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A neural network control system for controlling an agent to 
perform a task in a real - world environment , operates based 
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REINFORCEMENT AND IMITATION 
LEARNING FOR A TASK 

CROSS REFERENCE TO RELATED 
APPLICATION 

[ 0001 ] This application is a non - provisional of and claims 
priority to U . S . Provisional Patent Application No . 62 / 578 , 
368 , filed on Oct . 27 , 2017 , the entire contents of which are 
hereby incorporated by reference . 

BACKGROUND 
[ 0002 ] This specification relates to methods and systems 
for training a neural network to control an agent to carry out 
a task in an environment . 
[ 0003 ] In a reinforcement learning ( RL ) system , an agent 
interacts with an environment by performing actions that are 
selected by the reinforcement learning system in response to 
receiving observations that characterize the current state of 
the environment . 
[ 0004 ] Some reinforcement learning systems select the 
action to be performed by the agent in response to receiving 
a given observation in accordance with an output of a neural 
network . 
10005 ) 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 are deep 
neural networks that include one or more hidden layers in 
addition to an output layer . The output of each hidden layer 
is used as input to the next layer in the network , i . e . , the next 
hidden layer or the output layer . Each layer of the network 
generates an output from a received input in accordance with 
current values of a respective set of parameters . 
( 0006 ] Some neural networks are recurrent neural net 
works . A recurrent neural network is a neural network that 
receives an input sequence and generates an output sequence 
from the input sequence . In particular , a recurrent neural 
network can use some or all of the internal state of the 
network from a previous time step in computing an output 
at a current time step . 
[ 0007 ] An example of a recurrent neural network is a long 
short term ( LSTM ) neural network that includes one or more 
LSTM memory blocks . Each LSTM memory block can 
include one or more cells that each include an input gate , a 
forget gate , and an output gate that allow the cell to store 
previous states for the cell , e . g . , for use in generating a 
current activation or to be provided to other components of 
the LSTM neural network . 
[ 0008 ] In an imitation learning ( IL ) system , a neural 
network is trained to control an agent to perform a task using 
data characterizing instances in which the task has previ 
ously been performed by the agent under the control of an 
expert , such as a human user . 

together , for example using joints which permit relative 
motion of the members , and one or more drive mechanisms 
which control the relative position of the members . For 
example , the neural network may transmit commands ( in 
structions ) to the agent in the form of commands which 
indicate “ joint velocities ” , that is the angular rate at which 
the drive mechanism ( s ) should move one or more of the 
members relative to other of the members . The agent is 
located within a real - world ( “ real ” ) environment . The agent 
may further comprise at least one drive mechanism to 
translate and / or rotate the agent in the environment under the 
control of the neural network . Note that in some implemen 
tations , the agent may contain two or more disjoint portions 
( portions which are not connected to each other ) , and which 
act independently based on respective commands they 
receive from the neural network . 
[ 0011 ] . As described below , the training method may make 
use of a simulated agent . The simulated agent has a simu 
lated motion within a simulated environment which mimics 
the motion of the robot in the real environment . Thus the 
term “ agent " is used to describe both the real agent ( robot ) 
and the simulated agent . 
[ 0012 ] The agent ( both the real agent and the simulated 
agent ) is controlled by the neural network to perform a task 
in which the agent manipulates one or more objects which 
are part of the environment and which are separate from 
( i . e . , not part of ) the agent . The task is typically defined 
based on one or more desired final positions of the object ( s ) 
following the manipulation . 
[ 0013 ] In implementations described herein , the neural 
network makes use of data which comprises images of the 
real or simulated environment ( typically including an image 
of at least a part of the agent ) and proprioceptive data 
describing one or more proprioceptive features which char 
acterize the configuration of the ( real or simulated ) agent . 
For example , the proprioceptive features may be positions 
and / or velocities of the members of the agent , for example 
joint angles , and / or joint angular velocities . Additionally or 
alternatively they may include joint forces and / or torques 
and / or accelerations , for example gravity - compensated 
torque feedback , and global or relative pose of an item held 
by the agent . 
[ 0014 ] In general terms , the implementation proposes that 
the neural network receives both image and proprioceptive 
data , and is trained using an algorithm having advantages of 
both imitation learning and reinforcement learning . 
[ 0015 ] Specifically , the training employs , for each of a 
plurality of previous performances of the task , a respective 
dataset characterizing the corresponding performance of the 
task . Each dataset describes a trajectory comprising a set of 
observations characterizing a set of successive states of the 
environment and the agent , and the corresponding actions 
performed by the agent . Each previous performance of the 
task may be previous performance of the task by the agent 
under the control of an expert , such as a human . This is 
termed an “ expert trajectory ” . Each dataset may comprise 
data specifying explicitly the positions of the objects at 
times during the performance of the task ( e . g . , in relation to 
coordinate axes spanning the environment ) and correspond 
ing data specifying the position and configuration of the 
agent at those times , which may be in the form of proprio 
ceptive data . In principle , alternatively or additionally , each 
dataset may comprise image data encoding captured images 
of the environment during the performance of the task 

SUMMARY 

[ 0009 ] This specification generally describes how a sys 
tem implemented as computer programs in one or more 
computers in one or more locations can perform a method to 
train ( that is , adjust the parameters of ) an adaptive system 
( " neural network ” ) used to select actions to be performed by 
an agent interacting with an environment . 
[ 0010 ] The agent is a mechanical system ( e . g . , a “ robot ” , 
but it may alternatively be a vehicle , such as one for carrying 
passengers ) comprising one or more members connected 
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10016 ] . Furthermore , as for conventional reinforcement 
learning , an initial state of the environment and agent are 
defined , and then the neural network generates a set of 
commands ( i . e . at least one command , or more preferably a 
plurality of successive commands ) . For each set of com 
mands , the effect on the environment of supplying the 
commands to the agent ( successively in the case that the set 
includes a plurality of successive commands ) is determined , 
and used to generate at least one reward value indicative of 
how successfully the task is carried out upon implementa 
tion of the set of commands by the agent . Based on the 
reward values , the neural network is updated . This process 
is repeated for different initial states . 
[ 0017 ] Each set of commands results in a respective 
further dataset which may be called an imitation trajectory 
which comprises both the actions performed by the agent in 
implementing the commands in sequence , and a set of 
observations of the environment while the set of commands 
is performed in sequence ( i . e . , a sequence of states which the 
environment takes as the set of commands are successively 
performed ) . The reward value may be obtained using a final 
state of the environment following the performance of the 
set of commands . Alternatively , more generally , it may be 
obtained from any one or more of the states of the environ 
ment as the commands are implemented . 
[ 0018 ] The neural network is trained ( i . e . , one or more 
parameters of the neural network are adjusted ) based on the 
datasets , the sets of commands and the corresponding 
reward values . 
[ 00191 Thus , the training of the neural network benefits 
both from whatever expert performances of the task are 
available , and from the results of the experimentation asso 
ciated with reinforcement learning . The resultant system 
may learn the task more successfully than a neural network 
trained using reinforcement learning or imitation learning 
alone . 
[ 0020 ] The training of the neural network may be per 
formed as part of a process which includes , for a certain task : 

10021 ] performing the task ( e . g . , under control of a 
human learner ) a plurality of times and collecting the 
respective datasets characterizing the performances ; 

[ 0022 ] initializing a neural network ; 
[ 0023 ] training the neural network by the technique 

described above ; and 
[ 0024 ] using the neural network to control a ( real 
world ) agent to perform the task in an environment . 

[ 0025 ] . Compared to a system which just uses imitation 
learning , the trained neural network of the present disclosure 
will typically learn to control the agent to perform the task 
more accurately because it is trained from a larger database 
of examples . From another point of view , the number of 
expert trajectories needed to achieve a certain level of 
performance in the task is reduced compared to using 
imitation learning alone , which is particularly significant if 
the expert trajectories are expensive or time - consuming to 
obtain . Furthermore , the neural network may eventually 
learn to perform the task using a strategy which is different 
from , and superior to , the strategy used by the human expert . 
[ 0026 ] Compared to a system which just learns by rein 
forcement learning , the trained neural network may make 
more natural motions ( e . g . , less jerky ones ) because it 
benefits from examples of performing the task well . 
[ 0027 ] Furthermore , compared to a system which just 
learns by reinforcement learning , learning time may be 

improved , and the amount of computational resources con 
sumed reduced . This is because the first command sets 
which are generated during the training procedure are more 
likely to be successful in performing the task , and thus are 
more informative about how the task can be performed . In 
other words , the datasets which characterize the demonstra 
tion trajectories initiate high - value learning experiences , so 
there is synergy between the learning based on the datasets 
and the learning based on the generation of sets of com 
mands . 
10028 ] . The one or more parameters of the neural network 
may be adjusted based on a hybrid energy function . The 
hybrid energy function includes both an imitation reward 
value ( r . ) derived using the datasets , and a task reward 
value ( rrost ) calculated using a task reward function . The task 
reward function defines task reward values based on states 
of the environment ( and optionally also the agent ) which 
result from the sets of commands . 
[ 0029 ] . The imitation reward value may be obtained from 
a discriminator network . The discriminator network may be 
trained using the neural network as a policy network . 
Specifically , the discriminator network may be trained to 
give a value indicative of a discrepancy between results 
commands output by the neural network ( policy network ) 
and an expert policy inferred from the datasets . 
[ 0030 ] Preferably , the discriminator receives input data 
characterizing the positions of the objects in the environ 
ment , but preferably not image data and / or not propriocep 
tive data . Furthermore , it preferably does not receive other 
information indicating the position / configuration of the 
agent . 
[ 0031 ] Updates of the neural network , are generated using 
an activation function estimator obtained by subtracting a 
value function ( baseline value ) from an initial reward value , 
such as the hybrid energy , indicating whether the task ( or at 
least a stage in the task ) is successfully performed by an 
agent which receives the set of commands . The value 
function may be calculated , e . g . , using a trained adaptive 
system , using data characterizing the positions and / or 
velocities of agent and / or the object ( s ) , which may be image 
data and proprioceptive data , but more preferably is data 
directly indicating the positions of the object ( s ) and / or 
agent . 
[ 0032 ] In principle , during the training , the sets of com 
mands generated by the neural network could be imple 
mented in the real work to determine how successful they 
are controlling a real agent to perform the task . However , 
more preferably , the reward value is generated by compu 
tationally simulating a process carried out by the agent in the 
environment , starting from an initial state , based on the 
commands , to generate successive simulated states of the 
environment and / or agent , up to a simulated final state of the 
environment and / or agent , and calculating the reward value 
based at least on the final state of the simulated environment . 
The simulated state of the environment and / or agent may be 
explicitly specified by " physical state data ” . 
[ 0033 ] The neural network itself may take many forms . In 
one form , the neural network may comprise a convolutional 
neural network which receives the image data and from it 
generates convolved data . The neural network may further 
comprise at least one adaptive component ( e . g . , a multilayer 
perceptron ) which receives the output of the convolutional 
neural network and the proprioceptive data , and generates 
the commands . The neural network may comprise at least 
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BRIEF DESCRIPTION OF THE DRAWINGS 
[ 0038 ] Examples of the disclosed systems and methods 
will now be described for the sake of example only with 
reference to the following figures , in which : 
[ 0039 ] FIG . 1 shows a trained neural network produced by 
a method according to the present disclosure ; 
[ 0040 ] FIG . 2 shows the system used to train the network 
of FIG . 1 ; and 
10041 ] FIG . 3 shows steps of a method according to the 
disclosure carried out by the system of FIG . 2 . 

one long short term neural network , which receives data 
generated both from the image data and the proprioceptive 
data . 
[ 0034 ] Training of one or more components of the neural 
network may be improved by defining an auxiliary task ( i . e . , 
a task other than the task the overall network is trained to 
control the agent to perform ) and training those component 
( s ) of the neural network using the auxiliary task . The 
training using the auxiliary task may be performed before 
training the other adaptive portions of the neural network by 
the techniques described above . For example , prior to the 
training of the neural network as described above , there may 
be a step of training a convolutional network component of 
the neural network as part of an adaptive system which is 
trained to perform an auxiliary task based on image data . 
Alternatively , the training of the convolutional network to 
learn the auxiliary task may be simultaneous with ( e . g . , 
interleaved with ) the training of the neural network to 
perform the main task . 
[ 0035 ] Preferably many instances of the neural network 
are trained in parallel by respective independent computa 
tional processes referred to as " workers ” , which may by 
coordinated by a computational process termed a " control 
ler ” . Certain components of the instances of the neural 
network ( e . g . , a convolutional network component ) may be 
in common between instances of the neural network . Alter 
natively or additionally , sets of commands and reward 
values generated in the training of the multiple neural 
network instances may be pooled , to permit a richer explo 
ration of the space of possible policy models . The initial 
state may be ( at least with a certain probability greater than 
zero ) a predetermined state which is a state comprised in one 
of the expert trajectories . In other words , the expert trajec 
tories provide a “ curriculum ” of initial states . Compared to 
completely random initial states , states from the expert 
trajectories are more likely to be representative of states 
which the trained neural network will encounter when it acts 
in a similar way to the human expert . Thus , training using 
the curriculum of initial states produces more relevant 
information than if the initial state is chosen randomly , and 
this can lead to a greater speed of learning . 
[ 0036 ] The initial states of the environment and agent may 
be selected probabilistically . Optionally , with a non - zero 
probability it is a state from one of the expert trajectories , 
and with a non - zero probability it is a state generated 
otherwise , e . g . , from a predefined distribution , e . g . , one 
which is not dependent on the expert trajectories . 
[ 0037 ] It has been found that for certain tasks it is advan 
tageous to divide the task into a plurality of portions ( i . e . , 
task - stages ) using insight ( e . g . , human insight ) into the task . 
The task stages may be used for designing the task reward 
function . Alternatively or additionally , prior to the training 
of the neural network , for each task - stage one or more 
predefined initial states are derived ( e . g . , from the corre 
sponding stages of one or more of the expert trajectories ) . 
During the training , one of the predefined initial states is 
selected as the initial state ( at least with a certain probability 
greater than zero ) . In other words , the curriculum of initial 
states includes one or more states for each of the task stages . 
This may further reduce the training time , reduce the com 
putational resources required and / or result in a trained neural 
network which is able to perform the task more accurately . 

DETAILED DESCRIPTION 
[ 0042 ] FIG . 1 shows a system 100 according to an 
example of the present disclosure . It includes at least one 
image capture device ( e . g . , a still camera or video camera ) 
101 , and at least one agent 102 . The agent is a “ real world ” 
device which operates on one or more real - world objects in 
a real - world environment including at least one object 103 . 
The device may for example be a robot , but may alterna 
tively be a vehicle , such as an autonomous or semi - autono 
mous land or air or sea vehicle . For simplicity only a single 
image capture device 101 , only a single object 103 and only 
a single agent 102 are illustrated , but in other examples 
multiple image capture devices , and / or objects , and / or 
agents , are possible . 
10043 ] The images captured by the image capture device 
100 include the object 103 , and typically also the agent 102 . 
The image capture device 100 may have a static location , at 
which it captures images of some or all of the environment . 
Alternatively , the image capture device 101 may be capable 
of being controlled to vary its field of view , under the 
influence of a control mechanism ( not shown ) . In some 
implementations , the image capture device 101 may be 
positioned on the agent 102 , so that it moves with it . The 
image capture device 101 uses the images to generate image 
data 104 . The image data may take the form of RGB 
( red - green - blue ) data for each of a plurality of pixels in an 
array . 
( 0044 ) Control signals 105 for controlling the agent 102 
are generated by a control system 106 , which is imple 
mented as a neural network . The control system 106 receives 
as one input the image data 104 generated by the image 
capture devices 101 . 
[ 0045 ] A further input to the control system 106 is data 
107 characterizing the present positioning and present con 
figuration of the agent 102 . This data is referred to as 
" proprioceptive ” data 107 . 
[ 0046 ] In a first example , the agent 102 may include one 
or more joints which permit one member component of the 
agent 102 to be rotated with one , two or three degrees of 
freedom about another member of the agent 102 ( e . g . , a first 
arm of the agent may pivot about a second arm of the agent ; 
or a “ hand ” of the agent may rotate about one or more axes 
with respect to an arm of the agent which supports it ) , and 
if so the proprioceptive data 107 may indicate a present 
angular configurations of each of these joints . 
[ 0047 ] In a second example , the proprioceptive data 107 
may indicate an amount by which a first member of the robot 
is translated relative to another member of the robot . For 
example , the first member may be translatable along a track 
defined by the other member of the robot . 
[ 0048 ] In a third example , the agent 102 may comprise one 
or more drive mechanisms to displace the agent as a whole 
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( by translation and / or rotation ) relative to its environment . 
For example , this displacement may be an amount by which 
a base member of the agent 102 is translated / rotated within 
the environment . The proprioceptive data 107 may indicate 
the amount by which the agent has been displaced . 
[ 0049 ] These three examples of proprioceptive data are 
combinable with each other in any combination . Addition 
ally or alternatively , the proprioceptive data 107 may com 
prise data indicating at least one time - derivative of any of 
these three examples of proprioceptive data , e . g . , a first 
derivative with respect to time . That is , the proprioceptive 
data 107 may include any one or more of the angular 
velocity , in one , two or three dimensions , at which one 
member of the robot rotates about another member of the 
robot at a joint ; and / or a translational velocity of one 
member of the robot with respect to another , and / or the 
angular or translational velocity of the robot as a whole 
within its environment . 
10050 ] The control system 106 includes a plurality of 
neural network layers . In the example of FIG . 1 it includes 
a convolutional network 108 which receives the image data 
104 . The convolutional network 108 may comprise one or 
more convolutional layers . The control system 106 further 
includes a neural network 109 ( which may be implemented 
as a single or multi - layer perceptron ) , which receives both 
the proprioceptive data 107 and the output of the convolu 
tional network 108 . For example , the proprioceptive data 
107 may be concatenated with the output of the convolu 
tional network 108 to form an input string for the perceptron 
109 . 
10051 ] The control system 106 further includes a recurrent 
neural network 110 , such as an LSTM unit , which receives 
the output of the perceptron 109 , and generates an output . 
[ 0052 ] The control system 106 further includes an output 
layer 111 which receives the output of the recurrent neural 
network 110 and from it generates the control data 105 . This 
may take the form of a desired velocity for each of the 
degrees of freedom of the agent 102 . For example , if the 
degrees of freedom of the agent 102 comprise the angular 
positions of one or more joints , the control data 105 may 
comprise data specifying a desired angular velocity for each 
degree of freedom of the joint ( s ) . 
[ 0053 ] Optionally , the output layer 111 may generate the 
control data as a sample from a distribution defined by the 
inputs to the output layer 111 . Thus , the control system 106 
as a whole defines a stochastic policy to which outputs a 
sample from a probability distribution , over the action space 
A , i . e . , specifying a respective probability value for any 

possible action a in the action space . The probability distri 
bution depends upon the input data to the control system 
106 . The neural network which implements the control 
system 106 may be referred to as a “ policy network ” . 
[ 0054 ] FIG . 2 illustrates a system 200 within which the 
control system 106 is trained . In FIG . 2 elements having the 
same significance as elements of FIG . 1 are given reference 
numerals 100 higher . Thus , the control system 106 is des 
ignated 206 . The convolutional network 108 is designated 
208 , the perceptron 109 is designated 209 , and the layers 110 
and 111 are denoted 210 , 211 . The method of operation of 
the system 200 will be described in more detail below with 
reference to FIG . 3 . 
[ 0055 ] The system 200 includes a database 220 which 
stores “ expert trajectories ” . These are explained in detail 

below , but generally speaking are records of instances of an 
agent performing a computational task under the control of 
a human expert . 
10056 ] The system 200 further includes an initial state 
definition unit 221 which defines initial states of the envi 
ronment and the agent . As described below , the initial state 
definition unit 221 may do this by selecting a state from the 
database 220 , or by generating a new state at random . The 
initial state is defined by " physical state data ” , denoted s , 
which specifies the positions and optionally velocities of all 
objects in the environment when they are in the initial state 
( the integer index t may for example signify the amount of 
time for which the training algorithm for the control system 
206 has been running when the initial state is defined ) , and 
typically also the positions / velocities of all members ( com 
ponents ) of the agent . Based on the physical state data for an 
initial state generated by the initial state definition unit 221 , 
the initial state definition unit 221 generates corresponding 
" control system state data ” comprising image data 204 and 
proprioceptive data 207 , and transmits them respectively to 
the convolutional network 208 and the perceptron 209 . The 
proprioceptive data 207 of the control system state data may 
be data comprised in the physical state data . The image data 
204 may be generated computationally from the physical 
state data , as it were captured by imaging the initial state of 
the environment using a “ virtual camera ” . The position 
and / or orientation of the virtual camera may be selected at 
random , e . g . , for each respective initial state . 
[ 0057 ] The output of the convolutional network 208 is 
transmitted both to the perceptron 209 , and also to an 
optional auxiliary task neural network 224 . The auxiliary 
task neural network 224 comprises an input neural network 
225 ( such as a multilayer perceptron ) and an output layer 
226 . The output of the input neural network 225 is trans 
mitted to the output layer 226 which formats it to generate 
an output P . As described below , the auxiliary task neural 
network 222 can be trained to perform an auxiliary task , for 
example such that the output layer 226 outputs data P 
characterizing the positions of objects in the environment . 
10058 ) The output of the control system 206 is control data 
205 suitable for controlling an agent . No agent is included 
in the system 200 . Instead , the control data transmitted to a 
physical simulation unit 223 which has additionally received 
the physical state data s , corresponding to the initial system 
state from the initial state definition unit 221 . Based on the 
physical state data s , and the control data 205 , the physical 
simulation unit 223 is configured to generate simulated 
physical state data st + 1 which indicates the configuration of 
the environment and of the agent at an immediately follow 
ing time - step which would result , starting from the initial 
system state , if the agent 102 performed the action defined 
by the control data 205 . 
[ 0059 ] The control data 205 , and the initial physical state 
data s generated by the initial state definition unit 221 , are 
transmitted to a discriminator network 222 , which may be 
implemented as a multi - layer perceptron . ( In later steps , 
described below , counted by the integer index i = 1 , . . . K , 
where K is an integer preferably greater than one , the initial 
physical state data s , is replaced by physical state data 
denoted St + 1 generated by the physical simulation unit 223 . ) 
The discriminator network 222 is explained in more detail 
below , but in general terms it generates an output value 
Dy ( s , a ) which is indicative of how similar the action a 
specified by the control data 205 is to the action which a 
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human expert would have instructed the agent to make if the 
environment and the agent were in the initial state . 
[ 0060 ] The physical simulation unit 223 may be config 
ured to use s , and a to generate updated physical state data 
S1 + 1 , directly indicating the positions / configurations of the 
objects and the agent in the environment following the 
performance of action a by the agent . From the updated 
physical state data St1 , the physical simulation unit 223 
generates updated control system state data , i . e . , new image 
data and new proprioceptive data , and feeds these back 
respectively to the convolutional network 208 and the per 
ceptron 209 , so that the control system 206 can generate new 
control data 205 . This loop continues until updated physical 
state data has been generated K times . The final batch of 
physical state data is physical state data st + k for the final 
state of the environment and agent . Thus , the system 200 is 
able to generate a sequence of actions ( defined by respective 
sets of control data ) for the agent to take , starting from the 
initial state defined by the initial state definition unit 221 . 
[ 0061 ] As described below with reference to FIG . 3 , 
during the training of the control system 206 , the physical 
state data s , for the initial state , and subsequently updated 
physical state data S + x for the final state of the system after 
K steps , are transmitted to a value neural network 227 for 
calculating values Vo ( s ) and V99 ( Sr + ) . The value neural 
network 227 may comprise a multilayer perceptron 228 
arranged to receive the physical state data , and a recurrent 
neural network 229 such as a LSTM unit arranged to receive 
the output of the perceptron 228 . It further includes an 
output layer 230 to calculate the value function Vo ( s ) based 
on the inputs to the output layer 230 . 
[ 0062 ] The physical state data output by the initial state 
definition unit 221 and the physical simulation unit 223 , the 
values Vo ( sc ) and V ( St + K ) generated by the value network 
227 , the outputs Pof the auxiliary task network 224 , and the 
outputs D . , ( s , a ) of the discriminator network 222 are all fed 
to an update unit 231 . The update unit 231 is configured , 
based on its inputs , to update the control system 206 , e . g . , 
the convolutional network 208 , and the layers 209 , 210 . The 
update unit 231 is also configured to update the auxiliary 
task network 224 ( e . g . , the unit 225 ) , the value network 227 , 
and the discriminator network 222 . 
[ 0063 ] The system 200 also comprises a controller 232 
which is in charge of initiating and terminating the training 
procedure . 
[ 0064 ] We now turn to a description of a method 300 , 
illustrated in FIG . 3 , for training the control system 206 to 
perform a task within the system 200 , and for subsequently 
using the system 100 of FIG . 1 to perform that task in the 
real - world environment . The training employs both datasets 
describing the performance of the task by an expert , and 
additional datasets characterizing additional simulated per 
formances of the task by the agent 102 under the control of 
the control system 206 as it learns . The training combines 
advantages of imitation learning and reinforcement learning . 
[ 0065 ] In a first step 301 of method 300 , a plurality of 
datasets are obtained characterizing respective instances of 
performance of the task by a human agent ( " expert trajec 
tories ” ) . These datasets are typically generated by instances 
in which a human controls the agent 102 to perform the task 
( rather than a human carrying out the task manually without 
using the agent 102 ) . Each dataset describing an expert 
trajectories contains physical state data describing the posi - 
tions and optionally velocities of the object at each of a 

plurality of time steps when the task was performed by the 
expert . It further contains data defining the positions and 
optionally velocities of all members of the agent at these 
time steps ( this may be in the form of proprioceptive data ) . 
The datasets may optionally also contain corresponding 
image data for each of the time steps . However , more 
preferably such image data is generated from the physical 
state data by the initial state definition unit 221 later in the 
method ( in step 302 , as explained below ) . The datasets are 
stored in the database 220 . 
[ 0066 ] Optionally , the task may be divided into a number 
of task - stages . For example , if the task is one of controlling 
the agent 102 to pick up blocks and stack them , we define 
three task - stages : reaching of a block , lifting a block , and 
stacking blocks ( i . e . , placing a lifted block onto another 
block ) . Each of the expert trajectories may partitioned into 
respective portions corresponding to the task - stages . This is 
advantageous since reinforcement learning tends to be less 
successful for tasks having a long duration . 
[ 0067 ] Steps 302 - 311 describe an iterative process 312 for 
training the control system 206 within the system 200 . The 
goal is to learn a visuomotor policy which takes as input 
both the image data 100 ( e . g . , an RGB camera observation ) 
and the proprioceptive data 107 ( e . g . a feature vector that 
describes the joint positions and angular velocities ) . The 
whole network is trained end - to - end . 
10068 ] In step 302 , a starting state ( “ initial state ” ) of the 
environment and the agent 102 is defined by the initial state 
definition unit 221 . Shaping the distribution of initial states 
towards states where the optimal policy tends to visit can 
greatly improve policy learning . For that reason , step 302 is 
preferably performed using , for each of the task - stages , a 
respective predefined set of demonstration states ( “ cluster ” 
of states ) which are physical state data for the environment 
and agent for states taken from the expert trajectories , such 
that the set of demonstration states for each task - stage is 
composed of states which are in the portion of the corre 
sponding expert trajectory which is associated with that 
task - stage . In step 302 , with probability f , the initial state is 
defined randomly . That , is a possible state of the environ 
ment and the agent is generated virtually , e . g . , by a selection 
from a predefined probability distribution defined based on 
the task . Conversely , with probability 1 f a cluster is ran 
domly selected , and the initial state is defined as a randomly 
chosen demonstration state from that cluster . This is possible 
since the simulated system is fully characterized by the 
physical state data . 
[ 0069 ] The initial state s , defines the initial positions , 
orientations , configurations and optionally velocities in the 
simulation of the object ( s ) and the agent 102 . 
[ 0070 ] From the initial physical state data , the initial state 
definition unit 221 generates simulated control system state 
data , i . e . . image data 204 which is image data which encodes 
an image which would be captured if the environment ( and 
optionally the agent ) in the initial state were imaged by a 
virtual camera in an assumed ( e . g . , randomly chosen ) posi 
tion and orientation . Alternatively , the initial state definition 
unit 221 may read this image data from the database 220 if 
it is present there . The initial state definition unit 221 
transmits the image data 204 to the convolutional network 
208 . 
10071 ] The initial state definition unit 221 further gener 
ates or reads from database 220 proprioceptive data 207 for 
the initial state , and transmits this to the perceptron 209 as 
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part of the control system state data . Note that the image data 
204 and proprioceptive data 207 may not be sufficient , even 
in combination , to uniquely determine the initial state . 
[ 0072 ] The initial state definition unit 221 passes the 
physical state data s , fully describing the initial state to the 
physical simulation unit 223 and to the update unit 231 . The 
physical simulation unit 223 forwards the physical state data 
s , to the discriminator network 222 and the value network 
227 . ( In a variation of the embodiment , the initial state 
definition unit 221 transmits the initial the physical state data 
s , directly to the discriminator network 222 and / or the value 
network 227 . ) The value network 227 uses s , to generate 
Vo ( s ) , and transmits it to the update unit 231 . 
[ 0073 ] In step 303 , the control system 206 generates 
control data 205 specifying an action denoted “ a ” , and 
transmits it to the physical simulation unit 223 and to the 
discriminator network 222 . 
10074 ] In step 304 , the discriminator network 222 gener 
ates a discrimination value Dusc , a . ) which is transmitted to 
the update unit 231 . 
[ 0075 ] In step 305 , the physical simulation unit 221 simu 
lates the effect of the agent 102 carrying out the action at 
specified by the control data 205 , and thereby generates 
updated physical state data st + 1 . Based on the updated 
physical state data Sz + 1 , the physical simulation unit 222 
generates updated control system state data ( updated image 
data 204 and updated proprioceptive data 207 ; the updated 
proprioceptive data may in some implementations be a 
portion of the updated physical state data ) , and transmits 
them respectively to the convolutional network 208 and to 
the perceptron 209 . 
[ 0076 ] The physical simulation unit 221 also transmits the 
updated physical state data Sz + 1 to the update unit 231 , and 
to the discriminator network 222 . 
[ 0077 ] In step 306 , the auxiliary task network 224 gener 
ates data P which is transmitted to the update unit 231 . 
[ 0078 ] In step 307 the update unit 391 uses St + 1 and a task 
reward function to calculate a reward value . Note that the 
order of steps 306 and 307 can be different . 
[ 0079 ] In step 308 , it is determined whether steps 303 - 307 
have been performed at least K times since the last time at 
which step 302 was performed . Here K is a positive integer 
which is preferably greater than one . Note that the case of 
K = 1 is equivalent to omitting step 308 . 
[ 0080 ] If the determination in step 308 is negative , the 
method returns to step 303 and the loop of steps is performed 
again , using St - 1 in place of s? , and generating Si + 2 , instead of 
Str . More generally , in the ( i + 1 ) - th time that the set of steps 
304 - 308 is performed , St + 2 , is used in place of s? , and St + i + 1 
is generated instead of st + 1 : 
[ 0081 ] If the determination in step 308 is positive , then in 
step 309 the value network 227 generates V ( St + k ) . This 
value is transmitted to the update unit 231 . Note that in a 
variation , the value network 228 may generate the value 
Vo ( s ) at this time too , instead of in step 302 . In step 310 , the 
update unit 231 adjusts the parameters of the control system 
206 ( that is , parameters of the convolutional network 208 , 
and the neural networks 209 , 210 ) , based on the discrimi 
nation values DJs , a ) , the reward values obtained in step 
307 , and the values Vo ( sc ) and Vo ( $ t + ) . This step is 
explained in more detail below . The update unit 231 also 
adjusts the parameters of the convolutional network 208 and 
the network 225 of the auxiliary task network 224 based on 
a comparison of the K outputs P with the K states s . It also 

adjusts the parameters of the networks 228 , 229 of the value 
network 227 . It also adjusts the parameters of the discrimi 
nator network 222 . 
[ 0082 ] In step 311 , the controller 232 determines whether 
a termination criterion is met ( e . g . , that a certain amount of 
time has passed ) . If not , the method returns to step 302 , for 
the selection of a new initial state . 
10083 ] If the determination in step 311 is positive , then in 
step 313 the trained control system 206 is used as the control 
system 106 of the system 100 , i . e . , to control a real agent 102 
in the real world based on real - world images and proprio 
ceptive data . 
[ 0084 ] To explain the update carried out in step 310 we 
start with a brief review of the basics of two known 
techniques : generative adversarial imitation learning 
( GAIL ) and proximal policy optimization ( PPO ) . 
[ 0085 ] As noted above , imitation learning ( IL ) is the 
problem of learning a behavior policy by mimicking human 
trajectories ( expert trajectories ) . The human demonstrations 
may be provided as a dataset of N state - action pairs D = { ( si , 
a , ) } i = 1 , . . . N . Some imitation learning methods cast the 
problem as one of supervised learning , i . e . , behavior clon 
ing . These methods use maximum likelihood to train a 
parameterized policy do : S , where A is the state space ( i . e . , 
each possible state s is a point S ) and A is the action space 
( i . e . each possible action a is a point in A ) , such that 0 * = arg 
max . En log toa ; Is ; ) . The policy Te is typically a stochastic 
policy which , for a given inputs , outputs a probability 
distribution over the action space A , i . e . , specifying a 
respective probability value for any possible action a in the 
space ; thus , the agent 102 is provided with control data a 
which is a sample from this probability distribution . 
10086 ) . The GAIL ( “ Generative adversarial imitation 
learning ” Jonathan Ho and Stefano Ermon . In NIPS , pages 
4565 - 4573 , 2016 . ) technique allows an agent to interact with 
an environment during its training and learn from its expe 
riences . Similar to Generative Adversarial Networks 
( GANs ) , GAIL employs two networks , a policy network to : 
S : ?A and a discriminator network D , S XA > [ 0 , 1 ] . 
[ 0087 ] GAIL uses a min - max objective function similar to 
that of GANs to train To and D v together : 

min max ( Ex p [ logDy ( s , a ) ] + Ere [ log ( 1 – D? ( s , a ) ) ] ) ( 1 ) 

where ne denotes the expert policy that generated the expert 
trajectories . This objective encourages the policy T , to have 
an occupancy measure close to that of the expert policy : 
The discriminator network D „ , is trained to produce a high 
value for states s and actions a , such that the action a has a 
high ( low ) probability under the expert policy re ( s ) and a 
low ( high ) probability under the policy ro ( s ) . 
[ 0088 ) IL approaches works effectively if demonstrations 
are abundant , but robot demonstrations can be costly and 
time - consuming to collect , so the method 200 uses a process 
which does not require so many of them . 
[ 0089 ] In continuous domains , trust region methods 
greatly stabilize policy training . Recently , proximal policy 
optimization PPO has been proposed ( John Schulman , et al , 
“ Proximal policy optimization algorithms ” , arXiv preprint , 
arXiv : 1707 . 06347 , 2017 ) as a simple and scalable technique 
for policy optimization . PPO only relies on first - order gra 
dients and can be easily implemented with recurrent net 
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( 3 ) 

( 2 ) 

works in a distributed setting . PPO implements an approxi 
mate trust region that limits the change in the policy per 
iteration . This is achieved via a regularization term based on 
the Kullback - Leibler ( KL ) divergence , the strength of which 
is adjusted dynamically depending on actual change in the 
policy in past iterations . 
10090 ] Returning to the discussion of the method 300 , the 
step 310 adjusts te with policy gradient methods to maxi 
mize a hybrid reward r ( s , a . ) given by a hybrid reward 
function : 

r ( s , a . ) = urgails , a . ) + ( 1 - 2 ) rtask ( sy , a , ) e [ 0 , 1 ] 
This reward function is a hybrid in the sense that the first 
term on the right represents imitation learning , using the 
discriminator 222 , and the second term on the right repre 
sents reinforcement learning . 
[ 0091 ] Here , rooij is a first reward value ( an “ imitation 
reward value ” ) which is a discounted sum of a reward 
function , defined by an imitation reward function roos , 
a . ) = - log ( 1 - Dy ( s , a ) ) , clipped at a max value of 10 . 
[ 0092 ] [ task ( s , a , ) is a second reward value ( a “ task reward 
value ” ) defined by the task reward function , which may be 
designed by hand for the task . For example , when doing 
block lifting , rtast ( St , a ) may be 0 . 125 if the hand is close to 
the block and 1 if the block is lifted . The task reward permits 
reinforcement learning . Optionally , the task reward function 
may be designed to be different respective functions for each 
task - stage . For example , the task reward function may be 
respective piecewise - constant functions for each of the 
different task - stages of the task . Thus , the task reward value 
only changes when the task transits from one stage to 
another . We have found defining such a sparse multi - stage 
reward easier than handcrafting a dense shaping reward and 
less prone to producing suboptimal behaviors . 
[ 0093 ] Maximizing the hybrid reward can be interpreted 
as simultaneous reinforcement and imitation learning , where 
the imitation reward encourages the policy to generate 
trajectories closer to the expert trajectories , and the task 
reward encourages the policy to achieve high returns on the 
task . Setting , to either 0 or 1 reduces this method to the 
standard RL or GAIL setups . Experimentally , we found that 
choosing à , to be between 0 and 1 , to give a balanced 
contribution of the two rewards , produced a trained control 
system 206 which could control agents to solve tasks that 
neither GAIL nor RL can solve alone . Further , the controlled 
agents achieved higher returns than the human demonstra 
tions owing to the exposure to task rewards . 
[ 0094 ] Note that although in the training system 200 of 
FIG . 2 , the control system 206 being trained receives only 
the image data 204 and the proprioceptive data 207 ( like the 
control system 106 in the system 100 of FIG . 1 ) , the 
discriminator network 222 and the value network 227 
receive input data specifying the positions and / or orienta 
tions and / or velocities of objects of the simulated environ 
ment and optionally also of members of the simulated agent . 
This input data is ( or is generated from ) the physical state 
data generated by the initial state definition unit 221 and the 
physical simulation unit 223 . Even though such privileged 
information is unavailable in the system 100 , the system 200 
can take advantage of it when training the control system 
206 in simulation . 
[ 0095 ] The optional value network 227 is used by the 
update unit 231 to obtain values Vo ( s ) and V ( S1 + x ) which 
are used together with reward value calculated in step 307 to 

obtain an advantage function estimator . The advantage func 
tion estimator is a parameter used to obtain a gradient 
estimator for r ( s , a . ) . The gradient estimator may , for 
example , take the form : 

gradient = E , Valog Ta ( as , 4 . 1 
In step 310 , the update unit 231 uses the discounted sum of 
rewards and the value as an advantage function estimator : 

A . = : = 1 Kopi Ipatink - 1 Vp ( $ 24K ) - V " ( S . ) , 
where y is a discount factor and rz + ; = r ( stti - 1 , ag + i - 1 ) . 
[ 0096 ] The value network 227 is trained in the same way 
as in the PPO paper mentioned above . Since the policy 
gradient uses output of the value network to reduce variance , 
it is beneficial to accelerate the training of the value network 
227 . Rather than using pixels as inputs to the value network 
227 ( as for the control system ( policy network ) 206 ) , as 
noted above the value network 227 preferably receives the 
physical state data output by the initial state definition unit 
221 and the physical simulation unit 223 ( e . g . , specifying the 
position and velocity of the simulated 3D object ( s ) and the 
members of the agent 102 ) . Experimentally it has been 
found that training the control system 206 and value network 
227 based on different input data stabilizes training and 
reduces oscillation of the agent ' s performance . Furthermore , 
the multilayer perceptron 228 of the value network 227 is 
preferably smaller ( e . g . , includes fewer neurons and / or lay 
ers ) than perceptron 209 of the control system 206 , so it 
converges to a trained state after fewer iterations . 
[ 0097 ] As noted above , like the value network 227 , the 
discriminator network 222 preferably receives input data 
specifying the positions and / or orientations and / or velocities 
of objects of the simulated environment and optionally also 
of members of the simulated agent . Furthermore , optionally , 
this data may be encoded in a task - specific way , i . e . , as task 
specific features chosen based on the task . The input data to 
the discriminator network 222 is formatted to indicate 
( directly , not implicitly ) absolute or relative positions of 
objects in the simulated environment which are associated 
with the task . We refer to this as an " object centric " 
representation , and it leads to improved training of the 
control system 206 . Thus , this object - centric input data 
provides salient and relevant signals to the discriminator 
network 222 . By contrast , the input data to the discriminator 
network 222 preferably does not include data indicating the 
positions / velocities of members of the simulated agent . 
Experimentally , it has been found that including such infor 
mation in the input to the discriminator network 222 leads 
the discriminator network 222 to focus on irrelevant aspects 
of the behavior of the agent and is detrimental for training 
of the control system 206 . Thus , preferably the input data to 
the discriminator network 222 only includes the object 
centric features as input while masking out agent - related 
information . 
[ 0098 ) The construction of the object - centric representa 
tion is based on a certain amount of domain knowledge of 
the task . For example , in the case of a task in which the agent 
comprises a gripper , the relative positions of objects and 
displacements from the gripper to the objects usually pro 
vide the most informative characterization of a task . Empiri 
cally , it was found that the systems 100 , 200 are not very 
sensitive to the particular choices of object - centric features , 
as long as they carry sufficient task - specific information . 
[ 0099 ] The function of the optional auxiliary task neural 
network 224 is to train the convolutional neural network 
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208 , while simultaneously training the multilayer perceptron 
225 . This training is effective in increasing the speed at 
which the convolutional neural network 208 is trained , while 
also improving the final performance . Note that the convo 
lution neural network 208 is preferably not trained exclu 
sively via the auxiliary tasks , but also in the updates to the 
control system 206 in order to learn the policy . 
10100 ] The auxiliary task neural network 224 may , for 
example , be trained to predict the locations of objects in the 
simulated environment from the camera observation . The 
output layer 226 may be implemented as a fully - connected 
layer to output the 3D coordinates of objects in the task , and 
the training of the neural network 225 ( and optionally output 
layer 226 ) together with the training of the convolutional 
network 208 is performed to minimize the 12 loss between 
the predicted and ground - truth object locations . In step 310 
all the neural networks 208 , 225 , 209 , 210 , 228 , 229 of 
system 200 are preferably updated , so that in the method 300 
as a whole they are all trained simultaneously . 
[ 0101 ] The updates to the discriminator network 222 may 
be performed in the same way as in the GAIL paper 
mentioned above . 
[ 0102 ] Although the explanation of FIG . 3 above is terms 
of a method performed by the system 200 of FIG . 2 , more 
preferably the method is performed in parallel by a plurality 
of workers under the control of the controller 232 . For each 
worker the training is performed according to steps 302 - 310 , 
using Eqn . ( 2 ) on a respective instance of the control system 
206 . The convolutional network 208 may be shared between 
all workers . 
[ 0103 ] A single discriminator network 222 may be pro 
vided shared between all the workers . The discriminator 
network 222 may be produced by maximization of an 
expression which is a variant of Eqn . ( 1 ) in which there is 
no minimization over 0 , and in which the final term is an 
average over all the workers , rather than being based on a 
single policy network . 
[ 0104 ] Exemplary resultant networks are found to 
improve on imitation learning and reinforcement learning in 
a variety of tasks . 
[ 0105 ] This specification uses the term " configured ” in 
connection with systems and computer program compo 
nents . 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 par 
ticular operations or actions means that the one or more 
programs include instructions that , when executed by data 
processing apparatus , cause the apparatus to perform the 
operations or actions . 
[ 0106 ] Embodiments of the subject matter and the func 
tional operations described in this specification can be 
implemented in digital electronic circuitry , in tangibly 
embodied computer software or firmware , in computer hard 
ware , 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 - read 
able storage substrate , a random or serial access memory 
device , or a combination of one or more of them . Alterna 
tively 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 transmis 
sion to suitable receiver apparatus for execution by a data 
processing apparatus . 
0107 ] The term " data processing apparatus ” refers to data 
processing hardware and encompasses all kinds of appara 
tus , 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 ( appli 
cation specific integrated circuit ) . The apparatus can option 
ally 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 . 
[ 0108 ] A computer program , which may also be referred 
to or described as a program , software , a software applica 
tion , 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 , compo 
nent , 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 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 . 
[ 0109 ] 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 . 
[ 0110 ] 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 par 
ticular engine ; in other cases , multiple engines can be 
installed and running on the same computer or computers . 
[ 0111 ] The processes and logic flows described in this 
specification can be performed by one or more program 
mable computers executing one or more computer programs 
to perform functions by operating on input data and gener 
ating output . The processes and logic flows can also be 
performed by special purpose logic circuitry , e . g . , an FPGA 
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or an ASIC , or by a combination of special purpose logic 
circuitry and one or more programmed computers . 
[ 0112 ] Computers suitable for the execution of a computer 
program can be based on general or special purpose micro 
processors 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 com 
puter are a central processing unit for performing or execut 
ing 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 game console , a 
Global Positioning System ( GPS ) receiver , or a portable 
storage device , e . g . , a universal serial bus ( USB ) flash drive , 
to name just a few . 
[ 0113 ] Computer readable media suitable for storing com 
puter 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 . 
[ 0114 ] To provide for interaction with a user , embodi 
ments 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 com 
puter . 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 mes 
saging application , and receiving responsive messages from 
the user in return . 
[ 0115 ] 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 . 
[ 0116 ] Machine learning models can be implemented and 
deployed using a machine learning framework , e . g . , a Ten 
sorFlow framework , a Microsoft Cognitive Toolkit frame 
work , an Apache Singa framework , or an Apache MXNet 
framework 
[ 0117 ] 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 imple 
mentation of the subject matter described in this specifica 
tion , 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 . 
[ 0118 ] The computing system can include clients and 
servers . A client and server are generally remote from each 
other and typically interact through a communication net 
work . 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 . 
[ 0119 ] 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 speci 
fication in the context of separate embodiments can also be 
implemented in combination in a single embodiment . Con 
versely , 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 . 
[ 0120 ) 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 , multi 
tasking and parallel processing may be advantageous . More 
over , the separation of various system modules and compo 
nents 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 integrated 
together in a single software product or packaged into 
multiple software products . 
[ 0121 ] 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 
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desirable results . In some cases , multitasking and parallel 
processing may be advantageous . 
What is claimed is : 
1 . A computer - implemented method of training a neural 

network to generate commands for controlling an agent to 
perform a task in an environment , the method comprising : 

obtaining , for each of a plurality of performances of the 
task , a respective dataset characterizing the correspond 
ing performance of the task ; and 

using the dataset , training a neural network to generate 
commands for controlling the agent based on image 
data encoding captured images of the environment and 
proprioceptive data comprising one or more variables 
describing configurations of the agent ; 

wherein the training the neural network comprises : 
using the neural network to generate a plurality of sets of 

one or more commands , 
for each set of commands generating at least one corre 

sponding reward value indicative of how successfully 
the task is carried out upon implementation of the set of 
commands by the agent , and 

adjusting one or more parameters of the neural network 
based on the datasets , the sets of commands and the 
corresponding reward values . 

2 . The method of claim 1 in which adjusting the one or 
more parameters of the neural network comprises adjusting 
the neural network based on a hybrid energy function , the 
hybrid energy function including both an imitation reward 
value derived using the datasets and the generated sets of 
commands , and task reward term calculated using the gen 
erated reward values . 

3 . The method of the claim 2 including using the datasets 
to generate a discriminator network , and deriving the imi 
tation reward value using the discriminator network and the 
sets of one or more commands . 

4 . The method of claim 3 in which the discriminator 
network receives data characterizing the positions of objects 
in the environment . 

5 . The method of claim 1 , in which the reward value is 
generated by computationally simulating a process carried 
out by the agent in the environment based on the corre 
sponding set of commands to generate a final state of the 
environment , and calculating an initial reward value based at 
least on the final state of the environment . 

6 . The method of claim 5 , in which updates to the neural 
network are calculated using an activation function estima 
tor obtained by subtracting a value function from the initial 
reward value , and the initial reward value is calculated 
according to a task reward function based on the final state 
of the environment . 

7 . The method of claim 6 in which the value function is 
calculated using data characterizing the positions of objects 
in the environment . 

8 . The method of claim 6 in which the value function is 
calculated by an adaptive model . 

9 . The method of claim 1 , in which the neural network 
comprises a convolutional neural network which receives 
the image data and from it generates convolved data , the 
neural network further comprising at least one adaptive 
component which receives the output of the convolutional 
neural network and the proprioceptive data . 

10 . The method according to claim 9 in which the 
adaptive component is a perceptron . 

11 . The method of claim 9 in which the neural network 
further comprises a recursive neural network , which 
receives input data generated both from the image data and 
the proprioceptive data . 

12 . The method of claim 9 , further including defining at 
least one auxiliary task , and training the convolutional 
network as part of an adaptive system which is trained to 
perform the auxiliary task based on image data . 

13 . The method of claim 1 , in which the training of the 
neural network is performed in parallel with the training of 
a plurality of additional instances of the neural network by 
respective workers , the adjustment of the parameters of the 
neural network being additionally based on reward values 
indicative of how successfully the task is carried out by 
simulated agents based on sets of commands generated by 
the additional neural networks . 

14 . The method of claim 1 , in which the step of using the 
neural network to generate a plurality of sets of commands 
is performed at least once by supplying to the neural network 
image data and proprioceptive data which characterizes a 
state associated with one of the performances of the task . 

15 . The method of claim 1 , further comprising , prior to 
training the neural network , defining a plurality of stages of 
the task , and for each stage of the task defining a respective 
plurality of initial states , 

the step of using the neural network to generate a plurality 
of sets of commands being performed at least once , for 
each task stage , by supplying to the neural network 
image data and proprioceptive data which characterizes 
one of the corresponding plurality of initial states . 

16 . A method of performing a task , the method compris 
ing : 

training a neural network to generate commands for 
controlling an agent to perform the task in an environ 
ment , by a method according to any preceding claim ; 
and 

a plurality of times performing the steps of : 
( i ) capturing images of an environment and generating 

image data encoding the images ; 
( ii ) capturing proprioceptive data comprising one or more 

variables describing configurations of the agent ; 
( iii ) transmitting the image data and the proprioceptive 

data to the neural network , the neural network gener 
ating at least one command based on the image data and 
the proprioceptive data ; and 

( iv ) transmitting the command to the agent , the agent 
being operative to perform the command within the 
environment ; 

whereby the neural network successively generates a 
sequence of commands to control the agent to perform 
the task . 

17 . The method of claim 16 in which the step of obtaining , 
for each of a plurality of performances of the task , a 
respective dataset characterizing the corresponding perfor 
mance of the task , is performed by controlling the agent to 
perform the task a plurality of times , and for each perfor 
mance generating a respective dataset characterizing the 
performance . 

18 . A system comprising one or more computers and one 
or more storage devices storing instructions that when 
executed by the one or more computers cause the one or 
more computers to perform operations comprising : 
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obtaining , for each of a plurality of performances of the 
task , a respective dataset characterizing the correspond 
ing performance of the task ; and 

using the dataset , training a neural network to generate 
commands for controlling the agent based on image 
data encoding captured images of the environment and 
proprioceptive data comprising one or more variables 
describing configurations of the agent 

wherein the training the neural network comprises : 
using the neural network to generate a plurality of sets of 

one or more commands , 
for each set of commands generating at least one corre 

sponding reward value indicative of how successfully 
the task is carried out upon implementation of the set of 
commands by the agent , and 

adjusting one or more parameters of the neural network 
based on the datasets , the sets of commands and the 
corresponding reward values . 

19 . The system of claim 18 further including : an agent 
operative to perform commands generated by the neural 
network ; at least one image capture device operative to 
capture images of an environment and generate image data 
encoding the images ; and at least one device operative to 
capture proprioceptive data comprising the one or more 
variables describing configurations of the agent . 

20 . ( canceled ) 


