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Abstract

Data-driven approaches to solving robotic tasks have gained a lot of traction in
recent years. However, most existing policies are trained on large-scale datasets
collected in curated lab settings. If we aim to deploy these models in unstructured
visual environments like people’s homes, they will be unable to cope with the
mismatch in data distribution. In such light, we present the first systematic effort
in collecting a large dataset for robotic grasping in homes. First, to scale and
parallelize data collection, we built a low cost mobile manipulator assembled for
under 3K USD. Second, data collected using low cost robots suffer from noisy
labels due to imperfect execution and calibration errors. To handle this, we develop
a framework which factors out the noise as a latent variable. Our model is trained
on 28 K grasps collected in several houses under an array of different environmental
conditions. We evaluate our models by physically executing grasps on a collection
of novel objects in multiple unseen homes. The models trained with our home
dataset showed a marked improvement of 43.7% over a baseline model trained
with data collected in lab. Our architecture which explicitly models the latent noise
in the dataset also performed 10% better than one that did not factor out the noise.
We hope this effort inspires the robotics community to look outside the lab and
embrace learning based approaches to handle inaccurate cheap robots.

1 Introduction

Powered by the availability of cheaper robots, robust simulators and greater processing speeds, the last
decade has witnessed the rise of data-driven approaches in robotics. Instead of using hand-designed
models, these approaches focus on the collection of large-scale datasets to learn policies that map
from high-dimensional observations to actions. Current data-driven approaches mostly focus on using
simulators since it is considerably less expensive to collect simulated data than on an actual robot in
real-time. The hope is that these approaches will either be robust enough to domain shifts or that
the models can be adapted using a small amount of real world data via transfer learning. However,
beyond simple robotic picking tasks [1, 2, 3], there exist little support to this level of optimism. One
major reason for this is the wide “reality gap” between simulators and the real world.

Therefore, there has concurrently been a push in the robotics community to collect real-world physical
interaction data [4, 5, 6, 7, 8, 9, 10, 11] in multiple robotics labs. A major driving force behind this
effort is the declining costs of hardware which allows scaling up data collection efforts for a variety
of robotic tasks. This approach has indeed been quite successful at tasks such as grasping, pushing,
poking and imitation learning. However, these learned models have often been shown to overfit (even
after increasing the number of datapoints) and the performance of these robot learning methods tends
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Figure 1: We built multiple low-cost robots and collected a large grasp dataset in several homes.

to plateau fast. This leads us to an important question: why does robotic action data not lead to
similar gains as we see in other prominent areas such as computer vision [ 2] and natural language
processing [13]?

The key to answering this question lies in the word: “real”. Many approaches claim that the data
collected in the lab is real-world data. But is this really true? How often do we see white table-clothes
or green backgrounds in real-world scenarios? In this paper, we argue that current robotic datasets
lack the diversity of environments required for data-driven approaches to learn invariances. Therefore,
the key lies in moving data collection efforts from a lab setting to real-world homes of people. We
argue that learning based approaches in robotics need to move out of simulators and labs and enter
the homes of people where the “real” data lives.

There are however several challenges in moving the data collection efforts inside the home. First,
even the cheapest industrial robots like the Sawyer or the Baxter are too expensive (>20K USD). In
order to collect data in homes, we need a cheap and compact robot. But the challenge with low-cost
robots is that the lack of accurate control makes the data unreliable. Furthermore, data collection in
homes cannot receive 24/7 supervision by humans, which coupled with external factors will lead to
more noise in the data collection. Finally, there is a chicken-egg problem for home-robotics: current
robots are not good enough to collect data in homes; but to improve robots we need data in homes.

In this paper, we propose to break this chicken-egg problem and present the first systematic effort
in collecting a dataset inside the homes. Towards this goal: (a) we assemble a robot which costs
less than 3K USD; (b) we use this robot to collect data inside 6 different homes for training and 3
homes for testing; (c) we present an approach that models and factors the noise in labeled data; (d) we
demonstrate how data collected from these diverse home environment leads to superior performance
and requires little-to-no domain adaptation. We hope this effort drives the robotics community to
move out of the lab and use learning based approaches to handle inaccurate cheap robots.

2 Overview

The goal of our paper is to highlight the importance of diversifying the data and environments for
robot learning. We want to show that data collected from homes will be less biased and in turn allow
for greater generalization. For the purposes of this paper, we focus on the task of grasping. Even for
simple manipulation primitive tasks like grasping, current datasets suffer from strong biases such as
simple backgrounds and the same environment dynamics (friction of tabletop etc.). We argue that
current learning approaches exploit these biases and are not able to learn truly generalizable models.

Of-course one important question is what kind of hardware should we use for collecting the large-
scale data inside the homes. We envision that since we would need to collect data from hundreds and
thousands of homes; one of the prime-requirement for scaling is significantly reducing the cost of the
robot. Towards this goal, we assembled a customized mobile manipulator as described below.






























