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- Reading

- Visual Search



There are other sources of implicit 
feedback as well
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Other data:
- history
- collaborative
  filtering
- text content

Implicit feedback User models by
machine learning

Inferred relevance
or interestingness

Usable in a variety of applications,
including proactive IR
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ÒStandardÓ information retrieval



ÒStandardÓ information retrieval

Given an explicit typed query, return a set of 
documents that are the most relevant to the 
query.

ReÞne the search based on explicit feedback.

Problems:

¥ Formulating good queries is difÞcult

¥ Giving explicit feedback is tedious
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Proactive information retrieval

Given implicit feedback signals (e.g. eye 
movements), infer what the user is interested 
in. Use the inferred interests in information 
retrieval.

Difference from IR: Either
¥ no query available, or

¥ no explicit feedback available



Three tasks for ML in proactive IR

A. Infer explicit relevance from implicit feedback
Ð The rest as usual in IR

B. Query construction: Infer implicit query from 
implicit feedback
Ð Use the inferred query to search for new 

relevant documents

C. Complement explicit feedback with implicit

11
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Setting of a feasibility study

Gather a learning data set where relevance is 
known:

Ð Show a set of titles of scientiÞc papers, 
measure eye movement trajectory, and ask 
about the relevance of the titles afterwards.

Task: predict relevance for new titles, given the 
eye movement trajectory.

(PuolamŠki, SalojŠrvi, Savia, Simola, Kaski: Combining Eye Movements and 
Collaborative Filtering for Proactive Information Retrieval. SIGIR'05)
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Eye movements of 3 subjects 
were measured (eye-
subjects).
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Eye movements

¥ Task: estimate          
p(“title is 
relevant” | eye 
movements)

Jaana Simola and Tobii 1750 Eye 
Tracker
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Feature extraction

¥ Segment the trajectory 
according to words

¥ Compute a set of 
features for each 
segment (from 
reading research)

¥ Result: A sequence of 
feature vectors

The Minimum Error Minimax Probability Machine

Sphere!Packing Bounds for Convolutional Codes

Quantum State Transfer Between Matter and Light

PAC!Bayesian Stochastic Model Selection

Pictorial and Conceptual Representation of Glimpsed Pictures

Blink and Shrink: The Effect of the Attentional Blink on Spatial Processing
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Second level: transitions between words

Predicting relevance with 
Discriminative Hidden Markov 
Models (HMM)

Optimized with Discriminative Expectation 
Maximization (EM) algorithm                         
(SalojŠrvi et al, ICML!05)

relevance={R,I}
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R I

First level: transitions between sentences



Results

Model Perplexity Accuracy

Dumb Model - 66.6 %

HMM (eye movements) 1.78 73.3 %

Small perplexity and large accuracy is better.

19

Clearly better than by chance but not close to 
100% because eye movements are a very 
noisy and indirect indicator of relevance

=> Complement with other information sources
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Results

Model Perplexity Accuracy

Dumb Model - 66.6 %

HMM (eye movements) 1.78 73.3 %

Model Perplexity Accuracy

URP (collab. Þltering) 1.50 83.0 %

Small perplexity and large accuracy is better.

22

Very good!

But are eye movements needed at all?
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Fi gur e 2: A grap hical mo del represen t atio n of URP .
Th e grey circl e ind icat es an observ ed value. Th e
boxes are ÒplatesÓ represen ti ng replicates and th e
index at the bottom rig ht corn er of each plate in-
dicates t he num ber of replicates. Th e lowest plate,
lab eled w ith NU , repr esents users. The plate labeled
wi th ND repr esents t he rep eated choi ce of user gr oup
and documen t. The plate labeled with KU repr e-
sents the multinomi al mo dels of relev ance for th e
di ! eren t user groups.

• For each pair (Z, d), a binary relevancevalue r is drawn
from the Binomial(! (Z, d)) .

Comparisonto OtherLatentTopicModels
In the URP model each user is assigned a distribution of
multi nomial parametersθ and the latent user group (ÒtopicÓ
in text modeling) Z is sampled repeatedly for each docu-
ment. A user can therefore belong to many groups with
varying degrees. In URP, the mult inomial parameters θ are
marginalized out from the maximum likelihood cost func-
tion. In the well-known latent topic model called Probabi li s-
tic Lat ent Semantic Analysis [4], the number of parameters
grows with the number of users, since each user is given a
Þxed set of multinomi al parameters θ.

URP is closely related to Pri tchardÕs latent variable model
[16] and Latent Diri chlet Allocation (LD A) [2] (also known
as multi nomial PCA). URP can be seen as an extension to
LDA with one extra dimension in the parameter matrix β
to represent the possible different rat ing values. In our case
we only have two values.

EvaluatingGibbsURP
In Gibbs URP a Þve-fold cross-validat ion within the traini ng
set was Þrst carri ed out to determi ne the optim al number of
user groups in the range {1, 2, . . . , NU}. In our experim ents
the optim al number of user groups was found to be two,
which was later used when comput ing the predictions for
the Þnal test set.

The duration of the burn-in period was determined by
running three MCMC chains in parall el and monitori ng the
convergenceof predictions.

DumbModelandDocumentFrequencyModel
We intro duced two simple models to give baseline results.
The dumb model classiÞes all documents to the largest class,
P (r = 0) = 1. The document frequency model does not take
into account differences between users or user groups. It

X
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Fi gur e 3: A grap hical mo del repr esentation of th e
discrimi nativ e Di r ichlet mixture mo del. X is th e in-
dex of th e mo del t hat pr edic t s relev ance, in our case
X ! {eye, urp}. The grey circles indicate observ ed
values. In our mo del we observ e triplets (r, Peye, Purp)
fo r each user- do cumen t pa i r.

simply models the probabi li ty of a document being relevant
as the frequency of r = 1 in the traini ng data for the docu-
ment,

P (r = 1 | d) =

P
u #( u, d, r = 1)

P
u,r #( u, d, r)

.

3.3 Combining Models
We started by examini ng the predicti on performance of

each of the models separately. Sincethe models usedifferent
sourcesof inform ation, the natural extension is to combine
their predicti ons.

Both models produce a probabili ty of relevance for each
given (user, document) pair. The simplest way to combine
the models is to train the models independentl y and combine
the predicted probabi li t ies to produce the Þnal prediction.
Thi s approach has the advantage of being modular and eas-
il y extensibl e.

DiscriminativeDirichletMixtureModel
We formulated a generative model for combini ng probabil i-
ties. Let us denote the prediction of the collaborat ive Þlter-
ing model by Purp and the prediction of the eye movement
model by Peye.

We Þrst deÞne a model that generates the observed rel-
evances r ! {0, 1} and the (noisy) predictions Purp and
Peye. Our goal is to Þnd an expression for P (r|Purp, Peye, " ),
where " denotes all parameters of the model.

The generative processof the discrimina tive dir ichlet mix-
ture model is (see Figure 3) as follows:

• For each (user, document) pair, a binary relevance r
is drawn from Binomi al(#).

• For each X ! {urp, eye}, a vector of multinomi al (in
this case binomial) parameters PX is drawn from Dir-
ichlet( $r

X ).

The observed variables of our model are the binary rele-
vancesrn and the prediction probabili ties PX,u,d, where the
indi cesu, d denote all (user, document) pairs. The param-
eters of the model are given by " = {#, $r

urp, $r
eye}. We

have ignored the priors of the parameters, since we assume

Dirichlet Mixture Model

¥ Combines 
predictions by 
taking their 
uncertainty into 
account

¥ Modular approach: 
original 
probabilities from 
existing models

¥ For details: SalojŠrvi 
et al., ECML!05

Graphical 
model 
representation 
of Dirichlet 
Mixture Model

23



Results

Model Perplexity Accuracy

Dumb Model - 66.6 %

HMM (eye movements) 1.78 73.3 %

Model Perplexity Accuracy

URP (collab. Þltering) 1.50 83.0 %

Model Perplexity Accuracy

Linear Mixture 1.50 83.0 %

Dirichlet Mixture 1.48 85.2 %

Small perplexity and large accuracy is better. 24
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Sometimes easy

27



...and sometimes hard
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Different reading styles make it harder
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Different reading styles make it harder
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Assumptions

¥ There is a link between relevance of a word 
and eye movements

¥ There is data for which relevance is known 
(but for different topics)

¥ The link is independent of the actual topic

=> The link can be learned from data collected 
on a set of topics, and generalized to new 
topics

31



Modeling task

1. Infer the parameters w of a ranking function g 
from eye movements.

2. Apply the ranking function gw(d) to new 
documents d, and retrieve the best

Howto learn w:

¥ Assume w separates:       for term t

¥ Learning data: Collect data with a known 
query (deÞnes relevance for each d )

¥ Ground truth for w: On a learning set of 
documents d with known relevance, optimize 
w to maximize IR performance

¥ Learn a regressor                            from the 
eye movement et and other features s t 

The regressor depends neither on the term t nor 
the query topic.

32

wt = f! (et,st)

wt



Results

Given 10 documents with eye movements, infer 
the implicit query and apply it to 244 new 
documents.

Statistically signiÞcant improvement from 
random average precision: 5.11% --> 9.81%

Absolute value is still low: Explicit feedback 
would give 54.85%. We are working on this...

33

Table 2: The precision for various predictors and search topics, in percent. Larger precision is better. The
baseline models are random guessing, for which the median precision is shown, together with an SVM classiÞer
used to trai n the regressor. The baseline models provide expected lower and upper limits for the expected
performance of the predictors. The largest precision for a given search topic and classof predictors is shown in
boldface. The topics for which the best Wi classiÞer has achieved a sub-random result are shown in ita lics. All
models outperform random guessing (P < 0.01, Fisher Sign Test).

Baseline Eye movements only Expl. Impl.&Exp l.
feedb. feedback

Random SVM Wi Wi (21) Wi (41) Wi (61) SVMi SVM-2Ki

Astronomy 5.11 58.92 10.09 9.84 9.98 10.02 36.35 37.48
Ball games 5.11 98.09 9.59 11.95 12.36 12.83 65.12 78.57

Cities 5.11 91.20 9.94 9.62 9.92 9.70 64.26 64.86
Court systems 5.11 67.55 8.68 9.25 9.47 10.26 59.23 60.48

Dinosaurs 5.11 100.00 3.20 3.37 3.37 3.45 98.33 89.75
Education 5.11 73.16 5.55 5.80 6.36 6.88 32.03 41.12
Elections 5.11 74.48 14.35 16.48 15.89 15.93 68.49 68.87
Family 5.11 77.12 8.33 10.74 10.84 10.76 50.35 67.97
Fil m 5.11 70.33 6.07 7.01 7.68 8.30 41.78 48.32

Government 5.11 60.10 6.10 6.86 6.66 6.80 27.64 25.59
Internet 5.11 37.69 3.47 3.80 3.78 3.77 11.72 12.69

Languages 5.11 97.14 6.03 6.55 6.84 6.81 94.30 92.90
Liter ature 5.11 33.77 3.65 3.69 3.75 3.82 16.94 15.61

Music 5.11 78.16 7.23 8.13 7.86 8.25 58.81 69.24
Natural disasters 2.37 100.00 33.84 34.30 34.89 35.30 100.00 91.67

Olympics 5.11 87.38 7.16 8.76 9.52 9.59 100.00 82.25
Optical devices 5.11 75.73 11.19 11.02 11.23 10.63 63.73 63.85
Postal system 5.11 77.83 5.57 5.97 5.99 6.20 46.29 44.20

Printi ng 5.11 78.11 5.93 8.67 8.40 8.02 55.01 51.35
Sculpture 5.11 72.92 4.51 4.94 5.11 4.99 72.78 76.07

Space exploration 5.11 67.00 14.52 16.49 17.74 16.92 62.64 64.95
Speeches 5.11 85.97 10.01 10.36 10.55 10.72 45.27 46.94
Television 5.11 69.01 6.07 6.88 6.78 n/a 29.77 25.41

Transportation 5.11 52.02 16.51 16.66 16.73 n/a 34.86 26.13
Wri ting systems 5.11 78.67 3.61 3.62 3.60 3.52 35.49 32.01

Average 74.49 8.85 9.62 9.81 54.85 58.71

set of viewed snippets, and the text content of the
snippets was available. This is a protot ype of a task
where the intent or interests of the user are inferred
from implicit feedback signals, and used to anticipate
the users actions.

We were able to learn a Òuniversal predictor of rele-
vancepredictorsÓfrom a collected databaseof queries,
their relevant and irrelevant documents, and the corre-
sponding eye movements. The predictions performed
better than chance on new queries. There is ample
room for improvement in the prediction percentages,
our best model gives an mean precision of 9.81% as
opposed to 6% of the random classiÞer, but nonethe-
less the feasibili ty study wassuccessful; it is possible to
extract some useful information from eye movements.

We furth er experimented with a model, wherethe tex-

tual content of the documents and explicit relevance
feedback given by the user (th e document is/is not
in the search topic) was taken into account. As ex-
pected, the explicit feedback improved the precision
signiÞcantly to 54.85%. Our results show that also in
th is scenario, taki ng the eye movement into account
we can further improve the precision by about 4%.

We conclude that in constr ucting a query, eye move-
ments provide an implicit feedback channel. As ex-
pected, the feedback obtained from the eye movements
is lessinformativ e than relevancefeedback typed in by
the user, but nonetheless this implicit feedback can
be exploited. In practi cal applications all available
feedback channels, in additi on to the eye movements,
should of course be utilized; the practical impli cation
of thi s study is that if eye movement data is cheaply
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Wri ting systems 5.11 78.67 3.61 3.62 3.60 3.52 35.49 32.01

Average 74.49 8.85 9.62 9.81 54.85 58.71

set of viewed snippets, and the text content of the
snippets was available. This is a protot ype of a task
where the intent or interests of the user are inferred
from implicit feedback signals, and used to anticipate
the users actions.

We were able to learn a Òuniversal predictor of rele-
vancepredictorsÓfrom a collected databaseof queries,
their relevant and irrelevant documents, and the corre-
sponding eye movements. The predictions performed
better than chance on new queries. There is ample
room for improvement in the prediction percentages,
our best model gives an mean precision of 9.81% as
opposed to 6% of the random classiÞer, but nonethe-
less the feasibili ty study wassuccessful; it is possible to
extract some useful information from eye movements.

We furth er experimented with a model, wherethe tex-

tual content of the documents and explicit relevance
feedback given by the user (th e document is/is not
in the search topic) was taken into account. As ex-
pected, the explicit feedback improved the precision
signiÞcantly to 54.85%. Our results show that also in
th is scenario, taki ng the eye movement into account
we can further improve the precision by about 4%.

We conclude that in constr ucting a query, eye move-
ments provide an implicit feedback channel. As ex-
pected, the feedback obtained from the eye movements
is lessinformativ e than relevancefeedback typed in by
the user, but nonetheless this implicit feedback can
be exploited. In practi cal applications all available
feedback channels, in additi on to the eye movements,
should of course be utilized; the practical impli cation
of thi s study is that if eye movement data is cheaply



Bonus: Inferred relevance can be 
visualized
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1. Background
2. What is proactive IR?
3. Infer explicit feedback from implicit

- Combine data sources

4. Infer implicit query from explicit
    feedback

5. Complement explicit feedback
    with implicit



Task (complement expl with impl)

Given a small set of texts with known 
relevance and measured eye 
movements,

¥ learn an estimator for relevance 
given text contents and eye 
movements

¥ transform into an estimator which 
uses only text contents

¥ apply the estimator to new 
documents (no eye movements)

36



How? (to complement expl with impl)

Assumption: What is shared by text content and 
eye movements is relevant for classiÞcation

In other words: Text content and eye 
movements are 2 views to the same 
documents

SVM-2K: 

¥ Extract the common aspects of the 2 views 
with kCCA

¥ Do classiÞcation with SVM, given the common 
aspects

¥ Finally: Extract out the part that only uses text37



Results
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Table 2: The precision for various predictors and search topics, in percent. Larger precision is better. The
baseline models are random guessing, for which the median precision is shown, together with an SVM classifier
used to train the regressor. The baseline models provide expected lower and upper limits for the expected
performance of the predictors. The largest precision for a given search topic and class of predictors is shown in
boldface. The topics for which the best Wi classifier has achieved a sub-random result are shown in italics. All
models outperform random guessing (P < 0.01, Fisher Sign Test).

Baseline Eye movements only Expl. Impl.&Expl.
feedb. feedback

Random SVM Wi Wi (21) Wi (41) Wi (61) SVMi SVM-2Ki

Astronomy 5.11 58.92 10.09 9.84 9.98 10.02 36.35 37.48
Ball games 5.11 98.09 9.59 11.95 12.36 12.83 65.12 78.57

Cities 5.11 91.20 9.94 9.62 9.92 9.70 64.26 64.86
Court systems 5.11 67.55 8.68 9.25 9.47 10.26 59.23 60.48

Dinosaurs 5.11 100.00 3.20 3.37 3.37 3.45 98.33 89.75
Education 5.11 73.16 5.55 5.80 6.36 6.88 32.03 41.12
Elections 5.11 74.48 14.35 16.48 15.89 15.93 68.49 68.87
Family 5.11 77.12 8.33 10.74 10.84 10.76 50.35 67.97
Film 5.11 70.33 6.07 7.01 7.68 8.30 41.78 48.32

Government 5.11 60.10 6.10 6.86 6.66 6.80 27.64 25.59
Internet 5.11 37.69 3.47 3.80 3.78 3.77 11.72 12.69

Languages 5.11 97.14 6.03 6.55 6.84 6.81 94.30 92.90
Liter ature 5.11 33.77 3.65 3.69 3.75 3.82 16.94 15.61

Music 5.11 78.16 7.23 8.13 7.86 8.25 58.81 69.24
Natural disasters 2.37 100.00 33.84 34.30 34.89 35.30 100.00 91.67

Olympics 5.11 87.38 7.16 8.76 9.52 9.59 100.00 82.25
Optical devices 5.11 75.73 11.19 11.02 11.23 10.63 63.73 63.85
Postal system 5.11 77.83 5.57 5.97 5.99 6.20 46.29 44.20

Printing 5.11 78.11 5.93 8.67 8.40 8.02 55.01 51.35
Sculpture 5.11 72.92 4.51 4.94 5.11 4.99 72.78 76.07

Space exploration 5.11 67.00 14.52 16.49 17.74 16.92 62.64 64.95
Speeches 5.11 85.97 10.01 10.36 10.55 10.72 45.27 46.94
Television 5.11 69.01 6.07 6.88 6.78 n/a 29.77 25.41

Transportation 5.11 52.02 16.51 16.66 16.73 n/a 34.86 26.13
Wri ting systems 5.11 78.67 3.61 3.62 3.60 3.52 35.49 32.01

Average 74.49 8.85 9.62 9.81 54.85 58.71

set of viewed snippets, and the text content of the
snippets was available. This is a prototype of a task
where the intent or interests of the user are inferred
from implicit feedback signals, and used to anticipate
the users actions.

We were able to learn a “universal predictor of rele-
vance predictors” from a collected database of queries,
their relevant and irrelevant documents, and the corre-
sponding eye movements. The predictions performed
better than chance on new queries. There is ample
room for improvement in the prediction percentages,
our best model gives an mean precision of 9.81% as
opposed to 6% of the random classifier, but nonethe-
less the feasibility study was successful; it is possible to
extract some useful information from eye movements.

We further experimented with a model, where the tex-

tual content of the documents and explicit relevance
feedback given by the user (the document is/is not
in the search topic) was taken into account. As ex-
pected, the explicit feedback improved the precision
significantly to 54.85%. Our results show that also in
this scenario, taking the eye movement into account
we can further improve the precision by about 4%.

We conclude that in constructing a query, eye move-
ments provide an implicit feedback channel. As ex-
pected, the feedback obtained from the eye movements
is less informative than relevance feedback typed in by
the user, but nonetheless this implicit feedback can
be exploited. In practical applications all available
feedback channels, in addition to the eye movements,
should of course be utilized; the practical implication
of this study is that if eye movement data is cheaply
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set of viewed snippets, and the text content of the
snippets was available. This is a prototype of a task
where the intent or interests of the user are inferred
from implicit feedback signals, and used to anticipate
the users actions.

We were able to learn a “universal predictor of rele-
vance predictors” from a collected database of queries,
their relevant and irrelevant documents, and the corre-
sponding eye movements. The predictions performed
better than chance on new queries. There is ample
room for improvement in the prediction percentages,
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less the feasibility study was successful; it is possible to
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the user, but nonetheless this implicit feedback can
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set of viewed snippets, and the text content of the
snippets was available. This is a protot ype of a task
where the intent or interests of the user are inferred
from implicit feedback signals, and used to anticipate
the users actions.

We were able to learn a Òuniversal predictor of rele-
vancepredictorsÓfrom a collected databaseof queries,
their relevant and irrelevant documents, and the corre-
sponding eye movements. The predictions performed
better than chance on new queries. There is ample
room for improvement in the prediction percentages,
our best model gives an mean precision of 9.81% as
opposed to 6% of the random classiÞer, but nonethe-
less the feasibili ty study wassuccessful; it is possible to
extract some useful information from eye movements.

We furth er experimented with a model, wherethe tex-

tual content of the documents and explicit relevance
feedback given by the user (th e document is/is not
in the search topic) was taken into account. As ex-
pected, the explicit feedback improved the precision
signiÞcantly to 54.85%. Our results show that also in
th is scenario, taki ng the eye movement into account
we can further improve the precision by about 4%.
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It is not enough to be proactive

... the computer needs
    good manners as well.
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I am not convinced yet.
What would you like to do?
1) Improve data set selection 
2) Go skiing



Conclusions
¥ Eye tracking does give information about user 

preferences/interests/relevance
¥ The link between eye movement trajectory and 

interests is non-trivial => machine learning
¥ So far: Feasibility studies in the new field
¥ Promising, especially when combined with other 

sources (data,signals)
¥ We do not know yet how far it is possible to go

A very promising new research area for machine 
learners!

More information:
http://www .cis.hut.fi/projects/mi/proact
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