Proceedings of the Twenty-Ninth International Joint Conference on Artificial Intelligence (IJCAI-20)
Survey Track

Human Gaze Assisted Artificial Intelligence: A Review
Ruohan Zhang∗ , Akanksha Saran , Bo Liu , Yifeng Zhu , Sihang Guo ,
Scott Niekum , Dana Ballard and Mary Hayhoe
The University of Texas at Austin
{zharu,yifeng.zhu,sguo19,danab,hayhoe}@utexas.edu, {asaran, bliu,sniekum}@cs.utexas.edu

Abstract
Human gaze reveals a wealth of information about
internal cognitive state. Thus, gaze-related research
has significantly increased in computer vision, natural language processing, decision learning, and
robotics in recent years. We provide a high-level
overview of the research efforts in these fields, including collecting human gaze data sets, modeling gaze behaviors, and utilizing gaze information
in various applications, with the goal of enhancing communication between these research areas.
We discuss future challenges and potential applications that work towards a common goal of humancentered artificial intelligence.

1

Introduction

Humans are surrounded by a complex world full of information. How do humans survive without being overwhelmed?
There are often hundreds to thousands of objects and other
kinds of information within view, but our sensory and cognitive capacities are limited. Fortunately, not all objects or
information matters for our current agenda or long-term goal
of survival. Through evolution and learning, humans have
gradually developed strategies for selecting information. This
is referred to as selective attention. As artificial intelligence
(AI) migrates from a simple digital world to the complex real
world, the same challenge awaits AI agents: How do they select important information from a world full of information?
A given computational model, either biological or digital, has
limited capacity. Therefore attentional selection is necessary
to ensure that resources are devoted to the key components.
Because humans actively seek the information they need,
gaze can reveal the underlying attentional patterns [Posner
and Petersen, 1990]. Humans have high acuity foveal vision in the central 1-2 visual degrees of the visual field (i.e.,
covering the width of a finger at arm’s length), with resolution decreasing in the periphery. They have learned to move
their foveae to the correct place at the right time to process
important task-relevant visual stimuli [Borji and Itti, 2014;
Hayhoe, 2017]. This type of selective attentional mechanism
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developed through evolution and is refined in a lifelong learning process. Given the amount of training data required during this process, it may be easier for AI agents to learn attention directly from human gaze data. Fortunately, human
gaze is one of the most cost-efficient types of physiological
data that can be collected in large quantities, as a result of
progress in eye-tracking hardware and software. The vision
science research community has a long history of studying
human gaze behaviors; hence, such behaviors are relatively
well understood. Because of these reasons, training AI agents
using human gaze has become a viable approach.
Another concern of using human gaze in AI research arises
as artificial agents and robots become more prevalent in human society—the importance of making AI agents understand human intentions and goals cannot be overestimated.
In many scenarios, AI agents need to gather information
about their human fellows to facilitate mutual understanding and coordination. Primates’ social gaze conveys information about their dispositions, intentions, beliefs, emotions,
and other cognitive and emotional states [Emery, 2000]. The
ability to perceive gaze is critical in learning and social interactions [Emery, 2000].
We have briefly discussed two reasons to include human
gaze in AI research, including (1) AI must develop an attention mechanism to cope with the information-rich world and
this mechanism can be learned from human gaze data, and
(2) AI agents need to perceive and understand human gaze
to better interact with humans. Motivated by these reasons,
multiple fields of AI, including computer vision, natural language processing, imitation and reinforcement learning, as
well as robotics, have started the effort of building human
gaze-assisted AI agents. Many state-of-the-art results can
only be achieved with human gaze information, especially in
realistic complex task domains. In this survey, we review relevant studies in these four research areas that work towards
this common goal in the past five years. We further provide a
brief overview of modern eye-tracking software technologies
that allow for more accurate and accessible tracking results.

2

Gaze in Computer Vision

In order to understand how attention is controlled when viewing natural scenes, vision scientists first explored what image properties or features capture the human gaze. Similarly, computer vision engineers have tried to extract impor-
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Figure 1: Process of a typical human gaze assisted AI research. The process starts with gathering human gaze data using eye trackers then
building models to predict human attention distribution. The human gaze data and models can benefit various AI research fields.

tant (“salient”) visual features from images. Their combined
interests led to a large body of research concerning visual
saliency. A common goal here has been to develop computational models that can predict the human gaze given visual
images, where gaze is often treated as the ground truth to indicate salient features.
Two different approaches are commonly taken to build
saliency models: hypothesis-driven and data-driven. Vision
scientists and early computer vision researchers mainly used
the former approach [Itti et al., 1998]. For instance, the classic work of Itti et al.[1998] hypothesized that features derived
from image statistics, such as color, intensity, and orientation,
capture human gaze. It follows that human gaze data can be
used to validate these hypotheses.
In recent years, data-driven approaches became more popular as large-scale eye-tracking datasets became available for
images [Papadopoulos et al., 2014; Li et al., 2014; Xu et al.,
2014; Bylinskii et al., 2015b; Bylinskii et al., 2015a; Krafka
et al., 2016], videos [Mathe and Sminchisescu, 2014; Wang
et al., 2018], and 360-degree videos [Zhang et al., 2018b;
Xu et al., 2018]. Eye-tracking devices and software are expensive. Hence researchers have often used alternative methods as surrogates for gaze data, such as mouse tracking [Jiang
et al., 2015]. When combined with deep neural networks,
data-driven saliency approaches have achieved tremendous
progress. Typical saliency networks are convolutional neural networks [Jetley et al., 2016; Kümmerer et al., 2016;
Kruthiventi et al., 2017] or convolutional long short-term
memory (LSTM) networks [Cornia et al., 2018b]. In practice,
one can try to directly predict discrete human gaze positions.
Alternatively, it is common to convert discrete gaze positions
into a continuous distribution to account for the uncertainty in
tracking and modeling. The model should learn to predict the
discrete positions or converted probability distribution given
the image. This can be done using supervised learning where

4952

several distance metrics can be used as the loss function for
training [Bylinskii et al., 2019].
Visual saliency is a well-developed field compared to other
emerging ones we are about to discuss. We direct interested
readers to recent review papers on the topics of saliency evaluation metrics [Bylinskii et al., 2019], saliency model performance analyses [Bylinskii et al., 2016; He et al., 2019a] and
a closely related field called salient object detection [Borji et
al., 2015]. These saliency research studies typically model
the gaze of an observer looking at images or videos. Alternatively, a related line of research named gaze following models
the gaze of people inside images or videos [Recasens et al.,
2015; Recasens et al., 2017].
Saliency models have a wide range of applications in computer vision, graphics, and multimedia. Most of these applications are human-centered. In computer vision, ground truth
labels of recognition and detection tasks are often provided by
humans. As an example indicating how informative human
gaze can be, Karessli et al.[2017] showed that human gaze
patterns are class discriminative, so that gaze features can be
directly used for image classification. In computer graphics
and multimedia, many image manipulations such as rendering and compression, must address the need of human users.
Saliency-driven manipulations address human demands and,
at the same time, reduce the computation burden by selecting
only a few image regions to process. For a recent survey on
these applications, please see Nguyen et al.[2018].
Traditional saliency prediction does not involve active
tasks. Datasets have typically been collected by asking human participants simply to look at static images or videos,
called free-viewing, and only the gaze data is recorded and
modeled. This approach was thought to capture so-called
bottom-up attention which assumes that attention is driven by
visual stimulus. More recent work by Henderson et al.[2018],
however, suggests that viewers are trying to extract scene
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meaning. Salient stimulus features such as contrast correlate
highly with meaning, and meaning can explain more of the
variance after taking this correlation into account. Thus the
free-viewing task might reflect this basic visual process of extracting scene meaning. On the other hand, it is well known
that human attention is strongly modulated by top-down signals especially when engaged in an explicit task. Progress in
bottom-up, stimulus-driven visual saliency research has laid
the ground for further research in top-down, task-driven research. Researchers have moved from gaze data collected
while passively viewing images and videos to those collected
while actively performing a wide range of daily tasks, such
as conversation, driving, gaming, social interaction, etc. We
will now discuss these types of gaze data.

3

Gaze in Language Tasks

We now consider language learning tasks that involve visual
stimuli. The association between human gaze and language
has been established since infants have learned the name of
an object for the very first time from their caregivers (known
as the word-referent association [Yu and Smith, 2011]). Indeed, artificial language learners face a similar challenge as
infants do in vision-language learning tasks. Given a complex visual scene and a verbal description, it is unclear which
language element refers to which visual entity without prior
knowledge. This issue is particularly challenging for modern
end-to-end, data-driven learning approaches. Human infants
solve the referent problem by following their teachers’ gaze
and such a gaze-following strategy was shown to be strongly
correlated with language learning scores [Brooks and Meltzoff, 2005]. If AI agents are provided the human teacher’s
gaze that makes the word-referent association clear, the learning task could be simplified.
Consequently, vision and natural language processing
(NLP) researchers have recently utilized human gaze data
as part of language learning tasks. Multiple datasets of
images [Yun et al., 2013; van Miltenburg et al., 2018;
Vaidyanathan et al., 2018; Balajee Vasudevan et al., 2018;
He et al., 2019b] and videos [Yu et al., 2017] with paired
gaze and verbal description data have been made publicly
available. As expected, incorporating human gaze information leads to significant improvements in identifying the
referred object from all proposals (object referring) [Balajee Vasudevan et al., 2018], generating descriptive captions
for images [Sugano and Bulling, 2016; Tavakoli et al., 2017;
Cornia et al., 2018a; Chen and Zhao, 2018; He et al., 2019b]
and videos [Yu et al., 2017], as well as visual question answering [Qiao et al., 2018].
It was found that the attention maps of neural network
models trained without human gaze on these language tasks
are different from human attention [Das et al., 2017; Tavakoli
et al., 2017; He et al., 2019b]. Understanding and quantifying
such differences may provide insights on the performance, especially failure, of current vision-language models. For these
models, the ground truth label–verbal annotations–are provided by humans, so it is indeed necessary to infer underlying human cognition, such as object referrals, through human gaze. The usefulness of gaze information should be even
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more evident when AI agents meant for NLP are deployed to
interact with humans in daily conversations–a hypothesis that
could be tested in robotic dialogue systems, for example.

4

Gaze in Decision-Making Tasks

In addition to language, another common type of task humans perform on a daily basis is visuomotor decision making, ranging from simple behaviors like walking to sophisticated behaviors such as cooking and driving. One goal of
AI research is to develop autonomous machines that can perform these tasks. A common approach to achieve this goal
is to make machines act like humans, by training machines
to recognize and then imitate human teachers’ actions— an
approach known as learning from demonstrations (LfD) or
imitation learning [Argall et al., 2009].
In the LfD paradigm, human data is typically presented in
the form of state-action pairs, where a state encodes relevant
information for decision making from the environment. The
goal of the learning agent is to learn the state-action mapping
so it can recognize human activity or perform the task on its
own. Learning such mapping is made difficult by the fact that
the state-action pairs do not provide enough information and
leave ambiguity about the demonstrator’s policy or intent. For
example, in training an autonomous driving agent to imitate
human driving behaviors, it needs to know that the human
driver slows down because a pedestrian has appeared. Here,
human gaze reveals why a particular decision is made. In this
sense, changes in gaze positions may also imply task switching or current behavioral target changing. It was proposed
that human gaze can be used as an auxiliary guiding signal in
the imitation learning paradigm [Zhang et al., 2019a].
We have discussed how one may formalize a taskindependent gaze prediction problem as saliency prediction
in Section 2. The question remains whether one can model
gaze in visuomotor tasks using a similar approach. In recent years, researchers have collected human gaze and action data in meal preparation [Li et al., 2018], human-tohuman (non-verbal) interactions [Zuo et al., 2018], driving
[Palazzi et al., 2018], and video game playing [Zhang et
al., 2019b]. Convolutional neural networks remain the most
popular tool for predicting human attention [Li et al., 2018;
Zhang et al., 2018a; Palazzi et al., 2018; Deng et al., 2019].
Since the chosen tasks are reward-seeking and cognitively demanding, human gaze is mostly directed towards visual areas that are strongly associated with reward and hence become highly predictable. Not surprisingly, motion features
play a more important role in a task-driven case than traditional image features [Zhang et al., 2018a]. A notable challenge here is egocentric gaze prediction in which the spatial
distribution of the gaze is highly biased towards the image
center, a problem further addressed by [Palazzi et al., 2018;
Tavakoli et al., 2019].
Being able to model human gaze allows researchers to further investigate whether the gaze information can indeed help
agents better learn from human demonstrated actions. To incorporate human attention into action learning, one can treat
the predicted gaze distribution of an image as a filter or a
mask. This mask can be applied to the image to generate a
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representation of the image that highlights the attended visual features. Experimental results have shown that including gaze information leads to higher accuracy in recognizing
or predicting human actions, in reaching [Ravichandar et al.,
2018], human-to-human interaction [Zuo et al., 2018], driving [Xia et al., 2018; Liu et al., 2019], meal preparation [Li
et al., 2018; Shen et al., 2018; Sudhakaran et al., 2019], and
video game playing [Zhang et al., 2018a].
An AI agent that has learned both the attention and decision models from humans can perform the task on its own. It
has been shown that incorporating a learned gaze model leads
to a large performance increase in video games [Zhang et al.,
2018a]. For real-world tasks like autonomous driving, it is
reasonable to expect a similar improvement when incorporating human attention models. Due to physical constraints and
safety reasons, this is yet to be explored but preliminary tests
in simulated environments are possible.
The gaze and action datasets in visuomotor decision tasks
also provide an opportunity for seeking a deeper understanding of why humans make certain decisions. The gaze is a necessary component in closing the perception-cognition-action
loop. For instance, an approach called inverse reinforcement learning (IRL) infers a human’s internal reward function
which explains their actions. Since human gaze is closely associated with the task reward [Hayhoe, 2017], a good reward
function should also be able to explain human gaze behaviors. In this case, it is desirable to model gaze (perception),
reward (cognition), and action in a joint model.

5

Gaze in Robotics

As robots, especially assistive robots, become more prevalent in our daily life, interaction and communication between robots and humans certainly have increased. Humanrobot interaction (HRI) research aims to enhance such interaction and communication, and shows that they can be facilitated by the sensitivity to human physiological signals,
such as human gaze. We will review recent progress in
robotics that utilize human or robot gaze in HRI settings.
For earlier work on this topic, we direct interested readers to two previous survey papers [Ruhland et al., 2015;
Thomaz et al., 2016].
Unlike vision, language, and decision learning tasks where
gaze data is collected in advance, HRI requires robots to acquire human gaze during the interaction. In an ideal setting,
a robot and its human partner are both equipped with egocentric cameras, and the human is further equipped with an
eye tracker. The robot has direct access to human camera and
gaze data, from which it calculates the human’s gaze vector
in the robot’s coordinate system [Penkov et al., 2017]. Perhaps a more common but more challenging setting is that humans do not wear a camera nor an eye tracker, and the robot
needs to estimate the human gaze vector by looking at their
faces [Amos et al., 2016; Saran et al., 2018]. A rough estimate can be computed from the human body and head orientation but this was shown to be much less informative than
direct gaze measuring [Palinko et al., 2016].
Once human gaze information is obtained, the next challenge is to interpret the meaning of the gaze. Social gaze

4954

between humans is relatively well studied, and a similar effort has been made for understanding human gaze when interacting with robots [Rich et al., 2010]. The interpretation
of human gaze and its benefits are highly context-dependent.
Humans and robots engage in various forms of interaction
tasks. Similar to decision learning tasks discussed in the
previous section, human gaze can facilitate robot learning
during teaching [Penkov et al., 2017; Saran et al., 2019].
In a reversed setting, intelligent tutoring systems can monitor a human student’s gaze to infer her mental or emotional
state to encourage better engagement [Jaques et al., 2014;
Hutt et al., 2016]. Intention-revealing gaze enhances collaboration in object referring [Fang et al., 2015], teleoperation [Yu
et al., 2014], shared autonomy [Aronson et al., 2018], collaborative manipulation [Huang and Mutlu, 2016], and assisted
reaching and grasping [Shafti et al., 2019]. Human gaze can
also help a robot infer the recipient of human verbal communication in a multi-party scenario [Richter et al., 2016].
In the effort of humanizing robots, anthropomorphic humanoid robots can use their own “gaze” to enhance communication with humans [Admoni and Scassellati, 2017].
Robot gaze can resolve object referring [Admoni et al., 2016],
communicate intended actions to make interactions more fluent [Moon et al., 2014], effectively manage the conversational
floor with humans [Andrist et al., 2014], encourage humans
to be more compliant [Admoni et al., 2014], and improve a
human teacher’s estimate of the robot learner’s understanding
and the human’s teaching strategy [Huang et al., 2019]. But
designing robot gaze itself is challenging, at least one study
suggested that robotic gaze cues alone have no significant impact on humans in certain scenarios [Fiore et al., 2013].
However, reproducibility is a challenge in HRI studies. Unlike in vision, language, and decision-making tasks,
robotics tasks are in general difficult to standardize and
benchmark, especially when humans are involved, due to the
variations in physical robots and human participants. Another
challenge is to make human-robot gaze communication bidirectional [Andrist et al., 2017] and make robot gaze behaviors
adaptive to different task settings and users.

6

New Tracking Algorithms

Finally, we briefly review modern eye-tracking technologies
that are the foundations for many of the research works discussed above. Modern eye trackers range from desktop trackers that have high spatio-temporal resolution used for psychophysics studies, to wearable trackers that can be mounted
on glasses, or even webcams. They differ in tracking accuracy, portability, and cost. Therefore, a wide variety of eyetracking hardware is made for different applications.
We have discussed how eye-tracking technology can benefit artificial intelligence research. The reverse is also true.
Recent progress in computer vision has improved eye tracker
accuracy and portability by a significant margin. Appearancebased algorithms using convolutional neural networks have
been shown to have better tracking accuracy and are more
robust to visual appearance variations [Zhang et al., 2015;
Wood et al., 2015; Krafka et al., 2016; Shrivastava et al.,
2017; Zhang et al., 2017; Park et al., 2018], compared to
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more traditional approaches like hand-crafted feature-based
or model-based algorithms. Advanced tracking software has
allowed real-time eye tracking on low-cost devices such as
webcams [Papoutsaki et al., 2016] and mobile tablets and
phones [Huang et al., 2017; Krafka et al., 2016]. Due to this
progress, collecting human gaze data along with other forms
of human data is now feasible. This is a main reason for the
emerging research applications we have discussed.

7

Discussion

We have seen that human gaze can benefit vision, language,
decision-making, and robotics research. The main reason for
the successes in these fields is the effort of collecting and publishing large-scale high-quality eye-tracking datasets. These
datasets are fundamental for modern data-driven research.
Another driving force is the progress in machine learning research, especially deep neural networks.
We have also seen how gaze reveals different information
in various contexts. In vision tasks, gaze indicates visual features that are generally attractive for humans. In language,
gaze helps resolve the word-referent problem. In decisionmaking tasks, gaze bridges perception and decision-making
by indicating the current behavioral target. In robotics, social
cues revealed by human or robot gaze facilitate communication and enhance collaboration.
Human gaze information is commonly used in three ways:
as an additional channel of information, as a mask on the input to filter out unimportant information, or as a secondary
optimization objective. For example, in training a neural network, the above methods correspond to concatenating a gaze
map with the input image, masking the input image with the
gaze map, and adding gaze prediction as an auxiliary loss
term in the objective function, respectively.
We now discuss a few important future research directions.
Human vs. AI attention. AI agents can learn to develop their own attention mechanism which is the key component of many state-of-the-art models [Mnih et al., 2014;
Vaswani et al., 2017]. Such a mechanism is often a byproduct of the main learning objective. We can ask at least three
questions. First, given the same task and learning objective, does machine learn an attention that is different from
humans? Second, if they do differ, which one is more preferred under different conditions? In word-referent association learning tasks human attention is preferred, but what
about decision-making tasks especially in which AI agents
outperform humans? Could human attention be biased and
fail to capture the correct information? Third, if human attention is preferred, how should we incorporate human gaze
information into the learning procedure of these machines?
Answering these questions can help us better understand the
differences between human and machine attention .
Individual differences. A frequently overlooked issue in
many studies is individual differences in human gaze behaviors: Given the same visual stimulus, humans may pay attention to different visual entities. Sometimes it is necessary to
consider the variability in collected human data. Researchers
need to carefully trace the roots of such variability and consider whether to build models to account for this variability.
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For example, two distinct gaze distributions may indicate that
the two humans are engaged in different tasks and pursuing
different behavioral goals. In HRI settings, individual differences require robots to adapt to gaze behaviors on-line for
different users.
Assisting humans. Most works we have discussed utilize
human gaze to assist AI agents. It is possible in the future that
attentive AI systems could assist humans in cognitively demanding tasks. One prototype application is advanced driverassistance systems (ADAS) that monitors the driver’s gaze
that is mainly used for fatigue or distraction detection nowadays. We may foresee that ADAS one day could build a
gaze model of focused expert drivers, and it could monitor
and alert its current driver if abnormal gaze behaviors are detected. Furthermore, for humans with motor or language impairments, their gaze is one of the most important remaining
communication channels. AI agents that are built with the
ability to perceive and understand their gaze behaviors could
better infer their needs, and be able to better assist them in
performing daily tasks. However, research in this direction is
still limited [Betke, 2010].
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