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Application task

• We are looking for articles about ancient 
Rome

• We make a textual query “Rome”

• The search engine outputs articles also about 
the modern Rome

• Use the gaze pattern to infer a new query 
(that would be more specific for ancient Rome)

• Yet unseen documents can be re-ranked to 
reflect the new query



Application task: 
problems

• In the original training phase we show user 
several queries, gaze patterns are recorded 
and the user labels the relevant documents

• In the actual application...

• The specific query has not been seen 
before

• There is no explicit feedback

• We must be able to infer the new query 
using implicit feedback (gaze patterns) only
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Machine learning task

• Learn to infer relevance r of a document d 
for a previously unseen query w, 

Pr(r|d,w;ɑ).

• Infer query w from gaze pattern e, Pr(w|e;β)

• Use inductive bias (parameters ɑ,β) 
learned on original training queries

• “Learn to learn”



Model

• Assumption: there is a link between how a term is 
viewed and the term’s importance in the query

• Bag-of-words representation

• Each term has...

• Term features (IDF, # of characters, relative position)

• Eye movement features (# of fixations, fixation 
durations etc.)

• Assumption: the semantic meaning of a term can be 
ignored, only the above features matter



Model

Learning to Learn Implicit Queries from Gaze Patterns

The problem of combining multiple search engine rank-
ings into one is known as metasearch and it has been
studied extensively during the past years (see, for ex-
ample, Cohen et al., 1998; Aslam & Montague, 2001).
Because in this work we aim for simplicity and robust-
ness, we use a straightforward linear combination of
rankings. Another reason for this choice is that we
want our approach to work also with a “black box”
search engine which only gives us a ranking of the
documents, without any probability of relevance as-
sociated with the documents.

In more detail, let rBM25(d) and rEY E(d) be the ranks
of the document d given by the Okapi BM25 ranking
function and the eye movement model, respectively.
We re-rank the yet unseen documents using score(d)
defined by

score(d) = !rBM25(d) + (1! !)rEY E(d), (3)

with the document having the smallest score(d)
ranked first. Here ! is a constant between zero and
one.

3. Learning to Learn: A Probabilistic
Model

In this section we introduce a probabilistic model that
can be used to infer the ranking of yet unseen docu-
ments for a new and unknown query, given how the
user has viewed a set of documents. In practice, the
viewed documents are the highest-ranked documents
for a given unknown query, and the inferred ranking
is used to modify the order in which the further docu-
ments are presented.

3.1. Probabilistic Model

The available data is a collection of documents, en-
coded as TFIDF vectors d, where the component cor-
responding to term t is

dt = tf t log
|C|
dft

.

For the viewed documents we additionally have eye
movement features. The feature vector eit contains
feature values for term t in document i. There are
two types of features: eye movement features that are
computed from the eye movement pattern over the
term, and textual features that depend only on the
term and its location in the document. The features
are described in Section 4.3.

In the model, the relevancy r of a document is assumed
to depend on the TFIDF vector d of the document
and a search task specific query vector w. Our main

assumption is that the importance of a certain term
for a search query depends only on the way the term is
viewed, not on the meaning of the term. This allows us
to learn global parameters " and !, which are common
for all search tasks, for the mapping from the features
e to the term’s weights wt. The model is illustrated in
Figure 1.
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Figure 1. Graphical representation for the generative pro-
cess for learning to learn. The plates are repeated the
number of times shown in their bottom right corner; V is
the number of terms in the vocabulary, Q of search tasks,
and D of documents in the collection. The d is the TFIDF
representation of the document and r is the 0–1 relevance
of a document in a given search task. The e are the term-
specific eye movement and text features and w is the query
inferred from the eye movement features. The ! and ! are
parameters shared by all search tasks, and " is a prior pa-
rameter.

The query vector w of a search task is a vector in R|V |,
where |V | is the number of terms in the vocabulary.
The entries in the query vector can be interpreted as
the relative importance of the terms for the query. We
assume that the entries in the query vector are nor-
mally distributed, with the mean depending on the eye
movement features during the search task. We further
assume that the mapping from the eye movements to
the query weights is universal in the sense that the pa-
rameters of the mapping depend neither on the search
task nor on the specific term.

The query weight wqt for term t in the search task q
depends on the viewed documents (in our experiments
top-k with k = 5) in the search task, denoted by Dq,
and on all term features in the search task, denoted
collectively by Eq. We assume that the dependency is
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The query vector w of a search task is a vector in R|V |,
where |V | is the number of terms in the vocabulary.
The entries in the query vector can be interpreted as
the relative importance of the terms for the query. We
assume that the entries in the query vector are nor-
mally distributed, with the mean depending on the eye
movement features during the search task. We further
assume that the mapping from the eye movements to
the query weights is universal in the sense that the pa-
rameters of the mapping depend neither on the search
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The query weight wqt for term t in the search task q
depends on the viewed documents (in our experiments
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The entries in the query vector can be interpreted as
the relative importance of the terms for the query. We
assume that the entries in the query vector are nor-
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assume that the mapping from the eye movements to
the query weights is universal in the sense that the pa-
rameters of the mapping depend neither on the search
task nor on the specific term.

The query weight wqt for term t in the search task q
depends on the viewed documents (in our experiments
top-k with k = 5) in the search task, denoted by Dq,
and on all term features in the search task, denoted
collectively by Eq. We assume that the dependency is

Terms

Documents
Queries



Model

Learning to Learn Implicit Queries from Gaze Patterns

The problem of combining multiple search engine rank-
ings into one is known as metasearch and it has been
studied extensively during the past years (see, for ex-
ample, Cohen et al., 1998; Aslam & Montague, 2001).
Because in this work we aim for simplicity and robust-
ness, we use a straightforward linear combination of
rankings. Another reason for this choice is that we
want our approach to work also with a “black box”
search engine which only gives us a ranking of the
documents, without any probability of relevance as-
sociated with the documents.

In more detail, let rBM25(d) and rEY E(d) be the ranks
of the document d given by the Okapi BM25 ranking
function and the eye movement model, respectively.
We re-rank the yet unseen documents using score(d)
defined by

score(d) = !rBM25(d) + (1! !)rEY E(d), (3)

with the document having the smallest score(d)
ranked first. Here ! is a constant between zero and
one.

3. Learning to Learn: A Probabilistic
Model

In this section we introduce a probabilistic model that
can be used to infer the ranking of yet unseen docu-
ments for a new and unknown query, given how the
user has viewed a set of documents. In practice, the
viewed documents are the highest-ranked documents
for a given unknown query, and the inferred ranking
is used to modify the order in which the further docu-
ments are presented.

3.1. Probabilistic Model

The available data is a collection of documents, en-
coded as TFIDF vectors d, where the component cor-
responding to term t is

dt = tf t log
|C|
dft

.

For the viewed documents we additionally have eye
movement features. The feature vector eit contains
feature values for term t in document i. There are
two types of features: eye movement features that are
computed from the eye movement pattern over the
term, and textual features that depend only on the
term and its location in the document. The features
are described in Section 4.3.

In the model, the relevancy r of a document is assumed
to depend on the TFIDF vector d of the document
and a search task specific query vector w. Our main

assumption is that the importance of a certain term
for a search query depends only on the way the term is
viewed, not on the meaning of the term. This allows us
to learn global parameters " and !, which are common
for all search tasks, for the mapping from the features
e to the term’s weights wt. The model is illustrated in
Figure 1.

d

e

r

!

"

w

#

Q

D

V

Figure 1. Graphical representation for the generative pro-
cess for learning to learn. The plates are repeated the
number of times shown in their bottom right corner; V is
the number of terms in the vocabulary, Q of search tasks,
and D of documents in the collection. The d is the TFIDF
representation of the document and r is the 0–1 relevance
of a document in a given search task. The e are the term-
specific eye movement and text features and w is the query
inferred from the eye movement features. The ! and ! are
parameters shared by all search tasks, and " is a prior pa-
rameter.

The query vector w of a search task is a vector in R|V |,
where |V | is the number of terms in the vocabulary.
The entries in the query vector can be interpreted as
the relative importance of the terms for the query. We
assume that the entries in the query vector are nor-
mally distributed, with the mean depending on the eye
movement features during the search task. We further
assume that the mapping from the eye movements to
the query weights is universal in the sense that the pa-
rameters of the mapping depend neither on the search
task nor on the specific term.

The query weight wqt for term t in the search task q
depends on the viewed documents (in our experiments
top-k with k = 5) in the search task, denoted by Dq,
and on all term features in the search task, denoted
collectively by Eq. We assume that the dependency is

Parameters
common

for all queries



Training

• Learn the model:

• Gaze patterns from several query tasks 
are shown, with explicit relevance 
feedback

• Hyper-parameters ɑ and β common to 
all tasks are learned by marginalizing all 
other parameters out (with 
appropriate approximations)



Training in two phases

• Learn the query:

• Previously unseen search task

• No explicit feedback

• Using hyper-parameters common for all 
tasks we infer new query vector w



Connection to multitask, 
transfer learning

• Difference to multitask learning: we must 
learn a new classification task unlike the 
one seen before

• Potential application for multitask learning: 
learn different types of classification tasks 
(relevance from browsing, focused 
searching etc.)

• Transfer learning: inductive bias is coded 
into hyper-parameters that are made 
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Revising the ranking
• Documents are originally ranked using a 

textual query (“Rome”) and BM25

• User is shown top-5 documents, gaze 
pattern is recorded

• The ranking of top 6-10 documents are 
revised using the gaze pattern

• Simple and robust meta-search scheme (we 
used γ=0.2):

score(d)=γ ranking(BM25)+(1-γ) ranking(GAZE)



Experiment

• Corpus of truncated Wikipedia documents

• 3 naive users, 13 given search tasksLearning to Learn Implicit Queries from Gaze Patterns

Table 1. The search tasks and the given search terms.
Task Search

number Desired topic term
1 American football football
2 Alternative medicine medicine
3 Ancient Rome Rome
4 Adhesive tape tape
5 Environmental conservation conservation
6 Seal (marine mammal) seal
7 Extra-solar planets planets
8 Visual nervous system vision
9 Internet forums forum
10 Marketing strategies strategies
11 National libraries libraries
12 British Royal Navy navy
13 Space shuttles shuttle

Our search engine did not return a list of the most rele-
vant documents as search engines usually do. Instead,
it returned the most relevant document directly. In the
bottom of each document there were two links which
were used for marking the document as either relevant
or not relevant. Clicking one of these links retrieved
the next document. All other links were removed from
the documents. The search engine returned the docu-
ments in the order determined by the BM25 algorithm.
Each search session included 10 documents. After fin-
ishing one session the test subject was automatically
given a topic and search terms for the next task.

The relevance judgements given by the users were used
as ground truth during the training phase of the model.
In testing phase they were used to validate the results.

During the search tasks the users’ eye movements were
recorded with a Tobii 1750 eye tracker. Tobii tracks
gaze location by measuring the reflection pattern on
the cornea of eye. It does not require wearing a helmet
or a headrest. The users were sitting 60 cm away from
a 17 inch computer screen. The system was calibrated
once in the beginning of the experiment.

4.3. Term Features

The eye tracker and the browser recorded the sequence
of fixations; it was then transmitted to the Wikipedia
document server when the user clicked any link. A part
of the gaze trajectory was considered a fixation if the
gaze stayed inside a 30 pixel square (about 0.6 visual
angle) for more than 100 ms. Fixations that appeared
outside the bounding boxes of vocabulary words were
ignored. The vocabulary consisted of stemmed words,
with stop words removed. The size of the vocabulary
was 3030 words.

For each term t, we extracted 19 eye movement fea-
tures and 3 text features, denoted collectively by et.
We used the same eye movement features, such as
number of fixations, absolute, relative and mean fixa-
tion durations, used by Hardoon et al. (2007) as well.
The 3 text features were independent of the actual
search task; they are the number of characters in the
word, the relative position of the word in the docu-
ment, and the inverse document frequency of the word.

4.4. Combination of Textual and Eye
Movement Based Searches

We show that a simple combination of our eye
movement-based ranking and a ranking by a state-of-
the-art textual IR algorithm has higher precision than
the textual search alone. For the textual search we use
BM25, a well-known bag-of-words ranking function.

We measured the eye movements while the users were
reading top-5 documents as returned by BM25. The
documents below the rank 5 were used for testing. We
ranked the test documents with our method thus get-
ting a second ranking in addition to the original BM25
ranking. We combined the two rankings by reordering
the documents according to the weighted average (3).

To compare the original BM25 ranking and the com-
bined ranking, we compare their average precision, a
common measure for evaluating search results. It is
computed as the average of the precisions at positive
rankings: 1

R

!R
i=1

i
ri

, where R is the total number of
relevant documents, and the ri are the rankings of the
positive documents such that ri < ri+1. The best pos-
sible average precision is one, which corresponds to all
relevant documents being ranked in the first positions.

We learn the query vector for each search task by leav-
ing the data for that task out and using the remain-
ing tasks as background tasks in the first phase of the
training, as was discussed in Section 3.1. In the “on-
line” phase we use the top-5 documents from the left-
out task to infer the query vector.

We combine BM25 and the probabilistic model by us-
ing equation (3). For that purpose we need to decide a
value for the weighting factor !. We compare the mean
average precision of the plain BM25 and the combina-
tion of BM25 and the proposed probabilistic model for
documents that are ranked 6–10 in each background
task for several discrete values of !, and for each task
select the ! value that has the best mean improvement
in average precision. We use the average of these task-
specific best values of ! in order to obtain a common
value of ! = 0.2, which is then the value used in all
of the experiments. The value " = 1 for the prior pa-
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1. User was shown top-5 BM25 documents

2. Gaze pattern 
was recorded

3. A new query w was inferred

4. Top6-10 documents were re-ranked

For each user and query:



Experiment

• Combination of textual query and 
proposed method is better than textual 
ranking alone

• Measure: mean improvement in average 
precision (larger is better)

Learning to Learn Implicit Queries from Gaze Patterns

Table 2. Mean improvement in the average precision between plain BM25 and the combination of BM25 and the proposed
probabilistic model (top row, !AV GPRECProb). The mean average precision of the plain BM25 which shows the baseline
performance on purely textual searches is shown in the bottom row, titled AV GPRECBM25. The probabilistic model
outperforms the BM25 baseline model (p = 0.047, one-tailed Wilcoxon Signed Rank Test), while the performance of the
SVM model is comparable to the baseline. Larger values are better.

Search task
1 2 3 4 5 6 7 8 9 10 11 12 13

!AV GPRECProb 0.17 0.28 0.53 0.18 0.22 -0.71 -0.03 0.16 0.04 0.14 -0.05 -0.08 0.34
AV GPRECBM25 0.50 0.61 0.13 0.50 0.50 1.00 0.91 0.50 0.78 0.70 0.71 0.50 0.42
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Conclusion

• We can learn to learn relevance 
information from a new search task where 
only implicit feedback is available

• Implicit feedback improves ranking

• The full two-stage learning process is 
presented within one probabilistic model 
(no ad hoc assumptions)


