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Abstract

Visual imitation learning provides a framework for learning complex manipulation
behaviors by leveraging human demonstrations. However, current interfaces for im-
itation such as kinesthetic teaching or teleoperation restrict our ability to efficiently
collect large-scale data in the wild. Obtaining such diverse demonstration data is
paramount for the generalization of learned skills to novel scenarios. In this work,
we present an alternate interface for imitation that simplifies the data collection
process while allowing for easy transfer to robots. We use commercially available
reacher-grabber tools both as a data collection device and as the robot’s end-effector.
To extract actions from these visual demonstrations, we use off-the-shelf Structure
from Motion (SfM) techniques in addition to training a finger detection network.
We experimentally evaluate on two challenging tasks: non-prehensile pushing and
prehensile stacking, with 1000 diverse demonstrations for each task. For both
tasks, we use standard behavior cloning coupled with data augmentations to learn
executable policies from the previously collected offline demonstrations. Finally,
we demonstrate the utility of our interface by evaluating on real robotic scenarios
with previously unseen objects and achieve a 87% success rate on pushing and a
62% success rate on stacking. Robot videos are available at our project website.

1 Introduction

A powerful technique to learn complex robotic skills is to imitate them from humans [, [2} 3} |4]].
Recently, there has been a growing interest in learning such skills from visual demonstrations,
since it allows for generalization to novel scenarios [5 [6]. Prominent works in Visual Imitation
Learning (VIL) have demonstrated utility in intricate manipulation skills such as pushing, grasping,
and stacking [5 [7]. However, a key bottleneck in current imitation learning techniques is the use
of interfaces such as kinesthetic teaching or teleoperation, which makes it harder to collect large-
scale manipulation data. But more importantly, the use of such interfaces leads to datasets that are
constrained to be in restrictive lab settings. This severely limits the generalizability of the learned
skills in novel, previously unseen situations [§].

It is thus important to find a way to simplify data collection for imitation learning to allow both data
collection at scale and real world diversity. One of the cheapest ‘robots’ that is highly prevalent, easy
to control, and requires little to no human training is the reacher-grabber depicted in Fig. [I] This
assistive tool is commonly used for grasping trash among other activities of daily living and has
recently been shown to be a scalable interface for collecting grasping data in the wild by Song et al.
[9]. However, unlike teleoperation [3]] or kinesthetic [[L0] interfaces where the demonstrations are
collected on the same platform as the robot, assistive tools are significantly different from robotic
manipulators. Song et al. [9] bridges this gap by first extracting grasp points from demonstrations
and then transferring them to robot in order to achieve closed-loop grasping of novel objects. A
key problem, however, still lies in scaling this to enable imitation of general robotics tasks. One
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Figure 1: We present a framework for visual imitation learning, where demonstrations are collected
using commercially available reacher-grabber tools (a). This tool is also instrumented as an end-
effector and attached to the robot (b). This setup allows us to collect and learn from demonstration
data across diverse environments (c), while allowing for easy transfer to our robot.

possible solution is to extract full tool con guration and learn a mapping between grabber and the
robot hardware. An alternative is to run domain adaptation based techniques for transfer. Instead,
why not simply use the assistive tool as an end-effector?

In this work, we propose an alternate paradigm for providing and learning from demonstrations. As
seen in Fig. 1 (a,c), the user collects Demonstrations using Assistive Tools (DemoAT) to solve a task.
During the collection of this data, visual RGB observations are collected from a camera mounted on
the DemoAT tool. Given these visual demonstrations, we extract tool trajectories using off-the-shelf
Structure from Motion (SfM) methods and the gripper con guration using a trained nger detector.
Once we have extracted tool trajectories, corresponding skills can be learned using standard imitation
learning techniques. Finally, these skills can be transferred to a robot that has the same tool setup as
the end-effector. Having the same end-effector as the demonstration tool coupled with a 6D robotic
control (Fig. 1 (b)) allows for a direct transfer of learning from human demonstrations to the robot.

To study the effectiveness of this tool, we focus on two challenging tasks: (a) non-prehensile
pushing L1, 12], and (b) prehensile stacking3, 14]. For both tasks, we collect 1000 demonstrations

in multiple home and of ce environments with various different objects. This diversity in objects and
environments allows our learned policies to generalize and be effective across novel objects.

In summary, we present three key contributions in this work. First, we propose a new interface for
visual imitation learning that uses assistive tools to gather diverse data for robotic manipulation,
including an approach for collecting grabber 3-D trajectories and gripper transitions. Second, we
demonstrate the utility of this framework on pushing and stacking previously unseen objects, with
a success rate of 87.5% and 62.5% respectively. Finally, we present a detailed study on the effects
of data augmentations in learning robotic skills, and demonstrate how the combination of random
“crops', ‘rotations' and Jjitters' signi cantly improve our policies over other augmentations.

2 Method

Demonstration tool: Our DemoAT setup is built around a plastic 19-inch RMS assistive fid#l

and a RGB camerdlf] to collect visual data. We attach a 3D printed mount above the stick to hold

the camera in place. To collect demonstrations, a human user uses the setup shown in Fig. 1 (a),
which allows the user to easily push, grab, and interact with everyday objects in an intuitive manner.
Examples of demonstrations can be seen in Fig. 1 (c) and Fig. 5. Since a demonstration collected
with DemoAT is visual, it can be represented as a sequence of ifhaggs, .

Robot end-effector: The tool is attached on a 7DoF robot arm with a matching camera and mount
setup (Fig. 1 (b)). However, to actuate the ngers, we will need to create an actuating mechanism.
Through a compact, lightweight and novel mechanism, we replace the lever from the original reacher
grabber tool with a controllable interface. Details on this mechanism are presented in Appendix C.

Extracting actions from visual demonstrationsAlthough our framework provides a robust and reli-
able interface to collect visual demonstrations, it does not have explicit sensors to collect information



Table 1: Real robot evaluation results (average success rate) for pushing and stacking on different
amounts of data.

Naive BC BC with augment BC with augment BC with augment

100% 100% 50% 10%
Push reach goal 0.625 0.875 0.750 0
Stack 9r@sp object 0.750 0.833 0.792 0
stack object 0.291 0.625 0.416 0

Figure 2: We visualize trajectories executed on the robot using our learned pushing policies trained
with augmented data.

about actions such as the end-effector's motion or nger locations. To address this, we recover 6DoF
poses of the tool using Structure-from-Motion (SfM) reconstruction and nger con gurations via a
gripper prediction model. More details on extracting visual information are presented in Appendix D.

Visual behavior cloning: We learn a policy using straightforward behavioral clonifi@, [L8]. With
the DAT imitation framework, we collect observation-action p&rs f(o; a;)g, whereo, is an
image and; is the action to get frono; to o:.+1 . Additional details on training are presented in
Appendix F.

3 Experiments

We aim to answer the following key questions: (a) Can DemoAT be used to solve dif cult manipula-
tion tasks? (b) How important is the scale and diversity of data for imitation learning in the wild? (c)
How important is data augmentation for visual imitation?

We evaluate our learned policy on the two tasks (see Appendix E for task details) using two metrics.
First, mean squared error (BC-MSE) between predicted actions and ground truth actions on a set of
held-out demonstrations that contain novel objects in novel scenes. This of ine measure allows for
benchmarking different learning methods. Second, we evaluate on real robot executions on previously
unseen objects and measure the fraction of successful executions. This captures the ability of our
models to generalize on real scenarios.

3.1 Can DemoAT be used for solving dif cult manipulation tasks?

To study the utility of our DemoAT framework, we look at both measures of performance, the of ine
BC-MSE and the real robot success rate. Unless otherwise noted, we train our policies with 100% of
training data and using the “crop'+’jitter' augmentation for pushing and “rotate'+’jitter' for stacking
(Fig. 3). On the BC-MSE metric, we achieve an error of 0.028 on the pushing task and an error of
0.056 on the stacking task. We note that this is more than two orders of magnitude better than random
actions, which has error of 0.67 and 0.69 on pushing and stacking respectively. This demonstrates that
our policies have effectively learned to generalize to previously unseen demonstrations. Visualizations
of how close predicted actions are to ground truth actions are presented in Appendix G.



	Introduction
	Method
	Experiments
	Can DemoAT be used for solving difficult manipulation tasks?
	How important is data for imitation learning in the wild?
	Does augmented data help?

	Conclusion
	Related Work
	Details on DemoAT Demonstration Tool
	Details on DemoAT Robot End Effector
	Extracting actions from Visual Demonstrations
	Accuracy of Extracted Actions

	Pushing and Stacking Task Details
	Training Details 
	Visualizations of Predicted Actions 
	Data Augmentations for imitation:
	Real Robot Evaluation with Augmented Data

	Data Size and Diversity Analysis
	Data Size: Behavioral Cloning Evaluation
	Data Diversity Analysis
	Study of Data Augmentations on Random Data Splits

	Closed-loop Control with Moving Objects
	Third-person Views of Robot Experiments

