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ABSTRACT

A number of studies have recently used eye movements of
a user inspecting the content as implicit relevance feedback
for proactive retrieval systems. Typically binary feedback
for images or text paragraphs is inferred from the gaze pat-
tern. We seek to make such feedback richer for image re-
trieval, by inferring which parts of the image the user found
relevant. For this purpose, we present a novel Bayesian mix-
ture model for inferring possible target regions directly from
gaze data alone, and show how the relevance of those re-
gions can then be inferred using a simple classifier that is
independent of the content or the task.

1. INTRODUCTION

Proactive systems analyze the behavior of the user and infer
the users intentions and interest from measurements of their
implicit activity. Eye movements are a natural information
source for such systems, and they have been used for ex-
ample in information retrieval systems where the goal is to
infer implicit relevance feedback from gaze, to replace or
complement explicit feedback. In text retrieval the task has
been either to infer relevance for text blocks such as para-
graphs or documents [1, 2], or even to learn a word-level
relevance estimate that can directly be used as an implicit
query string [3]. For images the approaches have been com-
parable to the former, i.e., the interest has been in inferring
relevance of full-scale images [4, 5].

In this paper we take the first steps towards learning
more finely grained relevance feedback in image perception.
Instead of working at the level of full images, we study the
problem of inferring which parts of an image are relevant
for the user in a given task. In this work the relevance is
inferred solely form the gaze pattern alone, not using the
image content at all, and can be considered as the opposite
of the bottom-up saliency models [6, 8, 9] that attempt to
predict the gaze target from image content. Feedback given
at the level of image regions is much richer than univariate
(binary or continuous) implicit feedback on full images.
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From the modeling point of view, we introduce a novel
generative model for modeling a collection of fixation data
of several users viewing the same image, with potentially
different tasks. The model is a Gaussian mixture model
(GMM) of the fixation data, with an interesting twist on
the membership prior. A standard GMM assumes all data
points (here fixations) are independent and identically dis-
tributed to the Gaussian image regions, and that the compo-
nent membership variables are chosen from a fixed discrete
distribution over the components. This means, for example,
that a region inspected very carefully by a single user will
have high weight, despite not necessarily being viewed by
the other users at all.

We avoid such problems by a novel prior for the mem-
bership assignments. Instead of assuming them to be in-
dependent, we separate the notion of whether a component
is used and how many samples it generates. This is done
by having a discrete distribution for the former, separetely
for each potential task for the users, coupled by a truncated
Poisson distribution for the number of samples. This allows
finer control on the distribution of the samples over the com-
ponents. Equivalently, the model can be viewed as a latent
feature model [7] for the users, where each feature corre-
sponds to inspection of a single image region and generates
a set of fixations. The prior allows, for example, image re-
gions that are unlikely to be observed but will be carefully
investigated for several fixations when they are. We will
show experimentally how the regions found by the model
are more interpretable as potential gaze targets, compared
to modeling the fixation collection with a standard GMM.

Based on the regions learned with the novel mixture
model we then infer the relevance of those regions with lo-
gistic regression, using gaze-based features computed for
each region. We show that we can infer the most relevant
data-driven region as accurately as we can infer the most
relevant full image. Hence, at least in a simplified retrieval
setting we do not lose any accuracy by giving the feedback
on sub-image level, but obviously get much richer feedback.
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2. PSYCHO-VISUAL MOTIVATION

Image perception analysis is dominated by two major para-
digms, bottom-up and top-down modeling. The bottom-up
paradigm studies how the content influences gaze, while
top-down processing is viewed as active control of attention.
It is assumed that in a free-viewing task the bottom-up con-
trol dominates attention, which has lead to development of
models for visual saliency, models that infer likely attention
targets from the image content, both based on psycho-visual
motivation [6] as well as data-driven approaches [8, 9].

However, users with strong tasks are known to be able
to override the bottom-up saliency. For example [10, 11] re-
port that a viewers with clear tasks ignore low-level saliency
almost completely and that they can do it already on im-
age onset, during the very first fixations. These works hint
towards the observation that under specific tasks (such as
image retrieval when the user is focusing on the task) the
low-level saliency is of not particular interest, but instead
the focus should be on analyzing the gaze data itself.

We take that approach to the extreme, excluding the
image content from the analysis completely. This has the
added benefit that we can learn models that are, at least to a
degree, independent of the content. We will require a collec-
tion of gaze data for a particular image in order to learn the
regions, but can then learn content-independent relevance
predictors for those regions. For detecting the target regions
we propose a Bayesian model learned from a collection of
eye tracking data of several users viewing the same image.
The model is designed based on a number of observations
from vision research, each of which is then converted to a
probabilistic description fitting the model:

1. Target regions are localized; even if there are large
objects of interest the users will typically inspect spe-
cific details of those.

2. The perceptive field is fairly wide. The accurate foveal
vision covers roughly 1-2 degrees of visual field, but
relevance can be determined for wider area.

3. The set of potential targets is not task-specific, assum-
ing typical image search tasks, but instead a property
of the image content. Users with a specific task will,
however, look at the targets in different ways.

4. In a search task a user only views a subset of possible
targets.

5. A user will typically observe a single target only for
a few fixations.

3. DATA-DRIVEN TARGET EXTRACTION

3.1. Mixture model

Based on the first three points we model each target region
with a Gaussian distribution. A user viewing a particular

target is assumed to have a fixation that is localized around
the mean of the region, while rather large variation is al-
lowed because of the width of the perceptive field. Possible
target regions for an image are hence parameterized as the
set T = {p;, Xk}, containing the means and covari-
ances of the Gaussians.

Our data consists of IV users with [V; fixations each, de-
noted by the set {f?,#;}}¥., where f* € RV:*?2 are the fixa-
tion coordinates and ¢; is the task of the ¢th user. For assign-
ing the fixations to the mixture components we use triple
indexing. That is, binary wy; tells whether the jth fixation
of the ith user is assigned to the kth component. Plugging
in the third observation of task influencing the region prob-
abilities gives the Gaussian mixture model (GMM)

N N; K

H H Zp(wijklti)N
ik

The remaining task is specifying the prior p(wjk|t:),
which for GMM would typically be a multinomial distribu-
tion p(w;jk|t;) = Mult(ars,,) with Dirichlet prior on the
parameters, 7y, ~ Dir(a). Such a prior is, however, in-
consistent with the last observations. Hence, we will next
construct a novel prior for the assignment variables. The re-
sult is a prior over the whole matrix of assignment variables
for a single user, that is p(w;), which breaks the traditional
assumption of independence between the samples.

Mathematically the fourth observation can be formu-
lated as a single user viewing only a subset of the K avail-
able regions. We use z;; to denote whether the ith user
viewed the kth target region, and encode the observation by
making the assumption that m; = 3", z; ~ Poisson(v;)
with user-specific concentration parameter ;. The proba-
bilities for the components to be active are Bernoulli with
task-dependent parameters 6;. Finally, the fifth observa-
tion states that the user is likely to have only a few fix-
ations within each region. Hence, each active user-target
assignment (i.e., z;z = 1) is assumed to generate l;z ~
Trunc-Poisson( ) fixation locations, each following the dis-
tribution N(u, X%). The Poisson distribution is here trun-
cated to exclude zero observations, since an active compo-
nent by default generates at least one fixation

Lk ,— Ak
Ake

p(Lic|Ak) = A= e gl

1(Lix > 0).

Together these two assumptions result in the unnormal-
ized prior

K

p(wzltz) xXp mll’Yl H zk'gtl
k

(Lik| A&)®*) ,

where 1;; = Zj Wijk, Zik 1S one if and only if wyp = 1
for at least one j, and m; = ) | & Zik- To summarize the dis-
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tributions, p(m;) is Poisson, p(zix) is Bernoulli, and p(1)
is truncated Poisson.

The full model for the fixation data for all IV users is
then given as

N
p({f}, m, La Z, W) 0.8 Hp(mlh/l)

Zik

K N; y
H P(Zik|0r, )P(Lik| Ak) H (£ Zx)) ™" ,
k=1 Jj=1

where conditioning on the parameters has been left out to
simplify the formula.

3.2. Priors and inference

The model is complemented with prior distributions for the
parameters, allowing posterior inference over the parame-
ters. For efficiency, we choose conjugate priors for all of
the parameters, resulting in

p(Z|v, S) = IW(v, 8),

Pk |Bks oy ) = N(Hm Er/k),
p(ilay, By) = Gamma(ay, B5),
p(Aklan, Br) = Gamma(ay, 8)),
p(0t|og, By) = Beta(ay, By),

where IW (v, S) denotes the Inverse-Wishart distribution with
v degrees of freedom and mean S. We choose g as the im-
age centroid, x = 0.01 to give noninformative distribution
for the mean, and v = 5, S = [502,0;0, 502] to capture the
prior information on preferred region size. The prior equals
to already having 5 fixations for each region. For 6 we use
non-informative prior aiy = 1, By = 1, whereas for v we set
oy, = 10, 8, = 2 to favor users viewing on average around
E[y] = 5 regions, and finally we set ay = 4,8y, = 2 to
weakly prefer roughly E[A\] = 2 fixations per region.

For inference we use Gibbs sampling. The sampling for-
mulas for the set 1" are identical to a standard GMM. Also
the formulas for sampling -y; and 8; are straightforward. The
target-region assignment vectors w;; are sampled element
by element, always computing the relative likelihoods of all
K possible choices, conditioned on all other assignments.
Finally, the prior for A\, is not conjugate, but the posterior is
log-concave and hence efficient inference can be done with
adaptive rejection sampling [12].

3.3. Related work

Even though the model is above formulated as a mixture
model for the fixation collection, it could alternatively be
seen as a latent feature model [7] for the users. The z;; are
the latent variables telling which features are active for each

Table 1. Features for predicting the relevance of a region.

Feature Type
Number of fixations discrete
Total fixation time continuous
Length of the first fixation continuous
How many times the region was visited | discrete
Time of first fixation since onset continuous
Time of last fixation since onset continuous
Index of the first fixation discrete
Index of the last fixation discrete
Standard deviation of fixation indices continuous
Is the first fixation within this region? binary

of the users, and the task-dependent region weights and the
distribution of the number of active features act as a prior
for these variables. Contradictory to traditional latent fea-
ture models the model does not, however, generate a fixed
observation vector but instead a set of data points associated
with this user. Interestingly, the model also bears close re-
lation to infinite latent feature models. Each user viewing
a Poisson number of regions is consistent with the assump-
tion made by the Indian Buffet Process (IBP) model [13],
and the combination of a binary feature prior and Poisson
for the number of fixations for each feature is close to the
Gamma-Poisson prior for sparse count matrices [14]. These
links suggest infinite extensions of the proposed model.

The output of the model bears similarities with fixa-
tion heatmaps computed for pooled eye-tracking data [15].
The model has, however, several advantages over comput-
ing separate heatmaps for each task. It gets rid of heuristic
smoothing parameters, takes into account properties such as
limited number of fixations within a single region of inter-
est, produces smoother results that also capture the uncer-
tainty due to posterior modeling, and is able to utilize the
information from other tasks when detecting the regions.
More importantly, it maps fixations to well-defined regions,
which makes possible prediction of the relevance given the
fixation features.

4. INFERRING REGION RELEVANCE

The model finds the regions and tells how frequently they
are viewed by users with different tasks. This is enough for
understanding image perception under those tasks. How-
ever, it does not generalize to new images or new users with
unknown tasks. In order to do that we need a classifier pre-
dicting for each region+user pair whether that region was
relevant for that particular user, based on a feature represen-
tation of the gaze pattern.

This is, in fact, equivalent to the task studied e.g. by
[5]. We know a set of regions the users could potentially
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have viewed, and infer a binary relevance for each of those.
Building on the earlier work on full-image prediction, we
apply a logistic regression classifier

1

h =
p(rih) 1+ exp(—aThy —ap)’

for a set of gaze-based features computed for each region.
Here 7 is the estimated relevance, a is a weight vector, ag is
the bias term, and hy, is the feature vector for the kth region,
consisting of the 10 features in Table 1 and their second
order products. All features are normalized with the z-score
transformation for each user and image, making dependence
on personal variation and image content weaker.

5. EXPERIMENTS AND RESULTS

To demonstrate two possible uses of the model, we perform
experiments on two data sets consisting of voluntary users
inspecting images under specific tasks. The first data set has
22 images, each viewed by 13+12 users having two differ-
ent tasks. The users were viewing full-screen outdoor and
indoor images of houses, and were asked to take the role
of either burglar (task 1) or house-buyer (task 2), evaluating
the potential of the particular house for their task. On this
kind of setups the model can be used for interpreting how
people with different tasks perceive images.

The other data set is the one used by [4] to evaluate im-
plicitrelevance feedback in image retrieval. The experiment
consists of 100 pages of images, each showing 4 different
images out of which at most one is relevant for the task of
detecting sports images. All 21 users share the same task;
they were asked to search for images related to sports. This
data is used to show how the enhanced relevance feedback
could be inferred in retrieval settings.

5.1. Detecting target regions from gaze

Figure 1 shows an example output of the model, averaged
over the posterior samples, revealing clear differences be-
tween the tasks. The fixation heatmaps shown as compar-
ison do not provide interpretable regions or basis for rele-
vance prediction.

The advantage of the proposed model over the standard
GMM is demonstrated by two quantitative measures, aver-
aged over models trained for all 22 images. Ideal regions
should be of roughly equal probability and size to represent
meaningful gaze targets, yet it should be possible for the two
tasks to have very different probabilities for some regions.
We measure the first by the spread of the region probabilities
(the difference between the most and least likely regions)
and the latter by a measure of task-specificity: For each re-

gion we compute maxy ‘ ZM’“
v

— |, where My, denotes the

number of users with task ¢ viewing the kth region. The

Table 2. Relevance prediction accuracies for two model
complexities. The proposed model clearly outperforms the
baselines of choosing the region with the most fixations and
choosing a random region. For comparison, we also show
the accuracy in predicting binary feedback for full images.

Predictor Most fixated Random
K=10 71.3% 57.3% 48.5%
K=15 73.1% 55.5% 47.9%
Images | 74.9% 61.9% 443%

score is 0.5 for regions viewed equally often by users with
both tasks and 1 for regions ignored by users of one task. A
good model finds some regions with high specificity, indi-
cating that it has captured task-specific viewing patterns.
We compared the model to Bayesian GMM (with all
other priors identical to our model), running the latter with
two different hyperparameters « to demonstrate how it can
only achieve one out of two desirable properties at a time.
With small  GMM tends to find a few large regions that are
not interpretable, whereas encouraging more equal region
sizes by setting larger « results in loss of task-specificity;
each region is viewed by users of both tasks (Figure 2).

5.2. Predicting relevance of regions

It is fairly difficult to collect explicit ground truth labeling
for parts of images, and hence we create an artificial label-
ing for the sports data using the actual image relevances as
labels. In brief, every region within the sports-relevant im-
age is considered as relevant, while the rest are marked non-
relevant. This will not be a perfect labeling as non-relevant
images also have regions that need to be checked in order to
determine the relevance, but is sufficient for our purposes.

We apply the model in a leave-one-page fashion, pool-
ing the data for all users, pages and regions for training a
predictor for one left-out-page. We then test the model on
the remaining page, reporting the percentage of users with
the most relevant region within the sports image, and aver-
age the results over all pages. We compare the method with
two baselines. One chooses a random region out of the ones
the user viewed, measuring the gain from having the gaze
data (without gaze random guessing with 25% accuracy is
the only option). The other baseline chooses the region
with the most fixations, approximating selection based on
the mode of the fixation heatmap. Table 2 reports the scores
for two model complexities, showing clear gain compared
to both baselines, and Figure 3 shows two examples.

We also applied the same relevance predictor for the
whole images instead of the extracted regions. Each image
is considered a region, and the model produces as an out-
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Fig. 1. Visualization of relevant regions for two tasks, house-buying (blue) and burglary potential (red) evaluation. Left:
Proposed model extracts interpretable regions such as the cell-phone on the table and the contents of the shelf on the right
being relevant for burglars. The house-buyers, instead, focused on the window on the left and the central area showing access
to other rooms. Right: Gaze heatmaps for the two tasks are noisier and less clearly task-oriented, but reveal similar aspects.
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Fig. 2. Left: Spread of component sizes (the lines are the frequencies of the smallest and largest regions) as function of
the number of regions (model complexities). Right: Regions of the models (with K = 20) ordered according to the task-
specificity (higher is better). The proposed model achieves both roughly uniform component sizes and good specificity at the
same time, while GMM only achieves the former with large « and the latter with small «.

put a probability of relevance for each image. Interestingly,
the accuracy for predicting the relevant regions is compara-
ble to that of full image prediction, meaning that the richer
sub-image feedback comes with no decrease in accuracy.

6. DISCUSSION

Gaze is informative of the interest of the user, and can be
used for inferring relevance feedback in information retrieval
setups [2]. We studied the feasibility of making image re-
trieval feedback richer by complementing or replacing full
image relevance [5] by extracting image regions estimated
to be relevant. The results are not yet integrated in an actual
retrieval system, but instead we studied merely the tasks of
extracting the regions and inferring their relevance.

The regions were extracted by a novel Bayesian mixture
model. Instead of assuming all samples independent, we de-
veloped a component assignment prior that better captures
the process underlying image perception. The most impor-

tant detail is that the amount of data and the probability of
the component being active are separated from each other,
using a representation akin to latent feature models [7]. We
then showed on real image perception data how the new
prior results in components that can better be interpreted
as potential attention targets.

We also showed how the task-relevance of such regions
can be inferred for a new user given a simple classifier based
on only the gaze data, clearly outperforming the alternative
of picking the region with the most fixations. The classifier
is content- and task-independent, and readily applicable to
new images without heavy computation.
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Fig. 3. Left: Demonstration of relevant region detection. The blue contours show the areas viewed by the users, while the red
contours indicate the regions predicted to be most relevant for each of the users. Note how the blue contours cover regions in
all images, yet the most relevant region is outside the sports image for only one user. Right: A closeup of the relevant image
on one of the pages, showing how different regions of the image are chosen most relevant by different users. In both cases
the relevant regions of different users have been drawn with jitter, to reveal multiple choices of the same region.
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