked results from top to bottom:

2 is more relevant than 1

5is 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

iCS UCi www.ics.uci.edu Perfect
iCcs 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

Perfect

Excellent
Good
Fair

Bad

O Fr N W &



Is Ranking a Classification Problem?

Perfect classification leads to perfect ordering

A completely incorrect classification might still
result in perfect ordering

__Document | _True Class | _Predicted Class

d, 4 3
d, 2 1
ds 1 0

Order between class labels
Rows are related to each other through queries



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

e Continuous and differentiable bound of the IR metric
* Using optimization frameworks that allow optimizing complex objectives



Yahoo! Learning to Rank Challenge:
May 2010

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

E Gottschalk et al. [Activision Blizzard &  Weighted Average of several Ensembles
Data Mining Solutions] of Gradient Boosting and Random
Forests

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



Gradient Boosted Trees

S=Sl+52 +S3



Gradient Boosted Trees: Binary Classification

Labels: y; € {+1}

F(x): the model score for sample x € R™

Notations:

Py =P(y = +1[x)
Cross-entropy loss function:
1 Vi = +1

P.(x;) = , _ _
+(%0) {0 otherwise L(y,F) = —P,logP, — (1 — P,)log(1 —P,)

+°
1l

1
e ) L(y,F) = log(1 + e™¥F®)



Gradient Boosted Trees: Binary Classification

Goal is to minimize:  L(y,F) =log(1 + e ¥F®)

Fm(xi) = Fm—l(xi) T Vim

Newton-Raphson method for minimization:

)

xn+1 = xn f”(x )
n
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Gradient Boosted Trees: Binary Classification
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(features,, y,)
(features,, y,)
(features;, y,)
(features,, y,)
(features;, y:)

Regression Trees

Error =) (y; = )’
L

Initially, all samples are at the root of the tree

The output value on the root node would be the

Average of targets.



Regression Trees

What is the best feature and threshold for splitting the
samples?

(features,, y,)  (features,, y,)

(featuress, ¥s)  (teatures,, y,)

(featuresg, yc)

) 5= ) G- a)P+ ) 0 )

IEL IER

s =Z(yi — 1)?

Split gain = § — §;



Regression Trees

* We need to compute gain of EVERY feature

and threshold combination and then pick the
best one.

e How can we do it fast?



Split Gain

S; = Z(Yiz + % =2y ) + Z(Yiz + Ur® —2y; Ug)

[EL IER

(Zyl >+||L||uL + IRllug? = 2, ) i = 2up )

IEL lER
2

SUTn sum
2 ) = ILl? = IRl = Z L S
<:§::yl ) ML HR )h ”Lll ”12” )
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Fixed for all
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Thresholds

Which thresholds should we examine?

Bin 0

\)

Max: 32,767 bins ===) 2 pyte integers



Ranking as Binary Classification

(di, dj): +1 d; should be ranked higher than d;

(di, dj): —1 d; should be ranked lower than d;

iO
[of
O



Gradient Boosted Trees
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Gradient Boosted Trees

Binary Classification Ranking
_ 1 = 1
Py =1 U= 1 4 e~ FOx)=F(x)))

L(y,F) = log(1 + e ¥F®)

0L _ _yi
OF 1+ eViF

L(y,F) = log(1 + e YFCO=-F(x)))

oL —Vi

A =TT + e FO)—F(x))) [Anpedl

LambdaMART



On Improving LambdaMART

* Parameter Tuning
 |Improving Accuracy and Reducing Variance
e Compressing the Final Model



Data sets
mm

TD2004 {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

- Training
- Validation
Fold 3:



LambdaMART Parameters

Maximum Number of Leaves
Min observations per leaf
Learning rate

Randomization:
— Feature Sampling
— Subsampling

PRt



NDCG@3
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Parameter tuning for LambdaMART

(a) TD2004 and MQ2007 data sets

Parameter

Values

(b) MSLR-WEB10K data set

Max Number of Leaves

Min Percentage of Obs. per Leaf
Learning rate

Sub-sampling rate

Feature Sampling rate

2,4, 7,10, 15, 20, 25
0.12, 0.25, 0.50

0.05, 0.1, 0.2, 0.3
0.3, 0.5, 1.0

0.1, 0.3, 0.5, 1.0

Parameter

Values

Max Number of Leaves

Min Percentage of Obs. per Leaf
Learning rate

Sub-sampling rate

Feature Sampling rate

10, 40, 70
0.12, 0.25, 0.50
0.05, 0.1, 0.2
0.5, 1.0

0.3, 0.5, 1.0

1,008 x5 x3 =15,120

162 x5x3 =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, Fold:4: Seed: 3

Mapper

Config:1, Valid: 0.4567, Test: 0.4324
Config:1, Valid: 0.4534, Test: 0.4311

Reducer

e
#
#
€
€
#

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



Amazon MapReduce Cluster

4 7 %
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40 xlarge es (15GB RAM)




Best Configs

(c) TD2004 data set

Vahdation NDCG@Q3

Max Leaves

Min Obs. Per Leaf

Learning Rate

Sub-sampling

Feature Sampling

0.5120
0.5110
0.5107
0.5082
0.5057

15
15
25
15

20

0.12
0.12
0.50
0.12
0.50

0.05
0.1
0.1

0.05
0.1

o O O

[}

coeoLo o
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0.1
0.5
0.5
0.1
1.0

(d) MQ2007 data set

Validation NDCG@3

Max Leaves

Min Obs. Per Leaf

Learning Rate

Sub-sampling

Feature Sampling

0.4249
0.4246
0.4244
0.4242
0.4240

10
20

7
4
4

0.12
0.5
0.F
0.5

0.25

oo

0.05
0.05
0.1
0.1
0.05

0.5
0.3
0.5
1.0
0.3

0.5
0.5
0.3
0.1
0.1

(e) MSLR-WEBI10K data set

Validation NDCG@3

Max Leaves

Min Obs. Per Leaf

Learning Rate

Sub-sampling

Feature Sampling

0.4523
0.4516
0.4514
0.4508
0.4501

70
70
70
40
40
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0.05
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1.0
1.0
1.0
1.0
0.5

0.3
0.5
1.0
0.3
0.3




Did we need this many experiments?

NDCG@3
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Bagging

"/ \

Random Sample 1 E Random Sample 2 E Random Sample 3 : Random Sample 4

Sl 82 S3 S4

51t 5+ 53+ 5, Training time increase?
B 4



Frequency

Distribution of Scores

Model 1 Model 2
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(a) MQ2007 data set
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Can we also increase accuracy?

expected loss = (bias)? + variance + noise

High Bias
Low Variance

Low Bias
High Variance

[Images are from “Pattern Recognition and Machine Learning” by Bishop.]
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Bagging on MapReduce Cluster

Model Pool
4 )
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TD2004 and MQ2007 1000 x5 x2
MSLR-WEB10K 50 x5 x2

20,500 Models need to be trained and evaluated.

18 hours on Amazon cluster



Overfitting tolerance

TD2004 data set
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Evaluation Results: TD2004

NDCG@]l | NDCG@3 [ NDCGas | MAP
SVMmap [34] 0.2933 0.3035 0.3007 0.2049
RankSVM-Struct [20] 0.3467 0.3371 0.3192 0.2196
ListNet [9] 0.3600 0.3573 0.3325 0.2231
SmoothRank [11] 0.4000 0.3832 0.3555 0.2326
RankSVM [17] 0.4133 0.3467 0.3240 0.2237
AdaRank-MAP [33] 0.4133 0.3757 0.3602 0.2189
AdaRank-NDCG [33] 0.4267 0.3688 0.3514 0.1936
BoltzRank [30] 0.4767 0.3902 0.3635 0.2390
FRank [2§] 0.4933 0.3875 0.3629 0.2388
RankBoost [13] 0.5067 0.4295 0.3878 0.2614
BagBoo [23] 0.5067 0.4080 0.3898 0.2499
LambdaMART 0.4267 0.3584 0.3266 0.2378
LambdaMART with randomization | 0.4560 0.4033 0.3722 0.2513
BL-MART without overfitting 0.4947 0.4217 0.3886 0.2649
BL-MART with overfitting 0.4947 0.4270 0.3948 0.2684




Evaluation Results: MQ2007

NDCG@] | NDCG@3 | Mean NDCG | MAP
RankSVM-Struct [20] 0.4096 0.4063 0.4966 0.4645
ListNet [9] 0.4002 0.4091 0.4988 0.4652
AdaRank-MAP [33] 0.3821 0.3984 0.4891 0.4577
AdaRank-NDCG [33] 0.3876 0.4044 0.4914 0.4602
RankBoost [13] 0.4134 0.4072 0.5003 0.4662
CRR [25] - — 0.5000 0.4660
BagBoo [23] 0.4071 0.4176 — 0.4676
LambdaMART 0.4147 0.4119 0.5011 0.4660
LambdaMART with randomization | 0.4137 0.4157 0.5035 0.4684
BL-MART without overfitting 0.4197 0.4217 0.5079 0.4726
BL-MART with overfitting 0.4200 0.4224 0.5093 0.4731




Evaluation Results: MSLR-WEB10K

NDCG@] | NDCG@3 | Mean NDCG | MAP
LambdaMART 0.4580 0.4467 0.5693 0.3670
LambdaMART with randomization | 0.4628 0.4487 0.5706 0.3684
BL-MART without overfitting 0.4640 0.4514 0.5720 0.3696
BL-MART with overfitting 0.4642 0.4516 0.5729 0.3705




Variance Reduction

10 random samples from Fold1 of MSLR-WEB10K

NDCG@1 NDCG@3 Mean NDCG MAP
Mean Variance Mean Variance Mean Variance Mean Variance
LambdaMART 0.4484 [ 18 x 107° | 0.4395 | 9.1 x 107° [ 0.5640 | 1.2 x 10" | 0.3657 [ 0.9 x 10~°
LambdaMART with randomization | 0.4492 | 22 x 107¢ | 0.4421 | 5.4 x 107° | 0.5647 | 1.4 x 107° | 0.3665 | 1.3 x 107°
BL-MART without overfitting 0.4516 | 10 x 107 | 0.4468 | 7.8 x 107° | 0.5675 | 1.5 x 107° | 0.3690 | 0.9 x 10~°
BL-MART with overfitting 0.4528 | 7x107% | 0.4471 | 4.4 x 107% | 0.5686 | 0.8 x 1076 | 0.3703 | 0.5 x 107©

e NDCG@1: —67.3%

e NDCG@3: —18.8%

e Mean NDCG: —40.2%

e MAP: —57.1%




Thank You



