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CROSS-DOMAIN IMITATION LEARNING USING GOAL CONDITIONED
POLICIES

CROSS-REFERENCE TO RELATED APPLICATIONS
This application claims priority to Greece National Patent Application No.
20200100596, filed on October 1, 2020. The disclosure of the prior application is

considered part of and is incorporated by reference in the disclosure of this application.

BACKGROUND

This specification relates to controlling robots using neural networks.

Neural networks are machine learning models that employ one or more layers of
nonlinear units to predict an output for a received input. Some neural networks include
one or more hidden layers in addition to an output layer. The output of each hidden layer
is used as input to or more other layers in the network, 1.e., one or more other hidden
layers, the output layer, or both. Each layer of the network generates an output from a

received input in accordance with current values of a respective set of parameters.

SUMMARY

This specification describes a system implemented as computer programs on one
or more computers in one or more locations that trains a policy neural network that is
used to control a robot, i.e., to select actions to be performed by the robot while the robot
is interacting with an environment, through imitation learning in order to cause the robot
to perform particular tasks in the environment.

Particular embodiments of the subject matter described in this specification can be
implemented so as to realize one or more of the following advantages.

Imitation with Reinforcement Learning (RL) has shown potential for tasks where
the reward definition is unclear, 1.e., where no specified reward signal exists for
indicating a robot’s progress towards completing a task. However, while existing third-
person imitation methods can handle simpler tasks, e.g., reaching and lifting, these
existing techniques perform poorly on more complex tasks like those that are likely to be
required in industrial or other commercial settings, e.g., tasks that require contact-rich
longer sequences of object interactions in order to be performed successfully. One
example of such a contact-rich longer task is a task that requires stacking or otherwise

jointly manipulating multiple objects in the environment. The described techniques, on
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the other hand, can allow the policy neural network to be trained to successfully perform
third-party imitation even for such complex tasks, e.g., to successfully follow complex
trajectories with rich contact dynamics and longer sequences. That is, after being trained
using the described techniques, the policy neural network can be used to control the robot
to effectively cause the environment reach a goal state even when (i) reaching the goal
state requires complex interactions with objects in the environment and (i1) the
demonstrations available for training the policy neural network are observations that are
captured from a third-person view of the demonstration agent (such as observations
captured from one or more sensor(s) which are not mounted on the robot) while
observations characterizing current states of the environment after training are from a
first-person, ego-centric view of the environment (that is, observations captured from the
perspective of the robot, such as by one or more sensors mounted on the robot and/or
moving with the robot).

The details of one or more embodiments of the subject matter described in this
specification are set forth in the accompanying drawings and the description below.
Other features, aspects, and advantages of the subject matter will become apparent from

the description, the drawings, and the claims.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 shows an example neural network training system.

FIG. 2 is a flow diagram of an example process for training a policy neural
network and an embedding neural network.

FIG. 3 is a flow diagram of an example process for training the policy neural
network on a demonstration sequence.

FIG. 4 illustrates the training of the policy neural network using a demonstration
sequence.

Like reference numbers and designations in the various drawings indicate like

elements.

DETAILED DESCRIPTION
This specification describes a system implemented as computer programs on one
or more computers in one or more locations that trains a policy neural network that is
used to control a robot, i.e., to select actions to be performed by the robot while the robot

is interacting with an environment in response to observations that characterize states of
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the environment. The robot typically moves (e.g. navigates and/or changes its
configuration) within the environment.

The observations may include, e.g., one or more of: images (such as ones captured
by a camera and/or Lidar sensor), object position data, and other sensor data from sensors
that capture observations as the agent interacts with the environment, for example sensor
data from an image, distance, or position sensor or from an actuator. For example in the
case of a robot, the observations may include data characterizing the current state of the
robot, e.g., one or more of’ joint position, joint velocity, joint force, torque or
acceleration, e.g., gravity-compensated torque feedback, and global or relative pose of an
item held by the robot. In other words, the observations may similarly include one or
more of the position, linear or angular velocity, force, torque or acceleration, and global
or relative pose of one or more parts of the agent. The observations may be defined in 1,
2 or 3 dimensions, and may be absolute and/or relative observations. The observations
may also include, for example, sensed electronic signals such as motor current or a
temperature signal; and/or image or video data for example from a camera or a LIDAR
sensor, e.g., data from sensors of the agent or data from sensors that are located separately
from the agent in the environment.

The actions may be control inputs to control the robot, e.g., torques for the joints
of the robot or higher-level control commands, or the autonomous or semi-autonomous
land, air, sea vehicle, e.g., torques to the control surface or other control elements of the
vehicle or higher-level control commands.

In other words, the actions can include for example, position, velocity, or
force/torque/acceleration data for one or more joints of a robot or parts of another
mechanical agent. Action data may additionally or alternatively include electronic
control data such as motor control data, or more generally data for controlling one or
more electronic devices within the environment the control of which has an effect on the
observed state of the environment.

FIG. 1 shows an example neural network training system 100. The neural
network training system 100 is an example of a system implemented as computer
programs on one or more computers in one or more locations, in which the systems,
components, and techniques described below can be implemented.

The neural network training system 100 trains a policy neural network 110 that is

used to control a robot 102, 1.e., to select actions 106 to be performed by the robot 102
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while the robot 102 is interacting with an environment 104, through imitation learning in
order to cause the robot 102 to perform particular tasks in the environment 104.

The policy neural network 110 is a neural network that is configured to receive a
policy input and to process the policy input to generate a policy output 150 that defines an
action to be performed by the robot 102.

Generally, the task to be performed by the robot 102 at any given time is specified
by a goal observation 112 that characterizes a goal state of the environment 106, 1.e., that
characterizes the state that the environment should reach in order for the task to be
successfully completed.

For example, the goal observation 112 can be or can include an image of the
environment 104 when the environment 104 is in the goal state.

For example, the tasks can include causing the robot 102 to navigate to different
locations in the environment 104 (in which case the goal observations can be images of
different locations in the environment), causing the robot to locate different objects (in
which case the goal observations can be images of different objects that the robot should
locate in the environment), causing the robot to pick up different objects or to move
different objects to one or more specified locations (in which case the goal observations
can be images of objects in particular positions in the environment), and so on.

In particular, to select the action 106 to be performed by the robot 102 at any
given time step, the system 100 receives a current observation 116 characterizing the
current state that the environment 104 is in at the given time step. The observations 116
may be captured by image generation unit(s) (e.g. cameras and/or Lidar sensors) or other
types of sensor.

In some cases, the current observation 116 is from a different perspective than the
goal observation 112. For example, the current observation 116 can be one or more first-
person, ego-centric images of the environment, that is images captured by one or more
cameras (or other image generation unit(s)) of the robot. The cameras may be mounted on
the robot so as to move with the robot as the robot navigates in the environment. The goal
observation 112 can be one or more third-person images of an agent, e.g., the robot or a
demonstration agent, when the environment is in the goal state.

The system 100 generates an embedding 114 of the current observation 116 and
an embedding 118 of the goal observation 112. Embeddings, as used in this specification,
are ordered collections of numerical values, e.g., vectors, and are generally of lower

dimensionality than the corresponding observations.
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The system 100 can generate the embeddings by processing the corresponding
observations using an embedding neural network 130. That is, the system 100 processes
the current observation 116 using the embedding neural network 130 to generate the
embedding 114 of the current observation 116 and processes the goal observation 112
using the embedding neural network 130 to generate the embedding 118 of the goal
observation 112.

The embedding neural network 130 can have any appropriate architecture that
allows the neural network 130 to map an observation to an embedding. For example,
when the observations each include one or more images, the neural network 130 can be a
convolutional neural network. In some cases, the embedding neural network 130 can
include one subnetwork that processes the current observation and another subnetwork
(with the same architecture but possibly different parameter values) that processes the
goal observation.

The system 100 processes a policy input that includes (1) the embedding 114 of a
current observation 116 characterizing the current state that the environment 104 is in at
the given time step and (i1) the embedding 118 of the goal observation 112 characterizing
the goal state using the policy neural network 110 to generate a policy output 150 that
defines an action 106 to be performed by the robot 102 in response to the current
observation 116. Thus, at any given time step, the policy neural network 110 is
conditioned not only on the current observation 116 characterizing the current state at the
time step but also on the goal observation 112 characterizing the goal state. The policy
neural network 110 can therefore also be referred to as a “goal-conditioned policy neural
network.”

The embedding neural network 130 can have any appropriate architecture that
allows the neural network 130 to map two embeddings to a policy output. For example,
the policy neural network 110 can be a feedforward neural network, e.g., a multi-layer
perceptron (MLP) or a recurrent neural network, that processes a concatenation of the two
embeddings to generate the policy output.

The system 100 then uses the policy output 150 to select the action 106 to be
performed by the robot 102 in response to the current observation 116.

In one example, the policy output 150 include a respective Q-value for each action
in a set of actions. The system 100 can process the Q-values (e.g., using a soft-max
function) to generate a respective probability value for each action, which can be used to

select the action, or can select the action with the highest Q-value.
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The Q value for an action is an estimate of a “return” that would result from the
agent performing the action in response to the current observation and thereafter selecting
future actions performed by the agent in accordance with current values of the policy
neural network parameters.

A return refers to a cumulative measure of “rewards” received by the agent, for
example, a time-discounted sum of rewards. As will be described below, during training,
the system 100 can generate a respective reward at each time step, where the reward is
specified by a scalar numerical value and characterizes, e.g., a progress of the agent
towards completing an assigned task.

In another example, the policy output 150 includes a respective numerical
probability value for each action in the set of actions. The system 100 can select the
action, e.g., by sampling an action in accordance with the probability values for the
actions, or by selecting the action with the highest probability value.

As another example, the policy output 150 can be an action vector that specifies
commands, e.g., torques, to be applied to various controllable aspects, e.g., joints, of the
robot.

As yet another example, in some cases, in order to allow for fine-grained control
of the agent, the system 100 may treat the space of actions to be performed by the agent,
i.e., the set of possible control inputs, as a continuous space. Such settings are referred to
as continuous control settings. In these cases, the policy output 150 of the policy neural
network can be the parameters of a multi-variate probability distribution over the space,
e.g., the means and covariances of a multi-variate Normal distribution, and the action 106
may be selected as a sample from the multi-variate probability distribution.

Because of the manner in which the system 100 trains the policy neural network
110, the action 106 defined by the policy output 150 i1s an action that would bring the
robot 102 closer to accomplishing the goal (or completing the task) specified by the goal
observation 112 represented by the policy input.

In particular, the system 100 includes a training engine 160 that trains the policy
neural network 110 and, in some cases, the embedding neural network 130 on training
data. In other words, the training engine 160 trains the policy neural network 110 and,
optionally, the embedding neural network 130 to determine trained values of model
parameters 119 of the policy neural network 110 and, optionally, the embedding neural

network 130.



WO 2022/069732 PCT/EP2021/077165

That is, in some implementations, the embedding neural network 130 is pre-
trained, e.g., jointly with a different policy neural network or on one or more
unsupervised learning tasks, by another system and then the model parameters 119 of the
embedding neural network 130 are fixed while the training engine 160 trains the policy
neural network 110.

In some other implementations, the training engine 160 trains both the embedding
neural network 130 and the policy neural network 110. For example, the system can first
train the embedding neural network 130 on an unsupervised objective and then train the
policy neural network 110 or train the embedding neural network 130 jointly with the
policy neural network 110.

Example techniques for training the embedding neural network 130 are described
below with reference to FIG. 2.

Generally, the training engine 160 trains the policy neural network 110 on
demonstration data through imitation learning.

The demonstration data includes a plurality of demonstration sequences, with each
demonstration sequence including a plurality of demonstration observations
characterizing states of an environment while a demonstrating agent interacts with the
environment. For example, the demonstration agent can be, e.g., a robot being controlled
by a fixed already-learned policy, a robot being controlled by a random policy, a robot
being controlled by a user, or a human user that is performing tasks in the environment.

Generally, the observations in at least some of the demonstration sequences are
captured from a third-person view of the demonstration agent (typically an image
captured by an image generation unit not mounted on the demonstration agent and/or in
which at least part of the demonstration unit appears). For example, these observations
can each include one or more third-person images of the demonstration agent captured at
a corresponding time point while the demonstration agent performs a task.

In some cases, during this training, the training engine 160 controls the real robot
102 (or multiple different instances of the real robot 102) in the real-world environment
104. In some other cases, during this training, the training engine 160 controls a
simulated version of the real robot 102 (or multiple different simulated versions of the
real robot 102) in a computer simulation of the real-world environment 104. After the
policy neural network 110 is trained based on the interactions of the simulated version
with the simulated environment, the robot 102 can be deployed in the real-world

environment 104, and the trained policy neural network 110 can be used to control the
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interactions of the robot with the real-world environment. Training the policy neural
network 110 based on interactions of the simulated version with a simulated environment
(i.e., instead of a real-world environment) can avoid wear-and-tear on the robot and can
reduce the likelihood that, by performing poorly chosen actions, the robot can damage
itself or aspects of its environment. Moreover, training in simulation can allow a large
amount of training data to be generated in a much more time-efficient and resource-
efficient manner than when controlling the robot 102 is required to generate the training
data.

In the description below, the term “agent” will be used to refer to a simulated
version of the robot 102 when training is performed in simulation or an instance of the
robot 102 when the training is performed in the real-world environment 104.

FIG. 2 is a flow diagram of an example process 200 for training an embedding
neural network and a policy neural network. For convenience, the process 200 will be
described as being performed by a system of one or more computers located in one or
more locations. For example, a neural network training system, e.g., the neural network
training system 100 of FIG.1, appropriately programmed, can perform the process 200.

The system trains the embedding neural network on an unsupervised objective
(step 202).

Generally, the system can train the embedding neural network on any appropriate
unsupervised objective that improves the usefulness of the representations generated by
the embedding neural network.

The term “domain” refers to a defined process for generating an observation from
the environment at any given time, where the observation depends upon the state of the
environment at that time. Many detailed examples of “domains” are given below, but
some examples of “domains” include capturing an image of the environment by a certain
camera (where different images of the same state of the environment from different
cameras are from different domains), perturbing some aspect of the state of the
environment before capturing an image of the environment (where different images of the
same state but with different perturbations applied are from different domains), and
perturbing one or more properties of an image of the environment (where different
perturbations applied to the same image of the environment are from different domains).
Different “domains” are different respective processes for obtaining an observation from
an environment at any given time; for example, multiple domains may consist of

capturing images of the environment from different respective cameras. Thus, given an
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evolution of the state of the environment in a plurality of time steps (“an episode”), the
respective domains can be used to produce respective sequences of observations, where
each observation in the sequence for a given domain corresponds to a respective one of
the time steps and is generated from the state of the environment at the corresponding
time step in accordance with the domain. Here the term “evolution” is used to include
both an incremental evolution with an increment for each time step, and a continuous
evolution which is observed at intervals.

In some cases, the system trains the embedding neural network on an
unsupervised objective that makes use of aligned cross-domain sequences. A “cross-
domain sequence” means a set of multiple sequences of observations, where each
sequence in the set was produced from the same evolution of the environment using a
different respective domain. An aligned cross domain sequence is one that includes, at
each of a plurality of time steps: a first observation from a first domain characterizing a
state of the environment at the time step and a second observation from a second domain
characterizing the state of the environment at the time step. Differences between domains
and generating cross-domain sequences are described in more detail below with reference
to step 204.

The training in step 202 is performed based on a corpus of one or more aligned
cross-domain sequences. Each aligned cross-domain sequence of the corpus consists of
multiple (e.g. two) sequences of observations obtained using a respective one of multiple
(e.g. two) domains (a “first domain” and a “second domain”). Both sequences of
observations in each cross-domain sequence are obtained by observing an evolution of the
environment at each of a plurality of time steps. In one example, the corpus of aligned
cross-domain sequences may be obtained from the “demonstration data,” and/or from the
“cross-domain data” described below, but alternatively or additionally other cross-domain
sequences can be used, e.g. from episodes when a reinforcement learning process was
previously carried out in the environment or from episodes in which some agent was
acting in the environment according to any appropriate policy.

As a particular example, the objective can train the embedding neural network to
generate representations by enforcing higher similarity between temporally-aligned
observation pairs from two different domains in a given cross-domain sequence,
compared to any other pair from the cross-domain sequence where both the observations
are from the same domain.

As one example, the objective can satisfy:
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where @ represents the parameters of the embedding neural network, p;, =
i, k, j, and u go from 1 to the total number of time steps NV in the cross-domain sequence,
x; 1s the embedding generated by the embedding neural network for the first domain
observation at the i-th time step, and X, is the embedding generated by the embedding
neural network for the second domain observation at the &-th time step.

The inclusion of the p;;, term in the objective encourages the embeddings
generated by the embedding neural network to be temporally smooth, i.e., such that
temporal neighbors have similar representations, even when they are from different
domains. This is because the inclusion of the p;;, term in the objective causes the
objective to penalize misclassification of temporally distant pairs of embeddings more
strongly than temporally adjacent pairs of embeddings.

If there are multiple cross-domain sequences in the corpus used to perform step
202, the embedding neural network may be trained by minimizing with respect to ¢ an
objective which is obtained by summing the expression in the outer brackets of Eqn, (1)
over the sequences.

In some implementations, the system also trains the policy neural network and the
embedding neural network on cross-domain data to optimize a cross-domain loss (step
204).

Generally, the cross-domain data includes observations from multiple different
domains. The cross-domain data describes, for each of one of more episodes in which an
agent was controlled to operate in the environment, observations obtained using multiple
domains. In the case that there are two domains, these may be termed “first observations”
from a “first domain”, and “second observations” from a “second domain”. The cross-
domain data further comprises actions taken based on the first observations.

For some or all of the domains, the observations from that domain may be
generated by perturbing the state of the environment before the observation is captured or
modifying the observation after the observation is captured so that the observation reflects
a perturbed state of the environment. The cross-domain data may be, or be derived from,
the “demonstration data” referred to below, but it may alternatively be describing other

episodes in which the agent was controlled in the environment.

10



WO 2022/069732 PCT/EP2021/077165

In particular, the cross-domain data includes a plurality of cross-domain tuples,
with each cross-domain tuple including (1) a respective first observation of the
environment from a respective first domain characterizing a first state of the environment,
(1) an action performed by the agent in response to the respective first observation, and
(1i1) a respective second observation of the environment from a respective second domain
that is different from the respective first domain and that characterizes a state of the
environment that is subsequent to the first state.

Some specific examples of respective first and second domains for any given tuple
follow.

In some examples, observations from the first domain for the tuple are generated
by applying a first set of one or more perturbations to properties of the environment,
properties of images of the environment, or both. Examples of perturbations to properties
of the environment can include removing the robot or another object from the
environment, i.e., making the robot or other object appear invisible, randomly perturbing
physics properties of the robot or other object in the environment, e.g., changing one or
more of mass, friction, armature, damping, or gear. Examples of perturbations to the
properties of the images of the environment include randomly perturbing intensity values
of pixels of the image, randomly rotating the image, randomly skewing the image,
randomly blurring the image, and so on.

In some examples, observations from the second domain for the tuple are
generated by applying a second set of one or more perturbations to properties of the
environment, properties of images of the environment, or both.

More specifically, observations from the first domain can be generated by
applying the first set of perturbations, and observations from the second domain can be
generated by applying the second set of perturbations. In these cases, the first set of
perturbations includes a different set of perturbations than the second set.

Alternatively, observations from the first domain can be generated without
applying any perturbations to properties of the environment or properties of images in the
environment while observations from the second domain are generated by applying the
second set of perturbations to properties of the environment, properties of images of the
environment, or both.

Alternatively, observations from the second domain can be generated without
applying any perturbations to properties of the environment or properties of images in the

environment while observations from the first domain are generated by applying a first
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set of perturbations to properties of the environment, properties of images of the
environment, or both.

To generate a given cross-domain tuple, the system can obtain an aligned cross-
domain sequence that includes, at each of a plurality of time steps: a first observation
from the first domain characterizing a state of the environment at the time step; data
identifying a corresponding action performed by an agent at the time step; and a second
observation from the second domain characterizing the state of the environment at a later
time step.

To generate a given cross-domain sequence, the system can either apply the
corresponding perturbations to each state of the environment in a sequence from a
“canonical” environment that is un-perturbed or cause the agent to, starting from the same
state in both the first and second domain, perform the same action at the same time in
both the first and second domains.

The system then selects, as the first observation in the tuple, one of the first
observations in the aligned cross-domain sequence, e.g., the initial observation from the
first domain in the sequence.

The system then selects, as the second observation in the tuple, a second
observation that is at a time step that is after the time step of the selected first observation
in the aligned cross-domain sequence. For example, the system can select the
observation randomly from the second observations that are at time steps that are after the
time step of the selected first observation in the aligned cross-domain sequence. The
random selection may be a random sample from a probability distribution over the second
observations, such as one which gives all the second observations an equal probability.

Once the tuples have been generated, the system trains the policy neural network
to minimize the cross-domain loss for the generated tuples.

In particular, the cross-domain loss measures, for each cross-domain tuple, an
error between (1) an action specified by a policy output generated by the policy neural
network by processing a policy input that includes (a) an embedding of the respective first
observation in the tuple and (b) an embedding of the respective second observation in the
tuple, 1.e., a policy input that treats the respective second observation in the tuple as the
goal observation, and (i1) the action performed by the agent in response to the respective
first observation in the tuple. For example, the error can be the squared Euclidean loss

between the two actions.
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The system can also train the embedding neural network on this error by
backpropagating the gradient of the loss through the policy neural network and into the
embedding neural network.

Thus, this cross-domain loss encourages the policy neural network and embedding
neural network to generate policy outputs that accurately reflect the actions that were
actually taken in the cross-domain sequences even though the two observations in the
policy input to the policy neural network are from different domains.

In some implementations, rather than performing step 202 and then performing
step 204, the system performs step 202 and 204 concurrently. That is, the system trains
the embedding neural network and the policy neural network on a combined objective
that includes both the unsupervised objective and the cross-domain loss.

By training the embedding neural network using steps 204 and 206, the system
can train the embedding neural network to generate “manipulator-independent”
representations, i.e., that capture the relevant aspects of the state of the environment that
are needed to effectively control an agent independent of the properties of the
“manipulator,” i.e., the agent that is interacting with and manipulating objects in the
environment in a given observation.

After performing step 204, in some implementations, the system re-initializes the
values of the parameters of the policy neural network before performing step 206. In
some other implementations, the system performs step 206 starting from the values of the
parameters of the policy neural network determined after step 204.

The system trains the policy neural network through imitation learning using a set
of demonstration data (step 206).

In some implementations, while performing step 206, the system keeps the values
of the embedding neural network fixed to the values determined by performing only step
202, by performing both step 202 and step 204, or to the trained values that were
determined by the another system.

In some other implementations, while performing step 206, the system also trains
the embedding neural network by backpropagating gradients through the policy neural
network and into the embedding neural network.

The demonstration data includes a plurality of demonstration sequences, with each
demonstration sequence including a plurality of demonstration observations
characterizing states of an environment while a demonstrating agent interacts with the

environment. For example, the demonstration agent can be, e.g., a robot being controlled
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by a fixed already-learned policy, a robot being controlled by a random policy, a robot
being controlled by a user, or a human user that is performing tasks in the environment.

As will be described in more detail below, during this training, the system uses the
demonstration observations in the demonstration sequences to generate goal observations
that are used to condition the policy neural network.

FIG. 3 is a flow diagram of an example process 300 for training the policy neural
network using a demonstration sequence. For convenience, the process 300 will be
described as being performed by a system of one or more computers located in one or
more locations. For example, a neural network training system, e.g., the neural network
training system 100 of FIG.1, appropriately programmed, can perform the process 300.

The system can repeatedly perform the process 300 for different demonstration
sequences sampled from the demonstration data to update the parameters of the policy
neural network.

In some cases, while training the policy neural network on the demonstration
sequences by performing iterations of the process 300, the system holds the values of the
parameters of the embedding neural network fixed, 1.e., to the values that were
determined after steps 202, 204, or both were performed. In some other cases, the system
backpropagates gradients through the policy neural network and into the embedding
neural network to train the embedding neural network jointly with the policy neural
network.

The system generates a sequence of goal demonstration observations from the
demonstration sequence (step 302). In particular, the system selects, as goal
demonstration observations, a proper subset of the demonstration observations in the
demonstration sequence. That is, the goal demonstration sequence includes less than all
of the demonstration observations in the demonstration sequence. For example, the
system can uniformly sample, as goal demonstration observations, every Nth
demonstration observation in the sequence, where N is greater than one, e.g., five or ten.

The system then performs steps 304 and 306 for every goal demonstration
observation in the goal demonstration sequence, starting from the first goal demonstration
in the sequence of goal demonstrations and continuing until the last goal demonstration in
the sequence of goal demonstrations, 1.e., by traversing the goal demonstration sequence
starting from the first goal demonstration through the last goal demonstration.

The system generates a trajectory of training observations for the goal

demonstration observation (step 304).
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In particular, to generate the trajectory, the system controls the agent using policy
outputs generated by the policy neural network while the policy neural network is
conditioned on policy inputs that each include an embedding of the goal demonstration
observation. That is, at each time step in the trajectory, the policy neural network
processes a policy input that includes (1) an embedding of an observation (“training
observation”) characterizing the state of the environment at the time step and (i) the
embedding of the goal demonstration observation.

More specifically, the system controls the agent while the policy neural network is
conditioned on policy inputs that each include an embedding of the goal demonstration
observation only until a training observation is received for which the similarity between
the embedding of the training observation and the embedding of the goal demonstration
observation satisfies a first criterion.

For example, the first criterion can specify that a dense reward computed from the
similarity between the embedding of the training observation and the embedding of the
goal demonstration observation as described below for the training observation exceeds a
first threshold value. Here the term “dense reward” is a term conventional in this field,
and refers to a reward which is not “sparse.” A sparse reward refers to one that is non-
zero only for at most a small number, e.g., one or two, observations in a trajectory. A
dense reward, on the other hand, can be non-zero for a large number of the observations
in a given trajectory and the difference between dense rewards for different observations
indicates which of the training observations is closer to reaching the goal.

That 1s, once a training observation is received for which the similarity between
the embedding of the training observation and the embedding of the goal demonstration
observation satisfies the first criterion, the system terminates the trajectory and that
received training observation becomes the last observation in the trajectory.

For the first goal demonstration observation in the goal demonstration sequence,
the system starts generating the trajectory from an initial state of the environment, e.g.,
from a predetermined initial state, from a randomly selected state, or from a state that
corresponds to the state characterized by the first observation in the demonstration
sequence, 1.e., so that the first observation characterizes the initial state. Each training
observation in the trajectory except the first is an observation of the state of the
environment at a corresponding time step, after the robot has performed an action which
is generated in the preceding time step based on the policy output generated by the policy

neural network from policy input for the preceding time step.
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For each subsequent goal demonstration observation in the goal demonstration
sequence, the system starts generating the trajectory from the last state of the environment
at the completion of the trajectory for the preceding goal demonstration observation in the
goal demonstration sequence, i.e., so that the first observation in the trajectory
characterizes the last state of the environment at the completion of the trajectory for the
preceding goal demonstration. Each training observation in the trajectory except the first
is an observation of the state of the environment at a corresponding time step, after the
robot has performed an action which is generated in the preceding time step based on the
policy output generated by the policy neural network from policy input for the preceding
time step.

In some implementations, if the agent has performed a threshold number of
actions within a trajectory and no training observation has received for which the
similarity between the embedding of the training observation and the embedding of the
goal demonstration observation satisfies a first criterion, the system can terminate the
episode, e.g., and refrain from using any of the trajectories generated thus far for training,
refrain from using only the most recent trajectory that caused the episode to be
terminated, or assign a 0 reward to the training observations in the most recent trajectory
that caused the episode to be terminated.

The system generates a respective reward for each of the training observations in
the trajectory for the goal demonstration observation based on the similarity between the
embedding of the training observation and the embedding of the goal demonstration
observation (step 306).

In some cases, the rewards are dense rewards, i.e., rewards that are non-zero for
many of the training observations in any given trajectory.

In these cases, the system can generate the reward for a given training observation
by applying a normalization factor to the similarity between, e.g., the Euclidean distance
between, the cosine similarity between, or any other appropriate similarity measure
between, the embedding of the given training observation and the embedding of the goal
demonstration observation to generate a normalized similarity and then computing a
dense reward from the normalized similarity.

As a particular example, the system can compute the normalization factor based
on differences between embeddings of adjacent (consecutive) demonstration observations

in the demonstration sequence. In some cases, the system computes the normalization
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factor as the mean of the element-wise Euclidean distances between the embeddings of
adjacent demonstration observations in the demonstration sequence.

Generally, the system can compute the dense reward using any function of the
normalized similarity that assigns larger reward values when the normalized similarity
indicates that the embeddings are more similar and smaller reward values when the
normalized similarity indicates that the embeddings are relatively less similar.

As a particular example, when the similarity is the Euclidean distance, the dense
reward r for a training observation o can satisfy:

r = e—wllfp(O)—fp(g‘)IIz’
where w is the normalization factor, ¢ (o) is the embedding of the training observation o,
and @(g) 1s the embedding of the goal observation g.

In some other cases, the rewards are sparse rewards, 1.e., rewards that are non-zero
for only a small fraction of the training observations in any given trajectory.

In these cases, the system can generate the reward for a given training observation
by determining whether the dense reward for the given training observation exceeds a
second threshold value. The system can then set the sparse reward to be equal to one if
the dense reward for the given training observation satisfies the second threshold and set
the sparse reward to be equal to zero if the dense reward does not satisfy the second
threshold value. The first and second threshold values can be pre-determined or
determined through a hyper-parameter sweep and can be the same value or different
values. Setting the first threshold value equal to the second threshold value results in at
most one training observation in any given trajectory having a non-zero reward value.

The system trains the policy neural network on the respective rewards for the
training observations in the trajectories for all of the goal demonstration observations in
the goal demonstration sequence through reinforcement learning (step 308).

The system can train the policy neural network on the respective rewards using
any appropriate reinforcement learning technique, e.g., an actor-critic reinforcement
learning technique, a policy-gradient based technique, and so on.

In some cases, the system performs the process 300 for each demonstration
sequence in a batch of multiple demonstration sequences and then uses the reinforcement
learning technique to update the parameters of the policy neural network based on the

rewards for all of the trajectories generated for all of the demonstration sequences in the

batch.
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FIG. 4 illustrates the generation of a trajectory for use in training the policy neural
network on an example demonstration observation sequence.

In particular, as shown in FIG. 4, the system has generated a goal demonstration
sequence 410 from the demonstration sequence and is in the process of controlling the
agent to generate respective trajectories 420 for each of the goal demonstrations in the
goal demonstration sequence 410 as described above.

In particular, the example of FIG. 4 shows the trajectories 420 and an original
trajectory 430 defined by the demonstration sequence as respective paths through an
“MIR trajectory space,” i.e., the embedding space of the embeddings generated by the
embedding neural network.

As shown in FIG, 4, the system is currently generating the trajectory for a goal
demonstration observation 440 and therefore, at each time step during generating the
trajectory, has conditioned the policy neural network 110 on, as the embedding of the
current goal, an embedding 470 of the goal demonstration observation 440 that is
generated by the embedding neural network 130.

At the current time state, the system also provides as input to the policy neural
network 110 an embedding 450 generated by the embedding neural network 130 of the
current observation 460 of the current state of the environment at the time step as
captured by a camera sensor of the agent.

As can be seen from the example of FIG. 4, the goal demonstration observations
in the goal demonstration observation sequence 410 are images captured from a third-
person view of the “demonstrator,” i.e., the demonstration agent, while the current
observation 460 is captured from a first-person, ego-centric view of the environment
relative to the agent.

Thus, at each time step, the policy neural network 110 receives as input (i) an
embedding of a first-person observation and (i1) an embedding of a third-person
observation of a different agent. Nonetheless, by using the techniques described in this
specification, the policy neural network 110 can be effectively trained on such data.

This specification uses the term “configured” in connection with systems and
computer program components. For a system of one or more computers to be configured
to perform particular operations or actions means that the system has installed on it
software, firmware, hardware, or a combination of them that in operation cause the
system to perform the operations or actions. For one or more computer programs to be

configured to perform particular operations or actions means that the one or more
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programs include instructions that, when executed by data processing apparatus, cause the
apparatus to perform the operations or actions.

Embodiments of the subject matter and the functional operations described in this
specification can be implemented in digital electronic circuitry, in tangibly-embodied
computer software or firmware, in computer hardware, including the structures disclosed
in this specification and their structural equivalents, or in combinations of one or more of
them. Embodiments of the subject matter described in this specification can be
implemented as one or more computer programs, i.e., one or more modules of computer
program instructions encoded on a tangible non transitory storage medium for execution
by, or to control the operation of, data processing apparatus. The computer storage
medium can be a machine-readable storage device, a machine-readable storage substrate,
a random or serial access memory device, or a combination of one or more of them.
Alternatively or in addition, the program instructions can be encoded on an artificially
generated propagated signal, e.g., a machine-generated electrical, optical, or
electromagnetic signal, that is generated to encode information for transmission to
suitable receiver apparatus for execution by a data processing apparatus.

The term “data processing apparatus” refers to data processing hardware and
encompasses all kinds of apparatus, devices, and machines for processing data, including
by way of example a programmable processor, a computer, or multiple processors or
computers. The apparatus can also be, or further include, special purpose logic circuitry,
e.g., an FPGA (field programmable gate array) or an ASIC (application specific
integrated circuit). The apparatus can optionally include, in addition to hardware, code
that creates an execution environment for computer programs, e.g., code that constitutes
processor firmware, a protocol stack, a database management system, an operating
system, or a combination of one or more of them.

A computer program, which may also be referred to or described as a program,
software, a software application, an app, a module, a software module, a script, or code,
can be written in any form of programming language, including compiled or interpreted
languages, or declarative or procedural languages; and it can be deployed in any form,
including as a stand alone program or as a module, component, subroutine, or other unit
suitable for use in a computing environment. A program may, but need not, correspond
to a file in a file system. A program can be stored in a portion of a file that holds other
programs or data, e.g., one or more scripts stored in a markup language document, in a

single file dedicated to the program in question, or in multiple coordinated files, e.g., files
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that store one or more modules, sub programs, or portions of code. A computer program
can be deployed to be executed on one computer or on multiple computers that are
located at one site or distributed across multiple sites and interconnected by a data
communication network.

In this specification, the term “database” is used broadly to refer to any collection
of data: the data does not need to be structured in any particular way, or structured at all,
and it can be stored on storage devices in one or more locations. Thus, for example, the
index database can include multiple collections of data, each of which may be organized
and accessed differently.

Similarly, in this specification the term “engine” is used broadly to refer to a
software-based system, subsystem, or process that is programmed to perform one or more
specific functions. Generally, an engine will be implemented as one or more software
modules or components, installed on one or more computers in one or more locations. In
some cases, one or more computers will be dedicated to a particular engine; in other
cases, multiple engines can be installed and running on the same computer or computers.

The processes and logic flows described in this specification can be performed by
one or more programmable computers executing one or more computer programs to
perform functions by operating on input data and generating output. The processes and
logic flows can also be performed by special purpose logic circuitry, e.g., an FPGA or an
ASIC, or by a combination of special purpose logic circuitry and one or more
programmed computers.

Computers suitable for the execution of a computer program can be based on
general or special purpose microprocessors or both, or any other kind of central
processing unit. Generally, a central processing unit will receive instructions and data
from a read only memory or a random access memory or both. The essential elements of
a computer are a central processing unit for performing or executing instructions and one
or more memory devices for storing instructions and data. The central processing unit
and the memory can be supplemented by, or incorporated in, special purpose logic
circuitry. Generally, a computer will also include, or be operatively coupled to receive
data from or transfer data to, or both, one or more mass storage devices for storing data,
e.g., magnetic, magneto optical disks, or optical disks. However, a computer need not
have such devices. Moreover, a computer can be embedded in another device, e.g., a

mobile telephone, a personal digital assistant (PDA), a mobile audio or video player, a
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game console, a Global Positioning System (GPS) receiver, or a portable storage device,
e.g., auniversal serial bus (USB) flash drive, to name just a few.

Computer readable media suitable for storing computer program instructions and
data include all forms of non volatile memory, media and memory devices, including by
way of example semiconductor memory devices, e.g., EPROM, EEPROM, and flash
memory devices; magnetic disks, e.g., internal hard disks or removable disks; magneto
optical disks; and CD ROM and DVD-ROM disks.

To provide for interaction with a user, embodiments of the subject matter
described in this specification can be implemented on a computer having a display device,
e.g., a CRT (cathode ray tube) or LCD (liquid crystal display) monitor, for displaying
information to the user and a keyboard and a pointing device, e.g., a mouse or a trackball,
by which the user can provide input to the computer. Other kinds of devices can be used
to provide for interaction with a user as well; for example, feedback provided to the user
can be any form of sensory feedback, e.g., visual feedback, auditory feedback, or tactile
feedback; and input from the user can be received in any form, including acoustic,
speech, or tactile input. In addition, a computer can interact with a user by sending
documents to and receiving documents from a device that is used by the user; for
example, by sending web pages to a web browser on a user’s device in response to
requests received from the web browser. Also, a computer can interact with a user by
sending text messages or other forms of message to a personal device, e.g., a smartphone
that is running a messaging application, and receiving responsive messages from the user
in return.

Data processing apparatus for implementing machine learning models can also
include, for example, special-purpose hardware accelerator units for processing common
and compute-intensive parts of machine learning training or production, i.e., inference,
workloads.

Machine learning models can be implemented and deployed using a machine
learning framework, .e.g., a TensorFlow framework, a Microsoft Cognitive Toolkit
framework, an Apache Singa framework, or an Apache MXNet framework.

Embodiments of the subject matter described in this specification can be
implemented in a computing system that includes a back end component, e.g., as a data
server, or that includes a middleware component, e.g., an application server, or that
includes a front end component, e.g., a client computer having a graphical user interface,

a web browser, or an app through which a user can interact with an implementation of the
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subject matter described in this specification, or any combination of one or more such
back end, middleware, or front end components. The components of the system can be
interconnected by any form or medium of digital data communication, e.g., a
communication network. Examples of communication networks include a local area
network (LAN) and a wide area network (WAN), e.g., the Internet.

The computing system can include clients and servers. A client and server are
generally remote from each other and typically interact through a communication
network. The relationship of client and server arises by virtue of computer programs
running on the respective computers and having a client-server relationship to each other.
In some embodiments, a server transmits data, e.g., an HTML page, to a user device, e.g,,
for purposes of displaying data to and receiving user input from a user interacting with
the device, which acts as a client. Data generated at the user device, e.g., a result of the
user interaction, can be received at the server from the device.

While this specification contains many specific implementation details, these
should not be construed as limitations on the scope of any invention or on the scope of
what may be claimed, but rather as descriptions of features that may be specific to
particular embodiments of particular inventions. Certain features that are described in
this specification in the context of separate embodiments can also be implemented in
combination in a single embodiment. Conversely, various features that are described in
the context of a single embodiment can also be implemented in multiple embodiments
separately or in any suitable subcombination. Moreover, although features may be
described above as acting in certain combinations and even initially be claimed as such,
one or more features from a claimed combination can in some cases be excised from the
combination, and the claimed combination may be directed to a subcombination or
variation of a subcombination.

Similarly, while operations are depicted in the drawings and recited in the claims
in a particular order, this should not be understood as requiring that such operations be
performed in the particular order shown or in sequential order, or that all illustrated
operations be performed, to achieve desirable results. In certain circumstances,
multitasking and parallel processing may be advantageous. Moreover, the separation of
various system modules and components in the embodiments described above should not
be understood as requiring such separation in all embodiments, and it should be

understood that the described program components and systems can generally be
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integrated together in a single software product or packaged into multiple software
products.

Particular embodiments of the subject matter have been described. Other
embodiments are within the scope of the following claims. For example, the actions
recited in the claims can be performed in a different order and still achieve desirable
results. As one example, the processes depicted in the accompanying figures do not
necessarily require the particular order shown, or sequential order, to achieve desirable

results. In some cases, multitasking and parallel processing may be advantageous.
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CLAIMS

1. A method performed by one or more computers, the method comprising:
obtaining demonstration data comprising a plurality of demonstration sequences,
each demonstration sequence comprising a plurality of demonstration observations
characterizing states of an environment while a demonstrating agent interacts with the
environment; and
training a goal-conditioned policy neural network on the demonstration data
through reinforcement learning, wherein the goal-conditioned policy neural network is
configured to:
receive a policy input comprising an embedding of a current
observation characterizing a current state of the environment and an embedding of a goal
observation characterizing a goal state of the environment, and
process the policy input in accordance with the policy parameters
to generate a policy output that defines an action to be performed by an agent in response
to the current observation, and
wherein the training comprises, for each of the plurality of demonstration
sequences:
generating a sequence of goal demonstration observations by selecting, as
goal demonstration observations, a proper subset of the demonstration observations in the
demonstration sequence;
for each goal demonstration observation, starting from the first goal
demonstration in the sequence of goal demonstrations and continuing until the last goal
demonstration in the sequence of goal demonstrations:
generating a trajectory of training observations for the goal
demonstration observation by controlling the agent using policy outputs generated by the
goal-conditioned policy neural network while the goal-conditioned policy neural network
is conditioned on policy inputs that each include an embedding of the goal demonstration
observation, and
generating a respective reward for each of the training observations
based on a similarity between an embedding of the training observation and the
embedding of the goal demonstration observation; and
training the goal-conditioned policy neural network on the respective

rewards for the training observations in the trajectories through reinforcement learning.
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2. The method of claim 1, wherein the goal demonstration observations include
images taken from a third-person perspective of the demonstration agent interacting with

the environment.

3. The method of any preceding claim, wherein the rewards are not based on any
data identifying actions performed by the demonstration agent while interacting with the

environment.

4. The method of any preceding claim, wherein generating the trajectory of training
observations comprises:

controlling the agent while the goal-conditioned policy neural network is
conditioned on the goal demonstration observation only until a training observation is
received for which the similarity between the embedding of the training observation and

the embedding of the goal demonstration observation satisfies a first criterion.

5. The method of any preceding claim, wherein generating a respective reward for
each of the training observations based on a similarity between an embedding of the
training observation and the embedding of the goal demonstration observation comprises:

applying a normalization factor to the similarity to generate a normalized
similarity; and

computing a dense reward from the normalized similarity.

6. The method of claim 5, wherein the normalization factor is based on differences
between embeddings of adjacent demonstration observations in the demonstration

sequence.

7. The method of claim 5 or 6, wherein generating a respective reward comprises:
generating a sparse reward that is equal to one if the dense reward satisfies a
second threshold value and is equal to zero if the dense reward does not satisfy the second

threshold value.
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8. The method of any preceding claim, further comprising:

prior to training the goal-conditioned policy neural network on the demonstration
data, training the goal-conditioned policy neural network on cross-domain data that
includes a plurality of cross-domain tuples, each cross-domain tuple comprising:

(1) a respective first observation of the environment from a respective first
domain characterizing a first state of the environment,

(1) an action performed by the agent in response to the respective first
observation, and

(1i1) a respective second observation of the environment from a respective second
domain that is different from the respective first domain and that characterizes a state of

the environment that is subsequent to the first state.

9. The method of claim 8, wherein training the goal-conditioned policy neural
network on the cross-domain data comprises:

training the goal-conditioned policy neural network to minimize a cross-domain
loss that measures, for each cross-domain tuple, an error between (i) an action specified
by a policy output generated by the goal-conditioned policy neural network by processing
a policy input that includes (a) an embedding of the respective first observation in the
tuple and (b) an embedding of the respective second observation in the tuple and (i1) the

action performed by the agent in response to the respective first observation in the tuple.
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10. The method of any one of claims 8 or 9, further comprising:
generating the plurality of cross-domain tuples, comprising, for each cross-domain
tuple:
obtaining an aligned cross-domain sequence, the cross-domain sequence
comprising, at each of a plurality of time steps:
a first observation from the first domain characterizing a state of
the environment at the time step,
data identifying a corresponding action performed by the agent at
the time step; and
a second observation from the second domain characterizing the
state of the environment at the time step;
selecting, as the first observation in the tuple, one of the first observations
in the aligned cross-domain sequence; and
selecting, as the second observation in the tuple, a second observation that
is at a time step that is after the time step of the selected first observation in the aligned

cross-domain sequence.

11. The method of claim 10, wherein selecting, as the second observation in the tuple,
a second observation that is at a time step that is after the time step of the selected first
observation in the aligned cross-domain sequence comprises:

selecting the observation randomly from the second observations that are at time
steps that are after the time step of the selected first observation in the aligned cross-

domain sequence.

12. The method of any one of claims 8-11 wherein observations from the first domain
are generated by applying a first set of perturbations to properties of the environment,

properties of images of the environment, or both.

13.  The method of any one of claims 8-12, wherein observations from the second
domain are generated by applying a second set of perturbations to properties of the

environment, properties of images of the environment, or both.
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14. The method of any one of claims 8-11, wherein observations from the first domain
are generated without applying any perturbations to properties of the environment or
properties of images in the environment and observations from the second domain are
generated by applying a second set of perturbations to properties of the environment,

properties of images of the environment, or both.

15.  The method of any one of claims 8-11, wherein observations from the second
domain are generated without applying any perturbations to properties of the environment
or properties of images in the environment and observations from the first domain are
generated by applying a first set of perturbations to properties of the environment,

properties of images of the environment, or both.

16. The method of any preceding claim, wherein embeddings of observations of the
environment in the policy input are generated by processing the observations using an

embedding neural network.

17. The method of claim 16, further comprising training the embedding neural
network using unsupervised learning on aligned sequence pairs that each include

temporally-aligned sequences of observations from two different domains.

18.  The method of any one of claims 16 or 17, when also dependent on claim 8,
wherein training the goal-conditioned policy neural network on cross-domain data
comprises backpropagating gradients through the goal-conditioned policy neural network
into the embedding neural network to train the embedding neural network on the cross-

domain data.

19. A system comprising one or more computers and one or more storage devices
storing instructions that are operable, when executed by the one or more computers, to
cause the one or more computers to perform the operations of the respective method of

any preceding claim.

20. A computer storage medium encoded with instructions that, when executed by one
or more computers, cause the one or more computers to perform the operations of the

respective method of any one of claims 1-18.
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