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Abstract—Humans and animals are capable of learning a new
behavior by observing others perform the skill just once. We
consider the problem of allowing a robot to do the same — learning
from a video of a human, even when there is domain shift in
the perspective, environment, and embodiment between the robot
and the observed human. Prior approaches to this problem have
hand-specified how human and robot actions correspond and
often relied on explicit human pose detection systems. In this
work, we present an approach for one-shot learning from a video
of a human by using human and robot demonstration data from
a variety of previous tasks to build up prior knowledge through
meta-learning. Then, combining this prior knowledge and only a
single video demonstration from a human, the robot can perform
the task that the human demonstrated. We show experiments on
both a PR2 arm and a Sawyer arm, demonstrating that after
meta-learning, the robot can learn to place, push, and pick-and-
place new objects using just one video of a human performing
the manipulation.

I. INTRODUCTION

Demonstrations provide a descriptive medium for speci-
fying robotic tasks. Prior work has shown that robots can
acquire a range of complex skills through demonstration,
such as table tennis [28]], lane following [34], pouring wa-
ter [31], drawer opening [38]], and multi-stage manipulation
tasks [62]. However, the most effective methods for robot
imitation differ significantly from how humans and animals
might imitate behaviors: while robots typically need to receive
demonstrations in the form of kinesthetic teaching [32} [1] or
teleoperation [8, 135, [62]], humans and animals can acquire the
gist of a behavior simply by watching someone else. In fact,
we can adapt to variations in morphology, context, and task
details effortlessly, compensating for whatever domain shift
may be present and recovering a skill that we can use in new
situations [6]. Additionally, we can do this from a very small
number of demonstrations, often only one. How can we endow
robots with the same ability to learn behaviors from raw third
person observations of human demonstrators?

Acquiring skills from raw camera observations presents
two major challenges. First, the difference in appearance and
morphology of the human demonstrator from the robot intro-
duces a systematic domain shift, namely the correspondence
problem [29, |6]. Second, learning from raw visual inputs
typically requires a substantial amount of data, with modern
deep learning vision systems using hundreds of thousands to
millions of images [57, [18]]. In this paper, we demonstrate that
we can begin to address both of these challenges through a
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Fig. 1. After meta-learning with human and robot demonstration data, the
robot learns to recognize and push a new object from one video of a human.

single approach based on meta-learning. Instead of manually
specifying the correspondence between human and robot,
which can be particularly complex for skills where different
morphologies require different strategies, we propose a data-
driven approach. Our approach can acquire new skills from
only one video of a human. To enable this, it builds a rich prior
over tasks during a meta-training phase, where both human
demonstrations and teleoperated demonstrations are available
for a variety of other, structurally similar tasks. In essence, the
robot learns how to learn from humans using this data. After
the meta-training phase, the robot can acquire new skills by
combining its learned prior knowledge with one video of a
human performing the new skill.

The main contribution of this paper is a system for learning
robotic manipulation skills from a single video of a human by
leveraging large amounts of prior meta-training data, collected
for different tasks. When deployed, the robot can adapt to a
particular task with novel objects using just a single video
of a human performing the task with those objects (e.g., see
Figure [I). The video of the human need not be from the
same perspective as the robot, or even be in the same room.
The robot is trained using videos of humans performing tasks
with various objects along with demonstrations of the robot
performing the same task. Our experiments on two real robotic
platforms demonstrate the ability to learn directly from RGB
videos of humans, and to handle novel objects, novel humans,
and videos of humans in novel scenes. Videos of the results
can be found on the supplementary websitem

! The video is available at https://sites.google.com/view/daml
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Il. RELATED WORK demonstrations of other tasks. In particular, we extend the

Most imitation learning and learning from demonstratioapproach of model-agnostic meta-learnihgl [14, 15]. Up until
methods operate at the level of con guration-space trajectoew, these approaches have not considered the problem of
ries [44,[2], which are typically collected using kinesthetidomain shift between the demonstration used for training and
teaching [[32] 1], teleoperation][B8,135,162], or sensors on ther testing, e.g. learning from videos of humans.
demonstrator [ [11] 9,17, 21]. Instead, can we allow robots Handling domain shift is a key aspect of this problem,
to imitate just by watching the demonstrator perform theith a shift in both the visual scene and the embodiment of
task? We focus on this problem of learning from one videthe human/robot, including the degrees of freedom and the
demonstration of a human performing a task, in combinatiguhysics. Domain adaptation has received signi cant interest
with human and robot demonstration data collected on otheithin the machine learning community, especially for varying
tasks. Prior work has proposed to resolve the correspondenisial domains 3, 33] and visual shift between simulation and
problem by hand, for example, by manually specifying howeality [56, 41]. Many of these techniques aim to nd a repre-
human grasp poses correspond to robot grasps [20] or dBntation that is invariant to the domain [12, 16, 54, 41, 25].
manually de ning how human activities or commands translatether approaches have sought to map datapoints from one
into robot actions[[58, 23, 30, B7, 40]. By utilizing demondomain to another [48, 59, 5, 60]. The human imitation
stration data of how humans and robots perform each tagkoblem may involve developing invariances, for example, to
our approach learns the correspondence between the humienbackground or lighting conditions of the human and robot's
and robot implicitly. Several prior approaches also explicitlgnvironments. However, the physical correspondence between
represent the positions of the human's hands [22] or use caneiman and robot does not call for an invariant representation,
fully engineered pipelines for visual activity recognition [37]nor a direct mapping between the domains. In many scenarios,
In contrast to such approaches, which rely on precise haadlirect physical correspondence between robot and human
detection or a pre-built vision system, our approach is trainpdses might not exist. Instead, the system must implicitly
end-to-end, seeking to extract the aspects of the humarégognize the goal of the human from the video and determine
activity that are the most relevant for choosing actions. Thike appropriate action.
places less demand on the vision system, requiring it only to
implicitly deduce the task and how to accomplish it, rather Ill. PRELIMINARIES
than precisely tracking the human's body and nearby objectsOur approach builds upon prior work in learning to learn

Other prior approaches have sought to solve the problemasf meta-learning, in order to learn how to infer a robot
learning from human demonstrations by explicitly determirpolicy from just one human demonstration. In particular, we
ing the goal or reward underlying the human behavior (e.gill present an extension of the model-agnostic meta-learning
through inverse reinforcement learning), and then optimiziragorithm (MAML) [14] that allows for the ability to handle
the reward through reinforcement learning (RL). For exanstomain shift between the provided data (i.e. a human demo)
ple, Rhinehart and Kitani_ [39] and Tow et al. [53] learn and the evaluation setting (i.e. the robot's execution), and the
model that predicts the outcome of the human's demonstratighility to learn effectively without labels (i.e., the human's
from a particular scene. Similarly, other works have learnexttions). In this section, we will overview the general meta-
a reward function based on human demonstrations [[4F7, 4@arning problem and the MAML algorithm.

26,[46,[50]. Once the system has learned about the reward/leta-learning algorithms optimize for the ability to learn
function or desired outcome underlying the given task, theew tasks quickly and efciently. To do so, they use data
robot runs some form of reinforcement learning to maximizeollected across a wide range of meta-training tasks and are
the reward or to reach the desired outcome. This optimizatiesaluated based on their ability to learn new meta-test tasks.
typically requires substantial experience to be collected usiMgta-learning assumes that the meta-training and meta-test
the robot for each individual task. Other approaches assutasks are drawn from some distributip(Tl ). Generally, meta-

a known model and perform trajectory optimization to readiearning can be viewed as discovering the structure that exists
the inferred goall[27]. Because all of these methods considetween tasks such that, when the model is presented with
single tasks in isolation, they often require multiple humaa new task from the meta-test set, it can use the known
demonstrations of the new task (though not all, é.gl [46, 27$tructure to quickly learn the task. MAML achieves this
Our method only requires one demonstration of the new tasik optimizing for a deep network’s initial parameter setting
setting and, at test time, does not require additional experierseeeh that one or a few steps of gradient descent on a few
on the robot nor a known model. And, crucially, all of the datdatapoints leads to effective generalization (referred to as few-
used in our approach is amortized across tasks, such thatghet generalization) [14]. Then, after meta-training, the learned
amount of data needed for any given individual task is quifgrrameters are ne-tuned on data from a new task. This meta-
small. In contrast, these prior reward-learning methods orlgarning process can be formalized as learning a prior over
handle the single-task setting, where a considerable amofintctions, and the ne-tuning process as inference under the
of data must be collected for an individual task. learned prior [42, 17].

Instead of using the previously mentioned approaches, weConcretely, consider a supervised learning problem with a
use a meta-learning approach|[51} 45], which in recent worksss function denoted ds( ; D), where denotes the model
has shown the ability to learn from just one demonstrgarameters and denotes the labeled data. For a few-shot
tion [15, [10] using prior knowledge built up from manysupervised learning problem, MAML assumes access to a



small amount of data for a large number of tasks. During Formally, we will de ne a demonstration from a humdf
meta-training, a taskl is sampled, along with data fromto be a sequence of image observations::; o, and a robot
that task, which is randomly partitioned into two seB! demonstrationd” to be a sequence of image observations,
and D"@. We will assume thaD" hasK examples. MAML robot states, and robot actions;; s;;as;:::;;07;St;ar. The
optimizes for a set of model parameterssuch that one or robot state includes the robot's body con guration, such as
a few gradient steps oB" produces good performance orjoint angles, but does not include object information, which
D@ Effectively, MAML optimizes for generalization frold must be inferred from the image. We do not make any
examples. Thus, usingr to denote the updated parametergssumptions about the similarities or differences between the
the MAML objective is the following: human and robot observations; they may contain substantial
minx L ¢ L(: DY):D¥ = min L( 1:D¥): gomain shift, e.g. differences in tr_]e appearance of the arms,
ackground clutter, and camera viewpoint.

T T Our approach consists of two phases. First, in the meta-
where is a step size that can be set as a hyperparamei@fining phase, the goal will be to acquire a prior over policies
or learned. Moving forward, we will refer to the inner Iosqjsing both human and robot demonstration data, that can
function as theadaptation objectiveand the outer objective then be used to quickly learn to imitate new tasks with only
as the meta-objective Subsequently, at meta-test timk, pyman demonstrations. For meta-training, we will assume a
examples from a new, held-out tadk are presented and gjstribution over taskg(T), a set of task$T;g drawn from
we can run gradient descent starting fronto infer model Ty and, for each task, two small datasets containing several
parameters for the new task: human and robot demonstrations, respectivé®} ;DL ).

Tew = roL(; DtTf‘eSI); After the meta-training phase, the learned prior can be used in

For convenience, we will use only one inner gradient step hqe second_phase, when the method is provided with a human
the equations. However, using multiple inner gradient steps gmonstrat!on .Of anew FaST( drawn fromp(T ). The robpt

must combine its prior with the new human demonstration to

straight-forward, and frequently done in practice. : . .
Finn et al. [15] applied the MAML algorithm to one-shotmfer policy parameters t that solve the new task. We will
next discuss our approach in detail.

imitation learning problem, using robot demonstrations col-
lected via teleoperation and a mean-squared error behaviOéaI . . :
cloning objective for the lost. While this enables learning — Domain-Adaptive Meta—Learnlng . :
from one robot demonstration at meta-test time, it does notWe develop adoma|n-adapuvelmeta-learnnjg method,_wh|ch
allow the robot to learn from a raw video of a human OWIII allow us to handle the set_'ung of I_earnlng from video
handle domain shift between the demonstration medium a%monstratlons of humans. While we will extend the MAML

the robot. Next, we will present our approach for one—shgigo_rithm for this purpose, th_e key id_ea of our approach is
imitation learning from raw video under domain shift. applicable to other meta-learning algorithms. Like the MAML
algorithm, we will learn a set of initial parameters, such that

after one or a few steps of gradient descent on just one human
_ ) ) demonstration, the model can effectively perform the new task.

In this section, we will present the problem statemeniyys the datD will contain one human demonstration of
of one-shot imitation learning from humans, introduce Oyhsk T and the dataD¥a' will contain one or more robot
method, and discuss a key aspect of our approach: a leargeghonstrations of the same task.

IV. LEARNING FROMHUMANS

temporal adaptation objective. Unfortunately, we cannot use a standard imitation learning
loss for the inner adaptation objective computed udirg,
A. Problem Overview since we do not have access to the human's actions. Even if we

The problem of learning from human video can be viewekhew the human's actions, they will typically not correspond
as an inference problem, where the goal is to infer thirectly to the robot's actions. Instead, we propose to meta-
robot policy parameters 1, that will accomplish the task learn an adaptation objective that does not require actions, and
T, by incorporating prior knowledge with a small amouninstead operates only on the policy activations. The intuition
of evidence, in the form of one human demonstration. lpehind meta-learning a loss function is that we can acquire
order to effectively learn from just one video of a humam function that only needs to look at the available inputs
we need a rich prior that encapsulates a visual and physi¢ahich do not include the actions), and still produce gradients
understanding of the world, what kinds of outcomes the humémat are suitable for updating the policy parameters so that it
might want to accomplish, and which actions might allow aan produce effective actions after the gradient update. While
robot to bring about that outcome. We could choose to encattiés might seem like an impossible task, it is important to
prior knowledge manually, for example by using a pre-de netemember that the meta-training process still supervises the
vision system, a pre-determined set of human objectives, molicy with true robot actions during meta-training. The role
a known dynamics model. However, this type of manualf the adaptation loss therefore may be interpreted as simply
knowledge encoding is task-speci ¢ and time-consuming, amtirecting the policy parameter update to modify the policy to
does not benet from data. We will instead study how wgick up on the right visual cues in the scene, so that the meta-
can learn this prior automatically, using human and robttined action output will produce the right actions. We will
demonstration data from a variety of tasks. discuss the particular form df in the following section.



Algorithm 1 Meta-imitation learning from humans

Require: f(DhI ; D}, )g: human and robot demonstration data
for a set of task$T ;g drawn fromp(T)
Require: , :inner and outer step size hyperparameters
while training do
Sample taski  p(T) for minibatch of tasky
Sample video of humad" D I
Compute policy parametersy = r L o(;dm
Sample robot demd™ D [
Update(; ) (; ) r; Lec( 1:d")
end while Fig. 2. Visualization of the learned adaptation objective, which uses temporal
Return : convolutions to integrate temporal information in the video demonstration.

Aoorthm 2 L - h 5 T -~ . suitable gradient informatiowithoutaccess to the true actions.
gonthm earning Irom human video after meta-learningyq yiscussed previously, this is still possible, since the policy

Require: meta-learned initial policy parameters is trained to output good actions during meta-training. The

Require: learned adaptation objectite learned loss must simply supply the gradients that are needed

Require: one video of human demd" for new taskT to modify the perceptual components of the policy to attend
Compute policy parameters; = roLo(;d to the right objects in the scene, so that the action output
return actually performs the right task. However, determining which

behavior is being demonstrated and which objects are relevant
will often require examining multiple frames at the same time
During the meta-training phase, we will learn both an inito determine the human's motion. To incorporate this temporal
tialization and the parameters of the adaptation objective information, our learned adaptation objective therefore couples
L . The parameters and are optimized for choosing multiple time steps together, operating on policy activations
actions that match the robot demonstrationsDi¥f'. After from multiple time steps.
meta-training, the parametersand are retained, while the  Since temporal convolutions have been shown to be effec-
data is discarded. A human demonstratibhis provided for tive at processing temporal and sequential data [55], we choose
a new taskT (but not a robot demonstration). To infer théo adopt a convolutional network to represent the adaptation
policy parameters for the new task, we use gradient descebjectiveL , using multiple layers of 1D convolutions over
starting from using the learned losk and one human time. We choose to use temporal convolutions over a more
demonstratiord": 1 = rL (;d"). traditional recurrent neural network like an LSTM, since they
We optimize for task performance during meta-trainingre simpler and usually more parameter ef cient [55]. See
using a behavioral cloning objective that maximizes the proBigure 2 for a visualization.
ability of the expert actions D', In particular, for a policy ~ Prior work introduced a two-head architecture for one-shot
parameterized by that outputs a distribution over actionsmitation, with one head used for the pre-update demonstration

(jo;s), the behavioral cloning objective is and one head used for the post-update policy [15]. The two-
N _ ' _ B o head architecture can be interpreted as a learned linear loss
Lec(; d')=Lec(; forTisur;aur@)=  log (adoest) function operating on the last hidden layer of the policy

t network for a particular timestep. The loss and the gradient

Putting this together with the inner gradient descent adaptatiefie then computed by averaging over all timesteps in the
the meta-training objective is the following: demonstration. As discussed previously, a single timestep of an
X X X . qhy. ATy observed video is often not suf cient for learning from video
min L gc( r L (;d");d"): . . . S .
D Ty dhon b d72D ! demonstratlons wnho_ut actlpns. Thus, this S|mpl_e averaging
p(T)d"2D 7 T scheme is not effective at integrating temporal information.
The algorithm for optimizing this meta-objective is summaln Section VI, we show that our learned temporal loss can
rized in Algorithm 1, whereas the procedure for learning froranable effective learning from demonstrations without actions,
humans at meta-test time is shown in Algorithm 2. We wiklubstantially outperforming this single-timestep linear loss.
next discuss the form of the learned loss functibn, which

is critical for effective learning. D. Probabilistic Interpretation
One way to interpret meta-learning with learned adaptation
C. Learned Temporal Adaptation Objectives objectives is by casting it into the framework of probabilistic

To learn from a video of a human, we need an adaptation ajraphical models. We can accomplish this by building on a
jective that can effectively capture relevant information in théerivation proposed in prior work [17], which frames MAML
video, such as the intention of the human and the task-relevastapproximately inferring a posterior over policy parameters
objects. While a standard behavior cloning loss is applied togiven the evidenc®Y = d (the data for a new task)
each time step independently, the learned adaptation objectiel a prior over the parameters, given hyThis prior work
must solve a harder task, since it must provide the policy witthows that a few steps of gradient descent on the likelihood



a distribution over actions. The convolutional network begins
with a few convolutional layers, which are fed into a channel-
wise spatial soft-argmax that extracts 2D feature points
for each channel of the last convolution layer [24]. Prior
work has shown that the spatial soft-argmax is particularly
effective and parameter-ef cient for learning to represent the
positions of objects in robotics domains [24, 13]. Following
prior work [24], we concatenate these feature points with the
Fig. 3.  Graphical model underlying our approach. During meta-trainingobot con guration, which consists of the pose of the end-
both the observatione; and the actions; are observed, and our method affector represented by the 3D position of 3 non-axis—aligned

learns and . During meta-testing, only the observations are available, from . h . Th h d f
which our method combines with the learned prioand factor to infer points on the gripper. en, we pass the concatenated feature

the task-speci ¢ policy parameters points and robot pose into multiple fully connected layers.
The distribution over actions is predicted linearly from the
logp(DYj ) starting from = are approximately equivalentlast hidden layeh. We initialize the rst convolutional layer

to maximum a posteriori (MAP) inference dogp( jD¥; ), from that of a network trained on ImageNet.
where induces a Gaussian prior on the weights with mean In our experiments, we will be using a continuous action
and a covariance that depends on the step size and numbegpgice over the linear and angular velocity of the robot's gripper
gradient step&.The derivation is outside of the scope of thigind a discrete action space over the gripper open/close action
paper, and we refer the reader to prior work for details [17, 43pllowing the setup of Zhang et al. [62]. Gaussian mixtures
In our approach, adaptation involves gradient descean better model multi-modal action distributions compared to
on the learned los& (; DtTf), rather than the likelihood Gaussian distributions and has been used in previous imitation
logp(D¥j ). Since we still take a xed number of steps oflearning works [36]. Thus, for the continuous actions, we use a
gradient descent starting from the result in prior work still mixture density network [4] to represent the output distribution
implies that we are approximately imposing the Gaussian pri@yer actions. For the discrete action of opening or closing the
logp( j ) [17, 43], and therefore are performing approximatgripper, we use a sigmoid output with a cross-entropy loss.

MAP inference on the following joint distribution: Following prior work [62], we additionally have the model
- s ) o _ predict the pose of the gripper when it contacts the target
p( DT )/ p(; Drj )/ PS{J_Q |(_’{ZD_T? : object and/or container. This is part of the outer meta-
from GDexp( L (; DY) objective, and we can easily provide supervision using the

robot demonstration. Note that this supervision is not needed
at meta-test time when the robot is learning from a video

tr _ . tr i
ion\:‘e: nandWDT léh?t h?rs tir:te Iorg t(ie:ergy b( ,t IE\)/ITA)P I;?yresrllan of a human. For placing and pick-and-place tasks, the target
erence would require integrating out bu erence cfontainer is located at the nal end-effector pose. Thus, we

provides a tractable alternative that still produces good resyliS, the last end-effector pose as supervision. For pushing and
in practice [17]. Training is performed by directly maximizin

ag: . . . gpick—and—place, the demonstrator manually speci es the time
Lec( r;D7), where 1 is the MAP estimate of . Since the 5 \pich the gripper initially contacts the object and the end-
behavior cloning loss corresponds to the log likelihood of th ector pose at that time step is used. The model predicts
actions under a Gaussian mixture policy, we directly train bogfy. _ - : : . : .
; ' X is intermedi ripper linearly from the f r in
the prior and the log-energy.  such that MAP mference{ S intermediate gripper pose linearly from the feature points

maximizes the log probability of the actions. Note that, sin fq and the predicted pose is fed back into the policy. Further

S chi . : . .
. ; . rchitecture details are included in Section VI.
we use MAP inference during training, the model does not

necessarily provide well-calibrated probabilities. However, the

probabilistic interpretation still helps to shed light on th&. Learned Adaptation Objective Architecture

role of the learned adaptation objectite , which is to Because we may need to update both the policy's percep-
induce a joint factor on the observations By and the tion and control, the adaptation objective will operate on a
policy parameters. A visual illustration of the corresponding concatenation of the predicted feature poifit¢at the end of

This is a partially directed factor graph with a learned factor

graphical model is shown in Figure 3. the perception layers), and the nal hidden layer of the policy,
h (at the end of the control layers). This allows the learned loss
V. NETWORK ARCHITECTURES to more directly adapt the weights in the convolutional layers,

assing the control layers. The updated task parameters are

Now that we have presented our approach, we describe g}/ . . o
form of the policy and the learned adaptation objectlve. o%puted using our temporal adaptation objective,

= roLo(;d");

A. Policy Architecture . S
Y where we will decompose the objective into two parts:

coﬁ\?olltljlttiﬁ:;tideulrnal I?]Igtt\]/\r/(;rlf}h;ﬁemzogcgro;:cgge;tiﬁz Iess% =L i(fr)+ L, (har) We use the same architecture
P 9es RBrL , andL ,, which is illustrated in Figure 2. The learned

2This result is exact in the case of linear functions, and a local approximgbjecuve QO”S'StS of three layers of te.mpor.al convolutions, the
tion in the case of nonlinear neural networks. rst two with 10 1 lters and the third withl 1 lters.



Fig. 4. lllustration of the policy architecture. The policy consists of a sequence of ve convolutional (conv) layers, followed by a spatial soft-argmax and
fully-connected (fc) layers. The learned adaptation objedtiveis further illustrated in Figure 2. Best viewed in color.

The *, norm of the output of the convolutions is computed ttesting, we use held-out objects in all of our evaluations that

produce the scalar objective value. were not seeing during meta-training, as illustrated in Figure 7,
and new human demonstrators. We provide full experimental
VI. EXPERIMENTS details, hyperparameters, architecture information, code for

Through our experiments, we aim to address three maar method, and the supplementary video on the project
questions: (1) Can our approach effectively learn a prior thaebsite.
enables the robot to learn to manipulate new objects after
seeing just one video of a human? (2) Can our approagh pro Placing, Pushing, and Pick & Place
generalize to human demonstrations from a different perspecy\e st consider three different task settings: placing a

tive than the robot, c?)n novel backgrounds, and with neWey ghject into a container while avoiding two distractor
human demonstrators? (3) How does the proposed approgghiainers, pushing an object amid one distractor, and picking
compare to alternative approaches to meta-leamning? In ord@r piact and placing it into a target container amid two
to further understand our method and its applicability, Wisiractor containers. The tasks are illustrated in Figure 5.
additionally evaluate it understand: (a) How important is the, s initial experiment, we collect human demonstrations
temporal adaptation objective? (b) Can our approach be u§gth, the perspective of the robot's camera. For placing and
on more than one robot platform, and with either kinestheth*ushing we only use RGB images, whereas for pick-and-
or teleoperated demonstrations for meta-training? . place, RGB-D is used. For meta-training, we collected a
_ To answer these questions, we run our experiments primgLaset with hundreds of objects, consisting of 1293, 640,
ily with a 7-DoF PR2 arm, with robot demonstrations coIIectegnd 1008 robot demonstrations for placing, pushing, and
via teleoperation, and RGB images pollected from a ConsUMBay _and-place respectively, and an equal number of human
grade camera (unless noted otherwise), and use a Sawyer roRaf o nsirations. The human and robot demonstrations for a
with kinesthetic demonstrations to study (b). We compare tl@;ﬁ/en task need to have the same target object, but do not

following meta-learning approaches: ~ need to be synchronized, do not need the initial positions of
contextual policy: a feedforward network that takes as inpubpiects match, and do not even need to have the same video
the robot's observation and the nal image of the humagngih we use the following metrics to de ne success for each
demo (to indicate the task), and outputs the predicted actiQisk: for placing and pick & place, success if the object landed
DA-LSTM policy : a recurrent network that directly ingestsy, or on any part of the correct container; for pushing, success

the human demonstration video and the current robot qu’The correct item was pushed past or withins cm of the
servation, and outputs the predicted robot action. This (§pot's |eft gripper.

a domain-adaptive version of the meta-learning algorithm During evaluation, we used 15, 12, and 15 novel target
proposed by Duan et al. [10]. _ _ _ objects for placing, pushing, and pick-and-place respectively,
DAML, linear loss: our approach with a linear per-timestep,|lected one human demonstration per object, and evaluated
adaptation objective. _ three trials of the policy inferred from the human demonstra-
DAML, temporal loss: our approach with the temporalion e report the results in Table I. Our results show that,
adaptation objective described in Section IV. across the board, the robot is able to learn to interact with
All methods use a mixture density network [4] to represeghe novel objects using just one video of a human demo with
the action space, where the actions correspond to the lingay; object, with pick-and-place being the most dif cult task.
and rotational velocity of the robot gripper, a 6-dimensiongle nd that the DA-LSTM and contextual policies struggle,
continuous action space. As discussed in Section V, eaflyly because they require more data to effectively infer the
network is also trained to predict the nal end-effector posgysk. This nding is consistent with previous work [15]. Our
using a mean-squared error objective. We train each poligysyits also indicate the importance of integrating temporal

using the Adam optimizer with default hyperparameters [18htormation when observing the human demonstration, as the
All methods use the same data and receive the same supervi-

sion. For measuring generalization from meta-training to meta3The project website is at sites.google.com/view/daml
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