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Today

* Part1: Learning to rank
* Pointwise methods
* Pairwise methods
* Listwise methods

* Part 2: Semantic matching
* Vocabulary mismatch
* Semantic matching
* Distributed representation



Part 1: Learning to Rank



GO gle attractions in amsterdam central
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Things to do in Amsterdam City Centre

10 Jul 2025 — Wandering along the cobbled streets, you'll find world-class museums and age-old
churches, market squares and tasting rooms, tranquil courtyard gardens hidden ...

. Tripadvisor
https:/fwww.tripadvisor.com > Attr... * Translate this page 3

Things to Do near Amsterdam Centraal Station

Top Attractions in Amsterdam. Rijksmuseum - Anne Frank House - Van Gogh
Museum - The Jordaan - A'dam Lookout - Body Worlds - Vondelpark - Moco Museum
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5 x things to do near Amsterdam Central Station

10 Mar 2025 — Shopping, dining near or on the water, breathtaking sky terraces “
and snapping the perfect shot! All within a 10-minute walk from Central ...



Signals in Web Search

* Textual Signals
* Query content: text
* Document content: title, page content

* How well does the query text match the document text? [6]
* BM25
* TF-IDF / vector space models
 Semantic matching with LLMs or topic models



Signals in Web Search

* But there are many signals beyond text

* Query: language

* Document: URLs, images, structure

* User context: location, date, device, search history
Metadata: popularity, recency, page quality, spam, adult content, ...
External stakeholders: advertisers, auctions, content creators, ...



Signals in Web Search

* Modern search engines use a lot of features
* Airbnb [10]: > 195 features
* Bing[15]: > 136 features
* |stella [7]: > 220 features
* Yahoo [2]: > 700 features

* How do we combine all of these sighals?



* Learning to Rank (LTR) is

e “ ..atasktoautomatically construct a ranking model using training data,
such that the model can sort new objects according to their degrees of
relevance, preference, or importance.” - Liu [13]
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Learning to Rank

User query

Q

Candidate documents
from inverted index
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Query-document
feature computation

Ranking model

Ranking
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Features

* Traditionally LTR used hand-crafted numerical features
* Nowadays, we also use deep learned features
* We can categorize features into:

Document-only Query-document Query-only
(length, page rank, spam, etc.) (BM25 score, language models, etc.) (length, language, etc.)

Static features

Dyanmic features
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Problem Formulation
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The goal of learning to rank

* Thus, we have:
* a feature vector for each query-document pair: f{q,d}e R™

* arelevance judgment for each query-document pair, e.8.: Y5 a4} €
{0, 1,2, 3,4}

« Aranking model f: X — R scores each query-document pair to optimize the
order of items when sorting descendingly by f(f{q,d}) = S{q.d)

* How can we learn a ranking model f?
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Pointwise methods



Pointwise LTR

* Regression: Relevance as a real-valued score [4,9]

* We can use linear regression for our ranking model.:
f(x)=wyg+wyx;+--+wpx, =5

 Each feature has a weight w, learned to minimize prediction error

* Usually we quantify how far off our predictions are using the mean
squared error (MSE) loss:

1
Linse = EZ(yi - Si)z
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Pointwise LTR - MSE
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Pointwise LTR

* Regression: Relevance as a real-valued score [4, 9]
* Classification: Relevance as unordered categories [3, 14]
* Ordinal regression: Relevance as ordered categories [5, 16]

* What are challenges with these approaches?
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Problems of pointwise LTR

* Some (solvable) challenges include:
* Class imbalance: We have way more irrelevant than relevant documents

* Feature normalization: Feature distributions can differ greatly between
queries
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Problems of pointwise LTR

* Amore fundamental problem:

* Pointwise methods predict a score for each query-document
independently

* Butdocument scores are fundamentally dependent on each otherin a
ranking

* Minimizing a pointwise loss does not always lead to a better ranking

20



Pointwise LTR: A lower loss does not imply a
better ranking

Relevance labels Predicted scores
Q |
1 0.6
0 0.5
0 0.5
0 0.5
0 ] 0.5




Pointwise LTR: A lower loss does not imply a
better ranking

Relevance labels Predicted scores
Q |
1 0.6
0 0.5
0 0.5
0 0.5
0 0.5
Liypse =1.16/5

MRR=1, nDCG=1



Pointwise LTR: A lower loss does not imply a
better ranking

Relevance labels Predicted scores
Q G
1 0.2
0 0.2
0 0.2
0 [ 0.2
0 0.1
Lyse =0.77/5

MRR=0.2, nDCG=0.39



Pairwise methods



Pairwise LTR

* Observation: For a good ranking, we only require relative relevance levels:

Vi > Yj 2 Si > S

* How can we optimize a model with pairs of items?
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Naive pairwise model
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Naive pairwise model

* Let’s ( naively) change the ranking model to take document pairs as input:
P(i > j) = f(x;,x))

* But pairwise document inputs are not a good idea:

* This method has quadratic complexity O(N?) during training and inference and thus
does not scale to many documents.

* Pair-wise preferences have to be aggregated and can lead to paradoxical situations:

51>Sz
Sz>33
53>Sl
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Pairwise LTR

* Abetteridea: Let’s keep the ranking model unchanged:
f(x) =s;
* Butthe loss function is based on pairs of documents:

Lpairwise(s: Y) = z D(s; — Sj)

Yi>Yj

* We still score one document at-a-time and can sort according to scores,

but the model is optimized over item pairs
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Pairwise LTR

* Pairwise loss functions minimize the number of incorrectly ranked pairs:

where y; > y;, but our model falsely predicts s; <'s; .

* Pairwise loss functions generally have the following form:

Lpairwise(S: Y) = z D(s; — Sj)
Yi>Yj
where @ can be the:
 Hinge function in RankingSVM [11, 12]: @(z) = max(0,1 — z) (z) = max(0, 1 - 2)
« Exponential function in RankBoost [8]: @(z) = e ™%
* Logistic / Sigmoid function in RankNet [1]: @(z) = log(1 + e™%)
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Pairwise LTR

What are problems of pairwise methods?

* Basic pairwise methods mainly care about which item is more relevant:
 relevance 4 > relevance 1
* relevance 4 > relevance 3

* Both become the same pairwise preference.

A more important limitation: Allitem pairs are treated equally — but are
they equally important?
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Pairwise LTR: Minimizing pairwise errors

31



Pairwise LTR: Minimizing pairwise errors

Reducing pairwise errors from 13 (left) to 11 (right),

while top-heavy measures like MRR and nDCG degrade [1, Figure 1].
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Optimization Units and Objectives in LTR Methods

Method Optimization Unit Optimization Objective Required Label Type
. . . . Predict scores close to ground- Absolute labels (e.g.,
Pointwise Individual item
truth relevance 0/1 or grades)
N : . . Relative order
Pairwise ltem pair Learn which itemis more relevant .
between items

34



Evaluation Metrics and What They Measure

Metric Evaluated Unit What It Measures
NDCG The entire ranked list Penalizes relevant d.ocume.nts that appear
lower in the list
MRR Position of the first relevant item How early the first relevant item appears
Hits @K Top-K retrieved items Whether at least one relevant item appearsin

the top K

There is a misalighment:

pointwise and pairwise methods optimize for local accuracy (on items or

pairs), while ranking metrics care about global ordering, especially at the top
of the list
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Listwise methods



Why

Motivation: Can we directly optimize IR metrics such as nDCG, Precision, and MRR?

Reciprocal Rank (RR): Reciprocal of the rank of the first relevant item after sorting by
our scores s: ,

rank;

RR =

Discounted Cumulative Gain (DCG): .
DCC = 1 2Yi — 1
n - log(i + 1)

l

Non-smooth and discontinuous
* Ranking metrics typically only depend on the rank of an item, not on its score
* Model scores change smoothly, the ranks of documents change abruptly
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Listwise LTR

* Non-differentiable

* Ranking metrics rely on a sorting operation thatis non-smooth and
discontinuous w.r.t. to model parameters 0:

ORR

—— =777
90

dDCG

— =777
00

* Thus, ranking metrics are either flat (with zero gradient) or discontinuous

* Main challenge of LTR: Finding methods that (indirectly) optimize listwise IR
metrics
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Listwise LTR

Non-Differentiability of Ranking Metrics
Impact of Predicted Scores for Relevant ltem A (variable score) vs. Non-Relevant Item B (score = 0)

1.0+ 3.0

Ranking Loss
— HingeLoss
0.8 — LambdaRank
25— — RankNet
0.8
0.7+
20+
=
0.6
&
1 ]
S 05 @ 15-
2 ' 3
= i
8 04 '
o H
1 1.0
0.3 i
1
L}
i
0.2 :
i 0.5-
[ ]
0.1 :
[}
]
i
0.0 T T T ] 0.0 T T T T Y T
=20 =15 -1.0 -0.5 0.0 0.5 1.0 15 20 -20 -15 -1.0 -0.5 0.0 0.5 1.0 1.5 20
Predicted Score for Relevant Item A Predicted Score for Relevant Item A

39



LambdaRank



LambdaRank

S

1: Standard pairwise gradients
? : Metric-aware gradients weighted by AnDCG

I

e Observations:

* To train a model, we don’t need the costs just the gradients (of the costs
w.r.t model scores)

* Gradients should be larger for pairs that have a greater impact on our
metric

41



LambdaRank

* |[dea: Weight each pairwise update by its impact on the ranking metric.
* For nDCG, we would observe after swapping the two items:

Liambaarank(s:¥) = ) BNDCG(i, Plog(sigmoid(s;—s))
Yi>Yj

42



Conclusion
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Summary

* Today’s search and recommender systems use many signals for ranking.

* These sighals can be computed beforehand (static features) or have to be
computed when the user submits their query (dynamic features).

* Learning to rank is a method to learn models that automatically combine
these query and document features into a single ranking.
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Summary

Optimization

Method Unit

Pointwise Individualitem

Optimization Required Label
Objective Type

Predict scores close

to ground-truth Absolute labels

(e.g., 0/1 or grades)

Alignment with
Ranking Metrics

lgnores relative or
positional ranking

relevance
Treats all pairwise
. : Learn which item is Relative order errors equally,
Pairwise ltem pair .
more relevant between items regardless of

position

Entire ranked

Listwise i
list

Optimize the qual.lty Full relevance list or
of the overall ranking

(e.g., NDCQG) rankings

Directly accounts
for ranking quality
and position impact
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From Ranking to Matching

* So far: How do we combine signals to rank documents?

* Next: How do we measure whether a query and a document mean
the same thing?

46



Time to take a break

Q-
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Part 2: Semantic Matching



Contents

* Vocabulary mismatch.
 Semantic matching.

* Distributed representation.



Document 2 Document 1

Document 3

Stolen artefacts recovered by police go
on display in new museum.

Italy has been so successful in regaining
ancient artworks and artefacts illegally
exported from the country.

According to the latest statistics, the
number of people living in Italy’s capital
has risen by 10%. As of 2017, it has
reached 2.9 million.

Popular Italian cities banning water in
worst drought in 70 years. A severe
heatwave and lack of rainfall have led to

disaster in ltaly, especially in cities with
high , like

What is the




Vocabulary Mismatch

22 CNN.com - Analysis: Germany tackles labour shortage - July 5, 2001 - Mi =10 x|
m G= PRINTTHIS _I
CJ \l d.com.

|2 Click to Print | SAVE THIS | EMAIL THIS | Close

Analysis: Germany tackles labour outrage
By CNN's Bettina Luscher

BERLIN, Germany -- With Germany's population expected to simf’\ by
one /iere over the next half century, economic experts see its economy
and social TL'J{fdft?system in danger if the country does not. Anchor. age
more immigrants.

“labour immigrants Germany”

Ilabor immigrants Ge FIND

“German job market for
query immigrants”

/ ICNN.COm ;l
/ Joerman job market f | FlNDI

“foreign workers in Germany’

‘_& rCNN.com _:J
\‘)’ [foreign workers in Ge FIND l

4& “German green card”
x} ICNN.com _v__l

? Iouon card Gemmany l FINDI




Dimensionality Reduction

* Vector Space Model reminder: each term is a dimension.

* High dimensional data:
* Vectors in a high-dimensional space.
* Not all possible vectors appear in the data set (sparse).
* This data has intrinsic dimensionality k (where k<«n).

* Latent semantic analysis (LSA): relationship between documents and terms
* Singular Value Decomposition (SVD)



Singular Value Decomposition
anm

m documents

n terms

UT?,XT'

r

T
E'r'><’r' me'r

r m

N

* 2 is adiagonal matrix

* 2 contains the
singular values in

decreasing order (g; > g, > -

On)



An example of SVD: The matrix X

O = o O =
©O O = - O
©O O O o =
~ o O o o
©O = o o o
~ O o o o




Ranking

Apply SVD.
Reduce dimensionality.
Reconstruct matrix with reduced dimensionality.

Query representation.

o K~ Wb =

Ranking.



Example

* Extracted topics (dimensions):
* Topic O: jpeg image file gif images graphics format color
* Topic 1: edu graphics pub data mail ftp 128 ray 3d send
* Topic 2: jehovah god lord jesus christ father earth people
* Topic 3: space earth planet vanue spacecraft solar surface

print(lsa[0])

[0.37179178 0.11877906 0.54492488 0.31503806]

print(dataset.data[0])

My point is that you set up your views as the only way to believe. Saying
that all eveil in this world is caused by atheism is ridiculous and
counterproductive to dialogue in this newsgroups. I see in your posts a
spirit of condemnation of the atheists in this newsgroup bacause they don'

t believe exactly as you do. If you're here to try to convert the atheists
here, you're failing miserably. Who wants to be in position of constantly
defending themselves agaist insulting attacks, like you seem to like to do?!
I'm sorry you're so blind that you didn't get the messgae in the quote,
everyone else has seemed to.

Tammy



Summary

* LSA can capture semantics of terms.

* SVD can be used to reduce dimensionality.

* Address vocabulary mismatch.

* Represent documents and queries using LSA topics.

* Compute similarity and rank based on that.



Distributed Representation



Local Representation




Distributed Representation

* The features may have direct and obvious relations to the original input but
they have comparative values.

-0.75 -0.28 -0.20 -0.45 -0.33 -0.12
-0.29 -0.53 -0.19 0.63 0.22 0.41
0.28 -0.75 0.45 —-0.20 0.12 -0.33
0.00 0.00 0.58 0.00 -0.58 0.58

—-0.53 0.29 0.63 0.19 0.41 -0.22



Intuition of Distributional Word Similarity

tesgiiino



Intuition of Distributional Word Similarity

A bottle of tesgiiino is on the table
Everybody likes tesgiiino
Tesgiiino makes you drunk

We make tesgiiino out of corn.



Intuition of Distributional Word Similarity

A bottle of tesgiiino is on the table
Everybody likes tesgiiino
Tesgiiino makes you drunk

We make tesgiiino out of corn.

* From context words humans can guess tesguino means
* an alcoholic beverage like beer

* |Intuition for algorithm:

* Words that appear in similar contexts tend to have similar meanings.



Vector Models

Sparse vector representations:
1. Mutual-information weighted word co-occurrence matrices.

Dense vector representations:
2. Singular value decomposition (and Latent Semantic Analysis).
3. Neural-network-inspired models (skip-grams, CBOW).
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Prediction-based Models

* Skip-gram, Continuous Bag of Words (CBOW) Learn embeddings as part of
the process of word prediction.
* Advantages:
* Fast, easy to train.
* Available online in the word2vec package.
* Including sets of pretrained embeddings!

Mikolov et al., “Distributed representations of words and phrases and their compositionality,” NeurlPS’13
Mikolov et al., “Efficient estimation of word representations in vector space,” arXiv, 2013



CBOW vs. Skip-Gram

INPUT PROJECTION OUTPUT INPUT PROJECTION  OUTPUT

w(t-2) w

(t-2)
w(t-1)
L SUM /
F»HW(U w(t) —»L
/ x‘ w(t+1)
(t+2)

w(t+2

w(t-1)

w(t+1)

w(t+2)

CBOW Skip-gram

© machinelearningmastery.com



CBOW vs. Skip-Gram

Feature CBOW (Continuous Bag of Words) Skip-Gram
Input Context words Target (center) word
Output Target (center) word Context words
Prediction direction Context - Target Target > Context
Suitable for High-frequency words Low-frequency words

Slower (more training

Training speed Faster (context is averaged) samples per word)

Learn embeddings that predict a Learn embeddings that

Representation goal . .
P g word from its context predict context from a word




Spain \

A
Germany \ Rome
man walked Berlin
o ﬂ. Turkey \
. Sel 5 — o Ankara
. . swam )
king ) i 5 . O gasa Moscow
X *. walking g,. Canada Ottawa
/ O Vietnam Hanoi
swimming China Beijing
Male-Female Verb tense Country-Capital

[[king]] - [[man]] + [[woman]] = [[queen]]

[[paris]] - [[france]] + [[germany]] = [[berlin]]

© https://www.shanelynn.ie/



Average Word Embedding

* Distributed word embeddings can benefit document ranking.
* Even simple models perform very well.
* Average Word Embedding:

* Compute the average word embedding of the query.

* Compute the average word embedding of candidate documents.
* Compute similarity and rank based on that.



Average Word Embedding

* Limitations:
* |gnores word order
* Contextis not used
* Polysemy (multiple meanings of the same word) cannot be resolved

“The bank of the river was flooded.” “bank” =777 (financial or river?)



Contextualized Word Embeddings

* Each word’s meaning depends on its context.
* Embeddings are computed dynamically for each word in a sentence.

* Implemented using Transformer-based models, like BERT.

AP Mask LM Mask LM \
o~ @ *

)] )G ] ()

BERT
|EICLSI ” E, | | Ey H Eiser) H E, | | Ew |
— g e T e gy

e OE|. B
\_'_/ \_'_1

Masked Sentence A Masked Sentence B

*
Unlabeled Sentence A and B Pair

DevlinJ, Chang MW, Lee K, et al. Bert: Pre-training of deep bidirectional transformers for language understanding[C]//Proceedings of the 2019 conference of the
North American chapter of the association for computational linguistics: human language technologies, volume 1 (long and short papers). 2019:4171-4186.




Contextualized Word Embeddings

* Advantages:
* Context-sensitive
* Captures syntax and semantics
e Strong performance on retrieval, QA, ranking, etc.



Summary

* Local vs. distributed representation.

* Representation as part of prediction.

* Capture word semantics more effectively; based on their context.
* Average word embedding.

* Contextualized Word Embeddings.



* Thanks for listening. Questions?
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RankNet



RankNet

Introduced by Burges et al. [1] in 2005 to train neural ranking models.

Popular in industry applications and won the ICML 2015 test of time award.

RankNet defines the probability that document i should be ranked over
documentj as:

P(i > j) = sigmoid(s; — s;)

RankNet then uses the log loss between the predicted probabilities for each
pair and their true/target probability: P(i > j)

https://icml.cc/2015/index.html%3Fp=51.html 80



RankNet

P(i > j) 0.5+

| ! | ol I | |

Sj - Sj
Mapping the difference in scores between two items to the

predicted probability P(i > j) using the sigmoid function
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RankNet

* Now that we have a model prediction for each item pair,

where do we get the target probability of P(i > j) from?
1. Ask annotators to judge pairs of items (infeasible, it requires O(N?) annotations).

2. We make up probabilities based on relevance judgments:
« Ify; >yj,setP(i>)) =1
* Ify; =yj,setP(i>j) =05
« Ify; <yj,setP(i>j) =0

* These made-up/virtual target probabilities were chosen mainly for
convenience as they simplify the final loss to:

LRankNet(Sr y) = Z log(1+ e_(si_sj))
Yi>Yj

https://icml.cc/2015/index.html% 3Fp=51.html
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Aspect

Method type

Loss function

Uses
sigmoid?

Ranking
metric aware?

Gradient
computation

Improvement
over?

RankNet

Pairwise

Cross-entropy on pairwise probabilities

Yes, to model pairwise preference probability

No, all pairs treated equally

From loss function

Pointwise methods

LambdaRank

Pairwise-based listwise methods (metric-
aware)

No explicit loss; gradients defined directly

metric-aware gradients instead of
plain pairwise probability loss

Yes, swaps weighted by impact on metric
(e.g., NDCQG)

Directly defined by ANDCG (or other
metric changes)

RankNet
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An example of SVD

-0.44
-0.13
—-0.48
-0.70
-0.26

2.16
0.00
0.00
— 0.00

-0.30
-0.33
-0.51
0.35
0.65

0.00
1.59
0.00

0.00

U’TLX?"

Z?"X’l"

-0.75

T _
VoL —0.29
0.28

0.00

-0.28

-0.53
-0.75

0.00

0.57 0.58 0.25
-0.59 0.00 0.73
-0.37 0.00 -0.61

0.15 -0.58 0.16
-0.41 0.58 -0.09

0.00 0.00 0.00

0.00 0.00 0.00

1.28 0.00 0.00

0.00 1.00 0.00

0.00 0.00 0.39

-0.20 -0.45

0.33

-0.19 0.63 0.22

045 -0.20 0.12
0.58 0.00 —

0.12
0.41

0.33
0.58



An example of SVD: The matrix U

—-0.44 -0.30 0.57 0.58 0.25
-0.13 -0.33 -0.59 0.00 0.73
-0.48 -0.51 -0.37 0.00 —0.61
-0.70 0.35 0.15 —-0.58 0.16
—-0.26 0.65 -0.41 0.58 —0.09

* One row perterm.
* Each column represents a latent semantic dimension.

* The values show how strongly each term is associated with each dimension.



An example of SVD: The matrix 2

2.16 0.00 0.00 0.00 0.00
0.00 1.59 0.00 0.00 0.00
0.00 0.00 1.28 0.00 0.00
0.00 0.00 0.00 1.00 0.00
0.00 0.00 0.00 0.00 0.39

* Adiagonal matrix of singular values.
* Larger values indicate more important dimensions.

* We can keep the top-k dimensions and discard the rest.



An example of SVD: The matrix V
d, |d, |ds |dg Jds [de

-0.75
-0.29
0.28
0.00
-0.53

-0.28
—-0.53
-0.75
0.00
0.29

* One column per document.

-0.20
-0.19
0.45
0.58
0.63

-0.45
0.63
-0.20
0.00
0.19

-0.33
0.22
0.12

—0.58
0.41

-0.12
0.41
—-0.33
0.58
-0.22

* The rows correspond to the same latent dimensions as in U.

* The values show how strongly each document is associated with each

dimension.



How to use SVD in LSA

* Each singular value tells us how important its dimension is.

* By setting less important dimensions to zero, we keep the important
information, but get rid of the “details”.

* These details:
* may be noise —in that case, reduced LSA is a better representation
because it is less noisy;
* make things dissimilar that should be similar —again reduced LSl is a
better representation because it represents similarity better.



-0.44 -0.30 0.57 0.58 0.25
-0.13 -0.33 -0.59 0.00 0.73
-0.48 -0.51 -0.37 0.00 -0.61 Unxr
-0.70 0.35 0.15 -0.58 0.16
-0.26 0.65 -0.41 0.58 -0.09

Latent Semantic
Analysis

2.16 0.00 0.00 0.00 0.00
0.00 1.59 0.00 0.00 0.00
Z'r XTr
0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00

0.00 0.00 0.00 0.00 0.00

-0.75 -0.28 -0.20 -0.45 -0.33 -0.12

-0.29 -0.53 -0.19 0.63 0.22 0.41

merT 0.28 -0.75 0.45 -0.20 0.12 -0.33
0.00 0.00 0.58 0.00 —-0.58 0.58

-0.53 0.29 0.63 0.19 0.41 -0.22



Choice of k (= # of dimensions)

* The choice of k is critical.

 |ldeally, we want a value of k:
* large enough to fit all the real structure in the data;
* small enough so that we do not also fit the sampling error or unimportant
details.

* The proper way to make such choices is an open issue.

* Typically, we use different values of kK and compare performance based on
evaluation measures.
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