














A Heuristic Approach

® Suppose we have a relevance function rel(q, d)
and similarity function sim(dy, d;)

* Maximal Marginal Relevance (MMR) suggests we
greedily pick documents in order, maximizing

L rel(d,q)! (1! ! )gl/llaé( sim/(d, d )

» WVe first pick the most relevant document

» We pick the next one to have highest marginal
relevance given what we’ve already picked

» Loop and repeat

* This diversifies an existing ranking!
[Carbonell & Goldstein, SIGIR ‘98]




MMR Example

e Similarities
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dl | 0.8
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A Document Modeling Approach

e Build a probabilistic relevance model; Pick
document that maximizes:

P(dy relevant | query)

e But if that document wasn’t relevant, pick the
next document to maximize:

P(ds relevant | query N di not relevant)
* And keep going all the way down the ranking.

* But we need to be able to estimate this
probability of relevance. If we are to learn it we
need absolute judgments.

[Chen & Karger, SIGIR ‘07]



Set Cover

* Another approach to obtaining diverse rankings is
to “cover’ different topics explicitly.




Set Cover

Another approach to obtaining diverse rankings is
to “cover’ different topics explicitly.

This is the maximum cover problem: Its NP hard!

If we know how much each document adds, we
could greedily pick documents, one at a time.

Greedy gives a (1 — 1/¢)
approximation (in the worst
case).You can’'t do better in
polynomial time.

[Nemhauser et al, MP “78; Khuller et al, IPL ‘97]



Greedily covering words

® Suppose we have a set of candidate documents.

* We want a subset that covers as many available
topics as possible.

* |[f we don’t know the topics, can use words as a
Proxy.

» Some words are more
important than others.

» Words can be covered
to different degrees.
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» Score of a subset is the T o o
sum of the words covered. Frequency of Word

[Swaminathan et al ‘08]



Learning from Diverse Lists

* Why limit ourselves to a static word weighting!?

» Some words are better than others at
covering new topics.

» You might need the same word a few times
before a topic is really covered.

® \We can build features that describe how
important a word is: Occurs n times; In the title.

® Can learn how to weight each importance
feature to get the best diversity.

» For training, we need documents with labeled
topics!

[ Yue & Joachims, ICML ‘08]



Measuring Diversity with Clicks

® Clicks were useful for relevance judgments, can
we use them to optimize for diverse rankings!?

» Skipping over a result suggested it was less
relevant than something clicked later.

» If users skipped over everything, the top
results were usually particularly bad.

* “No clicks” is usually called abandonment.

» Pros: Easy to observe.

» Cons: Only negative feedback. Assumes
abandonment is bad.What if the answer was in

the abstract!




Measuring Diversity with Clicks

® Suppose we have a binary relevance model:

dl|d2|d3(d4|{d5|d6|d7|d8|d9
User 1 v v YAR'A
User 2 v v YAR'A
User 3 v
User 4 v AR
User 5 v v
User 6
User 7 v v
User 8 v v

* Assume users presented with results click on first
relevant document.

* With full information, we can use the greedy
algorithm. Can we get close without it?




Minimizing Abandonment

e We can learn the value of each document at each rank.

e At rank |,we’ll learn the most popularly relevant document.

At rank 2, we'll learn the best next one, given the first, etc...
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[Radlinski et al, ICML ‘08]



mizing Abandonment
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* The payoff we get (hon-abandonment) is
(1 —1/e)OPT — sublinear(T)

e But we have to learn a huge number of parame

211: iI;1§I°<i ‘et al, ICML ‘08]



Diversity: Questions

How do we measure diversity of rankings produced
by a ranking function!?

What are the right diversity sensitive loss metrics
for machine learning algorithms to optimize!

Where do we obtain appropriate training data
labeled for diversity? What question do you ask

human judges!?

Or, what is the best way to interpret clicks as
measures of diversity!

When learning to produce diverse rankings, what
features best capture diversity!?




Learning to Rank with a Iwist

* We've focussed on the task:
» Given a query, find relevant documents.
e But there is another increasingly studied setting:

» Given a query, find documents that will make
us lots and lots and lots of money.

® This is of course online advertising.

» Setting |:rank given a query.
» Setting 2: rank given a document.

e Evaluation is sort of obvious: The number of
dollars your algorithm makes.




Advertising at 10,000 ft

Lets consider the query setting:
» We have a query. VWe want to make money.

» Each ad has some relevance to the query.
Actually, what really matters is P(click)

» Each ad also pays us up to $x per click.
Simplest way: Rank ads by relcvance x price
» If the price is high enough, it dominates.
Attempt 2: Rank ads by CT'R x price

» How do you know the CTR ahead of time!

» How do you know when all the ads are terrible!?

How do you charge to get the best bids?
[Edelman, Ostrovsky & Schwarz, AER ‘07]




Areas for Research

We want to globally optimize ranking metrics ...
... but they are non-convex and non-smooth.

We want diversity in search results ...
... but we don’t know how to really optimize it.

A good performance metric is user satisfaction ...
... but we don’t know how to measure it.

Training from user clicks is very appealing ...

... but what happens when spammers start clicking?

The data isn’t iid...
... but it is highly structured.

Lots of very interesting open problems!



Some of the data out there

TREC (many tracks, many scenarios)

LETOR (some processed TREC & OHSUMED)
Netflix prize dataset

(AOL query dataset)

(build your own search engine proxy)

(build your own search engine: e.g. Osmot)

Microsoft, Yahoo!, Google have lots of data...






