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(57) Abstract: Methods, systems, and apparatus, including computer pro-
grams encoded on a computer storage medium, for training a memory-based
prediction system configured to receive an input observation characterizing a
state of an environment interacted with by an agent and to process the input
observation and data read from a memory to update data stored in the memory
and to generate a latent representation of the state of the environment. The
method comprises: for each of a plurality of time steps: processing an obser-
vation for the time step and data read from the memory to: (i) update the data
stored in the memory, and (ii) generate a latent representation of the current
state of the environment as of the time step; and generating a predicted return
that will be received by the agent as a result of interactions with the environ-
ment after the observation for the time step is received.
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TRAINING AN UNSUPERVISED MEMORY-BASED PREDICTION SYSTEM TO
LEARN COMPRESSED REPRESENTATIONS OF AN ENVIRONMENT

BACKGROUND

[0001] This specification relates to techniques for learning representations of an environment and
to reinforcement learning using the representations.

[0002] An agent can interact with an environment by performing actions that are selected in
response to receiving observations that characterize the current state of the environment. The
action to be performed by the agent in response to receiving a given observation can be determined
in accordance with the output of a neural network.

[0003] 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.

SUMMARY

[0004] This specification describes a system implemented as computer programs on one or more
computers in one or more locations that selects actions to be performed by an agent interacting
with an environment based on latent representations of the state of the environment generated by
a memory-based prediction system.

[0005] According to a first aspect there is provided a method for training a memory-based
prediction neural network system having a plurality of system parameters, which may be termed
memory-based prediction parameters, and configured to receive an input observation
characterizing a state of an environment interacted with by an agent and to process the input
observation and data read from memory, e.g. an external memory, e.g. memory external to the
memory-based prediction neural network system, to update data stored in the external memory
and to generate a latent representation of the state of the environment. The method may comprise,

for each of a plurality of time steps: receiving an observation for the time step characterizing a
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current state of the environment being interacted with by the agent at the time step; processing the
observation for the time step and data read from the external memory using the memory-based
prediction neural network system and in accordance with current values of the memory-based
prediction parameters to: (i) update the data stored in the external memory, and (ii) generate a
latent representation of the current state of the environment as of the time step; generating, using
the latent representation of the current state of the environment as of the time step, a predicted
return that will be received by the agent as a result of interactions with the environment after the
observation for the time step is received; and determining a gradient based on, for one or more of
the time steps, a difference between the predicted return for the time step and an actual return
received by the agent; and adjusting the values of the memory-based prediction parameters using
the gradient e.g. by backpropagation.

[0006] Some advantages of embodiments of the memory-based prediction neural network system
are described later. However in broad terms implementations of the training method and trained
system enable a paradigm shift for reinforcement learning, which hitherto has employed end-to-
end learning, even where external memory is used to store relevant information. By contrast
implementations of the above describe method allow a memory-based prediction neural network
system to be trained separately from use of the trained system to perform a reinforcement learning
(RL) task. That is the system may be trained and then the trained system to learn to perform the
RL task and it is not necessary for gradients to be backpropagated from the RL learning into the
memory-based prediction neural network system.

[0007] In broad terms the system learns a “world model” which may then be used, for example,
to produce predictions consistent with a previously observed sensory sequence from the
environment. Observations are compressed into low-dimensional state representations, the above-
described latent representations, and stored in the memory. This learning is unsupervised, in
implementations using a variational autoencoder-like approach. Information from multiple input
modalities, i.e. from different components of the observation, may be combined e.g. image and
other information, for example egocentric velocity, reward information, action taken information
and/or task instruction information. Importantly the predicted return is used to shape the latent

representations constructed by unsupervised prediction. This encourages the latent representations
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to focus on compressing sensory information whilst maintaining information of significance to
tasks.

[0008] Thus the training method and “world model” constructed by the memory-based prediction
neural network system act as a data compression system to capture observations of the
environment and to compress and store this information using the latent representations in an
efficient manner, in particular focusing on important information as indicated by the actual return
received by the agent. In some implementations the observations include image data and reward
data, but the method and system may compress other data e¢.g. data from one or more non-image
based sensor streams. Implementations of the above described method used predictive modelling
¢.g. at least the predicted return but optionally also a predicted reconstruction of the observation,
to derive the compressed, latent representations of the environment.

[0009] The stored data may be retrieved and used, for example in an RL task or in any other way,
for example to reconstruct a version of part of all of the observations. In implementations, though
not essentially, learning of the RL task may be performed separately to learning the “world model”,
e.g. after performing the above described training method. In the context of an RL system learning
using the “world model” enables the RL system to learn rapidly and to learn to perform e.g.
visuomotor tasks which other systems cannot. In implementations the stored data comprises the
latent representations; for example when a latent representation has been derived it may be stored
in the external memory to thereby update the external memory

[0010] In implementations the observation, which may comprise information from multiple input
modalities, is encoded using an encoder. Thus processing the observation may comprise
processing, using an encoding system and in accordance with current values of encoding system
parameters, an input comprising the observation for the time step to generate an encoded
representation of the observation. The encoding system may comprise a neural network; it may
comprise multiple sub-networks one to encode each observation component, ¢.g. image, reward,
and so forth.

[0011] The memory-based prediction neural network system may also include a representation
system, in implementations comprising a prior neural network and a posterior neural network. The
representation system processes the encoded observation and data read from the memory (at a

previous time step) to generate the latent representation i.e. state representation for the current time



10

15

20

25

30

WO 2019/170905 PCT/EP2019/055950

step. Thus processing the observation may also comprise processing, using a representation
system and in accordance with current values of representation system parameters, an input
comprising the encoded representation and data read from the external memory at a previous time
step to generate the latent representation of the current state of the environment as of the time step.
[0012] Processing the observation may also comprise reading data from the memory, for example
for use in the next time step. In broad terms data may be read from the memory using a content-
based approach based on a similarity between a read key and the stored data e.g. a latent
representation. The read may be a soft read, that is based on a weighted sum of the stored data
(latent representations); one or more read heads may be employed. A read key may be derived
from a history of previous latent (state) representations and previous actions, ¢.g. from an output
of a recurrent neural network having the latent representation and selected action, and optionally
the data read from memory, as an input at each time step.

[0013] Thus reading data from the external memory using the latent representation may comprises
processing, using a recurrent neural network and in accordance with current values of recurrent
neural network parameters, an input comprising: (i) the latent representation, (ii) the data read from
the external memory at the previous time step, and (iii) an action performed by the agent at the
time step, to generate a recurrent neural network output. Data may then be read from the external
memory-based on the recurrent neural network output e.g. by providing the recurrent neural
network with one or more read heads each to provide a read key used to find matching items in
the memory.

[0014] Processing the observation may also comprise writing data to the external memory using
the latent representation. For example the latent representation of the current observation may be
written to the memory e.g. to a storage location in the memory (rather than, say, a soft write), e.g.
to a row of a memory matrix.

[0015] Thus writing data to the external memory using the latent representation may comprise
writing the latent representation to a location, i.e. to a specific or single location in the external
memory.

[0016] The utility of the memory can be further increased by storing a latent (state) representation
together with a representation of the events which occurred after it in time. This may be termed

retroactive memory updating. For example for navigation this allows perceptual information
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relating to a way point to be stored together with information about a subsequently experienced
goal. This may be implemented by storing, together with a latent (state) representation for a current
time, a weighted sum of latent representations produced after the current time, e.g. by storing them
concatenated in the same row of the memory matrix. Thus writing data to the external memory
may also comprise updating data previously written to the external memory using the latent
representation.

[0017] In implementations a decoding system e.g. a one or more decoder neural networks is
provided to generate, from the latent (state) representation, the predicted return and optionally to
provide reconstructed input datai.e. a (predicted) reconstruction of one or more components of the
input observation. This enables the system parameters i.e. the memory-based prediction
parameters and in particular the representation system parameters, to be trained using a
reconstruction loss. Thus generating the predicted return may comprise processing, using a
decoding system and in accordance with current values of decoding system parameters, a decoding
system input to generate the predicted return, wherein the decoding system input comprises: (i)
the latent representation, and (ii) an action selection policy output used by the agent to select an
action to be performed at the time step, an action performed by the agent at the time step, or both.
Where the decoding system also generates a predicted reconstruction of the observation for a time
step the training method may further comprise determining an additional gradient based on, for
one or more of the time steps, a difference between: (i) the predicted reconstruction of the
observation for the time step, and (ii) the observation for the time step. The method may then
adjust the values of the memory-based prediction parameters, in particular values of the
representation system parameters, using the additional gradient.

[0018] In some implementations the representation system comprises a prior neural network and
a posterior neural network. The prior neural network may generate parameters of a prior
probability distribution for the current latent (state) representation, ¢.g. mean and (log) standard
deviation for a (multivariate) Gaussian distribution. This probability distribution may be
conditioned on the history of previous latent (state) representations and previous actions, €.g. on
the output of the previously described recurrent neural network. The posterior neural network may
generate parameters of a posterior probability distribution for the current latent (state)

representation, ¢.g. mean and (log) standard deviation for another (multivariate) Gaussian
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distribution, conditioned on the same history and also on the encoded representation of the current
observation, as well as optionally on the data read from memory. Incorporating the observation
allows the posterior probability distribution to better estimate the current latent (state)
representation. The current latent (state) representation may be generated by sampling from the
posterior probability distribution; this may then be stored in the memory and optionally provided
to an RL system, e.g. to an action selection (policy) neural network of the RL system. This
approach allows the values of the memory-based prediction parameters, including values of the
encoding system and decoding system parameters, to be adjusted i.e. trained using a divergence
loss between the prior and posterior probability distributions.

[0019] Thus in some implementations the method includes processing, using the prior neural
network and in accordance with current values of prior neural network parameters, an input
comprising: (1) the recurrent neural network output, and (ii) the data read from the external memory
at the previous time step, to generate parameters of a prior probability distribution over a latent
representation space. Similarly the method may further include processing, using the posterior
neural network and in accordance with current values of posterior neural network parameters, and
input comprising: (i) the parameters of the prior probability distribution, (ii) the encoded
representation of the observation, (iii) the recurrent neural network output, and (iv) the data read
from the external memory at the previous time step, to generate parameters of a posterior
probability distribution over the latent representation space. The method may then also include
generating the latent representation by sampling a latent representation from the posterior
probability distribution.

[0020] In some implementations the parameters of the prior probability distribution include prior
mean parameters and prior standard deviation parameters, and the parameters of the posterior
probability distribution include posterior mean parameters and posterior standard deviation
parameters. Sampling a latent representation from the posterior probability distribution may then
include sampling from a Normal i.e. Gaussian distribution defined by these parameters. Use of a
Normal distribution is convenient but not essential.

[0021] The training method may include determining an additional, “divergence” gradient based
on, for one or more of the time steps, a measure of similarity between: (i) the prior probability

distribution over the latent representation space at the time step, and (ii) the posterior probability



10

15

20

25

30

WO 2019/170905 PCT/EP2019/055950

distribution over the latent representation space at the time step. Thus an objective function for
the training method may include this measure of similarity and the divergence gradient may be a
gradient of this measure of similarity. The method may then include adjusting the values of the
memory-based prediction parameters using this divergence gradient e.g. by backpropagating the
gradient.

[0022] The decoder may comprise a return prediction decoder with a state-value function neural
network an advantage function neural network. The return prediction may comprise the sum of
the outputs from these neural networks.

[0023] Thus in some implementations the method may generate a predicted return by processing,
using a state-value function neural network and in accordance with current values of state-value
function neural network parameters, an input comprising: (i) the latent representation, and (ii) the
action selection policy output used by the agent to select the action to be performed at the time
step, to generate a state-value estimate. In implementations the method may further comprise
processing, using an advantage function neural network and in accordance with current values of
advantage function neural network parameters, an input comprising: (i) the latent representation
for the time step, and (ii) the action performed by the agent at the time step, to generate an
advantage estimate. The method may then generate the predicted return based on the state-value
estimate and the advantage estimate. The action selection policy output used by the agent to select
an action to be performed at the time step may comprise a score distribution over a predetermined
set of possible actions that could be performed by the agent.

[0024] Once trained, the memory-based prediction neural network system may be used, for
example, for selecting an action to be performed by an agent interacting with an environment.
Thus the method may further comprise receiving a latent representation of a current state of the
environment, wherein the latent representation of the current state of the environment is generated
by a memory-based prediction neural network system that is trained as described above. The
method may then further comprise processing, using an action selection neural network system
and in accordance with current values of action selection system parameters, an input comprising
the latent representation of the current state of the environment to generate an action selection
policy output. The method may then select the action to be performed by the agent based on the

action selection policy output. This may include reading data from an external memory, updated
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as described above, and providing this to the action selection neural network system. In some
implementations the RL system includes a recurrent neural network for processing, in accordance
with current values of recurrent neural network parameters, the action selection neural network
system input to generate a recurrent neural network output. The action selection neural network
may then process an input comprising: (i) the recurrent neural network output, and (ii) the latent
representation, to generate an action selection policy output. Such methods may include
determining gradients based on the action selection policy output and adjusting values of the action
selection system parameters, but in implementations not values of the memory-based prediction
parameters, using the gradients. In some implementations the action selection policy output
comprises a score distribution over a predetermined set of possible actions that could be performed
by the agent and selecting the action to be performed by the agent based on the action selection
policy output comprises sampling an action from the predetermined set of possible actions based
on the score distribution.

[0025] In some implementations the agent is a mechanical agent, such as a robot or vehicle; this
may be operating in a real-world environment. The observation may then includes one or more
images ¢.g. video images. The actions may then comprise actions to be taken by the mechanical
agent to perform a mechanical task such as locomotion, navigation, assembly of a component and
the like.

[0026] Particular embodiments of the subject matter described in this specification can be
implemented so as to realize one or more of the following advantages.

[0027] Some conventional memory systems that operate in conjunction with an action selection
system must be trained jointly with the action selection system using a reinforcement learning
objective function. Conventional memory systems and action selection systems trained in this
manner may perform poorly in solving tasks that involve long delays between relevant stimuli
(e.g., represented in observations of the environment) and later decisions (e.g., actions performed
by the agent). Examples of such tasks include tasks involving navigation back to previously visited
goals and tasks involving rapid reward valuation (i.e., where the agent must understand the value
of different objects after a few exposures). For example, a conventional memory system that is
jointly trained with an action selection system may perform poorly if the number of time steps

over which the gradient of the reinforcement learning objective is calculated is smaller than the
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number of time steps over which information needs to be stored and retrieved. The number of time
steps over which the gradient is calculated defines the duration of time over which the system can
assign credit or blame to system dynamics or information storage events leading to success or
failure. Increasing the number of time steps over which the gradient is calculated may be infeasible
because it may result in unacceptably high levels of computational complexity and latency during
training.

[0028] The memory-based prediction (MBP) system described in this specification operates in
conjunction with an action selection system by generating latent representations of states of an
environment being interacted with by an agent and providing the latent representations for use in
selecting actions to be performed by the agent. The MBP system can be trained by a predictive
modeling process to generate latent representations that are predictive of: (i) subsequent latent
representations of subsequent states of the environment, (ii) the return that will be received by the
agent as a result of interactions with the environment, or both. The MBP system and the action
selection system can be trained end-to-end using a reinforcement learning objective function, but
do not have to be. That is, the MBP system can be trained using the “unsupervised” predictive
modeling process independently of the “supervised” reinforcement learning objective.

[0029] Training the MBP system using the predictive modeling process, rather than relying
entirely on end-to-end training using the reinforcement learning objective, enables an action
selection system operating in conjunction with the MBP system to “solve” tasks that involve long
time delays between relevant stimuli and later decisions. Action selection systems operating in
conjunction with conventional memory systems may be unable to solve such tasks. In cases where
action selection systems operating in conjunction with conventional memory systems can solve
such tasks, training them may consume substantially more computational resources (e.g., memory
and computing power) than training the MBP system described in this specification.

[0030] The details of one or more embodiments of the subject matter of 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
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[0031] FIG. 1 illustrates an example data flow for using a memory-based prediction system and
an action selection system to select actions to be performed by an agent interacting with an
environment at each of multiple time steps.

[0032] FIG. 2 is a block diagram of an example memory-based prediction system.

[0033] FIG. 3 is a block diagram of an example representation system used by a memory-based
prediction system.

[0034] FIG. 4 is a flow diagram of an example process for training a memory-based prediction
System.

[0035] FIG. 5 is a flow diagram of an example process for selecting an action to be performed by
an agent using a latent representation generated by a memory-based prediction system.

[0036] FIG. 6 illustrates operation of an example memory-based prediction (MBP) system and
action selection system.

[0037] Like reference numbers and designations in the various drawings indicate like elements.

DETAILED DESCRIPTION

[0038] This specification describes a memory-based prediction (MBP) system and an action
selection system.

[0039] The MBP system is configured to compress observations characterizing the state of an
environment being interacted with by an agent to generate lower-dimensional “latent”
representations of the state of the environment by a predictive modeling process. In particular, the
MBP system can generate a latent representation of a state of the environment that encodes
information that is both: (i) relevant to a task being performed by the agent, and (i) predictive of
latent representations of subsequent states of the environment. The MBP system stores the latent
representations of the states of the environment in a memory.

[0040] The action selection system selects actions to be performed by the agent at each of multiple
time steps. The action selection system selects the action to be performed at each time step by
processing: (i) the latent representation of the current state of the environment generated by the

MBP system, and (ii) data read from the memory maintained by the MBP system.
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[0041] FIG. 1 illustrates an example data flow 100 for using an MBP system 102 and an action
selection system 104 to select actions 106 to be performed by an agent 108 interacting with an
environment 110 at each of multiple time steps.

[0042] At cach time step, the MBP system 102 processes data characterizing the current state of
the environment 110, referred to as an observation 112, to generate a latent representation 114 of
the current state of the environment 110. The latent representation 114 of the current state of the
environment 110 is represented as an ordered collection of numerical values, for example, a vector
of numerical values, and generally has a lower dimensionality than the observation 112.

[0043] The MBP system 102 stores the latent representation 114 generated at each time step in a
memory 116 (e.g., a logical data storage area or physical data storage device). The contents of the
memory 116 can be represented as a two-dimensional matrix, where each row of the matrix stores
a latent representation of the state the environment at a respective time step, and optionally, a

discounted sum of latent representations generated at time steps subsequent to the respective time

step. For example, each row of the matrix may store: [z, (1 —¥) D¢r>¢ yt’_tztr], where z; is the
latent representation at time step t, z,+ is the latent representation at time step t’ subsequent to time
step t, and y is a discount factor between 0 and 1.

[0044] The action selection system 104 processes the latent representation 114 of the current state
of the environment 110 and data “read” (i.c., obtained) from the memory 116 to generate an action
selection policy output 118. The policy output 118 is used to select an action 106 to be performed
by the agent 108 at the current time step. For example, the policy output 118 generated by the
action selection system 104 at each time step may include a respective numerical probability value
for cach action in a set of possible actions that can be performed by the agent at the time step. In
some implementations, the action 106 to be performed by the agent 108 at the current time step
can be determined by sampling an action in accordance with the probability values for the actions.
In some other implementations, the action with the highest probability value may be selected as
the action to be performed by the agent 108 at the current time step. As another example, the policy
output 118 may directly define the action to be performed by the agent, for example, by indexing
an action in a set of possible actions that can be performed by the agent. As another example, the
policy output 118 may include a respective Q-value for each action in a set of possible actions that

can be performed by the agent. In this example, the Q-values can be processed (e.g., using a soft-
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max function) to generate a respective probability value for each possible action, which can be
processed (as described earlier) to select the action to be performed by the agent.

[0045] At cach time step, the state of the environment 110 at the time step (as characterized by the
observation 112) depends on the state of the environment 110 at the previous time step and the
action 106 performed by the agent 108 at the previous time step. Moreover, the agent 108 may
receive a reward 120 based on the current state of the environment 110 and the action 106 of the
agent 108 at the time step. In general, the reward 120 is a numerical value. The reward 120 can be
based on any event or aspect of the environment. For example, the reward 120 may indicate
whether the agent 108 has accomplished a task (e.g., navigating to a target location in the
environment 110) or the progress of the agent 108 towards accomplishing a task.

[0046] In some implementations, the environment is a real-world environment and the agent is a
mechanical agent interacting with the real-world environment. For example, the agent may be a
robot interacting with the environment to accomplish a specific task, e.g., to locate an object of
interest in the environment or to move an object of interest to a specified location in the
environment or to navigate to a specified destination in the environment; or the agent may be an
autonomous or semi-autonomous land or air or sea vehicle navigating through the environment.
[0047] In these implementations, the observations may include, for example, one or more of
images, object position data, and sensor data to capture observations as the agent as it interacts
with the environment, for example sensor data from an image, distance, or position sensor or from
an actuator.

[0048] For example in the case of a robot the observations may include data characterizing the
current state of the robot, ¢.g., one or more of: joint position, joint velocity, joint force, torque or
acceleration, for example gravity-compensated torque feedback, and global or relative pose of an
item held by the robot.

[0049] In the case of a robot or other mechanical agent or vehicle 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.

[0050] 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
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sensor, ¢.g., data from sensors of the agent or data from sensors that are located separately from
the agent in the environment.

[0051] In the case of an electronic agent the observations may include data from one or more
sensors monitoring part of a plant or service facility such as current, voltage, power, temperature
and other sensors and/or electronic signals representing the functioning of electronic and/or
mechanical items of equipment.

[0052] In these implementations, 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 or air or sea vehicle, e.g., torques to the control surface or other control elements
of the vehicle or higher-level control commands.

[0053] 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. For
example in the case of an autonomous or semi-autonomous land or air or sea vehicle the actions
may include actions to control navigation e.g. steering, and movement e.g., braking and/or
acceleration of the vehicle.

[0054] In some implementations the environment is a simulated environment and the agent is
implemented as one or more computers interacting with the simulated environment.

[0055] For example the simulated environment may be a simulation of a robot or vehicle and the
reinforcement learning system may be trained on the simulation. For example, the simulated
environment may be a motion simulation environment, ¢.g., a driving simulation or a flight
simulation, and the agent is a simulated vehicle navigating through the motion simulation. In these
implementations, the actions may be control inputs to control the simulated user or simulated
vehicle.

[0056] In another example, the simulated environment may be a video game and the agent may be
a simulated user playing the video game.

[0057] In a further example the environment may be a protein folding environment such that each

state is a respective state of a protein chain and the agent is a computer system for determining
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how to fold the protein chain. In this example, the actions are possible folding actions for folding
the protein chain and the result to be achieved may include, e.g., folding the protein so that the
protein is stable and so that it achieves a particular biological function. As another example, the
agent may be a mechanical agent that performs or controls the protein folding actions selected by
the system automatically without human interaction. The observations may include direct or
indirect observations of a state of the protein and/or may be derived from simulation.

[0058] In a similar way the environment may be a drug design environment such that each state is
a respective state of a potential pharma chemical drug and the agent is a computer system for
determining elements of the pharma chemical drug and/or a synthetic pathway for the pharma
chemical drug. The drug/synthesis may be designed based on a reward derived from a target for
the drug, for example in simulation. As another example, the agent may be a mechanical agent that
performs or controls synthesis of the drug.

[0059] Generally in the case of a simulated environment the observations may include simulated
versions of one or more of the previously described observations or types of observations and the
actions may include simulated versions of one or more of the previously described actions or types
of actions.

[0060] In some other applications the agent may control actions in a real-world environment
including items of equipment, for example in a data center or grid mains power or water
distribution system, or in a manufacturing plant or service facility. The observations may then
relate to operation of the plant or facility. For example the observations may include observations
of power or water usage by equipment, or observations of power generation or distribution control,
or observations of usage of a resource or of waste production. The agent may control actions in
the environment to increase efficiency, for example by reducing resource usage, and/or reduce the
environmental impact of operations in the environment, for example by reducing waste. The
actions may include actions controlling or imposing operating conditions on items of equipment
of the plant/facility, and/or actions that result in changes to settings in the operation of the
plant/facility e.g. to adjust or turn on/off components of the plant/facility.

[0061] In another application, the agent may provide actions to control a renewable power
generation system such as a wind or solar farm, e.g. based on predicted wind or solar irradiance,

to increase the efficiency of operation of the system.
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[0062] In some further applications, the environment is a real-world environment and the agent
manages distribution of tasks across computing resources ¢.g. on a mobile device and/or in a data
center. In these implementations, the actions may include assigning tasks to particular computing
resources.

[0063] As further example, the actions may include presenting advertisements, the observations
may include advertisement impressions or a click-through count or rate, and the reward may
characterize previous selections of items or content taken by one or more users.

[0064] In some cases, the observations may include textual or spoken instructions provided to the
agent by a third-party (e.g., an operator of the agent). For example, the agent may be an
autonomous vehicle, and a user of the autonomous vehicle may provide textual or spoken
instructions to the agent (e.g., to navigate to a particular location).

[0065] Optionally, in any of the above implementations, the observation at any given time step
may include data from a previous time step that may be beneficial in characterizing the
environment, e.g., the action performed at the previous time step, the reward received at the
previous time step, or both.

[0066] The action selection system 104 is trained by using reinforcement learning techniques to
iteratively adjust the values of the action selection system parameters to enable the agent 108 to
effectively perform tasks. More specifically, the values of the action selection system parameters
are adjusted using gradients of a reinforcement learning objective function (i.e., the RL objective
122) with respect to the action selection system parameters to increase a cumulative measure of
reward received by the agent by interacting with the environment. The action selection system 104
can be trained using any appropriate reinforcement learning technique, for example, a Q-learning
technique or a policy gradient technique.

[0067] Optionally, reinforcement learning techniques can be used to train the MBP system 102 by
iteratively adjusting the values of the MBP system parameters using gradients of the RL objective
122 with respect to the MBP system parameters. That is, the MBP system 102 and the action
selection system 104 can be trained “end-to-end” using gradients of the RL objective 122.
However, the MBP system 102 can also be trained independently of the RL objective 122 (that is,
the MBP system 102 and the action selection system 104 need not be trained end-to-end). In

particular, as will be described in more detail below, the MBP system 102 can be trained using
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gradients of a “prediction” objective function and a “divergence” objective function. The
prediction objective function encourages the MBP system 102 to generate a latent representation
of an observation that can be processed to: (i) reconstruct the observation, and (ii) predict the return
received by the agent as a result of interactions with the environment after the observation is
received. A “return” is a cumulative measure (e.g., a discounted sum) of rewards received by the
agent during interaction with the environment, and can be represented as a numerical value. The
divergence objective function encourages the MBP system 102 to generate a latent representation
of an observation that is predictive of latent representations of subsequent states of the
environment.

[0068] The MBP system 102 and the action selection system 104 (i.e., “the systems”) may be
trained using synchronous or asynchronous distributed machine learning training techniques. More
specifically, each of multiple worker computing units (e.g., processors or threads) may use the
systems to interact with different instantiations of the environment. Updates to the parameter
values of the systems may be determined based on training data generated by each of the worker
computing units.

[0069] The systems can be located in any appropriate locations. For example, the systems may be
located remotely from one another, and communications between them may be transmitted over a
data communication network (e.g., the Internet). Alternatively, the systems may be located in the
same geographic location (e.g., within the same data center).

[0070] FIG. 2 is a block diagram of an example MBP system 102. The MBP system 102 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 are implemented.
[0071] At cach of multiple time steps, the MBP system 102 is configured to process an observation
112 characterizing a current state of the environment at the time step to generate a latent
representation 114 of the observation 112. The MBP system 102 stores the latent representation
114 in the memory 116 and provides it to the action selection system 104 for use in selecting an
action to be performed by the agent at the time step.

[0072] As described earlier, the observation 112 can include multiple “components”, including
one or more of: data captured by one or more sensors of the agent (e.g., an image of the

environment captured by a camera sensor of the agent), a velocity of the agent, a textual or spoken
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instruction provided to the agent, the reward received by the agent at the previous time step, and
the action performed by the agent at the previous time step. Each component of the observation
112 can be represented as an ordered collection of numerical values, for example, a vector or
matrix of numerical values. For example, an image of the environment can be represented by one
or more channels, where each channel is a two-dimensional (2D) matrix of numerical values that
corresponds to a respective color (e.g., red, green, or blue). As another example, the action
performed by the agent at the previous time step can be represented as a “one-hot” vector of
numerical values.

[0073] The MBP system 102 includes an encoding system 202, a representation system 204, a
memory interface system 206, the memory 116, and a decoding system 208.

[0074] At cach time step, the encoding system 202 is configured to process the current observation
112 to generate an encoded representation 210 of the observation 112 as an ordered collection of
numerical values (e.g., a vector or matrix of numerical values). To generate the encoded
representation 210 of the observation 112, the encoding system 202 may process one or more
components of the observation 112 using respective encoding neural networks. For example, the
encoding system 202 can process an image of the environment included in the observation 112
using a convolutional image encoding neural network to generate an encoded representation of the
image. As another example, the encoding system 202 may sequentially process the characters of a
textual instruction included in the observation 112 using a long short-term memory (LSTM)
recurrent text encoding neural network to generate an encoded representation of the textual
instruction. The encoding system 202 may generate the overall encoded representation 210 by
concatenating respective encoded representations of each component of the observation 112 into
a vector. The encoding system 202 may concatenate certain components of the observation 112
directly onto the encoded representation 210 without further processing, for example, the reward
received by the agent at the previous time step (which is represented as a single numerical value).
[0075] The representation system 204 is configured to process: (1) the encoded representation 210
of the observation 112, and (ii) data read from the memory 116 at the previous time step by the
memory interface system 206, to generate the latent representation 114 of the observation 112.

The latent representation 114 is represented as an ordered collection of numerical values, for
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example, a vector of numerical values. The representation system 204 is described in more detail
with reference to FIG. 3.

[0076] The memory interface system 206 is configured to read data from the memory 116, and
afterwards, to write data to the memory 116.

[0077] To read data from the memory 116, the memory interface system 206 processes the latent
representation 114 using a recurrent neural network to generate a recurrent neural network output.
Optionally, the recurrent neural network may process other inputs in addition to the latent
representation 114, for example, data read from the memory 116 by the memory interface system
206 at the previous time step, a representation of the action performed by the agent at the current
time step, or both. The memory interface system 206 uses the recurrent neural network output to
generate a predetermined number of “read key” vectors. Thereafter, the memory interface system
206 uses cach read key vector to obtain a respective “readout” vector from the contents of the
memory 116, as will be described in more detail with reference to FIG. 4. The data “read from the
memory” refers to the collection of readout vectors obtained from the contents of the memory. The
data read from the memory 116 at the current time step is provided to the representation system
204 at the next time step for use in generating the latent representation of the observation at the
next time step.

[0078] To write data to the memory 116, the memory interface system 206 stores the latent
representation 114 in a row of the memory 116. In some implementations, each row of the memory
stores: (i) a latent representation for a given time step, and (ii) a discounted sum of latent
representations for time steps subsequent to the given time step. In these implementations, in
addition to storing the latent representation 114 in a respective row of the memory 116, the memory
interface system 206 updates each other row in the memory by updating the discounted sum of
subsequent latent representations stored in the row. An example process for writing data to the
memory 116 is described in more detail with reference to FIG. 4.

[0079] During training of the MBP system 102, the decoding system 208 is configured to process
the latent representation 114 to generate: (1) a predicted reconstruction 212 of the observation 112,
and (ii) a predicted return 214 that will be received by the agent as a result of interactions with the

environment after the observation for the time step is received.
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[0080] The predicted reconstruction 212 includes a predicted reconstruction of each component
of the observation 112. To generate the predicted reconstruction 212 of a given component of the
observation 112, the decoding system 208 may process the encoded representation of the given
component using a respective decoding neural network. The decoding neural network used to
generate the reconstruction of the given component may have the same architecture as the
corresponding encoding neural network used to generate the encoded representation of the given
component, except the operations are reversed. For example, the decoding system 208 may process
the encoded representation of an image included in the observation 112 using a convolutional
image decoding neural network, where each convolutional layer of the decoding neural network is
a transposition of a corresponding convolutional layer of the convolutional image encoding neural
network.

[0081] The decoding system 208 generates the predicted return 214 by processing the latent
representation 114 and one or both of: (i) the policy output 118 generated by the action selection
system 104 at the current time step, and (ii) the action performed by the agent at the current time
step. An example process for generating the predicted return 214 is described in more detail with
reference to FIG. 4.

[0082] The MBP system 102 can jointly train the encoding system 202, the representation system
204, the memory interface system 206, and the decoding system 208 by iteratively adjusting their
respective parameter values to enable the MBP system 102 to accurately reconstruct observations
and predict returns. More specifically, the MBP system 102 can use a training engine to adjust the
values of the MBP system parameters (i.., including the parameters of the encoding,
representation, memory interface, and decoding systems) using gradients of a prediction objective
function 216 with respect to the MBP system parameters. The prediction objective 216 may
include respective terms that characterize: (i) how accurately the predicted reconstruction 212
approximates the observation 112, and (ii) how accurately the predicted return 214 approximates
the actual return received by the agent.

[0083] The action selection system 104 is configured to process an input including the latent
representation 114 of the current observation 112 and data read from the memory 116 to select the

action to be performed by the agent at the current time step. An example process for selecting an
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action to be performed by the agent at a time step using a latent representation 114 generated by
the MBP system 102 is described in more detail with reference to FIG. 5.

[0084] FIG. 3 is a block diagram of an example representation system 204. The representation
system 204 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 are implemented.

[0085] The representation system 204 is configured to process: (1) the encoded representation 210
of the current observation, and (ii) data read from the memory at the previous time step (i.e., the
memory readout vectors 302), to generate the latent representation 114 of the current observation.
The representation system 204 generates the latent representation 114 of the current observation
using a prior neural network 304 and a posterior neural network 306.

[0086] The prior neural network 304 is configured to process the memory readout vectors 302 to
generate data defining the parameters of a prior probability distribution 308 over the “latent
representation space” of possible latent representations. For example, for latent representations
expressed as n-dimensional vectors, the prior neural network 304 may generate a mean vector and
a diagonal covariance matrix of an n-dimensional Normal distribution. Optionally, the prior neural
network 304 may process other inputs in addition to the memory readout vectors 302, for example,
the output of the recurrent neural network of the memory interface system 206. The prior
distribution 308 predicts the latent representation 114 of the current observation 112 based on the
memory readout vectors 302 (i.e., which characterize latent representations of previous states of
the environment). Generally, the prior neural network 304 generates the prior distribution 308
without processing the encoded representation 210 of the current observation (or other data derived
from the current observation).

[0087] The posterior neural network 306 is configured to process the encoded representation 210
of the current observation, the memory readout vectors 302, and the parameters of the prior
distribution 308, to generate data defining the parameters of a posterior probability distribution
310 over the latent representation space. For example, for latent representations expressed as n-
dimensional vectors, the posterior neural network 306 may generate a mean vector and a diagonal

covariance matrix of an n-dimensional Normal distribution (similar to the prior neural network

304).
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[0088] Example architectures of the prior neural network and the posterior neural network are
described in more detail with reference to FIG. 4.

[0089] The representation system 204 samples the latent representation 114 of the current
observation from the posterior distribution 310. As described earlier, the latent representation 114
is thereafter written to the memory 116 and provided to the action selection system 104 for use in
selecting an action to be performed by the agent in response to the current observation.

[0090] The MBP system 102 uses the training engine to jointly train the MBP system parameters
using gradients of a divergence objective function 312 with respect to the MBP system parameters.
As will be described in more detail with reference to FIG. 4, the divergence objective 312 includes
a similarity measure (e.g., a Kullback-Leibler similarity measure) between the prior distribution
308 and the posterior distribution 310. Training the MBP system parameters using gradients of the
divergence objective function 312 enables the representation system 204 to generate a prior
distribution 308 based on latent representations of previous states of the environment which is
predictive of the latent representation of the current state of the environment. Therefore, training
the MBP system parameters using gradients of the divergence objective function 312 enables the
representation system to generate latent representations of states of the environment that are
predictive of latent representations of subsequent states of the environment. The MBP system
parameters refer to the parameters of the prior and posterior neural networks of the representation
system 204, as well as the parameters of encoding, memory interface, and decoding systems of the
MBP system 102.

[0091] FIG. 4 is a flow diagram of an example process 400 for training a memory-based prediction
system. For convenience, the process 400 will be described as being performed by a system of one
or more computers located in one or more locations. For example, a memory-based prediction
system, e.g., the memory-based prediction system 102 of FIG. 1, appropriately programmed in
accordance with this specification, can perform the process 400.

[0092] The system receives a current observation which characterizes a current state of the
environment being interacted with by the agent at the current time step (402). The observation can
include multiple components, including one or more of: data captured by one or more sensors of

the agent, a velocity of the agent, a textual or spoken instruction provided to the agent, the reward
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received by the agent at the previous time step, and the action performed by the agent at the
previous time step.

[0093] The system generates an encoded representation of the current observation (404). The
system generates the encoded representation of the current observation by processing the current
observation using an encoding system, in accordance with current values of encoding system
parameters. The encoding system may process one or more components of the current observation
using respective encoding neural networks (e.g., a convolutional image encoding neural network
and a LSTM recurrent text encoding neural network). After generating a respective encoded
representation of each component of the observation, the encoding system may generate the overall
encoded representation of the observation by concatenating the respective encoded representations
of the components of the observation into a vector.

[0094] The system generates a latent representation of the current observation using the encoded
representation of the current observation and data read from the external memory at the previous
time step (406). The system generates the latent representation of the current observation using a
prior neural network and a posterior neural network.

[0095] The prior neural network is configured to process the data read from the memory at the
previous time step to generate data defining the parameters of a prior probability distribution over
the latent representation space of possible latent representations. Optionally, the prior neural
network may process other inputs in addition to the data read from the memory, for example, the
hidden state of the recurrent neural network of the memory interface system. The prior neural
network can have any appropriate neural network architecture. For example, the prior neural
network may be a multi-layer perceptron (MLP) with two hidden layers with tanh activation
functions and a linear output layer, where each hidden layer and the output layer have width 2 X
|z|, where |z| is the dimensionality of the latent representations. In one example, the first |z|
dimensions of the output of the prior neural network may represent a mean vector of a Normal
distribution, and the second |z| dimensions of the output of the prior neural network may represent
the components of a diagonal covariance matrix of the Normal distribution.

[0096] The posterior neural network is configured to process the encoded representation of the
current observation and the data read from the memory at the previous time step to generate data

defining the parameters of a posterior probability distribution over the latent representation space.
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Optionally, the posterior neural network may process other inputs in addition to the encoded
representation and the data read from the memory, for example, the parameters of the prior
distribution and the output of the recurrent neural network used to read data from the memory at
the previous time step. The posterior neural network can have any appropriate neural network
architecture. For example, the posterior neural network may be a multi-layer perceptron (MLP)
with two hidden layers with tanh activation functions and a linear output layer, where each hidden
layer and the output layer have width 2 X |z|, where |z| is the dimensionality of the latent
representations. In one example, the input layer of the posterior neural network may receive the
encoded representation of the current observation, the data read from the memory at the previous
time step, and the recurrent neural network output used to read data from the memory at the
previous time step. The system may generate the posterior distribution parameters by adding the
output of the output layer of the posterior neural network to the prior distribution parameters. The
first |z| dimensions of the posterior distribution parameters may represent a mean vector of a
Normal distribution, and the second |z| dimensions of the posterior distribution parameters may
represent the components of a diagonal covariance matrix of the Normal distribution.

[0097] The system reads data from the memory using the latent representation of the current
observation (408). To read data from the memory, the system processes an input including the
latent representation of the current observation and data read from the memory at the previous time
step using a recurrent neural network to generate a recurrent neural network output. Optionally,
the input processed by the recurrent neural network may include additional data, for example, a
representation of the action performed at the agent by the time step (i.e., which was determined by
an action selection system using the latent representation of the current observation).

[0098] For example, the recurrent neural network may be an LSTM network with two hidden
layers. Denote the input to the LSTM as x,. Within a layer [, there is a recurrent state ht and a

“cell” state sf, which are updated based on the following recursion (with o(x) =

(14 exp(—x))~1):
it = o(Wilx, hi_y, R+ b)) (1
fi=o(Wix, hiy, R+ b)) (2)
st = flsi_; + it tanh(Wl[x,, ht_;, R + b)) (3)
of = o(W, [xe, hi_y, R T+ B5) (4
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hi = ol tanh(s}) (5)

where Wil, Wfl, Wik, Wi, bf, b}, bi, bl represent trainable parameters of the LSTM, and the LSTM
recurrent neural network output is given by: [hf, h%].

[0099] The system uses the recurrent neural network output to read data from the memory. In
particular, the system applies a linear neural network layer to the recurrent neural network output
to generate a memory interface vector of dimension K™ X (2 X |z| + 1), where K is a positive
integer defining the number of readout vectors to be obtained from memory and |z| is the
dimensionality of the latent representation of an observation. The memory interface vector is then
segmented into K" read key vectors k%, k2, ..., kX" of length 2 X |z| and K™ scalars scf, ..., scX',
which are passed through the function SoftPlus(x) = log(1 + exp(x)) to create the scalars
B, ... BK".

[0100] The system computes ¢.g. the cosine similarity between each read key ki and each memory

row M;_4[j,"]. The cosine similarity between the i-th ready key and the j-th memory row is denoted

by Ctij . For each read key, the system determines a normalized weighting vector of length N™é™

(where N™€™ represents the number of rows in the memory) by:

. exp(Bic;’)
wiljl = =ttt (6)
SN exp(Bic)

where wi[j] is the j-th component of the weighting vector for the i-th read key.

[0101] For the i-th read key, the system generates a corresponding readout vector mi from
memory by summing each row of the memory, where each row of the memory is scaled by the
corresponding component of the normalized weighting vector for the i-th read key. That is, the
system generates the readout vector mt as: mé = MJ_,w, where M{_, represents the transpose of
the 2D matrix representing the memory. The data read from the memory is represented as the
concatenation of the readout vectors.

[0102] At the first time step, the “data read from the memory at the previous time step” should be
understood to refer to readout vectors having default values (e.g., all zeros).

[0103] The system writes data to the memory using the latent representation of the current
observation (410). First, the system identifies a row of the memory where the latent representation

of the current observation will be written (i.e., stored). If the memory is not full (i.e., if the system
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has not previously written data in one or more rows of the memory), the system identifies an
unused row of the memory for writing data at the current time step. If the memory is full (i.e., the
system has previously written data in each row of the memory), the system identifies a row of the
memory for writing data at the current time step based on how frequently data is read from each
row of the memory. The system can keep track of how frequently data is read from a row k of the
memory by iteratively updating a read counter u,[k] at each time step t as: u.[k] = u,_[k] +
¥ wi[k], where w[k] is defined with reference to equation 6, and the sum is over the number of
read key vectors. The system can identify the row of the memory for writing data at the current
time step as the row with the lowest read counter value.
[0104] After identifying a row of the memory, the system writes the latent representation of the
current observation to the identified row of the memory. Optionally, the system may also update
data previously written to other rows of the memory using the latent representation of the current
observation. In particular, each row of the memory may store: (i) a latent representation for a given
time step, and (ii) a discounted sum of latent representations for time steps subsequent to the given
time step. In this case, in addition to storing the latent representation of the current observation in
a respective row of the memory, the system may update each other row the memory by updating
the discounted sum of subsequent latent representations stored in each other row of the memory.
For example, to write data to the t-th row of the memory, the system may generate a writing weight
vector vy [i] = &;; (where &.. is a Kronecker delta function) and a retroactive memory update
vector v as:
vt =S+ -vy (D)

where y is a discount factor between 0 and 1, and each of these weight vectors is initialized (i.e.,
at the first time step) as vy" = v3¢ = 0. The system may use the weight vectors to update the
memory as:

My = Me_y + v [2,,0]" + v{°*[0, 2,]" 8
where M, is the 2D matrix representing the updated memory, M,_; represents the non-updated
memory, z; 1S the latent representation of the current observation, and 0 is a zero-vector of length
given by the dimensionality of the latent representation.
[0105] The system uses the latent representation of the current observation to generate: (i) a

predicted return that will be received by the agent as a result of interactions with the environment
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after the current observation is received, and (i) a predicted reconstruction of the current
observation (412). In particular, the system processes an input including the latent representation
of the current observation using a decoding system, in accordance with current values of decoding
system parameters, to generate the predicted return and the predicted reconstruction.

[0106] The predicted return may be, for example, a state-value or a Q-value. A state-value refers
to the predicted return as a result of the agent performing actions selected in accordance with the
current action selection policy (i.e., as defined by the parameters of the MBP system and the action
selection system). A Q-value refers to the predicted return as a result of the agent performing
actions selected in accordance with the current action selection policy, given the action performed
by the agent at the current time step. To generate the predicted return, the system can process an
input including the latent representation of the current observation and one or both of: (i) the action
selection policy output used by the agent to select an action to be performed at the current time
step, and (i1) a representation of an action performed by the agent at the current time step.

[0107] For example, the system can generate a Q-value predicted return using a state-value
function neural network and an advantage function neural network. The state-value function
network is configured to process the latent representation of the current observation and the action
selection policy output used by the agent to select the action to be performed at the current time
step to generate a state-value estimate. The advantage function network is configured to process
the latent representation of the current observation and a representation of the action performed by
the agent at the current time step to generate an advantage estimate. The advantage estimate is an
estimate of a difference between the Q-value and the state-value at the current time step. The
system can generate the predicted return by summing the state-value estimate and the advantage
estimate.

[0108] The system can generate the predicted reconstruction of the current observation by
generating a respective reconstruction of each component of the current observation. To generate
the predicted reconstruction of a given component of the observation, the system may process the
encoded representation of the given component using a respective decoding neural network (e.g.,
convolutional image decoding neural network). The decoding neural network used to generate the

reconstruction of the given component may have the same architecture as the encoding neural
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network used to generate the encoded representation of the given component, except the operations
are reversed.

[0109] The system adjusts the current values of the system parameters using gradients of a
prediction objective function and a divergence objective function with respect to the system
parameters (414). The system parameters refer some or all of the parameters of the encoding,
representation, memory interface, and decoding systems. Rather than adjusting the system
parameters at each time step, the system may adjust the system parameters only in response to
determining that an update criterion is satisfied. For example, the update criterion may be that a
predetermined number of time steps have elapsed since the last time the system parameters were
adjusted. In response to determining that an update criterion is not satisfied, the system can return
to step 402.

[0110] The prediction objective function is based on, for one or more of the preceding time steps:
(1) the difference between the predicted return and the actual return for the time step, and (ii) the
difference between the predicted reconstruction and the observation for the time step. For example,

the prediction objective function Ly, for a time step may be given by:

Lpred = areturnj-:return + aimageLimage + arewardj-:reward + aactionLaction
+ avelocityj;velocity + atextLtext (9)
where &, opm» Aimages Arewards Laction> Xvelocitys and a,,,; are scalar coefficient values. L,.¢rn
characterizes the difference between the predicted return and the actual return for the time step. If
the predicted return is a Q-value determined using a state-value function neural network and an
advantage function neural network, as described with reference to step 412, then £,..4,-, may be

given by:
1 ~ ~ 2
Lyeturn = E[th - thz + |Rt - Rtl ] (10)
where V, is the estimated state-value, V; is the actual state-value, R, is the estimated Q-value, and
R; is the actual Q-value. The actual Q-value R; may be determined as:

Rt — {Tt + )/TH_l + )/ZTH_Z + +yk_t+1 Vk+1’ lfk < T (11)

Tt + )/TH_l + )/27}.,_2 + +yT_t TT, lfT S k
where k is the future time step that used as the endpoint for determining the predicted return after

time step t, and T represents a time step at which the environment “terminates” (e.g., because the

27



10

15

20

WO 2019/170905 PCT/EP2019/055950

agent finishes a task). Li,40 characterizes how well the reconstructed image matches the

observation image, and may be given by:

w7l IcCl

Limage = Z [1lw, h, ] log I, [w, h,c] + (1 — I[w, b, c]) log(1 — [y[w, b, c])]  (12)

w=1h=1,c=1
where w, h, and ¢ respectively index the width, height, and channels of the image, I:[w,h, c]
represents the intensity of the image at [w,h,c] and [,[w,h, c] represents the intensity of the
reconstructed image at [w, h, ¢]. L, ewara characterizes how accurately the predicted reward from

the previous time step matches the actual reward at the previous time step, and may be given by:

1
Lrewara = E |rt—1 - rt—ll (13)

where 1;_; 1s the actual reward at the previous time step and 7¢_; is the predicted reward at the
previous time step. L,.¢ion characterizes how accurately the prediction of the action performed at
the previous time step matches the action performed at the previous time step, and may be given

by:

4|
Loction = ) 18,5 [i110g(@c_1[iD) + (1 = @, (D log(1 — &, D] (14)

i=1
where |A] is the total number of actions that can be performed, a,_;[{] is the i-th component of a
one-hot vector representation of the action performed at the previous time step, and @,_;[{] is the
i-th component of a predicted vector representation of the action performed at the previous time

step. Lyeiocity Characterizes how accurately the prediction of the velocity the agent matches the

actual velocity of the agent, and may be given by:

6
1
Loetocity =5 ) Il = 2[ll> (15)
i=1

where v, [i] is the i-th component of a vector representation of the velocity of the agent, and 7, [i]
is the i-th component of a predicted vector representation of the velocity of the agent. Loy
characterizes how accurately the prediction of a textual instruction provided to the agent matches

the actual textual instruction provided to the agent, and may be given by:

Loows = Z Z [T.[k, i]log Ty [k, i] + (1 — Tylk, iD log(1 — Tu[k,i1)]  (16)
k=1 i=1
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where k indexes the words in the textual instruction (up to 10 words), 1000 is the vocabulary size
of possible words, T,[k, i] has value 1 if the k-th word in the instruction matches the i-th word in
the vocabulary and 0 otherwise, and T, [k, i] is the predicted probability that the k-th word in the
instruction matches the i-th word in the vocabulary. The overall prediction objective function can
be obtained by summing the prediction objective function for one or more time steps.
[0111] The divergence objective function is based on, for one or more of the preceding time steps,
a measure of similarity between the respective prior and posterior distributions generated at the
preceding time step. For example, the divergence objective function £ 4;, for a preceding time step
may be given by:

Laiv = D [pl4] (17)
where Dg; [+,+] is the Kullback-Leibler divergence measure, p is the prior distribution, and q is the
posterior distribution at the time step. The overall divergence objective function can be obtained
by summing the divergence objective function for one or more preceding time steps.
[0112] The system can determine gradients of the prediction objective function and the divergence
objective function using any appropriate technique, for example, backpropagation. The system can
use the update rule of any appropriate gradient descent optimization algorithm (e.g., Adam or
RMSprop) to adjust the system parameters using the gradients. After adjusting the system
parameters, the system can return to step 402.
[0113] FIG. 5 is a flow diagram of an example process 500 for selecting an action to be performed
by an agent using a latent representation generated by the MBP system. For convenience, the
process 500 will be described as being performed by a system of one or more computers located
in one or more locations. For example, an action selection system, e.g., the action selection system
104 of FIG. 1, appropriately programmed in accordance with this specification, can perform the
process 500.
[0114] The system receives a latent representation of the current state of the environment (502).
An example process for generating the latent representation of the current state of the environment
using an MBP system is described with reference to FIG. 4.
[0115] The system obtains data from a memory maintained by the MBP system (504). As
described carlier, the memory stores latent representations of previous states of the environment

generated at previous time steps. The system may obtain the data read from the memory at the
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time step by the MBP system. Alternatively, the system may read data directly from the memory
in a similar manner as MBP system. More specifically, as described with reference to step 408 of
FIG. 4, the system may process the latent representation of the current observation and the data
read from the memory at the previous time step using a recurrent neural network to generate a
recurrent neural network output. The “recurrent neural network™ referred to here is distinct from
the recurrent neural network used by the MBP system to read from the memory. The system may
process the recurrent neural network output to generate read key vectors, and thereafter use the
read key vectors to generate respective readout vectors from the contents of the memory.

[0116] The system processes an input including the latent representation of the current state of the
environment and the data obtained from the memory using an action selection neural network to
generate an action selection policy output (506). If the system reads data directly from the memory
using a recurrent neural network, the input processed by the action selection network may
additionally include the recurrent neural network output. The policy output may include a
respective numerical probability value for each action in a set of possible actions that can be
performed by the agent at the time step. The action selection neural network may have any
appropriate neural network architecture. For example, the action selection neural network may be
a single hidden layer MLP with 200 tanh neurons. The output layer of the action selection network
may have the same number of neurons as the number of possible actions that can be performed by
the agent.

[0117] The system selects the action to be performed by the agent based on the action selection
policy output (508). For example, the system may sample an action in accordance with the
probability values for the actions specified by the policy output.

[0118] During training, the system adjusts the current values of the system parameters using
gradients of a reinforcement learning objective function with respect to the system parameters
(510). The system parameters refer to some or all of the parameters of the action selection network
and optionally, a recurrent neural network used to read data from the memory. Optionally, but not
necessarily, the system can adjust the current values of the MBP system parameters using gradients
of the reinforcement learning objective function. Rather than adjusting the system parameters at
cach time step, the system may adjust the system parameters at a time step only in response to

determining that an update criterion is satisfied. For example, the update criterion may be that a
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predetermined number of time steps have elapsed since the last time the system parameters were
adjusted. In response to determining that an update criterion is not satisfied, the system can return
to step 502.

[0119] In one implementation, the gradient of the reinforcement learning objective function may

be a “policy gradient” A8 given by:

T
80 = ) RV logme(alh)
t=0

where t indexes time steps, R; is the return 1y + 1,44 + -+ + 17, and Vg logmg(as|hy) is the
gradient of the probability value specified by the action selection policy output for the action
selected at time step t with respect to the system parameters. A variant of this may include an
additional term to increase the entropy of the policy’s action distribution.

[0120] FIG. 6 illustrates the operation of an example memory-based prediction (MBP) system and
action selection system as described above. In this example an observation o, at time ¢ comprising
an image I;, an egocentric velocity v;, a previous reward 1;_; and action a;_;, and optionally a
text instruction T, is encoded to e; by the encoding system. As previously described a recurrent
neural network h; has produced, e.g. via the prior neural network, a prior p distribution over the
latent representation z, at the previous time step ¢ — 1. The mean and log standard deviation of
the Gaussian distribution p are concatenated with the embedding e; and passed through the
posterior neural network to form an intermediate variable n;, which is added to the prior to make
a Gaussian posterior distribution q, from which the latent representation z; is sampled. This is
inserted into row ¢ of the memory matrix M, represented updated as M;, and passed to the recurrent
neural network h; of the MBP system. The recurrent neural network h; has multiple read heads
cach with a key k. which is used to find matching items m; in memory. The latent representation
z, 18 passed as an input to the read-only action selection (policy) neural network (in this example
it does not write to the memory), and is also passed through the decoding system, decoder neural
networks that produce reconstructed input data (shown with carets) and the predicted return R,.
The MBP system is trained based on a variational lower bound objective as described above,
consisting of a reconstruction loss and a KL divergence between p and ¢. In the illustrated example

the gradient from the policy loss into the MBP system is blocked.
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[0121] In FIG. 6 the action selection (policy) neural network, by way of example, comprises a
recurrent LSTM network h, which outputs through a neural network, with an intermediate hidden
layer #i;, for the action probabilities from which an action a; is sampled and acts on the
environment. The recurrent LSTM network A, has multiple read heads that each produce a key
vector k, that is used to access the data in the memory M in a way similar to that previously
described for the MBP system. The read heads return read vectors 71, that are concatenated into
fi,, and the read data is also provided as an input to the recurrent LSTM network h,.

[0122] 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 programs include instructions that, when executed by data
processing apparatus, cause the apparatus to perform the operations or actions.

[0123] 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.

[0124] 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
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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, ¢.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.

[0125] 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 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.

[0126] 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.

[0127] 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.

[0128] 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
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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,
¢.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, ¢.g., a universal serial bus (USB)
flash drive, to name just a few.

[0129] 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, ¢.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.

[0130] 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, ¢.g., a smartphone that is running a messaging application, and

receiving responsive messages from the user in return.
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[0131] 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.

[0132] Machine learning models can be implemented and deployed using a machine learning
framework, ¢.g., a TensorFlow framework, a Microsoft Cognitive Toolkit framework, an Apache
Singa framework, or an Apache MXNet framework.

[0133] Embodiments of the subject matter described in this specification can be implemented in a
computing system that includes a back-end component, ¢.g., as a data server, or that includes a
middleware component, e.g., an application server, or that includes a front-end component, ¢.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 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.

[0134] 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, ¢.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.

[0135] 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
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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.

[0136] 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 integrated together in a single software product or packaged into multiple software
products.

[0137] 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.

[0138] What is claimed is:
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CLAIMS

1. A method for training a memory-based prediction neural network system using a predictive
modeling process, wherein the memory-based prediction neural network system has a plurality of
memory-based prediction parameters and is configured to receive an input observation
characterizing a state of an environment interacted with by an agent and to process the input
observation and data read from an external memory to update data stored in the external memory
and to generate a latent representation of the state of the environment, the method comprising:
for each of a plurality of time steps:
receiving an observation for the time step characterizing a current state of the
environment being interacted with by the agent at the time step;
processing the observation for the time step and data read from the external memory
using the memory-based prediction neural network system and in accordance with current values
of the memory-based prediction parameters to: (i) update the data stored in the external memory,
and (i1) generate a latent representation of the current state of the environment as of the time step;
and
generating, using the latent representation of the current state of the environment
as of the time step, a predicted return that will be received by the agent as a result of interactions
with the environment after the observation for the time step is received;
determining a gradient based on, for one or more of the time steps, a difference between
the predicted return for the time step and an actual return received by the agent; and

adjusting the values of the memory-based prediction parameters using the gradient.

2. The method of claim 1, wherein processing the observation for the time step and data read
from the external memory using the memory-based prediction neural network system to: (i) update
the data stored in the external memory, and (ii) generate a latent representation of the current state
of the environment as of the time step, comprises:

processing, using an encoding system and in accordance with current values of encoding
system parameters, an input comprising the observation for the time step to generate an encoded
representation of the observation;

processing, using a representation system and in accordance with current values of
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representation system parameters, an input comprising the encoded representation and data read
from the external memory at a previous time step to generate the latent representation of the current
state of the environment as of the time step; and

reading data from the external memory and writing data to the external memory using the

latent representation.

3. The method of claim 2, wherein adjusting the values of the memory-based prediction
parameters using the gradient comprises:

adjusting the values of the representation system parameters using the gradient.

4. The method of any one of claims 2-3, wherein reading data from the external memory using
the latent representation comprises:

processing, using a recurrent neural network and in accordance with current values of
recurrent neural network parameters, an input comprising: (1) the latent representation, (ii) the data
read from the external memory at the previous time step, and (iii) an action performed by the agent
at the time step, to generate a recurrent neural network output; and

reading data from the external memory based on the recurrent neural network output.

5. The method of any one of claims 2-4, wherein writing data to the external memory using
the latent representation comprises writing the latent representation to a specific location in the
external memory and updating data previously written to the external memory using the latent

representation.

6. The method of any one of claims 2-5, wherein writing data to the external memory using
the latent representation comprises, in response to determining that the external memory is full,
overwriting specific data in the external memory-based on how frequently the specific data is read

from the external memory.

7. The method of any one of claims 4-6, wherein processing, using the representation system,

the input comprising the encoded representation and data read from the external memory at the
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previous time step to generate the latent representation comprises:

processing, using a prior neural network and in accordance with current values of prior
neural network parameters, an input comprising: (i) the recurrent neural network output, and (ii)
the data read from the external memory at the previous time step, to generate parameters of a prior
probability distribution over a latent representation space;

processing, using a posterior neural network and in accordance with current values of
posterior neural network parameters, and input comprising: (i) the parameters of the prior
probability distribution, (ii) the encoded representation of the observation, (iii) the recurrent neural
network output, and (iv) the data read from the external memory at the previous time step, to
generate parameters of a posterior probability distribution over the latent representation space; and

generating the latent representation by sampling a latent representation from the posterior

probability distribution.

8. The method of claim 7, wherein:

the parameters of the prior probability distribution include prior mean parameters and prior
standard deviation parameters;

the parameters of the posterior probability distribution include posterior mean parameters
and posterior standard deviation parameters; and

sampling a latent representation from the posterior probability distribution comprises
sampling a latent representation from a Normal distribution defined by the parameters of the

posterior probability distribution.

9. The method of any one of claims 7-8, further comprising:

determining a divergence gradient based on, for one or more of the time steps, a measure
of similarity between: (i) the prior probability distribution over the latent representation space at
the time step, and (ii) the posterior probability distribution over the latent representation space at
the time step; and

adjusting the values of the memory-based prediction parameters using the divergence

gradient.
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10.  The method of any one of claims 2-9, wherein adjusting the values of the memory-based
prediction parameters using the gradient comprises:
adjusting the values of the encoding system parameters and the values of the decoding

system parameters using the gradient.

11.  The method of any one of claims 1-10, wherein generating, using the latent representation
of the current state of the environment as of the time step, a predicted return that will be received
by the agent as a result of interactions with the environment after the observation for the time step
is received, comprises:

processing, using a decoding system and in accordance with current values of decoding
system parameters, a decoding system input to generate the predicted return, wherein the decoding
system input comprises: (i) the latent representation, and (ii) an action selection policy output used
by the agent to select an action to be performed at the time step, an action performed by the agent

at the time step, or both.

12. The method of claim 11, wherein the decoding system further generates a predicted

reconstruction of the observation for the time step.

13.  The method of claim 12, further comprising:

determining an additional gradient based on, for one or more of the time steps, a difference
between: (i) the predicted reconstruction of the observation for the time step, and (ii) the
observation for the time step; and

adjusting the values of the memory-based prediction parameters using the additional

gradient.

14.  The method of any one of claims 11-13 when dependent upon claim 2, wherein processing,

using a decoding system, a decoding system input to generate a predicted return comprises:
processing, using a state-value function neural network and in accordance with current

values of state-value function neural network parameters, an input comprising: (i) the latent

representation, and (ii) the action selection policy output used by the agent to select the action to
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be performed at the time step, to generate a state-value estimate;

processing, using an advantage function neural network and in accordance with current
values of advantage function neural network parameters, an input comprising: (i) the latent
representation for the time step, and (ii) the action performed by the agent at the time step, to
generate an advantage estimate; and

generating the predicted return based on the state-value estimate and the advantage

estimate.

15.  The method of any one of claims 11-14 when dependent upon claim 2, wherein the action
selection policy output used by the agent to select an action to be performed at the time step
comprises a score distribution over a predetermined set of possible actions that could be performed

by the agent.

16. A method for selecting an action to be performed by an agent interacting with an
environment, comprising;:

receiving a latent representation of a current state of the environment, wherein the latent
representation of the current state of the environment is generated by a memory-based prediction
neural network system that is trained according to the method of any one of claims 1-15;

processing, using an action selection neural network system and in accordance with current
values of action selection system parameters, an input comprising the latent representation of the
current state of the environment to generate an action selection policy output; and

selecting the action to be performed by the agent based on the action selection policy

output.

17.  The method of claim 16, further comprising:

reading data from an external memory, wherein the external memory is updated by the
memory-based prediction neural network system that is trained according to the method of any
one of claims 1-15, and

wherein the input processed by the action selection neural network system further
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comprises the data read from the external memory.

18.  The method of any one of claims 16-17, wherein processing, using an action selection
neural network system and in accordance with current values of action selection system
parameters, an input comprising the latent representation of the current state of the environment to
generate an action selection policy output, comprises:

processing, using a recurrent neural network and in accordance with current values of
recurrent neural network parameters, the action selection neural network system input to generate
a recurrent neural network output;

processing, using an action selection neural network and in accordance with current values
of action selection neural network parameters, an input comprising: (i) the recurrent neural

network output, and (ii) the latent representation, to generate the action selection policy output.

19. The method of any one of claims 16-18, further comprising determining gradients based
on the action selection policy output and adjusting values of the action selection system parameters

using the gradients.

20.  The method of claim 19, wherein the gradients are not used to adjust values of memory-
based prediction parameters of the memory-based prediction neural network system that is trained

according to the method of any one of claims 1-15.

21.  The method of any one of claims 16-20, wherein:

the action selection policy output comprises a score distribution over a predetermined set
of possible actions that could be performed by the agent; and

selecting the action to be performed by the agent based on the action selection policy output
comprises sampling an action from the predetermined set of possible actions based on the score

distribution.

22.  The method of any one of claims 16-21, wherein the agent is a mechanical agent, wherein

the observation includes one or more images, and wherein the action comprises an action to be
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taken by the mechanical agent to perform a task.

23. 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 the operations of the respective method of any one of claims 1-22.
24.  One or more computer storage media storing 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 1-22.
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