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Abstract— Imitation Learning (IL) is a widely adopted ap-
proach which enables agents to learn from human expert
demonstrations by framing the task as a supervised learning
problem. However, IL often suffers from causal confusion,
where agents misinterpret spurious correlations as causal rela-
tionships, leading to poor performance in testing environments
with distribution shift. To address this issue, we introduce
GAze-Based Regularization in Imitation Learning (GABRIL),
a novel method that leverages the human gaze data gathered
during the data collection phase to guide the representation
learning in IL. GABRIL utilizes a regularization loss which
encourages the model to focus on causally relevant features
identified through expert gaze and consequently mitigates the
effects of confounding variables. We validate our approach
in Atari environments and the Bench2Drive benchmark in
CARLA by collecting human gaze datasets and applying our
method in both domains. Experimental results show that the
improvement of GABRIL over behavior cloning is around 179%
more than the same number for other baselines in the Atari and
76% in the CARLA setup. Finally, we show that our method
provides extra explainability when compared to regular IL
agents. The datasets, the code, and some experiment videos are
publicly available at https://liralab.usc.edu/gabril.

I. INTRODUCTION

Imitation learning (IL) is a framework for training agents
by learning from expert demonstrations, enabling them
to replicate desired behaviors in a given environment. A
commonly used approach in IL is behavior cloning (BC),
where an agent learns a policy by mapping observations to
actions through supervised learning on expert data [1]. While
effective in controlled settings, BC often suffers from causal
confusion—the agent learns spurious correlations instead of
true causal relationships. As a result, it learns to misattribute
the features from the demonstrations that are predictive of
the desired actions but are not actually causal [2].

As an example inspired by Haan et al. [2], consider a
self-driving vehicle in an urban environment with frequent
stoplights. The correct causal factor for braking is the state
of the traffic light. However, if the demonstration images
come from within the vehicle’s cab with a visible brake light
indicator on the dashboard, the agent may erroneously learn
to rely on a shortcut—to brake only when the light is on
rather than identifying the true causal factor. This is because
all of the braking instances in the training data will occur
when the brake light is on. As another example, artificially
appending the previous action labels to the training images in
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Fig. 1: Demonstrations from our datasets. (Top) A human expert waits
by a stop sign for pedestrians to pass. While there are many misleading
visual factors in the environment, the expert can provide extra supervision
through their gaze to limit the model’s attention to the true underlying factors
in the environment. (Bottom-Left) A frame of the Seaquest Atari game.
(Middle) The confounded Atari environment in which adding a previous
action indicator to the training images considerably misleads the agent.
(Right) However, a human operator only focuses on the causally relevant
factors and ignores the confounding distractors.

an Atari game environment might lead to catastrophic failure
during testing because the agent merely learns to repeat the
recorded action instead of correctly solving the task [2] (see
Fig. 1). These examples illustrate how BC methods suffer
from causal confusion, as the agent lacks sufficient cues to
discern the underlying basis of human expert decisions.

This issue can be addressed if we can identify the factors
that influence the expert’s actions—that is, what they focus
on when making decisions in the environment. While ex-
plicitly querying the expert can provide this information [2],
doing so at every timestep is prohibitively expensive. How-
ever, studies in neuroscience show that humans utilize their
gaze to selectively attend to causally relevant information
for efficiently processing and understanding complex visual
scenes [3], [4]. Our insight in this paper is that the gaze
is a freely available data source as humans naturally use it,
and it contains valuable information about the causal factors.
By using eye-tracking equipment to record the human gaze,
we can access this critical information without requiring
additional effort from the expert and further utilize it to
address the causal confusion problem.

In this paper, we propose a novel approach called GAze-
Based Regularization in Imitation Learning (GABRIL)
which mitigates the causal confusion problem by improving
representation learning in the latent space of models. More
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precisely, given an image observation, GABRIL encourages
the model to learn a representation with high activations over
the causally related factors—identified through the expert’s
gaze—while reducing activations in unrelated spatial regions.
In this way, GABRIL improves robustness against confound-
ing variables and helps the agent avoid causal confusion.

To show the effectiveness of our method, we conduct
experiments in Atari environments in addition to a more
realistic benchmark, namely Bench2Drive [5] developed in
CARLA [6]. We collect a dataset consisting of 1,160 minutes
of human experts playing Atari games and another dataset of
71 minutes of expert driving in CARLA, both with recorded
gaze data. We compare GABRIL with previous approaches
and show that while other methods provide improvements
over BC, our method achieves 179% in Atari and 76% more
improvement in CARLA compared to the next best method,
proving to be state-of-the-art in those benchmarks. We also
release both datasets alongside our code.

Moreover, we show that our approach is data-efficient and
performs well even with a limited amount of gaze data.
Finally, we show that models trained using GABRIL are
highly interpretable and can provide human-understandable
explanations for their decisions, a desired feature in future
autonomous agents.

II. RELATED WORK

A. Causal Confusion
Causal confusion, where agents mistakenly attend to ir-

relevant and non-causal factors for decision-making, is a
common problem in training neural networks [7]. More
specifically, this issue is studied in reinforcement learning
[8], [9] and imitation learning [2], [10]–[12]. It is critical to
address this problem to improve the reliability and perfor-
mance of BC agents [13].

On this line, Haan et al. [2] highlight how IL models
can latch onto spurious correlations rather than true causal
relationships, leading to poor generalization. To mitigate
this issue, they propose an intervention-based approach that
explicitly forces models to learn causal dependencies by
leveraging counterfactual data augmentation. Additionally,
OREO [11] is a dropout-based approach that extracts seman-
tic objects with a VQ-VAE [14] and then randomly masks
out all pixels contributing to each object, i.e., the units with
the same discrete code. Moreover, Zhang and Zheng [15]
combine semantic bird-eye views with OREO and propose
a sequential masking method to reduce causal confusion.

Compared to this line of work, GABRIL uses a novel reg-
ularization method that employs the human gaze to address
the causal confusion problem in BC agents. Furthermore,
GABRIL complements the prior work we mentioned here.
As an example, we will show in Section VI that it improves
OREO when used in combination.
B. Gaze for Imitation Learning

Several prior works have utilized human gaze to enhance
BC. For instance, GRIL [16] utilizes a neural network to pre-
dict both action and gaze coordinates simultaneously using
a multi-objective loss in drone-controlling tasks. Gaze infor-

mation has also been proven effective in robot manipulation
tasks [17]–[19], and several studies illustrate improvements
in autonomous driving and gaming tasks when benefiting
from gaze supervision [12], [20]–[23].

More specifically, GMD [21] uses the human gaze to mod-
ulate the probability distribution of dropout in 2D activation
maps. Thammineni et al. [22] propose an auxiliary model
with three modules. The first module predicts the human
gaze mask, while the gating module specifies whether the
predicted gaze map should be used in learning. If activated by
the gating module, the gaze mask is concatenated to the input
and fed to the final module for decision-making. Relatedly,
AGIL [23] offers a model with two parallel processing
pathways. The first one takes the raw image, while the second
uses the filtered version of the image, which is constructed by
multiplying the input by the gaze mask. The outputs of both
paths are averaged and fed to the action prediction layers.

Prior studies have used gaze supervision to specifically
address causal confusion. For example, CGL [12] defines
a KL-based coverage metric that penalizes the model if it
ignores the regions where the human attends. More related
to our work, Biswas et al. [20] present a contrastive approach
that encourages the model to attend more to relevant areas of
the image with a triplet loss: they create positive and negative
variants of the input image, such that in the positive variant,
the non-causal factors are blurred out, while in the negative
image, they blur the causal factors. Using this generated pair
of modified images together with the original image as the
anchor, their contrastive loss leads to learning representations
that encourage the model to attend to the causal factors.

With a similar motivation, we propose to use gaze as
an extra supervision to solve the causal confusion problem.
Unlike prior works, our method applies a regularization loss
in the latent space to improve the representation learning. In
Section VI, we compare GABRIL against the aforementioned
baselines to show the effectiveness of our method. It is
also noteworthy that our method does not require gaze
information during test time, as opposed to some of the prior
methods, e.g., GMD and AGIL.

III. PRELIMINARIES

In this section, we use the formulation of structural causal
model (SCM) [24] to explain the causal confusion problem
in imitation learning, and to later propose our methodology
using gaze supervision. In imitation learning, the goal is to
train a policy � : O ! A that predicts an action given
an observation o 2 O, where O is the set of all possible
observations, e.g., images from the environment, and A is
the space of valid actions.

In any dynamical system, two sets of underlying factors
contribute to observation generation: (i) the set of causal
factors S, is the set of all variables in the environment that
are essential for an optimal agent to make a decision, e.g.,
the traffic light in the self-driving agent example, and (ii) the
set of confounding variables T , which consists of all other
factors which might be correlated but not causally related in
making the correct decision, e.g., the state of the brake light



in the cab, the shape of nearby buildings, etc. An ideal policy
has the property that a distribution shift in the confounding
variables does not affect its output. More formally, we expect
the policy � to satisfy the following robustness property.

De�nition 1: A policy � is robust to the confound-
ing variables if it satis�esP(� (o) j do(S = s;T = t)) =
P(� (o) j do(S = s;T = t0)) for any set of variable assign-
mentss, t and t0.

The do operator here denotes an intervention in the SCM,
meaning that we actively set the variablesS andT to speci�c
values rather than passively observing them [24]. In the
rest of the paper, we use the notation do(s; t) instead of
do(S = s;T = t) for brevity.

In regular BC, the policy� is trained to mimic the behavior
of an expert by leveraging a dataset of expert demonstrations.
The data collection process involves an expert interacting
with the environment to generate a set ofN observation-
action pairsD = f (oi ; ai )gN

i =1 , where eachoi 2 O repre-
sents an observation image andai 2 A is the corresponding
action taken by the expert. Formally, BC frames the problem
as a supervised learning task in which the objective is to
minimize the discrepancy between the policy's predicted
actions and the expert's demonstrated actions. The standard
approach is to minimize the empirical risk over the dataset:

L BC(� ) =
1
N

X

(oi ;a i )2D

`(� (oi ); ai );

where` is a suitable loss function, typically the cross-entropy
loss for discrete action spaces or mean squared error for
continuous action spaces.

A key challenge in BC, or more broadly supervised
learning, is the potential reliance on spurious correlations
in training data. Since the policy is trained merely on
expert demonstrations, there is no explicit mechanism that
enforces it to rely only on causal factors and not confounding
variables. As a result, it may inadvertently learn statistical
shortcuts that fail to generalize under distribution shifts—an
issue commonly discussed in the context ofshortcut learning
or causal representation learning[25]. In what comes next,
we introduce our methodology that incorporates gaze super-
vision to guide the policy toward leveraging causal factors
rather than confounders.

IV. M ETHOD

Human experts naturally direct their eye gaze toward
causally relevant aspects of the environment [3], [4], provid-
ing an additional source of information beyond actions. To
utilize this information, we assume access to an input dataset
D = f (oi ; gi ; ai )gN

i =1 , wheregi is a saliency mask derived
from the human gaze corresponding to the observationoi .
We present the details of gaze mask generation in the next
subsection and provide our approach to utilizing them in
Section IV-B.
A. Gaze Pre-Processing

When collecting the human expert demonstrations, we
record the eye gaze corresponding to each frame of observa-
tion as a tuple of coordinates(x i ; yi ) in our dataset. In the

(a) (b) (c) (d)

Fig. 2: An illustration of the steps involved in building the gaze mask:(a) An
observationoi of theMsPacmanAtari game.(b) The gaze point coordinates
(x i ; yi ) corresponding to multiple frames are overlaid as cross markers over
a black background. The scale of the marks correlates with the timestep of
the collected gaze sample such that the largest cross sign corresponds to the
gaze at the present timestep, while smaller ones are either from the future or
the past. The color transition from blue to green indicates the progression of
time. (c) The corresponding multimodal maskgi generated by accumulating
the gaze samples.(d) Applying the gaze mask to the raw image to �lter out
confounding factors that are not essential in decision-making.

next step, we convert the gaze coordinates to a gaze mask by
considering the gaze center as the mean of a 2D Gaussian
distribution [23] and a manually adjusted variance to account
for both the measurement errors and the size of the human
fovea, i.e., how much of the image a participant has in focus
during a �xation [26].

When interacting with a complex environment, humans
use their visual short-term memory to retain information
about previously attended regions [27], allowing them to
make decisions based on past observations rather than just
their current gaze coordinates. Consequently, we build a
multimodal Gaussian mask that includes gaze data from
both the current and the previous frames when modeling
human attention. However, since previously attended objects
may have moved or lost relevance over time, we reduce
their intensity and expand their Gaussian radius to re�ect
the natural decay of visual memory while preserving their
in�uence on decision-making. Additionally, we found it
useful to go beyond and include not only the gaze data from
the past but also from the future, as the gaze is likely to land
on soon-to-be-important objects in subsequent frames [28].
This is possible because the training happens of�ine and the
gaze data is used only during training. Overall, we construct
the multimodal mask by incorporating the gaze data from
the present as well as the past and future timesteps with
attenuated strengths, which is formulated as:

�gi =
kX

j = � k

� j j j N ([x i + j ; yi + j ]; 
 2� � 2j j j I ) (1)

where�; � < 1 and
 are environment speci�c hyperparam-
eters andI is the identity matrix. Finally, we normalize�gi

into the range[0; 1] to get the gaze maskgi . This multimodal
construction over timesteps ensures that �xations gain more
weight, as they persist across multiple frames, reinforcing
their importance in the attention model. In contrast, saccades,
which are rapid transitions between �xations [29], tend to
disappear since they occur over very short durations and
do not consistently contribute to any single frame. Fig. 2
demonstrates a visualization of the gaze mask generation.
The gaze mask generated in this step will be used in the



subsequent sections to reduce the causal confusion problem.
B. Analysis

Our approach leverages the gaze mask as a supervisory
signal to guide BC agents, helping them focus on critical
regions and improving their ability to generalize by reducing
reliance on misleading correlations. For analysis, we make
the following assumption.

Assumption 1:The gazeg, collected from the human
expert, is invariant to the changes in confounding variables,
i.e., P(g j do(s; t)) = P(g j do(s; t0)) for any s, t, andt0.

With this assumption, we focus on the ideal case where
the expert's gaze depends only on the causal factors and is
not affected by the confounders. GABRIL uses this invari-
ance property to enhance BC, improving robustness against
confounding variables.

To achieve this, we model� (o) = f ( (o)) , where is
the image encoder, e.g., a convolutional neural network, and
f is the action predictor network, e.g., an MLP layer on
top of  . Moreover, we introduce a gaze generator function,
� , which operates on the image encoder to extract the
gaze data from the image encoding. Put another way, we
consider an ideal image encoder such thatg � � ( (o)) .
The following proposition provides suf�cient conditions for
achieving a robust policy.

Proposition 1: Under Assumption 1 and an invertible gaze
generator function� , such thatg = � ( (o)) , the policy� is
robust to the confounding variables.

Proof: Consider an arbitrary functionh(g) over
saliency masks. For anys, t and t0 it holds that

P(h(g) j do(s; t)) =
Z

g
P(h(g) j g)p(g j do(s; t))

=
Z

g
P(h(g) j g)p(g j do(s; t0))

= P(h(g) j do(s; t0))

where we used Assumption 1 in the second equation. Finally,
since� is assumed to be invertible andg = � ( (o)) , we have
� = f (� � 1(g)) . Therefore, substitutingh(�) with f (� � 1(�))
in the above equations gives

P(� (o) j do(s; t)) = P(f (� � 1(g)) j do(s; t))

= P(f (� � 1(g)) j do(s; t0))

= P(� (o) j do(s; t0)) :

C. Gaze-Based Regularization
Inspired by Proposition 1, we propose the following gaze-

based regularization loss:

L GP(� ) =
1

NM

X

(oi ;g i )2D

k� ( (oi )) � gi k2
F ; (2)

where k � kF is the Frobenius norm,N is the number of
gaze-observation pairs andM is the dimensionality ofgi .

In practice, there exist several considerations to apply this
loss function. First, Assumption 1 does not always hold, as
even a human expert may get distracted by the confounders.
Moreover, even if Assumption 1 held, achieving a merely
robust policy is not our ultimate goal. For example, a constant

Fig. 3: An overview of our proposed method.L BC is a standard behavioral
cloning loss used to reduce the error of action prediction. Besides, we
propose a new loss,L GP , which improves the representation learning by
regularizing the activation map of the �nal convolution to follow the gaze
mask collected from the human expert.

action predictorf (�) = 0 leads to a policy that is robust under
De�nition 1, but is not what we expect. Similarly, an image
encoder  that encodes all gaze-related information but
discards all the remaining important information for action
selection will lead to a policy that is robust to confounders
but will fail to produce good actions.

Instead, we desire a policy that is not only predictive of
the gaze but also provides useful features for intelligently
selecting the next action in the environment. This requires
the image encoder (o) to encode more features than what
we need for mere gaze prediction, which means� will not be
invertible in practice. Therefore, we implement a reasonable,
but not necessarily invertible, gaze predictor� , as we will
discuss in the next subsection. Overall, our proposed loss
function is

L (� ) = L BC(� ) + � L GP(� )
where� is a hyperparameter to balance the relative strength
of the two loss terms.
D. Gaze-Predictor Design

So far, we have discussed the rationale behind incorporat-
ing gaze-based regularization into our loss function. Here, we
describe the design of the gaze predictor� which operates
on top of the image encoder to extract the gaze masks.

Prior studies suggest that the activity levels in the spatial
activation map from the �nal convolutional layer of an image
encoder indicate the regions in the input image that the
model attends to [30]. Consequently, overlaying this map
onto the input image enhances interpretability by revealing
the model's focus when making decisions [11]. Moreover,
knowledge distillation [31] proves to be particularly effective
at this stage when injecting a learned representation of a
teacher network into a student [32]. We build upon this line
of research by aligning this activation map with the gaze
mask—encouraging higher activations in regions attended
by humans and lower activations in unattended areas. This
approach can be interpreted as a knowledge distillation
process in which we align the model's attention with the
human gaze pattern.

To achieve this goal, consider an image encoder



 : Rc� h � w ! Rc0� h0� w 0
, e.g., a convolutional neural net-

work which takes an input image observation with heighth,
width w and c channels, and generates an output activation
map with new dimensionsh0, w0 and c0, whereh0 and w0

are potentially smaller than the original input dimensions
because of the pooling layers and convolutional strides. Let
z =  (o) denote the activation output of the encoder for
input observationo.

The gaze maskg 2 Rh� w , on the other hand, is a
continuous mask in the range[0; 1] with the same spatial
scale as the input observation. Thus, to constructg from
z, we perform the following steps, as suggested by prior
studies [11], [30], [32]. First, we take the absolute value of
z followed by mean-pooling across the channel dimension to
identify the activations with the highest positive or negative
activities. This yields a 2D activation map, over which we
apply a softmax. Finally, we upsample the result to match the
spatial dimensions of the input image. This procedure de�nes
our proposed gaze predictor� on top of vision encoder
 , which is further incorporated in loss function (2) to
mitigate causal confusion (see Fig. 3 for a visualization). In
Section VI, we demonstrate the effectiveness of our approach
and show how our gaze mask generation method can also
enhance explainability during test-time.

V. DATASET

In this section, we elaborate on our data collection proce-
dure and the details of the subsequent post-processing steps.
First, we utilized the well-known Atari environments imple-
mented in Gymnasium [33] and gathered human demonstra-
tions as well as corresponding eye-tracking data. To evaluate
our method in a more complex setting, we additionally used
the CARLA [6] simulator to train agents for autonomous
driving. During data collection, the users were instructed to
look only at the monitor screen. Any episodes in which
the user was distracted or performed suboptimally were
discarded to ensure all demonstrations achieved a 100% com-
pletion rate without collisions in driving and a performance
better than the best RL policies in Atari [2]. Fig. 4 shows our
experimental setup and provides additional technical details
on gaze data collection.

A. Atari Environment

Our Atari dataset consists of 15 Atari games played
for 1,160 minutes in total. Each game was rendered at a
frame rate convenient for the player, ranging from 10 to 20
FPS. While the player viewed the game at its full-screen
resolution, we recorded observations as grayscale images
downscaled to84� 84. The recordings also contain the
corresponding gaze data and discrete controller actions for
each observation. All games were played with frame skip 4
and a sticky action probability of 0.25 [11]. We used� = 0 :7,
� = 0 :99 and 
 = 15 as gaze mask hyperparameters.1

1Prior to our work, Zhanget al. [34] released an Atari dataset with
gaze data. However, our preliminary experiments showed low regular
BC performance on that dataset, possibly suggesting suboptimal expert
performance. Thus, we collect and release our own dataset.

Fig. 4: Our data collection setup. TheGP3 HD gaze tracking device is
mounted under the monitor, recording the gaze data of the user performing
a driving task in the CARLA simulator. The monitor size is 23.8 inches,
and the user's distance to the monitor is 65 cm. The gaze tracking device
is tilted with an angle of15� .

B. Self-Driving Environment

We used the open-source CARLA 0.9.15 [6] to simu-
late urban driving. Speci�cally, we used Leaderboard 2.0
framework [35] to execute scenarios and record data. We
leveraged the recently proposed benchmark, Bench2Drive
[5], comprising 44 driving tasks in different towns and
weather conditions. Among all, we selected a diverse subset
of 10 driving tasks with the highest potential of having
causal confusion and collected 20 expert demonstrations with
continuous actions for each task. The recordings contain
320� 180 RGB images from a front view camera with
fov = 60 � , in addition to the collected gaze coordinates, and
the continuous action, including brake, steering angle, and
throttle. The gaze mask hyperparameters for this environment
are adjusted as� = 0 :8, � = 0 :99, and
 = 30.

VI. EXPERIMENTS

To demonstrate the effectiveness of our proposed method,
GABRIL, we empirically investigate the following questions:

� How successful is our method relative to other compa-
rable baselines that seek to overcome causal confusion
in Atari games? (Tables I and II)

� How does our method scale with the amount of available
gaze and data? (Fig. 5)

� Is our method effective in more realistic environ-
ments like CARLA with high-dimensional observa-
tions? (Fig. 6)

� Does our method encode causally relevant features, and
how can we leverage it to provide interpretability of the
agent decisions? (Fig. 7)

A. Baselines and Metrics

To answer these questions, we compare our method against
several baselines introduced in Section II in addition to
regular BC. Additionally, we compare againstViSaRL[19],
which appends the gaze saliency map to the raw image as an
additional input channel and passes the result to the model.

In our experiments, hyperparameters—such as learning
rate, stack size, and regularization coef�cients for our method
and baselines—were optimized through a hyperparameter
search. Speci�cally, we use� = 10 for Atari and� = 1e� 4
in CARLA as the gaze loss coef�cient for GABRIL. More-
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Fig. 5: Studying the scalability with the amount of data in two Atari
environments, Seaquest and DemonAttack. (a) and (b) show the experiment
in which the models use all the expert demonstrations for training, but only
a limited portion of the gaze data is included. (c) and (d) show the scalability
of our method as a function of the number of (gaze-included) training
episodes. The standard deviations are divided by 5 for better visualization.

over, to consistently compare the performance of different
methods across all Atari games, we use the Advantage over
BC (ABC) metric, which quantifies the improvement of each
method over the BC baseline, defined as

ABC(M, G) =
Score(M, G)� Score(BC, G)

Score(BC, G)
;

where Score(M, G) is the score of method M in the game G.
For driving experiments, we adopt the driving score [5] (in
percentage), which encapsulates a wide range of evaluation
metrics, including route completion, collisions, etc.
B. Results
Atari. We used two variations of the Atari environments:
normal and confounded versions as suggested by Haan et
al. [2] (see Fig. 1). For every environment-baseline pair, we
trained 8 separate models with different seeds and evaluated
each with 100 seeds. We report the mean scores across all
trials in Tables I and II. Note that there is no single method
that outperforms others consistently in all games, as this
was also the case in the work by Park et al. [11]. However,
GABRIL successfully outperforms prior regularization meth-
ods in the ABC metric, as reported in the last two rows of the
tables. Moreover, when combined with dropout methods, our
method considerably boosts their performance. For instance,
the composition of our method with GMD achieves 22:7% in
normal and 32:7% mean ABC in confounded environments,
which is near a double improvement when compared to
the best baseline. The full version of both tables with the
standard deviations is available on the project website.
Data Efficiency. Human gaze data may be costly to collect.
We investigate if our method has an acceptable performance
while only a portion of the gaze data is used. This simulates
a use case where a designer may want to use existing gaze-
free datasets in conjunction with our algorithm. For this,
we fed all the observation-action pairs for DemonAttack and
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Fig. 6: Comparing the performance of different methods in CARLA.

Seaquest Atari games to the respective models but used only
a fraction of the gaze data to apply the regularization loss.
Results shown in Figs. 5a and 5b indicate that the model
performs reasonably well even with only 20% of the gaze
data. This means we can improve GABRIL’s performance
by increasing the data while keeping the cost of human gaze
collection low. Meanwhile, as depicted in Figs. 5c and 5d,
GABRIL is also scalable as the number of gaze-included
demonstrations increases.
CARLA Results. Fig. 6 shows the results in the CARLA
environment. We train a single model for each baseline
using all 200 demonstrations. We exclude OREO due to its
low training speed. For evaluations, we randomly sample 40
routes among the routes seen in the dataset with a different
seed, as well as unseen routes with different combinations
of weather and lighting conditions. The results indicate that
GABRIL improves BC in the seen routes by 8:2% and by
8:5% in the unseen routes, which is the best among all other
baselines. We also note that GABRIL trains much faster than
the next best method, Contrastive, as it needs only a single
pass through the encoder.
Explainability. Since our model is equipped with an innate
gaze-predictor, one can use the resulting activation map in
real-time to visualize what the agent is attending to when
making predictions [11]. Fig. 7 presents two instances of
using this capability. For example, the agent trained by
our method clearly considers the bike, the cars from the
opposite lane, and the destination road when turning left at
an intersection. However, in regular BC the activations are
not highly interpretable or might miss essential elements in
the environment, such as traffic lights or pedestrians. This
capability is significantly crucial for real-world applications.

VII. LIMITATIONS AND FUTURE WORK

In this paper, we introduced GABRIL, a regularization
method for mitigating causal confusion in imitation learning.
However, our approach has several limitations. First, causal
confusion arises not only across the spatial dimension but
also over time, a phenomenon known as the copycat problem
[10], [36]. This issue is particularly pronounced in environ-
ments where expert actions exhibit high temporal correlation.
Notably, our method is not designed to address this type of
causal confusion. Future research should explore the use of
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