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Abstract Today’s robots attempt to learn new tasks

by imitating human examples. These robots watch the

human complete the task, and then try to match the

actions taken by the human expert. However, this stan-

dard approach to visual imitation learning is funda-

mentally limited: the robot observes what the human

does, but not why the human chooses those behaviors.

Without understanding which features of the system or

environment factor into the human’s decisions, robot

learners often misinterpret the human’s examples (e.g.,

the robot incorrectly thinks the human picked up a

coffee cup because of the color of clutter in the back-

ground). In practice, this results in causal confusion,

inefficient learning, and robot policies that fail when

the environment changes. We therefore propose a shift

in perspective: instead of asking human teachers just

to show what actions the robot should take, we also

enable humans to intuitively indicate why they made

those decisions (i.e., what features are critical for the

desired task). Under our paradigm human teachers at-

tach markers to task-relevant objects and use natural

language prompts to describe their state representa-

tion. Our proposed algorithm, CIVIL, leverages this

augmented demonstration data to filter the robot’s vi-

sual observations and extract a feature representation

that aligns with the human teacher. CIVIL then ap-

plies these causal features to train a transformer-based

policy that — when tested on the robot — is able to

emulate human behaviors without being confused by

Y. Dai, R. Sanchez, R. Jeronimus, S. Sagheb, and D. Losey
are members of the Collaborative Robotics Lab, Mechanical
Engineering Department, Virginia Tech.
H. Nemlekar is a member of the Mechanical Engineering De-
partment, California State University, Northridge.
C. Nunez is a member of the Mechanical Engineering Depart-
ment, Cornell University.
Corresponding author’s email: E-mail: daiyinlong@vt.edu

visual distractors or irrelevant items. We show that, by

harnessing and combining existing language-grounding,

visual-masking, and policy-learning techniques, CIVIL

realizes this richer teaching paradigm and incorporates

human-provided task relevance directly into imitation

learning. Our simulations and real-world experiments

demonstrate that robots trained with CIVIL learn both

what actions to take and why to take those actions,

resulting in better performance than state-of-the-art

baselines. From the human’s perspective, our user study

reveals that this new training paradigm actually re-

duces the total time required for the robot to learn

the task, and also improves the robot’s performance in

previously unseen scenarios. See videos at our project

website: https://civil2025.github.io
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1 Introduction

Imitation learning enables robots to learn new tasks by

emulating the actions of a human expert. Consider a hu-

man teaching their robot arm to serve coffee (as shown

in Figure 1). The human guides the robot through dif-

ferent stages of the task, including picking a cup off the

kitchen counter and placing it under the coffee machine.

To learn this task, the robot observes the scene with an

onboard camera and records the actions demonstrated

by the human teacher. But these visual demonstrations

only show the robot what it should do, leaving the robot

to figure out why it should perform these actions (i.e.,

what aspects of the system and environment states fac-

tored into the human’s decisions).

Understanding the state representation behind the

human’s actions is critical for adapting to new situa-

tions. For example, humans know that the coffee cup’s

https://civil2025.github.io
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position affects how it should be grasped; if the cup

moves, humans will change their actions to match its

new configuration. However, it is difficult for robots

to infer this underlying feature solely from the demon-

strated actions because their visual observations often

contain excess information — along with the cup, the

robot’s camera also sees other utensils and appliances

on the kitchen counter. These irrelevant details can cre-

ate causal confusion when they are correlated with the

human’s actions [16]. For instance, if the cup is al-

ways next to a bowl during the demonstrations, the

robot may not understand the human’s motive; should

it reach for the cup or go to a position beside the bowl?

Put another way — what features of the observed state

are connected to the task, and which features are irrel-

evant clutter or spurious correlations?

Existing research has focused on enabling robots to

resolve this confusion on their own by making assump-

tions about task-relevant information. Current imita-

tion learning methods try to extract the relevant de-

tails from the robot’s observations by augmenting the

data with random transformations [45,30], identify-

ing known objects in the scene [74], or using vision-

language models pretrained on large datasets [58,69].

While these approaches help robots adapt their actions

to expected variations of the task, they require a sig-

nificant amount of data to truly uncover the human’s

reasoning. For example, when we experimentally ap-

plied these baselines to the task in Figure 1, we found

that the robot may incorrectly learn to focus on the

bowl (instead of the coffee cup) because of misleading

correlations in the training data. This leads to robots

that cannot make coffee when the bowl is removed.

To address this fundamental limitation we here re-

frame the process of learning from human demonstra-

tions. Rather than expecting robots to infer the cor-

rect causality based solely on human actions, we now

extend imitation learning so that human teachers can

intuitively reveal what actions to take and why to take

those actions (i.e., what environment features guided

the human’s demonstrations). Our hypothesis is:

Robots can learn more effectively when the human

provides a smaller number of demonstrations while

communicating the key features behind their actions.

We apply this hypothesis to create interfaces that hu-

mans can leverage to convey state representations dur-

ing their demonstrations. Specifically, we use a combi-

nation of physical markers and language instructions to

give context to human demonstrations. Human teach-

ers place markers in the environment to highlight rel-

evant objects, positions, and interactions that inform

their actions (i.e., the human in Figure 1 might mark

the coffee cup and coffee machine). Similarly, the hu-

man can provide natural language utterances to explain

what they are doing or what they are focusing on dur-

ing their demonstration (i.e., “pick up the cup”). The

robot learner collects the demonstrated state and ac-

tions — as in traditional approaches — along with the

new marker positions and language prompts.

These augmented demonstrations provide the robot

with a more holistic understanding of the task and sup-

plement its learning in two ways. First, the robot lever-

ages the marker and language cues to filter its extrane-

ous observations and extract a low-dimensional feature

representation that encodes human reasoning. Second,

the robot learns a policy that maps these causal fea-

tures to the demonstrated actions while remaining ro-

bust to unintended correlations and irrelevant visual

data. We refer to our resulting algorithm as CIVIL:

Causal and Intuitive Visual Imitation Learning. Us-

ing CIVIL, humans can provide the robot with labeled

data about the system and environment features (why)

that guided their demonstrationed actions (what). Our

results reveal that users perceive this immersive teach-

ing protocol to be more intuitive and natural (i.e., how

humans would teach other humans). We also empha-

size that gathering the additional marker and language

data does not increase the overall teaching burden: in-

stead, we find that users require fewer demonstrations

and less total time to train the robot, and the resulting

robot policy is more robust to new scenarios.

This work is a step towards robots that are able to

correctly understand and perform tasks based on a few

human demonstrations. Overall, we make the following

contributions1:

Analyzing Challenges in Visual Imitation Learn-

ing. We show why it is fundamentally challenging for

robots to learn from high-dimensional and redundant

observations, such as images from the robot’s camera.

Using linear regression analysis, we first prove that hu-

mans must provide exponentially more examples as the

dimensionality of observations increases. We then illus-

trate why robots struggle to infer the human’s reason-

ing and generalize to new scenarios when their obser-

vations contain spurious correlations.

Introducing CIVIL. CIVIL’s primary contribution

lies in re-framing how human task intent is captured

and incorporated into imitation learning. Rather than

1 A preliminary version of this work was published at the
IEEE International Conference on Intelligent Robots and Sys-
tems [55]. As compared to [55], this manuscript i) provides
theoretical analysis justifying our proposed demonstration
paradigm, ii) develops an end-to-end vision and language
network that extracts causal features from human guidance,
and iii) compares CIVIL to state-of-the-art alternatives while
evaluating how humans interact with CIVIL.



CIVIL: Causal and Intuitive Visual Imitation Learning 3

Fig. 1 Human teaching a robot arm to prepare a cup of coffee. The robot must learn to grasp the cup and place it under
a coffee machine based on visual observations. Within traditional approaches the human demonstrates what actions to take,
and the robot learns to emulate these demonstrated actions. However, this approach is inefficient because the robot is not
taught why the human chooses a specific behavior (i.e., what features of the environment factored into the human’s decisions).
Without this causal information that links features to actions the robot can misinterpret the human: for instance, if a bowl is
always placed to the left of the cup during the demonstrations, the robot might learn to go beside the bowl instead of go to the
cup. We hypothesize that robots can learn more efficient and robust control policies when the human teacher communicates
the features behind their decisions (i.e., why they are choosing the actions they demonstrate). CIVIL shifts imitation learning
towards holistic demonstrations with physical markers and natural language instructions.

proposing a new standalone architectural component,

CIVIL addresses a fundamental but underexplored

problem: demonstrations alone may not reveal which

aspects of the environment are causally relevant to the

demonstrator’s intent. We therefore enable humans to

provide more rich oversight — marking key objects or

describing decision points — and develop a paradigm

to learn from this additional guidance at training time.

Specifically, CIVIL contributes a unified formulation

that integrates established techniques with additional

loss terms to make task-specific human intent explicit

for policy learning.

To address these fundamental challenges, we enable

humans to demonstrate tasks while also explaining their
actions with physical markers and language instruc-

tions. We present our CIVIL algorithm that leverages

these inputs to train robots that i) extract causal fea-

tures from their observations and then ii) map those

features to task actions. Importantly, we only require

markers and language commands during training. Once

trained, the robot can perform the task autonomously

without any supervision. We provide a theoretical anal-

ysis characterizing the importance of such guidance and

introduce a framework that grounds these cues in vi-

sual representations for policy learning. Through con-

trolled ablation studies, we further demonstrate that

both marker values and language-derived segmenta-

tions contribute meaningfully to task performance.

Comparing to State-of-the-Art Alternatives. We

compare robots that act on the human-supervised fea-

tures of CIVIL against multiple state-of-the-art base-

lines that let robots derive causality through self-

supervision [45], object detection [74], and pre-trained

vision-language models [50]. Our experiments include

simulations in CALVIN [39], a benchmark for learning

manipulation tasks, as well as real-world experiments

with Franka robot arms. Robots trained on CIVIL are

more successful in performing the tasks than the base-

lines, especially when tested on unseen task instances.

Evaluating with Real Users. We conduct experi-

ments where real users leverage our CIVIL protocol to

train the robot arm. We focus on the user’s subjec-

tive perception of the demonstration process, as well

as the robot’s objective performance when trained on

user data. Our results suggest that users find it easy

and intuitive to leverage markers and language during

demonstrations, and — when giving the same amount

of time for providing demonstrations — robots trained

with CIVIL learn to perform the task more proficiently.

2 Related Work

Our work explores visual imitation learning for robot

manipulation tasks. Below we summarize this field,

while focusing on existing methods that enable the hu-

man teacher to augment their demonstrations.

2.1 Visual Imitation Learning

In imitation learning, the robot learns new tasks from

demonstrations provided by a human expert. We specif-

ically focus on learning visuomotor policies that directly

map visual observations to robot actions [27], as op-

posed to skill sequences generated using vision-language

models (VLMs) trained on internet-scale data [34,13].
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