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Abstract

Many recent advances in robotic manipulation have come001
through imitation learning, yet these rely largely on mimick-002
ing a particularly hard-to-acquire form of demonstrations:003
those collected on the same robot in the same room with004
the same objects as the trained policy must handle at test005
time. In contrast, large pre-recorded human video datasets006
demonstrating manipulation skills in-the-wild already exist,007
which contain valuable information for robots. Is it pos-008
sible to distill a repository of useful robotic skill policies009
out of such data without any additional requirements on010
robot-specific demonstrations or exploration? We present011
the first such system ZeroMimic, that generates immediately012
deployable image goal-conditioned skill policies for several013
common categories of manipulation tasks (opening, closing,014
pouring, pick&place, cutting, and stirring) each capable of015
acting upon diverse objects and across diverse unseen task016
setups. ZeroMimic is carefully designed to exploit recent017
advances in semantic and geometric visual understanding of018
human videos, together with modern grasp affordance detec-019
tors and imitation policy classes. After training ZeroMimic020
on the popular EpicKitchens dataset of ego-centric human021
videos, we evaluate its out-of-the-box performance in varied022
real-world and simulated kitchen settings with two different023
robot embodiments, demonstrating its impressive abilities024
to handle these varied tasks. To enable plug-and-play reuse025
of ZeroMimic policies on other task setups and robots, we026
release software and policy checkpoints of our skill policies.027

028

1. Introduction029

It is clear that animals and humans are able to observe third-030
person experiences to acquire functional sensorimotor skills,031
often “zero-shot” with limited or no need for additional prac-032
tice. For example, one can learn to cook pasta, use a wood033
lathe, plant a garden, or tie a necktie, with reasonable profi-034
ciency by watching how-to video demonstrations on the web.035
While “imitation learning” has also been instrumental in036
many recent successes for robotic manipulation [1–4], these037

robots largely rely on a much stronger kind of demonstration 038
— gathered by manually operating the very same robot in 039
the same small set of scenarios (scenes, viewpoints, objects, 040
lighting, background textures, and distractors) to perform 041
the task of interest. This is an immediate stumbling block 042
on the road to developing general-purpose robots: gathering 043
robot- and scenario-specific demonstrations scales poorly. 044

Learning robot skills from in-the-wild human videos of- 045
fers the enticing prospect that data would no longer be a 046
bottleneck: videos of humans demonstrating varied manipu- 047
lation tasks in diverse scenarios are already available on the 048
web, it is easy to gather many more if needed, and further, 049
the same videos could be re-used for many robots. However, 050
there are serious challenges. Robots differ from humans 051
in embodiments, action spaces, and hardware capabilities. 052
Individual web videos often do not conveniently present all 053
the details of how to perform a task (e.g. occlusions, out- 054
of-frame objects and actions, or shaky moving cameras). 055
Finally, the distribution of in-the-wild videos spans very 056
large variations that may be hard to handle. 057

We present an approach, ZeroMimic, that systematically 058
overcomes these challenges and distills in-the-wild egocen- 059
tric videos from EpicKitchens [5] into a repository of off-the- 060
shelf deployable image goal-conditioned robotic manipula- 061
tion skill policies that transfer across scenarios. Briefly, we 062
abstract the action spaces of humans and standard robot arms 063
with two-fingered grippers to permit coarse action transfer, 064
we exploit video activity understanding and pre-existing vi- 065
suomotor robot primitives such as grasping to transfer the 066
finer details of control, we exploit modern structure-from- 067
motion systems to maintain 3D maps of noisy and shaky 068
in-the-wild egocentric human videos, and demonstrate that 069
large policy classes can digest the diversity of web video 070
to learn useful behaviors. The resulting system empirically 071
demonstrates zero-shot robotic manipulation capabilities to 072
perform a wide range of skills with diverse objects. In sum- 073
mary, our contributions are: 074

1. We develop ZeroMimic, a system that distills robotic 075
manipulation skills from web videos that can be de- 076
ployed zero-shot in diverse everyday environments. 077
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