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Figure 1. We propose a novel approach to learning personalized policies with applications to mixed reality. By observing (a) user gaze patterns when
performing visual search tasks, such as browsing a supermarket shelf, our approach can learn a cooperative policy that implicitly identifies items of
interest to the user (here: wine and juice). At runtime the policy only displays labels belonging to these categories and when the user looks at them (b,
c). The approach does not require explicit supervision or explicit user interaction but relies only on gaze data to recover user preferences.

ABSTRACT

An ideal Mixed Reality (MR) system would only present vir-
tual information (e.g., a label) when it is useful to the person.
However, deciding when a label is useful is challenging: it
depends on a variety of factors, including the current task,
previous knowledge, context, etc. In this paper, we propose a
Reinforcement Learning (RL) method to learn when to show
or hide an object’s label given eye movement data. We demon-
strate the capabilities of this approach by showing that an intel-
ligent agent can learn cooperative policies that better support
users in a visual search task than manually designed heuris-
tics. Furthermore, we show the applicability of our approach
to more realistic environments and use cases (e.g., grocery
shopping). By posing MR object labeling as a model-free
RL problem, we can learn policies implicitly by observing
users’ behavior without requiring a visual search model or
data annotation.
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INTRODUCTION

Enhancing the real world via augmentation of objects is the
central promise of Mixed Reality (MR). For instance, such a
system could identify products of interest on a supermarket
shelf and display additional information such as their price (see
Figure 1, b and c). However, a naive solution of labelling every
real-world object runs the danger of visually overloading the
user (see Figure 1, a). In the worst case, such visually cluttered
scenes with overlapping and occluding augmentations can
hinder rather than support users. It has been shown that task
performance declines simply due to the presence of non-task
relevant visual features [32].

To reduce the number of visual features in a scene, the ideal
MR system would only show labels if they are spatially and
semantically relevant for users. Spatial relevance depends on
individual visual search strategies determined by, for instance,
users’ average saccade length. Semantic relevance depends
on a variety of factors, including the current task, previous
knowledge and context, and user preferences. Determining
the spatial and semantic relevance of a label is extremely chal-
lenging. We refer to this problem as the MR object labeling
problem. Importantly, these factors are user-specific, requiring
a labeling policy to be personalized. Many of these factors -
for example preference - are also dynamic and can not nec-
essarily be known a priori. Thus, the traditional approach of
designing a static UI once and then applying it to all users
does not scale well in the MR setting.

In this paper, we propose a method that learns to label objects
according to user intentions by simply observing their gaze
interactions with objects and labels. The resulting labeling
policies support users by filtering information based on se-



mantic and spatial relevance. We cast this as a Reinforcement
Learning problem. Note that in standard RL, and its applica-
tions to graphics and robotics, agents are usually trained in a
simulated physical environment to imitate human behavior,
for example walking or playing games (e.g. [23, 19]). In
contrast, we train an agent that behaves cooperatively in an
RL-environment which simulates a human. More specifically,
we propose a model-free RL-method that can learn cooperative
personalized labeling policies to minimize the displayed labels
in an MR-environment, without hiding relevant information.

To identify solutions for learning cooperative policies from
human gaze behavior, we propose three main contributions.
First, we formalize MR object labeling as a control problem
using a Semi-Markov Decision Process (SMDP) where states
are updated at each fixation and actions can span multiple
time steps to account for the different duration of saccades.
Second, we introduce an environment to train an RL-agent
in a model-free setting by simulating gaze-object interactions
of a particular user. To this end, we collected eye tracking
data from experiments where all object labels are present. The
RL-environment then plays back gaze trajectories at random
allowing the agent to learn labeling policies that are coherent
with the behavior of the simulated user. Third, we propose
a reward function that allows the evaluation of the agent’s
actions only on the basis of human gaze behavior without the
need for explicit user feedback. We learn labeling policies
using a continuous state action value function represented with
a RBF-parameterized function approximator [30].

We demonstrate the effectiveness of our method in various
environments and for different tasks. For instance, by observ-
ing a user browsing a supermarket shelf (see Figure 1, a), the
agent can learn that the user was interested in the prices of
juices and wines and, in consequence, only display the labels
of these objects if the user gaze is in proximity (see Figure 1,
b). In addition, we also show that our approach works in vi-
sually more complex environments such as realistic indoor
environments with object and label occlusions (see Figure 11).
Even in such settings, our approach can still produce policies
that distinguish between target and distractor objects.

We also demonstrate the benefit of our method via a user study
in which participants solved a visual search task where they
identified a target object among different 3D primitives. The
study results indicate that our method has a higher perceived
support than the baselines while reducing the displayed infor-
mation by 87% compared to showing all labels at all time. This
suggests that our approach performs well in filtering irrelevant
labels while showing all required labels.

In summary, we contribute: i) the formalization of MR object
labeling as a control problem using a SMDP, ii) a model-free
approach that leverages recorded gaze-object interactions as
environment for Reinforcement Learning, iii) an RL reward
function that allows learning only on implicit user interaction
(gaze) without explicit labels, and iv) the empirical evidence
(through a lab-based user study) that policies found via our
RL approach are helpful in visual search tasks.

RELATED WORK

Optimizing Properties of MR Labels

The optimization of label placement and properties, to ensure
readability or to avoid occlusion of other objects is a long
standing goal in MR. In their seminal work, Bell et al. [6]
propose a method that modifies the properties of virtual labels
(position, size, etc.) to maintain visual constraints, such as
labels being located near their related objects, labels not oc-
cluding each other, etc. The method uses rectangular extents to
project the visible parts of a 3D scene on the view plane where
constraints are enforced. Extending this work, Azuma et al.
[4] propose a gradient-descent-, a cluster- and a simulated-
annealing-based algorithm to optimize label placement.

Other works propose methods that identify areas of less visual
interest based on feature density [27] or visual saliency and
detected edges [11]. This information is then used to opti-
mize label layout or to adapt label rendering. Tatzgern et al.
[31] propose a method that manages label placement in 3D
object space instead of 2D image space to improve temporal
consistency of the position of virtual labels on the view plane.
This has proven to improve task performance compared to
approaches that manage label placement in image space [20].
Leykin et al. [16] present a supervised learning method that
automatically identifies if areas of interest have a textured
background that affects the readability of text labels. In con-
trast to these works, we do not optimize label placement but
label visibility timing, i.e., seek to control whether or not to
show a label given users’ gaze information and task.

User-Intention-Based Optimization of MR Labels

Another stream of research aims to optimize MR label assign-
ment according to users’ intention. Sharing the goal of our
work, these approaches try to only label objects if users need
the labels. In [13], Julier et al. present a mobile Augmented
Reality system that based on users’ state and properties of real-
world objects filters augmented information. The importance
of virtual elements is calculated by multiplying a user and an
object state vector. These vectors contain information such as
location, user intention or object importance. Note that subjec-
tive information such as user intention are not inferred by the
system but assumed to be given. In contrast, our system learns
by observing gaze behavior if users intend to look at the label
of a particular object and adjusts the labeling accordingly.

In more recent work, Tatzgern et al. [32] propose an adap-
tive MR display which clusters virtual augmentations based
on user-defined preferences in order to avoid visual clutter.
User-preferences are set through an interface where sliders
are used to specify item-preferences, or are estimated based
on an item’s click history. This approach only has limited
applicability to MR as it can only be employed in applica-
tions where users interact with objects via clicking. It is easily
conceivable that future MR glasses have a broader scope of
use cases. Also, explicitly setting preferences will reach its
limits in MR applications due to the vast number of real-world
objects that can be encountered. In contrast, our method is
capable of inferring users’ label preferences only by observ-
ing their gaze-object interactions and does not require click
histories or explicit preference setting.



Reinforcement Learning from Human Behavior gaze behavior. The goal of these policies is to support users
In recent years, RL has shown great promise in a variety of in their task while avoiding visual overload. Our method is
different domains, for instance, robotic control. In this section, inspired by observations from a formative study, which we
we will focus on works that, like ours, use RL in combination detail rst. Leveraging gaze data and insights on user behavior
with human data. While RL learns a policy given a reward during visual search tasks, we then detail our method includ-
function and an environment, Inverse Reinforcement Learning ing the exact task, the RL-environment and reward function
attempts to learn the reward function from a behavioral policy that are necessary to train MR-labeling policies. Importantly,
of a human expert [22] or to directly learn a policy from the the proposed approach does not require any explicit labels and
behavior of a human expert [2]. This idea was successfully does not rely on explicit user interaction. Furthermore, the
applied in the robotics domain [1, 8], to model human routine resulting policies are not attempting to perform the same task
behavior [5], but also for character control and gaming [14]. as a human would independently but rather they're trained to
Our work, in contrast, does not try to reproduce expert behav-automatically adjust the Ul such that it supports the user in the
ior, but learns a cooperative policy that, given users' behavior, current task as well as is possible.

chooses actions to support them in their task.

A stream of research applied Reinforcement Learning in com-DATA COLLECTION STUDY

bination with human motion capture data to improve policies TO train our RL agent, we require gaze trajectories. We col-
for character animation and control [21, 33, 15, 19]. These lected this data via eye tracking in two well-de ned visual
works usually use an RL-agent to learn how to stitch cap- search tasks. Participants were asked to identify targets among
tured motion fragments such that natural character motion as& Set of objects based on their labels. For example, to nd
a sequence of clips is attained. A more recent work in char-objects of a certain kind, displaying the highest value on their
acter animation rewards the learned controller for producing label. Objects are 3D primitives positioned on a shelf-like vir-
motions that resemble human reference data [23] or directlytual environment (see Figure 2) and all the labels are present.
learns full-body RL-controllers from monocular video [24].

In a similar fashion, Aytar et al. [3] use YouTube-videos of hu-

mans playing video games to specify guidance for learning in

cases where the normal reward function only provides sparse

rewards. These works employ human behavioral sequences

either as the agent's actions or as reference motion to provide

additional rewards for training. In contrast, in our work, hu-

man behavioral sequences form the RL-environment and the

agent learns a policy that is complementary to users' behavior.

Most related to our work are approaches that treat users as

the environment of an RL-age_nt to learn p'0|IC|eS' from eXpIICIt Figure 2. Virtual environment of the visual search task showing (a) the
user feedback. For example, in the domain of d'aIOg managerhighest—number task with pre-attentive features and (b) the matching-
systems, RL-agents were learned based on users' respons&ings task with attentive features.

to automated speech segments selected by a policy [10, 29].

Hu et al. [12] use Reinforcement Learning to learn an incen-

tive mechanism which maximizes the quality and throughput Experimental Design

of crowdsourcing workers. In this case, the agent's actions

are different payment scaling factors and its reward is basedobjects possess pre-attentive or attentive features [34, 35.

on the estimated accuracy of labels (for supervised IearningAttentive features require humans to focus on the object itself
tasks) provided by crowdsourcing workers. Reinforcement . q )

Learning is also used in recommender systems for domai”S{?a(;;derré?ac:tlzmgg'?Qattvlfeg'fégrnegtekﬁggo()f;?zaetgﬁs' (Iar:icﬂg;al
with sequential recommendations (e.g., online video platforms, : P 9 PErp

music streaming services) [7, 18, 17]. Here, the agent's ac_V|S|on,_allowmg feature distinction without needing to xate
the object. In our data collection, we use color and shape as

tions are videos or songs available for recommendation and : X s
the environment is users reacting on the recommended itemPr€-ttentive features (see Figure 2, a) and the letters "O" and
"Q" as attentive features (see Figure 2, b). In one trial, all

These works require explicit user interaction with the agent's biects either h ttenti _attentive feat
action (e.g., clicking recommended song, working with higher objects elher have attentive or pre-attentive features.
accuracy due to higher incentive) to calculate the reward. In
contrast, we learn policies entirely on implicit user behavior
i.e., no explicit user feedback. More speci cally, we propose
a reward function that allows the evaluation of the agent's
actions only on human gaze behavior.

Object features:

Tasks:

" The data collection comprises of two tasks: 1) Participants
have to nd the target object with the highest number on its
label (see Figure 2, a). 2) Participants have to nd two target
objects with matching strings on their labels (see Figure 2, b).
Target objects are green spheres in the case of pre-attentive
METHOD OVERVIEW features and spheres marked with a "Q" when using objects
We propose a reinforcement learning based method to im-with attentive features. In both tasks, participants had to search
plicitly learn personalized cooperative labeling policies from for a target object until they found it.



METHOD

Our goal is to use a Reinforcement Learning approach to

learn personalized cooperative labeling policies from gaze

behavior. A common goal of standard RL is to learn policies

that can mimic human behavior. Therefore, an agent selects

actions (e.g., move a paddle) to achieve a certain behavior (e.qg.,
Figure 3. (a) Mean fraction of samples in which participants looked at playing the video game Pong as well or better than a human).
objects with pre-attentive versus attentive features. (b) Mean number of These actions are passed to an environment that has a nite set
times_ per trial in which participants looked at labels of target objects in of possible responses to those actions, a game environment or
the highest-number versus the string-matching task. a physical simulator. The agent is then rewarded or penalized
according to a goodness function that is designed to lead the
agent to a goal, for instance bouncing the ball past the other
This 2x2 design results in four conditions: 1) pre-attentive ]E)Iayer in the %amle of Pong. This is nqthd;:ectly a%phcable.
features in highest-number task, 2) pre-attentive features or our agent that learns to cooperate with humans because it

in matching-strings task, 3) attentive features in in highest_would require a complete and realistic simulation of users.
number task, 4) and attentive features in matching-strings taskin contrast, we pose our problem such that users' behavioral

Conditions:

(listed in the order of presentation). data function as the RL-environment. In other words, the agent
makes observations about the user behavior (i.e., data from our
Apparatus: data collection experiment) to learnd¢ooperatewith the user

The visual search environment is implementEd in the Unlty on a certain task. More Speci Ca”y' the agent observes gaze
game engine and rendered in Virtual Reality. Participants trajectories and learns to label or not to label objects based
could see the scene through an HTC Vive headset with inte-on a function that rewards its actions given only the user gaze
grated Tobii Pro eye tracking. We logged participants’ gaze hehavior and no form of further explicit supervision. Figure 4
data relative to object and label positions, and their pupil dila- visualizes the differences between standard RL (blue) and our
tion. All data were logged at 120Hz (operating frequency of setting (green). In the following subsections, we will explain
eye tracker). In post-processing, we ran the eye tracking eventthe individual components of our RL method: the underlying
detection algorithm of [9] to estimate xations and saccades. decision process, the state action space of the agent, the RL-

environment, the reward function, and the learning procedure.
Procedure:

The eye tracker was calibrated for each participant. After pecision Process

calibration, participants solved the visual search task of eachgaccades are considered as ballistic movements since humans
of the four conditions for ten minutes. Object labels were cannot respond to changes in the position of a target, while
shown at all time in all conditions. undergoing rapid eye movements [25]. Therefore, the decision
. where to xate next has to be mableforethe start of a saccade.
Participants: _ . To better support users in our setting, it is important that the
We conducted our study with 14 participants (S female, 9 a4ent decides to show or hide a label at the time the planning
male). They were recruited via email from the participant pool 4acision is made. Therefore, we design our RL-environment

of our institution. All participants reported normal vision. to update the state of the user gaze only at xations (subject
to the sampling frequency of the eye tracker) and to ignore
Formative Analysis state changes during saccades. The resulting setting can be

Our formative analysis of a total of 1300 visual search trials seen as a dynamical system which does not update its state at
revealed that gaze patterns depend orottject featuresand a xed sampling rate, but which provides snapshots of its state

thetask First, we calculate the fraction of eye tracker samples at decision points where the time between samples can vary.

in which participants' gaze rays intersect with an object in the

scene. Figure 3, a) shows that this fraction is higher for objects
with attentive compared to objects with pre-attentive features.
This observation provides further evidence that attentive fea-
tures require foveal processing while pre-attentive features
do not. Second, we compute the number of times per trial in
which participants looked at a label of an object, i.e. their gaze
rays intersect with a label. Figure 3, b) indicates that the labels
of target objects are focused fewer times in the highest-number
than in the string-matching task. This con rms existence of

differences in gaze movements when solving both tasks. In
the highest-number task, participants can memorize the cur-
rent highest number and compare it against the number of an
unseen label. In the matching-strings task users have to go

back and forth between the characters displayed on labels to
assess string similarity. Figure 4. Comparing standard RL with our setting.

This control problem can be formalized as a Semi-Markov
Decision Process (SMDP). An SMDP is a generalization of a



Markov Decision Process (MDP) that can handle actions of dif cult. A more compact state space representation is given
different temporal length. Speci cally, it is de ned as a ve- by the geometric relation of the gaze point with respect to the
tuple § A, P, R, F), whereSis a set of states of the world and  center of an individual object. The agent then decides label
Ais a set of actions? is the state transition probability func- visibility for all objects in the scene. The state space is de ned
tion specifying the probability of going from a stag#o state in the local coordinate frame of an object with its center as
Lafter performing actiom (i.e. P(ss;a)). Ris the reward origin (see Figure 5, a). More concretely, state and action
function determining the reward obtained by performing ac- space are given by:

tionain states(i.,e.R: S A! R)andF is a function giving = be:anal 2
the probability of transition times for each state-action pair (i.e. 5= [bo; ago, agol (2
F(tjs a), the probability that the next decision epoch occurs

within t time units). The expected discounted reward for tak- - ShOW 3)
ing actiona in states and then following policyp is known as hide

the Q value and is de ned &P (s;a) = Ep[a o d'R(si; &),
whereg is a discount factor. Q values are related to another
through the Bellman equation:

whereag, is the angle between gaze unit veatgrand gaze to
object center vectary, (see Figure 5, b) armigo is the angular
velocity calculated by taking nite differences between two

QP(s;a) = & F(tjs;a)P(sIs,a)[R(s;a) + gQP(s* p(I)]: consecutive values @fgo. by is a one-hot vector encoding
Ot for object properties which in the particular case of our visual
(1) search task is a binary feature to distinguish between Os and
The optimal policy can be computedms= argmaxQP(s;a). Qs or spheres and other primitives. The actions are to show

QP(s;a) is called the optimal state-action-value function. In or to hide the label of an object. Euclidean distance is not
our caséQP (s; a) tells us how much reward can be collected by included in the state space as it caused results to deteriorate.
showing the label of an object given the current gaze position

(as attained from the reward function Eq. 4). The state-action RL-Environment

valueQ(s; a) is formed by summing the reward of the current Due to the high stochasticity of eye movements, it is impos-
gaze position with the reward of all possible gaze positions that sible to analytically model the state transition dynamics be-
can follow normalized by their probability. Thereby, the re- tween two consecutive samples of the eye tracker. However,
ward of future gaze positions gets discounted. This depends onif it is possible to draw a large number of samples from an
the difference between the current time and the time they areRL-environment, in which state transitions follow the true
normally encountered (after visiting the current state). Note transition dynamics probability distribution, model-free RL

that in model-free RL (our setting), the distributioP&s; a) approaches_ h_ave been shown to be able to learn useful policies
andF(tjs;a) are not explicitly available but are implicitly ~ [30]. By training on a large corpus of human gaze traces (ca.
approximated through experiences during learning. 90 visual search trials per participant) and given the small

state spaces2 R®), we assume this assumption to hold in
State and Action Space our case. Hence, we propose an RL-environment that enables

The agent will need to decide whether to show a label for Model-free learning of policies on human gaze data.

each object in the scene. A naive way to represent the agent's=or each object in the scene, we generate a trajectory from gaze

state would be to take the geometric relations of all objects recordings. This is constructed by transforming the gaze point

with respect to user's gaze in the world coordinate frame of from the global into an object-centered coordinate frame. For

the virtual scene. However, this would result in Iarge state- each such trajectory we calculate the state as de néﬂ)"’nr

and action-spaces, rendering generalization to unseen scenesach detected xation. Figure 6 shows the resulting trajectory
consisting of a sequence of states that depict the movement
of user gaze with respect to a particular object (green sphere)
in one trial. Note that state-to-state transitions of our RL-
environment are independent from the chosen action, i.e., for
one trajectory the transition frosp to &+ 1 is independent of
&. This allows the exploration of different action sequences
for the same state trajectory by simulating it multiple times.
Nevertheless, we stay within the RL-framework as model-free
RL learns value estimates for particular state-action pairs.

The design of this environment assumes that participants be-

have compliantly. That is, we assume that they only take

actions that are necessary for the visual search task during

data collection, looking only at the labels of target objects

and ignoring distractors. In the case of complete random gaze
Figure 5. (a) Anglesa, 5 between objectso! 5 and gaze ray ny in the lo- patterns, it vyould not be possible to extract meanlngful coop-
cal coordinate frames of the objects from the perspective of the user. (b) ~ €rative policies. We assume and show experimentally that the
Geometric relations between the gaze unit vector ¢ position of object correct search behavior can be recovered by the agent when
po and user p,, gaze object vector go, and the gaze object angleco. exposing it to a suf cient number of trials.



function. Using epsilon-greedy exploration, the agent then
learns for a particular stasg to show or to hide the label in

the next stats. 1 in correspondence to the reward provided
by Eqg. 4 (see Figure 6).

TECHNICAL EVALUATION
In this section, we want to quantitatively and qualitatively
investigate the nature of the policies learned with our method.
Thus, we run an experiment in which we analyze if policies
learn to behave cooperatively given our RL-environment and
reward function. Therefore, we train the agent on all gaze tra-
jectories of one trial. After each hundred samples, we test the
current policy by applying it on the trajectories of an unseen

Figure 6. A gaze trajectory with respect to a particular object (the green trjg|. For each of these tests, we save the attained accumulated

sphere) specifying the progression of and the decision sequence of  o\y414 of the policy on the particular test trial. We ran the

the agent is learning. . ! L.

experiment on ve random trials of all four conditions for all
participants. The results can be seen in Figure 7.

Reward Function

In Reinforcement Learning it is necessary to provide a reward

function that the agent can query in order to evaluate the good-

ness of a chosen action. In our case, we model the reward

function to depict our goals of supporting users in the visual

search tasks while reducing the amount of displayed informa-

tion. This is broken down into two factors. First, we want

to always show a label when it is needed, represented by the

rewardr;. Second, we want to minimize the number of shown

labels in total, speci ed with the reward. The full reward

function is tgen de ned as

> if aisshowand labelis xated irs’
f(sad= re if ais showand label is not xated irs
A > if ais hideand label is xated irs®

ro if aishideand label is not xated irs® ) . )
4 Figure 7. Performance comparison betweemurs (in purple) versus an
( ) SVM-based baseline (in green). Solid line denotes average normalized

. . . . reward on an unseen test trial (y-axis) over percentage of experienced
We c_onS|der a label to be X.ated ﬂgo IS _zero and if the training samples (x-axis). The shaded area represents the standard de-
algorithm of [9] detects a xation. All four if statements are yjation. Ours attains higher rewards and continues to learn from expe-
necessary to avoid convergence to cases where either all ofiencing more samples, whereas the baseline converges to a low reward,
no labels are shown. Empirically, we derived that reasonable displays high variance and does not improve with additional samples.

policies are attained with the reward values 10andr¢ = 1. N S o )
In all conditions, our policies improve with increasing number

Learning Procedure of training samples and converge to a high normalized reward
With the RL-environment and the reward function in place we towards the end. The relatively high variance, indicated by
can now run standard algorithms like Q-learning and SARSA the shaded area in the plots, can be explained by the non-
[30] to learn an approximation of the state action value func- deterministic RL-environment. The agent attains samples
tion. Due to the small state space it is suf cient to represent from a highly stochastic transition probability distribution, but
the continuous state action value functid(s; a;;w:) with still manages to converge.

a RBF-parameterized function approximator (cf. [26]). In 14 nrovide a comparison with a sensible baseline we conduct
our experiments more powerful function approximators, such o same experiment with a supervised machine learning ap-
as deep neural networks, d|d.not yield performance IMprove-prqach. To this end, we choose a Support Vector Machine
ments. For SARSA, the function's update rule is as follows: (SVM). The SVM has comparable model complexity and dis-
Wis1= W+ afree 1+ UG(Se 1) 8 15 W) (5) criminat_ive power to our RBF-based fgnction approximator.
A(s:ac W)l 5 (s acwr) Employing the S\_/M asa binary classi er, we use the_same
T T state representation as in the RL-setting (only considering
wherew is the parameter vector of the state action value func- xations). We then assign respective labels (show/hide) to in-
tion and5 denotes the gradient of functidn In accordance  dividual states, based on whether the object label was xated
with the underlying SMDP and to account for the varying or not in the following time step. Results show that policies
duration of saccades, an actiancan be of different tempo-  which have been learned with explicit supervision attain a
ral length, modeled by;. Eg. 5 corresponds to performing lower reward than policies learned with our method. That is
standard stochastic gradient descent on the state action valuéhey more often make decisions that are in con ict with the
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