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Learning to rank



Learning to Rank (LTR)

1. Objective: Given a query, rank web pages (hereafter URLs) 
according to the relevance to the query

2. Learn model and predict relevance by the model
3. Input: set of triples
 One triple: ((query, URL), relevance (discrete scores)))
 More formally

(𝑞𝑞𝑖𝑖 ,𝑑𝑑1),𝑦𝑦1 , (𝑞𝑞𝑖𝑖 ,𝑑𝑑2),𝑦𝑦2 , … , (𝑞𝑞𝑖𝑖 ,𝑑𝑑𝑛𝑛),𝑦𝑦𝑛𝑛 , where 𝑑𝑑∗ ∈ 𝑅𝑅𝑁𝑁 ,𝑦𝑦∗ ∈ {0, … , 𝐿𝐿}
 Generally: (query, URL)             example,  relevance            label

4. Output: ranked URLs per query
5. This setting is different from existing machine learning 

paradigms (explained more later).
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LTR history

Matured well in the first ten years of 21th century with three 
different concepts, so-called pointwise, pairwise and listwise

27.3.2017
6Picture taken from “Learning to Rank for Information Retrieval”, Tie-Yan Liu, Foundations and 

Trends in Information Retrieval, 3 (3), 225-301, 2009 



LTR: Connection to existing machine 
learning paradigms
Regression
y=

Classification
y=
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• Input and output 

label should be 
numerical in 
regression but  
relevance usually 
discrete (just 
ordering) in LTR 
and less 
information.
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• Input different but 

can same for binary 
relevance.

• LTR output always 
ordering.

• Binary relevance 
makes LTR 
available multilabel
classification.



LTR: connection to supervised 
learning

3/27/2017
Laitoksen nimi

11

Pictures taken from http://www.tongji.edu.cn/~qiliu/lor_vs.html



Three (conceptual) approaches of LTR

1. Pointwise
- Output ordering of URLs by using relevance of each query-URL pair.

2. Pairwise
- Output ordering of URLs by using relevance of each query-URL pair and also the 

priority between two query-URL pairs (according to their relevances).

3. Listwise
- Output ordering of URLs by using relevance of each query-URL pair and also the 

entire ordering of relevance of each query-URL pair, per query (according to their 
relevances).

27.3.2017
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Three (conceptural) approaches
(seeing is believing )
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Pointwise LTR

1. X: (query, URL)           features
1. Query can be “topic”

2. Y: relevance           dicrete values
1. Multi queries used practically, to increase data
2. Relevance discrete scores sometimes just binary

3. Then pointwise LTR attemps to reduce prediction errors.
4. So pointwise LTR can be implemented by regular regressor, 

and particularly by regular classifier for binary relevance!
1. (though output must be ordering in classification by some score)

27.3.2017
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Pairwise and Listwise LTR
example: LambdaMART
1. LTR solution by Microsoft Research (Chris. Burges, et. al.) 

after long time efforts, inherited from many predecessors
2. First solution, RankNet (Pairwise LTR) by Neural net
3. LambdaRank: Listwise version of RankNet
4. LambdaMART = LambdaRank + MART (tree ensemble)

27.3.2017
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LambdaRank

RankNet
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(Pairwise LTR)
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LambdaMART: proven powerful in 
competitions, etc.: Two examples
1. “Yahoo! Learning to Rank Challenge” in 2010 (ERR)

2. Comparative experiments by Hongning Wang 

27.3.2017
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MAP P@1 ERR MRR NDCG@5
ListNET 0.2863 0.2074 0.1661 0.3714 0.2949
LambdaMART 0.4644 0.4630 0.2654 0.6105 0.5236
RankNET 0.3005 0.2222 0.1873 0.3816 0.3386
RankBoost 0.4548 0.4370 0.2463 0.5829 0.4866
RankingSVM 0.3507 0.2370 0.1895 0.4154 0.3585
AdaRank 0.4321 0.4111 0.2307 0.5482 0.4421
pLogistic 0.4519 0.3926 0.2489 0.5535 0.4945
Logistic 0.4348 0.3778 0.2410 0.5526 0.4762



RankNet (neural net for pairwise LTR: 
cross entropy cost, gradient descent)
1. For a query, two scores, si and sj , for two URLs, Ui and Uj 

2. “Ui should be ranked higher than Uj”, modeled by a sigmoid 
function:

3. Cross entropy cost (symmetric between i and j ):

27.3.2017
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RankNet (neural net for pairwise LTR: 
“gradient” computation simplified)
Weight update, by

1. Cost symmetric between i and j

2. Only relevant pairs given (lambda simplified)

3. Discrete scores given (“count” #correct/#wrong pairs)

27.3.2017
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Motivation from pairwise LTR to 
listwise LTR: example 1
Top, 9th and 10th are relevant 5th, 6th and 7th are relevant



Motivation from pairwise LTR to 
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14 wrong pairs 12 wrong pairs



Motivation from pairwise LTR to 
listwise LTR: example 1
Top, 9th and 10th are relevant 5th, 6th and 7th are relevant

14 wrong pairs 12 wrong pairs> OX ???



Motivation from pairwise LTR to listwise
LTR: example 2: larger gradients for lower 
ranks should be for higher ranks
Assuming that second, sixth and tenth are relevant,

10th: 7 wrong pairs
large gradient

6th: 4 wrong pairs
middle gradient

2nd: only 1 wrong pair
very small gradient
Higher ranks can have larger gradients!



Information retrieval measure

1. For only binary labels
1. Mean reciprocal rank (MRR), Mean average prediction (MAP)

2. For multiple labels
1. Normalized discounted cumulative gain (NDCG), Expected 

reciprocal rank (ERR)
3. Cumulative gain

4. Discounted cumulative gain (DCG)

5. Normalized DCG

27.3.2017
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where



Discounted cumulative gain, example

1. Cumulative gain

2. Discounted cumulative gain

3. Normalized DCG

27.3.2017
25From https://en.wikipedia.org/wiki/Discounted_cumulative_gain

where the ideal ordering is                        then  

Example



RankNet to LambdaRank (pairwise to 
listwise LTR): differences
RankNet
1. Gradient: score diff.

2. Minimization
1. Gradient descent

LambdaRank
1. Gradient: score diff. 

weighted by rank

2. Maximization
1. Stochastic gradient descent

27.3.2017
26From https://en.wikipedia.org/wiki/Discounted_cumulative_gain

normalized DCG!



MART: regression tree ensemble by 
gradient boosting
1. Gradient boosting: gradient descent to decrease the loss
2. N trees are modeled by

where
3. Suppose that n trees are already trained

where for              , 
4. What gradient can be used?

27.3.2017
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LambdaMART: MART using the same 
gradient as LambdaRank
1. Gradient of LambdaRank:
2. Cross-entropy cost of MART: 

3. Then the gradient of the cost is

where                                        and  

4. Step size (for leaf m)  is  

27.3.2017
28From https://en.wikipedia.org/wiki/Discounted_cumulative_gain
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LambdaMART: pseudocode

27.3.2017
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(                                                  ,                               )



LambdaMART summary

1. Many points/ideas specific to “ranking” problem
1. RankNet: gradient by counting #correct/wrong pairs
2. LambdaRank: gradient weighted by ranks
3. LambdaMart: boosting using the gradient

2. They made gradient simple
3. Also reduced computational cost, the model scalable for 

large-scale web page ranking problems
4. Achieved winning performance of competitions etc.

27.3.2017
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LTR summary

1. History of the methods developed:
1. Pointwise                  Pairwise                   Listwise

2. Difference: objective function
3. What are minimized/maximized?

1. Pointwise: prediction errors in relevance over query-URL 
relevances, turning into regular regression

2. Pairwise: errors in ordering of query-URL pairs, according to  
relevance

3. Listwise: Query-URL rank(location)s incorporated into pair 
ordering errors

4. Optimization regularized more

27.3.2017
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LTR turns into multilabel classification

1. Using binary and positive relevance only makes the input 
the same as that of “multilabel classification”

1. Queries: Y, URL: X or vice versa
2. or pair (X, Y)

2. Output still relevance between X and Y, i.e. usually ranks of 
X per Y but reversible, i.e. ranks of Y per X, by using  
relevance output

3. Means that Y predictable by using some threshold over 
relevance, so output also can be “multilabel classification”

27.3.2017
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Motivation of applying LTR to 
bioinformatics
1. LTR turns into multilabel classification
2. High performance of LambdaMART
3. We then just can/need 

1. use binary, positive relevance (by which LTR is multilabel 
classification)

2. turn bioinformatics problems into multilabel classification

27.3.2017
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Multilabel classification in 
bioinformatics, three examples
1. Automatic MeSH (Medical Subject Headings) indexing

1. Y and X: MeSH (Term) and citation (=document/article)
2. Predicting drug-target interactions

1. Y and X: pair of drug and target
3. Protein function prediction

1. Y and X: GO term (Proein function) and protein (or gene)

27.3.2017
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Our procedure common for applying LTR to 
multilabel classification problems in 
bioinformatics
1. Use binary relevance

1. All three applications in the previous slide by binary relevance
2. Ensemble learning: first train classifier/regressor for each 

label and classifier outputs are then used (as well as 
original features) as input, resulting in LTR used as 
ensemble classifier

3. Output of LTR are ranked X per Y (or vice versa), for which 
we train another classifier to decide how many X (or Y) we 
should select from the top.

27.3.2017
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Automatic MeSH
indexing
LTR application to bioinformatics



Increasing biomedical citations (articles) in 
MEDLINE, being searched around 3 billion 
times a year

27.3.2017
37Picture taken from “Evaluation of query expansion using MeSH in PubMed”, Lu et al., Information 

Retrieval, 12, 69-80, 2010 



An example MEDLINE document
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An example MEDLINE document with 
MeSH terms (MeSH headings = MH)

27.3.2017
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MeSH?

1. Currently all citations in MEDLINE indexed
2. Also all publications in NLM (National Library of Medicine)
3. Retrieval/search performance depends on the query 

expansion by using MeSH
4. Also a lot of biomedical knowledge discovery, such as 

clustering documents, generally use MeSH information

27.3.2017
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MeSH indexing

1. More than 27,000 MH in 
hierarchical structure

2. ~1M citations indexed a year (one 
article by 12-13 MH on average)

3. ~$10 costs to index one citation

4. Huge cost + time: now going 
beyond the limitation of manual 
indexing

27.3.2017
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According to Mork, J. et al, The NLM medical text indexer 
system for indexing biomedical literature. In: BIOASQ@CLEF, 
2013

Automatic MeSH indexing is crucial



Automatic MeSH indexing is challenging 
multilabel classification (MeSH = labels)

1. Again more than 27,000 MH in hierarchical structure
2. Large variation of MH frequencies (see below)
3. Large variation in the number of MH per article

27.3.2017
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Comparison in data size with ImageNet
and ImageNet Challenge (large-scale 
computer vision competition)
1. ImageNet (by Stanford 

University) total: 14M 
images, 22K labels

2. ImageNet challenge: 
1.2M images, 1K labels 

3. MEDLINE: 23M articles, 
27K labels (in 2016)

27.3.2017
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More challenging 
than ImageNet!



BioASQ challenge: international competition 
on automatic MeSH indexing

1. Organizers show new 
unclassified PubMed 
citations

2. Participants assign MH to 
citations

3. Evaluation done by using 
annotations of real PubMed 
curators 

27.3.2017
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Real competition

http://www.bioasq.org/

Shanfeng Zhu



MeSH indexing baseline: NLM Medical 
Text Indexer (MTI)
1. Real, daily use to assist 

Indexers, Catalogers, and NLM's 
History of Medicine Division 
(HMD) in their indexing efforts.

2. More like “expert system” rather 
than “machine learner”.

3. Generate concepts from text 
and then predict by ensemble of 
features: frequency of concepts, 
#words in concept, #character in 
concept, etc.

27.3.2017
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MeSH indexing competing method: 
MetaLabeler
1. Binary classifier A (linear support vector machine): trained 

for each MeSH heading (MH)
2. Regresser B (support vector regresser): #MH trained for 

each citation
3. Prediction procedure:given a citation, aggregate prediction 

scores by A over numerus MH and then select top by B
4. Disadvantages

1. Cannot aggregate different A over MH, in reality (cannot compare 
the output of A for different MH)

2. Input features for A and B would not be good enough (lack of 
information)

27.3.2017
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Proposed LTR-based MeSH indexing: 
MeSHLabeler and DeepMeSH
1. Both procedure follow MetaLabeler: 

Generate two supervised learners
1. One for ranking candidate MH 

(MeSHRanker: A of MetaLabeler)
2. The other for selecting top out of the 

candidates (MeSHNumber: B of 
MetaLabeler)

2. MeSHRanker: LTR (LambdaMART)
3. MeSHNumber: regresser (Support 

vector regresser)

27.3.2017
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Input for MeSHRanker: features of a label 
(MH)-citation pair (1/2) 
More features than MetaLabeler!
Original features of a citation are a bag of word (BOW or word 
vector), from which following features are derived:
1. MLogReg: Output of MetaLabeler trained beforehand by 

using entire MEDLINE records and also by logistic 
regression classifier (LogReg) instead of binary support 
vector machine 

1. We call global information
2. KNN: k-nearest neighbor score by using similar citations.

1. We call local information
3. MLogRegN: Normalized score of MLogReg.

27.3.2017
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Input for MeSHRanker, features of a 
label (MH)-article pair (2/2)
4. MeSH dependency: score becoming higher if the 

corresponding MH is more correlated with higher ranked 
MH.

5. Pattern matching: binary score, indicating 1 if exactly word 
is the same as MH; otherwise zero.

6. MeSH frequency: the probability of the MH being appeared 
in the journal of the corresponding article

7. MTI score: Two scores used, MTIDEF (default of MTI) and 
MTIFL (MTI FirstLine Index), which recommends less MH 
with higher precision.

27.3.2017
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MeSH Ranker: schematic flow

27.3.2017
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Experiment for MeSHLabeler: data

1. Training data (mainly for feature training such as 
MLogReg): ~22M citations (appeared before BioASQ 
challenge 2014) downloaded from MEDLINE and filtered out 
citations without abstracts etc., resulting in ~12M citations.

2. 51,724 benchmark citations of BioASQ challenge 
downloaded

3. Out of 51,724,
1. 10K for training MeSHRanker
2. 10K for training MeSHNumber
3. 9,040 for testing (evaluation)

27.3.2017
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Evaluation measure of MeSHLabeler
and DeepMeSH
1. F-measure (EBF): harmonic mean of precision (EBP) and 

recall (EBR)
2. Macro F-measure (MaF): harmonic mean of macro-average 

precision (MaP) and macro-average recall (MaR) (over all 
labels (MH))

3. Micro F-measure (MiF): harmonic mean of micro-average 
precision (MiP) and macro-average recall (MaR) (over all 
labels)

4. MaF treats all labels equaly, while MiF affected by frequent 
labels (MiF used in BioASQ challenge)

27.3.2017
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Experimental results of MeSHLabeler: 
trained by individual features
1. Diverse performance difference
2. MTI works very well, relatively equivalent to or better than 

MetaLabeler with logistic regression

27.3.2017
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Experimental results of MeSHLabeler: 
MeSHRanker features incrementally added

1. Performance incrementally improved
2. MTI useful once again
3. MeSH frequency not work so much

27.3.2017
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Experimental results: MeSHLabeler, 
compared with MTI and MeSHRanker
1. MeSHLabeler outperformed MTI and MeSHRanker

27.3.2017
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DeepMeSH: improving MeSHLabeler by 
incorporating “deep” semantic information”

1. Bag-of-words (BOW), original citation feature, has problems 
against complicated semantics:

1. Cannot capture the semantic equivalence, e.g. malignancy, 
tumor, cancer

2. Cannot capture the different semantics by same word set, e.g. 
CCC, standing for “Continuous Circular Course”, “Continuous 
Curvilinear Capsulorhexis, or anything else.

3. Ignore context information.
2. Why not try using recent methods for capturing deep 

semantic information, such as Word2Vec (W2V), 
Word2Phase (W2P) and Document2Vec (D2V)?

27.3.2017
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DeepMeSH: using “deep” semantic 
information, motivated example

27.3.2017
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DeepMeSH: procedure
DeepMeSH = MeSHLabeler + deep semantic 
information
1. Two steps as MeSHLabeler is: 

MeSHRanker (LTR) and 
MeSHNumber (SVR)

2. Same features for 
MeSHRanker, but original input 
from citations are 

3. Both BOW (TFIDF (term 
frequence - inverse document 
frequency)) and D2V

27.3.2017
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Experiments for DeepMeSH: data
collection procedure the same as 
MeSHLabeler
1. Training data (mainly for feature training such as MLogReg): 

~23M citations (appeared before BioASQ challenge 2014) 
downloaded from MEDLINE and filtered out citations without 
abstracts etc., resulting in ~13M citations.

2. Particularly latest 10K for tuning parameters of classifiers of 
MeSHRanker and next lastest 1M for computing D2V

3. 49,774 benchmark citations of BioASQ challenge downloaded
4. Out of 49,774,

1. 23,774 for training MeSHRanker
2. 20,000 for training MeSHNumber
3. 6,000 for testing (evaluation)
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Experiments for DeepMeSH: performance 
comparison on classifier of MeSHRanker, 
changing features
1. D2V only does not work!
2. D2V + TFIDF work well
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Experiments for DeepMeSH: performance 
comparison on incrementally adding 
features to DeepMeSH
1. Performance incrementally improved

27.3.2017
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- Step 2 is that uses various features
- Step 1 generates D2V



Experiments for DeepMeSH: final 
performance against MTI and MeSHLabeler

1. DeepMeSH outperformed both MTIDEL and MeSHLabeler

27.3.2017
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Data analysis: AUPR (area under precision –
recall curve) by KNN with different features 
vs. MH frequency
1. See (b): D2V + TFIDF always best, while TFIDF better for 

less frequent MH and D2V is vice versa. 
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Data analysis: Best AUPR by KNN with 
different features vs. MH frequency
1. See (c): D2V + TFIDF always best, while TFIDF drastically 

worse for highly frequent MH and D2V good for them
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Automatic MeSH indexing by LTR,  
summary
1. Presented two methods, MeSHLabeler and DeepMeSH, 

both using LTR for raising candidates of MeSH for a given 
citation

2. DeepMeSH is developed from MeSHLabeler by using D2V 
as well as TFIDF.

3. Outperformed components, baseline and competitors in a 
variety of settings.

4. LTR useful for automatic MeSH indexing by regarding this 
problem as multilabel classification problem

27.3.2017
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Predicting drug-
target interactions
LTR application to bioinformatics



Drug discovery process: R&D takes 6.5 -
13.5 years and up to $800MM
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Drug-target interactions experimented long 
time: DrugBank (database of drug-target 
interactions) 
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DrugBank 5.0 statistics

1. Drugs
1. 8,261 drug entries
2. 2,021 FDA-approved small molecule drugs
3. 233 FDA-approved biotech (protein/peptide) derugs
4. 94 nutraceuticals
5. 6,000 experimental drugs

2. Protein (drug target/enzyme/transporter/carrier)
1. 4,338 non-redundant protein

27.3.2017
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What drug-target network look like
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target

Drawn by the Fruchterman-Reingold algorithm



Good size of data attract a variety of 
machine learning approaches, divided into 
two types
1. Feature-based approaches

1. Both drug and target 
represented by features, 
turning into binary classification 
(interacting or not)

2. Discovery limitation due to 
classifier’s performance

2. Similarity-based approaches
1. Similarity works, e.g. ”me-too” 

drugs
2. Hard to discover totally new 

drugs/target 

27.3.2017
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Motivation: reason to try the challenging 
issue, i.e. finding new drugs/target by LTR

1. Needs sophisticated ensemble approach, since existing 
prediction methods are rather complement to each other

2. LTR already applied to this problem, while their usage is 
pretty primitive

1. LTR can use any types of featues, while all available data not 
necessarily incorporated enough

2. Current methods focused on drug screeing too much, rather 
focusing on discovering new drugs/protein

27.3.2017
72



Proposed approach: DrugE-Rank, 
schematic picture of four-step procedure, 
particularly “prediction”of new drug
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DrugE-Rank, Step 1: preprocessing
data to generate two types of features
1. Features of drugs and target (sent to Step 3)

2. Similarity of drugs and target (sent to Step 2)
1. Drugs: Tanimoto coeffcient between two drugs on the overlap 

between their 2D chemical structures
2. Target: normalized Smith-Waterman score on the two sequences  
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DrugE-Rank, Step 2: running six 
similarity-based methods
1. K-NN (k-Nearest Neighbor)
2. BLM (Bipartite Local Model)-svc
3. BLM-svr
4. LapRLS
5. NetLapRLS
6. WNN-GIP

27.3.2017
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[Bleakley and Yamanishi, 2009]
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DrugE-Rank, Step 3: setting up entire 
features from steps 1 and 2
1. TFV: target feature vector

1. 147 numerical values
2. DFV: drug feature vector

1. 36 numerical values
3. PFV: pair feature value

1. 6 numerical values from six component similarity-based machine 
learning methods
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DrugE-Rank, Step 4: ranking 
drugs/target by running LTR
1. Run LambdaMART for LTR
2. LTR training: given drug-target pair, features of drug, target 

and pair generated in Step 3 used for training LTR
3. LTR prediction input: given target, features of all drugs, the 

feature of the given target and those of pairs between all 
drugs and the target are generated 

4. LTR prediction output: ranked list of drugs

27.3.2017
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Experiments for DrugE-Rank: Data

1. Five subsets 
generated

27.3.2017
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Three experiments for DrugE-Rank

1. Cross-validation 
over Data-1

2. Independent test 
on Data-2 + Data-3, 
using Data-1 for 
training

3. Independence test 
on Data-5, using 
Data-1 and Data-4 
for training

27.3.2017
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Decide the number of labels (K) by 
Cross-validation over Data-1
1. Fixed K=35 throughout all experiments

27.3.2017
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Results of Experiment 1: Cross-
validation over Data-1
1. DrugE-Rank 

outperformed 
components and 
competing methods 
(RF: random forest 
and GBDT:gradient 
boosting decision 
tree) in AUPR (Area 
under the Precision-
Recall curve)
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New interactions predicted by target-
based results of Experiment 1
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New interactions predicted by drug-
based results of Experiment 1
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Results of Experiments 2 and 3: 
Independent test on Data-2 and -3, and 
Independent test on Data-5
1. DrugE-Rank 

outperformed 
components and 
competing methods 
(RF and GBDT) in 
AUPR

2. PFV important for 
discovering new 
drugs and targets
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Result example: top three drugs for a target, 
predicted by DrugE-Rank and ranks of them 
by components
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Result example: top five targets for a drug, 
predicted by DrugE-Rank and ranks of them 
by components
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Predicting drug-target interactions by 
LTR, summary
1. Presented DrugE-Rank, which combines the outputs of six 

similarity-based machine learning methods with drug- and 
target-futures by LTR.

2. Outperformed components and two competing methods in 
cross-validation and also independent test data 
experiments.

3. Found that features of the similarity-based methods, i.e. 
pair features, key to improve the performance. 

4. LTR useful for predicting drug-target interactions as 
multilabel classification problem
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Overall summary

1. Learning to Rank: Rank URLs regarding relevance to a given 
query

1. Training input: URL with relevance for each query
2. Pointwise, Pairwise, Listwise settings
3. Objective functions and also regularizations/constraints changed, 

according to them
4. Turns into multilabel classification problem by binary relevance

2. Applications to (multilabel classification problems in) 
bioinformatics

1. Automatic MeSH indexing
2. Predicting drug-target interactions
3. Protein function prediction
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