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Abstract

Approaches for teaching learning agents via hu-
man demonstrations have been widely studied and
successfully applied to multiple domains. How-
ever, the majority of imitation learning work uti-
lizes only behavioral information from the demon-
strator, i.e. which actions were taken, and ignores
other useful information. In particular, eye gaze
information can give valuable insight towards
where the demonstrator is allocating visual at-
tention, and holds the potential to improve agent
performance and generalization. In this work,
we propose Gaze Regularized Imitation Learning
(GRIL), a novel context-aware, imitation learning
architecture that learns concurrently from both hu-
man demonstrations and eye gaze to solve tasks
where visual attention provides important context.
We apply GRIL to a visual navigation task, in
which an unmanned quadrotor is trained to search
for and navigate to a target vehicle in a photo-
realistic simulated environment. We show that
GRIL outperforms several state-of-the-art gaze-
based imitation learning algorithms, simultane-
ously learns to predict human visual attention,
and generalizes to scenarios not present in the
training data. Supplemental videos and code can
be found athttps://sites.google.com/
view/gaze-reqgularized—-1l/.

1. Introduction

In the human-robot interaction field, imitation learning (IL),
also called learning from demonstration, is widely used
to rapidly train artificial agents to mimic the demonstra-
tor via supervised learning (Argall et al., [2009; Osa et al.,
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Figure 1. GRIL system diagram: The proposed multi-objective
learning architecture learns from human demonstrations consisting
of actions and eye gaze data to train an imitation learning policy.

2018). IL using human-generated data has been widely
studied and successfully applied to multiple domains such
as self-driving cars (Codevilla et al., 2019)), robot manipu-
lation (Rahmatizadeh et al., |2018)), and navigation (Silver|
et al.,2010). Yet, while IL is a simple and straightforward
approach for teaching intelligent behavior, it suffers from
sample complexity issues when learning an end-to-end be-
havior policy directly from images, e.g. mapping images
from a robot’s camera to actions.

One avenue to improving IL sample efficiency and general-
izability is to learn not only from the demonstrator’s actions,
but also from additional signals such eye gaze. While the ma-
jority of existing work on IL ignores physiological data (Ar{
gall et al., 2009), eye gaze is a rich signal that has been
shown to strongly correlate with visual attention (Doshi &
Trivedi, 2012)), guide our actions, and filter parts of the envi-
ronment perceived as relevant (Schiitz et al.,2011). Thus,
eye gaze may provide important contextual information
about a person’s thought process and provide an indication
of visual attention that can be leveraged when training Al
agents. For example, when people provide demonstrations
for tasks such as flying a quadrotor via a joystick, eye gaze
is often disregarded or ignored, even though it is necessary
to perform the task and can be easily collected via widely
available eye tracking hardware (Poole & Balll 20006) at
almost no additional burden to the demonstrator. In our
work, we leverage the demonstrator’s eye gaze, recorded
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with minimal cost during the demonstrations, as a measure  gaze-augmented imitation learning work, as it requires
of attention in conjunction with human demonstrations to continuous control in a photorealistic, outdoor envi-

perform imitation learning with less demonstrator data. ronment without clear markers such as roads denoting
where the agent should travel.

Several previous works have utilized eye gaze to improve o _ ) )
A quantitative evaluation showing that GRIL is able

imitation learning|(Zhang et &/., 201!8; Saran et/al., 2020; *- S X
Chen et al.; 2019). However, these methods may still re-  © SIgn! cantly outperform three baseline methods: a
quire signi cant human demonstrator time. For instance, the ~ Standard behavior cloning model that does not use gaze
gaze-augmented Atari-HEAD datadet (Zhang éf al,, 2020) ~ as Well as two state-of-the-art gaze-augmented behav-
collects an average of 5.85 hours of gameplay data per Atari  1OF cloning models: AGIL (Zhang et al., 2018) and
game. Furthermore, the applications considered in these ~CCL (Saran etal., 2020)

works may be signi cantly simpler than the environment a 4. We show that after training with demonstrations in
real-world robot might encounter. For instance, the Atari ~ Which the quadrotor navigates to a stationary target,
setup il Zhang et al. (2018; 2020); Saran éfal. (2020); Tham- ~ GRIL generalizes to a novel “seek and follow” task
mineni et al.[(2021) is synchronous and does not resemble  in which the quadrotor must navigate to and follow a
the physical world, the simulated driving setup in Chen ~ Mmoving target.

et al| [2019) involves following a well-de ned track, and the 5. We provide the rst publicly-available gaze-augmented

drone task in Pfeiffer et al. (2022) involves following a ref- demonstration dataset in a continuous control task.
erence trajectory (provided to the policy network) without
interacting with any objects in the environment. 2. Related work

We propose Gaze-Regularized Imitation Learning (GRIL), a
novel end-to-end algorithm for learning continuous controllmitation Learning. Imitation learning (IL) is the prob-
from human demonstrations and eye gaze. GRIL jointlylem of training a learning agent to act in an environment
learns to predict control commands and eye gaze, regularigiven demonstrations. Behavioral cloning (Bratko et al.,
ing policy training via gaze prediction as shown in Figire 1.1995; Torabi et al., 2018) is a popular IL method that uses
This method has the potential to improve robust autonomyupervised learning to predict demonstrator actions given
and decrease the amount of demonstration data required ebservations. Behavioral cloning is known to suffer from
learn reliable policies in visually complex environments. ~ covariate shift, in which a model gives poor predictions in

. tates not present in the training data (Ross et al., 2011).
We d.emonst.rat.e GRIL in an autonomou_s quadrotor_cpntrofn recent years, a number of other IL approaches have
tgsk in the A|rS'|m (Shah et aal:, ?018b) S|ml_JIator, training apeen proposed, for instance GAIL (Ho & Ermon, 2016),
wsuomotor policy (i.e., combining pergeptlon anq cont'rol) Q-learn (Garg et al., 2021), SQIL (Reddy et al., 2019),
FO nawga';e a quad_rotor_to a target object. GRIL is trallne({/alueDICE (Kostrikov et al., 2019), Maximum Likelihood
in supervised fa§h|on via a datase_t coIIec_ted from humarlhl_ (Jain et al., 2019), EDM (Jarrett et al., 2020), and T-
demonstrators ying the quadrotor in the simulator, which REX (Brown et al., 2019). We note that advancements in 1L

contallns the RGB images, human demonstratpr's €Y€ gazgie orthogonal to this work, since our gaze regularizer can
coordinates, and control commands at each timestep. T paired with any IL method

proposed method jointly learns to predict gaze coordinates

and control commands. In the quadrotor navigation taskyjerstanding Gaze Behavior. Recent works have pro-

we hypothesize that the gaze coordinates provide Conte)ﬁosed a number of methods for estimating human eye gaze

relevant to the target, identifying regions of interest in thefrom images (Li et al., 2013; Xia et al., 2020; Wang & Sung

scene and acting as an attention mechanism to guide thgyn,. cazzato et al., 2020). For instance, Xia et al. (2020)

policy toward the target. Speci cally, we contribute: proposed a periphery-fovea multi-resolution model to pre-

1. GRIL, an end-to-end, model-free algorithm with a dict gaze and sho_w that it !mproye; predictiqn accuracy ina

novel multi-objective architecture for learning from supervised learning ta_lsk in a driving domain. While these
images, demonstrator actions, and human eye gaze. works focus on modeh_ng gaze, our work leverages gaze to
our knowledge, GRIL is the rst IL method to regular- IMProve performance in IL tasks.

ize policy learning via a multi-objective architecture saran et al. (2019) highlight the importance of understand-
that jointly predicts gaze and policy actions. ing gaze behavior for use in IL. For several goal-oriented
2. A demonstration of our gaze-based approach usingobot manipulation tasks, the authors show that users pri-
an asynchronous, realistic quadrotor navigation tasknarily xate on goal-related objects and that gaze can help
with high-dimensional state and action spaces and & resolve ambiguities in subtask classi cation. Meanwhile,
high- delity, photorealistic simulator. To our knowl- Guo et al. (2021) demonstrate that reinforcement learning
edge, this is the most complex task considered in agents achieve better performance when they attend to simi-
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lar visual targets to humans, further indicating that humarSaran et al. (2020) propose a coverage-based gaze loss
eye gaze can be leveraged to guide policy learning. (CGL) for IL. This auxiliary loss penalizes the policy net-
work for having low network activations in areas where the
Gaze-Augmented Imitation Learning. IL approaches human gaze is focused. CGL outperforms AGIL (Zhang
that augment demonstrations with the demonstrator's eyet al., 2018) and dropout-based modulation (Chen et al.,
gaze have been shown to improve policy performance angd019) with the Atari-HEAD (Zhang et al., 2020) dataset.
generalization compared to IL methods without gaze (ZhangVhile GRIL and CGL both regularize policy learning via
et al., 2018; 2020; Saran et al., 2019; 2020; Thamminenauxiliary losses, they are fundamentally different; whereas
etal, 2021; Liu et al., 2021; Kim et al., 2020; 2021; 2022;CGL penalizes network activations, which requires setting
Pfeiffer et al., 2022; Chen et al., 2019) in domains such asiyperparameters that transform the human gaze from coor-
Atari, simulated driving, and robot manipulation. dinates to a heatmap, GRIL utilizes gaze directly by training
a two-headed network to jointly predict actions and gaze.
r‘|\(71]oreover, GRIL's approach to utilizing gaze is distinct from

gaze in IL. Several methods use predicted or actual gaz&GL and AGIL in that both baselines predict and utilize

i ntrol policy network or its input. . -
to m_odulatee|ther the control policy netwo or IS inpu a gaze heatmap, while GRIL does not utilize a heatmap.
For instance, some approaches that crop an image obsEr-

These works propose a range of approaches for leveragi

vation around a user's gaze (Kim et al., 2020; 2021: 2022 ypassing the need for a heatmap is desirable, since GRIL

L . ; .. toes not need to specify a kernel hyperparameter and can

have shown promise in robot manipulation tasks requiring " ' MSE loss to com di o

L k L . pare coordinates, which is simpler
precision. Liu et al. (2021) similarly propose to directly N . KL | A distributi
modulate input images based on gaze. Liu et al. (2021) an(s]an using a 0ss 10 compare distributions.
Chen et al. (2019) consider using gaze to control dropouiVe believe that our work considers a more challenging
rates in the policy network's convolution layers. Evaluatedenvironment than these previous works on gaze-augmented
on a simulated driving task, Liu et al. (2021) show that bothIL. Many works, including state-of-the-art approaches such
the image modulation and dropout methods reduced genekGIL (Zhang et al., 2018) and CGL (Saran et al., 2020),
alization error compared to IL without gaze, with dropout are exclusively tested in Atari domains, which can easily
outperforming the image modulation method. Meanwhilepe stopped and started to synchronously align with human
Saran et al. (2019) also leverages gaze in robot manipulatioimput, are temporally discrete, have discrete action spaces,
and proposes an inverse reinforcement learning approacnd do not resemble the real world. In contrast, we consider
to learn rewards from demonstrations with gaze. However guadrotor navigation application that requires continuous
the method requires knowing the positions of all objects ofcontrol and complex scene understanding. Some works
interest to which a human might attend, and thus does nagonsider car driving tasks (Chen et al., 2019; Xia et al.,
necessarily generalize across domains. 2020), which also require continuous control; however, our
A number of works (Zhang et al., 2018; Thammineni et al”quadrotor control task is more complex than the driving

2021; Pfeiffer et al., 2022; Xia et al., 2020) estimate gazetasks in Chen et al. (2019); Xia et al. (2020), as their action

K ; spaces have fewer degrees of freedom. While Pfeiffer et al.
from image observations and then leverage the gaze predl&_OZZ) also consider drone control, they train the drone to
tions as a control policy input. Zhang et al. (2018) develo '

P ; ) X .
Attention Guided Imitation Learning (AGIL), which trains a follow reference trajectories such as a gure-8, which does

gaze prediction network modeled as a human-like foveatior51Ot mv_o_lve Interacting W.'th other obje(_:ts in the Scene. Also,
I . . in addition to a gaze estimate, the policy network in Pfeiffer
system and then uses the gaze predictions to train a polic

Evaluated in Atari domains, AGIL outperforms a baselinegf al. (2022) is given the reference trajectory and drone state

without gaze. However, to eliminate the effect of human(rotation and linear and angular velocity) as inputs. GRIL

S . . does not utilize such information.
reaction time and fatigue, eye gaze was collected in a syn-

chronous fashion in which the environment only advanced.astly, while the Atari-HEAD dataset (Zhang et al., 2020)
to the next state once the human took an action, and ganprovides a set of gaze-augmented demonstrations in Atari
time was limited to 15 minutes, followed by a 20-minute restdomains, we are not aware of a prior publicly-available
period; this highlights the challenges of real-time humandataset of gaze-augmented demonstrations in a continuous
data collection. Thammineni et al. (2021) build on AGIL control setting.

by introducing a gating model that selectively passes gaze

in_formation to the policy network when it predicts that gazeqg Gaze-Regularized Imitation Learning

will be useful. While this method is shown to outperform
AGIL, the contribution is orthogonal to ours, as such a gatThis work considers a gaze-augmented visual imitation
ing module could be straightforwardly paired with GRIL. learning setting, in which a learning agent aims to imitate a
Unlike these works, GRIL incorporates gaze as an auxilianhuman demonstrator given the human's visual observations,
loss, rather than as a policy input. actions, and eye gaze.
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Figure 2.GRIL learns to jointly predict gaze and control commands via a multi-headed convolutional neural network. Gaze prediction
provides context relevant to the visual scene and assists the model to predict well-performing control commands.

3.1. Problem Statement 3.2. Gaze-Regularized Architecture

We model the gaze-augmented visual imitation learn©Our proposed approach is a visuomotor policy based on a
ing problem as an episodic partially-observable Markovmulti-headed convolutional neural network, as seen in Fig-
decision process without reward (POMOH®, M = ure 2. The model is trained to take RGB images as input and
(S;0;A;P;Pe; ;T ), whereS is the underlying state to jointly estimate their corresponding control commands
spaceQ is the observation spaca, is the action spacd :  and gaze coordinates. This joint estimation of gaze and
S AS! [0; 1] yields the state transition probabilities, control regularizes the network during training to predict
P.:S O! [0;1] gives the observation emission prob-the most suitable set of control commands. The gaze esti-
abilities, :S! [0;1]gives the initial state probabilities, mation also provides context to the model by highlighting
andT is the time horizon. Aolicyis a possibly-stochastic key properties of the image observations. The architecture
mapping from observations to actions; O ! A . The  makes use of weight sharing to reduce the total number of
learning agent interacts with the environment in rollout tra-model parameters.

We leverage a pre-trained MobileNet (Sandler et al., 2018)
We assume that the observatioms2 O are images in to extract features from the images; while the MobileNet
RH W C with heightH , width W, and number of chan- weights are used to initialize our model, we further ne-tune
nelsC (e.g.C = 3 with RGB images). Furthermore, the these weights using the human demonstrations. MobileNet
learning agent has access to a set of gaze-augmented demirtrained on real-world images and is suitable for processing
strations consisting df1 observation-action-gaze triples: outdoor images. We remove the model's nal layer and feed
De = (0 a; gi)i"il , whereg; 2 0,8 2 A, andg 2 R? its output features through another set of convolution layers.
are the demonstrator's gaze coordinates. The demonstréhe features extracted from the image are passed through
tion data is assumed to be generated by an unknown humawo different sets of dense layers, which respectively predict
demonstrator policyy,. control commands and gaze coordinates.

Learning Objective. The imitation learning objective is  3.3. Training Criterion
to identify an optimal policy with minimal discrepancy

from the demonstrator policyn: We train the GRIL model via a linear combination ofjaze

prediction lossL gp , and abehavioral cloning lossgc :

X
=argmin B, ¢ [L( n(0); (O); (1) L()= 1 Lep()+ 2 Lac(); )
t=1

whered, is the distribution over observations at timestepwhere represents the set of trainable model parameters,
t induced by following policy , andL is a discrepancy and ; and , are hyperparameters weighting the loss com-
measure between two actions (e.g. MSE error). ponents. Each loss term is the mean-squared error between
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the corresponding ground truth and predicted values:

X

Lec()= o Koo ) aks (3
i=1
X

Ler()= o Kgudoi) ok (@)

i=1

whereM is the number of training samplesacion(0 ] )

and ga,d0] ) respectively denote the outputs of the action

and gaze prediction heads given observatiamd model

parameters, and recall thaDe = (o;a;g)M, is the

demonstration dataset.

Figure 3.First-person view from the quadrotor illustrating the tar-
get vehicle (yellow truck), which the agent must nd and navigate
toward, and the realistic cluttered forest simulation environment
rendered using Microsoft AirSim (Shah et al., 2018a).

4. Experiments
4.1. Autonomous Drone Navigation

We evaluate the performance of GRIL in an autonomous

quadrotor navigation domain in which experiments werewhich cover a pre-de ned area of the map (see Figure 4),
conducted in simulated environments rendered by the Urpreventing invalid initial locations such as inside the ground
real Engine using Microsoft AirSim (Shah et al., 2018a), aor trees or on the target vehicle, while covering the desired
high- delity, photo-realistic drone simulator. We consider a task area. The human demonstrator collected 90 demon-
search and navigate task in which the quadrotor must seelration trajectories in which the drone navigated to the
a target vehicle that is initially out-of-view and navigate to- xed-location target. In each demonstration trajectory, the
ward it in a cluttered forest simulation environment, seen inquadrotor's starting location was sampled randomly from
Figure 3. The environment emulates sun glare and presentie set of 24 possible locations, and the quadrotor's initial
trees and uneven rocky terrain as obstacles to navigatiomeading was also randomly sampled between 0 and 360
and visual identi cation of the target vehicle. We consider degrees. During the demonstrations, we recorded RGB
two variants of the drone navigation task: images (224x224x3) and eye gaze coordinates. We ad-
dress observed imbalances in the dataset as described in

1. Stationary target: the target truck is in a location that .
ytarg 9 pendix B.

is xed across episodes, and the target does not movéo.‘p
2. Moving target: we use this task to evaluate how wellWe evaluate each learned policy by rolling it out in the envi-
GRIL can generalize to a target tracking and following ronment. To evaluate each policy, we use a set of 10 quadro-
task on which it was not previously trained. In this tor starting points; these are distinct from the 24 starting
task, the target vehicle moves along a xed, predetertocations used during training and are depicted in Figure 4
mined path at a xed speed. This task requires not onlyin magenta. For each evaluation rollout starting position, the
seeking out the target vehicle, but also tracking andquadrotor's initial heading is sampled randomly. For each

following the vehicle. evaluated model, we perform 5 evaluation rollouts at each
of the 10 evaluation start points, for a total®f 10 =50
4.2. Dataset Collection Procedure evaluation rollouts. Using the same set of evaluation starting

] ) . locations across all models helps to ensure evaluation con-
While performing the task, the demonstrator was givergigtancy across approaches. Note that the randomly sampled

access to the quadrotor's rst-person view, with no addiygaging is held constant for the 5 rollouts in each location,
tional information about its location or the target Iocatlon.though it varies between locations.

Using an Xbox One joystick, the demonstrator controlled
the quadrotor t.hrottle and yaw rate using Fhe I.eft Joy§t|ck4.3. Evaluation Metrics
and controlled its forward and lateral velocity via the right

joystick, as is standard for aerial vehicles. The eye gaz®Ve evaluate task performance in the evaluation rollouts via
data collection was conducted using a screen-mounted eyhe following metrics (Anderson et al., 2018):

tracker, which was calibrated speci cally for the user. Ap-
pendix A describes the eye tracking hardware setup, data
collection, and calibration procedure.

1. Task completion rate (TCR): this is the percent of
episodes that are successful. In the stationary target
task, a rollout is successful if the quadrotor navigates

We de ne a set of 24 possible quadrotor starting locations,  within 5 meters of the target vehicle's center of mass.
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from the authors' implementation; we change the network
architecture to process our dataset and its associated outputs
and change the loss function from a classi cation loss to a
regression loss.

The CGL baseline calculates an auxiliary loss that penalizes
the policy network's nal convolution layer for having low
activations where the human's gaze is focused. Our auxiliary
loss predicts gaze rather than penalizing network weights.
As mentioned below and in the discussion, GRIL seems to
require signi cantly less tuning than CGL. As with AGIL,
we adapt the authors' implementation to our task.

4.5. Results

Algorithm Performance. Table 1 displays the perfor-
Figure 4 Bird's-eye view of the target vehicle location and drone Mance of GRIL and all baseline comparisons. We see that
start locations. The magenta points are the drone start locatiofgRIL yields the strongest performance, achieving the high-
in the demonstration dataset, the green points are the drone st&$st task completion rates (TCR) and lowest collision rates
locations during evaluation, and the single yellow point is the xed (CR) compared to the baseline methods. Meanwhile, Fig-
location of the target vehicle in the stationary target task. ure 6 provides an example qualitative comparison between
the methods by depicting the evaluation rollout trajectories
corresponding to a particular starting location in the station-
In the moving target task, an episode is similarly sucyyy task. At this evaluation location, GRIL and BC-CGL
cessful if the quadrotor navigates within 5 meters ofgyccessfully navigate to the target location, while BC mostly
the in-motion truck's center of mass. crashes with the terrain early and AGIL drifts away.
2. Collision rate (CR): the percent of episodes in which
the agent collides with the ground or any obstacles inGeneralizing GRIL to Following a Moving Target. We
the environment such as rocks and trees. The curreritext evaluate how well GRIL generalizes to following a

episode is terminated when a collision occurs. moving target when only trained with stationary target
demonstrations. In this moving target task, we evaluate
4.4. Comparison Methods the same policies that were trained to search for and nav-

igate toward a stationary target; the dataset in Section 4.2
We compare GRIL with three imitation learning base-goes not include any demonstrations in which the target
line methods: vanilla behavioral cloning (BC), Attention- moyed. This task is more dif cult than the stationary target
Guided Imitation Learning (AGIL) (Zhang et al., 2018), task, both because the policy must generalize to a task on

and behavior cloning with a context-aware gaze l0Ssyhich it was not trained and because the policy must track
(BC+CGL) (Saran et al., 2020). Appendix D speci es net-3nq follow the moving target.

work architecture details for all baseline comparisons, while

Appendix C speci es hyperparameter values for all methodsTable 1 shows the performance of GRIL and comparisons
as well as hyperparameter ranges tested. on the moving target task. During these evaluation rollouts,

GRIL, BC, and BC-CGL demonstrated a remarkable capa-
The BC baseline is trained to predict control commandsjjity to generalize to the new task despite not having been
directly from input images without gaze, whereas GRIL previously trained on it, often successfully searching for and
jointly predicts control commands and gaze coordinateggjiowing the moving target. We see that GRIL outperforms
Note that the BC and GRIL network architectures are analoszch of the baseline methods in the moving target task, indi-
gous, except that GRIL has a gaze regularization head thakting that GRIL is able to generalize to novel tasks more
is not present in the BC model. robustly than previous state-of-the-art approaches. Qual-

In AGIL, a gaze prediction network is trained to estimate aitatively, we noticed that GRIL sometimes lost track of

gaze heatmap, which is then inputted to the policy networihe target if the vehicle left visual sight; however, we also
In contrast, GRIL leverages gaze prediction as a regulapoticed that GRIL demonstrated recovery behaviors if the

izer rather than a policy network input. Since AGIL was farget re-appeared in sight. We provide videos of GRIL
designed for discrete control of a 2D Atari game, we devel@nd baseline methods pe_rformmg _the moving target task on
oped a custom variant of AGIL for performing continuous OUr supplemental websitéftps:/sites.google.

quadrotor control. Our implementation of AGIL is adapted com/view/gaze-regularized-il/
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(a) “Motion leading” gaze pattern. (b) “Target xation” gaze pattern.

(c) “Saccade” gaze pattern. (d) “Obstacle xation” gaze pattern.

Figure 5.Visualization of a sequence of three frames illustrating characteristic gaze patterns observed in the human demonstrations,
showed as magenta circles in the gure, which were also learned by the proposed model, showed as cyan circles (best viewed in color).
The larger, less transparent circle illustrates the current gaze observation and the smaller, more transparent circles represent gaze (and gaze
predictions) from previous timesteps.

GRIL BC-CGL BC AGIL
|TCR (%) CR (%) |TCR(%) CR(%) |TCR(%) CR(%) |TCR(%) CR(%) |
Stationar;TSO( 9.9) 20( 9.9)|64 ( 14.8) 36 ( 14.8) 40 ( 13.7) 58 ( 13.5)[10( 10.0) 60 ( 16.3)

Moving |40 ( 12.3) 40 ( 9.4)|36 ( 14.8) 42 ( 15.9)|30( 12.7) 66 ( 12.3)14 ( 10.3) 86 ( 10.3)

Table 1.Performance of GRIL and baselines in the stationary and moving target tasks. Notably, the moving target task evaluates the
models' ability to transfer to a new task, since the demonstration data only included a stationary target. For both tasks, we compare
the performance of GRIL, BC, AGIL (Zhang et al., 2018), and BC-CGL (Saran et al., 2020). We show the collision rate (CR) and task
completion rate (TCR); values are meangtandard error) over 10 starting locations, with 5 rollouts per starting location each in the
static and moving target tasks.

same direction, as illustrated in Figure 5(a). This pattern is
mostly observed at the beginning of the episode when the
target vehicle is not in the agent's eld-of-view; b)‘target
xation” gaze pattern where gaze is xated on the target dur-
ing the nal approach, as illustrated in Figure 5(b). In this
pattern, gaze is xed at the top of the target vehicle, inde-
pendent of the agent's current motion; c)saccade” gaze
pattern where gaze rapidly switches between xation on
nearby obstacles (Salvucci & Goldberg, 2000), as illustrated
in Figure 5(c). This pattern is characteristic when there are
multiple obstacles between the current agent location and
the target vehicle; and d) 4obstacle xation” gaze pattern
Figure 6.Evaluation rollout trajectories for GRIL and baseline where the gaze attends to nearby obstacles when navigating
comparisons in the stationary task. For one of the evaluationg the target, as illustrated in Figure 5(d). This pattern is
starting locations, we depict ve .evaluation.rollputs correspondir?g mostly observed when the quadrotor is close to a potential
to ea_ch method. The task consists of navigating from the starting  <tacle. This illustrates how GRIL's gaze prediction head
location (purple dot) to the target vehicle (yellow dot). is able to capture and replicate similar visual attention cues
demonstrated by the user when performing the task.

Gaze prediction results. With respect to GRIL's gaze pre-

diction performance, we observe that several distinct gaz§, Discussion

patterns present in the human demonstrations were also

learned by GRIL's gaze prediction head, as seen in Figure Ve propose the GRIL algorithm for leveraging human eye
a) a“motion leading” gaze pattern where gaze attends to9az¢€ in a context-aware imitation learning framework. GRIL
the sides of the images followed by a yaw motion in thel€verages gaze via a novel, multi-objective optimization ap-



Gaze Regularized Imitation Learning

proach that jointly predicts control commands and gaze. Thef parameters to learn.

gaze prediction loss helps to regularize the policy network,

so that it focuses on relevant parts of the image observationsuture work. Future work will include evaluating GRIL in
This novel use of eye gaze makes the model sample ef ciengdditional environments, as well as to study the use of eye
practical, and generalizable. Our experiments demonstragaze in physical robot experiments. We are also excited to
GRIL's performance in a continuous control setting featurleverage eye gaze regularization in other problem settings,
ing a quadrotor in an outdoor environment, in which GRIL for instance multi-task learning and reinforcement learning.
outperforms state-of-the-art baseline methods AGIL andhnother interesting avenue for future work is the addition of
CGL. Though our experiments train the model to performmore human input modalities to the proposed approach, for
search and navigation toward a single stationary target, wmstance natural language, to condition the model to perform
show that GRIL can also perform the task with a movingmultiple diverse tasks. The ability to use eye gaze data to
target, and furthermore, that GRIL generalizes to the neveverage human visual attention opens the door to adapting
task more robustly than baseline comparisons. this research to learning uni ed policies that can generalize
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