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ALIGNING ENTITIES USING NEURAL NETWORKS

CROSS REFERENCE TO RELATED APPLICATIONS
This application claims priority to U.S. Provisional Patent Application No. 63/052,878,

filed on July 16, 2020, the entire contents of which are hereby incorporated by reference.

BACKGROUND
This specification relates to processing image observations using neural networks.
Neural networks are machine learning models that employ one or more layers of
nonlinear units to predict an output for a received input. Some neural networks include one or
more hidden layers in addition to an output layer. The output of each hidden layer is used as
input to the next layer in the network, 1.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

This specification describes a system implemented as computer programs on one or more
computers in one or more locations that aligns entities, e.g., objects, across multiple image
observations of an environment using a neural network.

In one aspect there 1s described a computer implemented method, and a corresponding
system configured to implement the method.

The method comprises obtaining respective current feature representations for each of a
set of current entities that have been detected in an environment at a current time point; obtaining
respective historical feature representations for each of a set of historical entities that have been
detected in the environment at one or more earlier time points preceding the current time point;
and processing an alignment input comprising (1) the respective historical feature representations
for the set of historical entities and (i1) the current feature representations for the set of current
entities using an alignment neural network to generate an alignment output that defines, for each
of one or more of the current entities, a corresponding historical entity that is the same as the

current entity.



10

15

20

25

30

WO 2022/013441 PCT/EP2021/070023

In implementations the entities are e.g. objects in a scene, 1.€. entities in an image of the
environment. In implementations the environment is a real-world environment. In
implementations the current and historical feature representations are representations of the
entities e.g. objects, that may each be obtained at least in part by processing an image of the
environment using a scene decomposition neural network. Thus the scene decomposition neural
network may receive an observation comprising an image and process the observation to
generate a decomposition output that decomposes the image into a plurality of regions and
includes a respective feature representation for each of the regions. That is, obtaining respective
current feature representations for each of the set of current entities may comprise processing an
observation for the current time point using the scene decomposition neural network, and
obtaining respective historical feature representations for each of the set of historical entities may
comprise processing an observation for each of the one or more earlier time points using the
scene decomposition neural network.

In implementations the method is used for tracking multiple entities, e.g. objects, in
images obtained at the current and earlier time points. Thus in some implementations the
method involves capturing images of the environment at the current and earlier time points,
using the method to generate the alignment output, and providing data identifying an alignment
of the entities across time.

As a particular example, the data identifying the alignment of the entities can include the
current feature representations aligned according to the alignment output e.g. in what may be
termed a canonical order, i.e. a consistent order over time. That is the alignment output defines,
for each of the current entities, a consistent respective position in the canonical order.

Thus implementations provide a method of tracking multiple entities in a scene, which in
general is a changing scene, whilst maintaining entity (object) persistence and identity. An
output of such a method is a set of (current) feature representations each of which is consistently
assigned to one of the tracked entities e.g. objects.

In general the feature representation may represent one or more features of an entity or
object, such as size, shape, color, texture, position (e.g. in each dimension), and motion. Thus
the system may be used to obtain information about one or more properties of one or more of the

entities (objects).
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As described above, implementations of the method operate in feature representation
space which in general has a lower dimensionality than image pixel space, thus facilitating the
tracking.

In implementations the alignment neural network comprises an attention-based neural
network to generate the alignment output. Here an attention-based neural network is a neural
network comprising an attention mechanism. In some implementations the attention-based
neural network may repeatedly apply the attention mechanism to map the alignment input to the
alignment output. In some implementations the attention-based neural network may apply the
attention mechanism over the current feature representations and predicted feature
representations to generate the alignment output. The attention mechanism may be a self-
attention mechanism. The attention-based neural network may have a Transformer architecture
1.e. it may have one or more transformer neural network layers each comprising a multi-head
self-attention mechanism.

When the attention mechanism is applied to map the alignment input to the alignment
output the historical feature representations may be stored in slots of a slot-based memory and
the alignment output may define an assignment of each current entity to a different one of the
slots. In a slot-based memory the memory may be organized as a set of slots in which each slot
is configured to store a feature representation. The feature representation stored in each slot may
be updated using the current feature representation of the current entity assigned to the slot by
the assignment output, e.g. using a slot-specific neural network. When there are fewer entities
than slots only a proper subset (in mathematical terms) of the slots in the slot-based memory may
be assigned to represent one of the historical entities. In implementations using an entity-based
(slot-based) memory creates an inductive bias for object persistence, which allows the model to
better handle the reappearance of objects e.g. after short or long-term occlusion or after a
temporary change in camera gaze.

When the attention mechanism is applied over the current feature representations and
predicted feature representations, the predicted feature representations may be generated by
processing a dynamics input comprising at least the historical feature representations using a
dynamics neural network to generate a respective predicted feature representation for each of the
set of historical entities that is predicted to characterize the historical entity at the current time

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

Existing deep learning models can segment scenes into component objects without
supervision. Unfortunately, while these models may provide excellent segmentation of a single
frame, the models do not keep track of how objects segmented at one time-step correspond (or
align) to those at a later time-step. That is, the models do not keep track of which object in one
frame is the same as another object in another frame at a different time point. The alignment (or
correspondence) problem has impeded progress towards using object or, more generally, entity
representations generated by these models in down-steam tasks that require tracking an
environment over multiple time points. Examples of such tasks include robot or other agent
control tasks, where an agent is being controlled, e.g., based on outputs generated by a neural
network, from observations of an environment captured by the agent or by other sensors in the
environment, and object based planning.

This specification describes techniques for aligning entities across time, i.e., across image
observations captured at different time points. By making use of these alignment outputs, the
feature representations can be more effectively used for down-stream tasks. More specifically,
because of the architecture of the described systems, alignment outputs can be accurately
generated without supervision during training, i.e., without having access to information about
ground truth alignments of entities during training. This allows the described techniques to be
used in a wide range of environments where such supervision is not readily available.

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
FIG. 1 shows an example entity alignment system.
FIG. 2 shows an example of the operation of the alignment neural network at a given
time point when the historical entities include only those entities that were aligned at the

immediately preceding time point.
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FIG. 3 shows an example of the operation of the alignment neural network 120 at a given
time point when the historical entities include any entities that have been detected at any of the
earlier time points that precede the given time point in the sequence.

FIG. 4 is a flow diagram of an example process for generating an alignment output at a
given time point.

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

DETAILED DESCRIPTION

FIG. 1 shows an example entity alignment system 100.

The entity alignment system 100 is an example of a system implemented as computer
programs on one or more computers in one or more locations, in which the systems, components,
and techniques described below can be implemented.

The entity alignment system 100 aligns entities, e.g., objects, across multiple image
observations of an environment using an alignment neural network 120. In other words, the
entity alignment system 100 determines, at each of multiple time points, which entities that have
been detected in an image observation at the time point align with, 1.e., are the same entity as,
which entities that have been detected in image observations at earlier time points.

In particular, the system 100 receives a sequence of image observations of a scene in an
environment that each correspond to a different time point. The image observations may be
obtained from an image sensor such as a camera or LIDAR sensor, i.e. an image observation
may comprise a point cloud.

For example, the sequence of image observations can be images captured by a camera
sensor of a mechanical agent, e.g., a robot or an autonomous vehicle, navigating through the
environment, e.g. the real-world environment, over time to complete a specified task, e.g., to
reach a specified location in the environment, to move an object to a specified location in an
environment, or to locate a specified objet in the environment. As another example, the
sequence of image observations can be images captured by a camera sensor located in the
environment, external to any agents navigating through the environment, e.g., mounted or
otherwise statically positioned at a given location in the environment. The entities that are
detected in a given image observation can include dynamic objects, static objects, or both.
Dynamic objects can include e.g., other agents, cyclists, pedestrians, or animals. Static objects

can include trees and other vegetation, signage, machinery, and so on.
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The example of FIG. 1 shows the processing of the system 100 for three image
observations 102, 104, and 106 at three different time points O, 1, and 2, respectively.

At each time point, the system 100 detects entities that appear in the environment at the
time point and generates a respective feature representation of each of the entities by processing
the image observation at the time point using a scene decomposer 110 that decomposes the
scenes into regions that each depict a different entity and generates a respective feature
representation for each entity.

A feature representation, as used in this specification, is an ordered collection of numeric
values, e.g., a vector of floating point or other numeric values, that has been determined to
represent an entity.

The scene decomposer 110 can decompose the scene into regions that each depict a
different entity using any of a variety of decomposition techniques.

For example, the scene decomposer 110 can be a scene decomposition neural network
that is configured to process an image observation to generate a decomposition output that
decomposes the image into a plurality of regions and includes a respective feature representation
for each of the regions.

As a particular example, the scene decomposition neural network can have been trained
through unsupervised learning.

Any of a variety of scene decomposition neural networks that have been trained through
unsupervised learning can be used.

One example of such a scene decomposition neural network and technques for the
unsupervised training are described in C. P. Burgess, L. Matthey, N. Watters, R. Kabra, 1.
Higgins, M. Botvinick, and A. Lerchner. Monet: Unsupervised scene decomposition and
representation. arXiv preprint arXiv:1901.11390, 2019.

Another example of such a scene decomposition neural network and techniques for the
unsupervised training are described in K. Greff, R. L. Kaufmann, R. Kabra, N.Watters, C.
Burgess, D. Zoran, L. Matthey, M. Botvinick, and A. Lerchner. Multi-object representation
learning with iterative variational inference. arXiv preprint arXiv:1903.00450, 2019.

The scene decomposer 110 decomposes the image observation 102 into one set of
regions, the image observation 104 into another set of regions, and the image observation 106

into a third set of regions.
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However, the entities are not aligned across time, 1.e., the system 100 does not have
access to information indicating which entities at a current time point match, i.e., are the same
entity as, other entities that have already been detected at other time points.

As a particular example, the sets of regions can be arranged in an order from left to right.
However, there is not necessarily any correspondence between the entities in a given position in
the order among different sets.

For example, there is no guarantee that the region in the first position in the order in the
set for image observation 102 depicts the same entity as the region in the first position in the
order in the set for image observation 104 or the set for the image observation 106. More
specifically, for any given time point and for any given region in the set of regions for the time
point, the system 100 does not have access to any information that specifies which regions in the
sets of regions for any earlier time points depict the same entity as the given region.

In some cases, the scene decomposer 110 is configured to decompose each image
observation into the same number of regions, but to associate any region that does not include an
entity, 1.e., in which no entity has been detected, with a placeholder feature representation that
indicates that no entity was detected in the corresponding region. In other words, the set of
entities that are detected at any given time point can include one or more placeholder entities that
have a feature representation that indicates that no entity was detected in the corresponding
region.

At each particular time point in the sequence after the first time point, the system 100
performs an alignment to predict, for each given entity of one or more of the entities detected in
the image observation at the particular time point, which entity that has been detected at one or
more earlier time points is the same entity as the given entity.

To perform the alignment at a current time point during the sequence, the system 100
obtains respective current feature representations X for each of a set of current entities that have
been detected in the environment at the current time point, 1.e., from the output of the scene
decomposer 110 for the image observation at the current time point. Thus, the respective feature
representations X can include a respective vector for each current entity in the set of current

entities.
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As shown in FIG. 1, the system 100 obtains current feature representations X0 112 at
time point O, current feature representations X1 114 at time point 1, and current feature
representations 116 at time point 2.

The system 100 also obtains respective historical feature representations for each of a set
of historical entities that have been detected in the environment at one or more earlier time points
preceding the current time point. Generally, for every time point after the first point in the
sequence, the historical feature representations have been generated as a result of the processing
performed at the immediately preceding time point in the sequence. For the first time point in
the sequence, the historical feature representations can be placeholder feature representations that
indicate that no entities have yet been identified.

More specifically, in some implementations, the historical entities include only those
entities that were aligned at the immediately preceding time point.

In some other implementations, the historical entities include any entities that have been
detected at any of the earlier time points that precede the current time point in the sequence.

For each time point, the system 100 processes an alignment input that includes (1) the
respective historical feature representations for the set of historical entities and (i1) the current
feature representations for the set of current entities using the alignment neural network 120 to
generate an alignment output, e.g., output 122, 146, or 126, that defines, for each of one or more
of the current entities, a corresponding historical entity that is the same as the current entity. In
other words, the alignment output defines, for each of one or more of the current entities, an
alignment of the entity with one of the historical entities that is predicted to be the same entity as
the current entity.

Generating the alignment output when the historical entities include only those entities
that were aligned at the immediately preceding time point is described in more detail below with
reference to FIG. 2.

Generating the alignment output when the historical entities include any entities that have
been detected at any of the earlier time points that precede the current time point in the sequence
is described in more detail below with reference to FIG. 3.

As a particular example, the system can assign each historical entity to a respective
position in a canonical order over historical entities and the alignment output can define, for each

of the current entities, a respective position in the canonical order. That is, at the first time point
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the system can assign each historical entity to one of the positions in the canonical order and can
maintain that canonical order throughout the time points in the sequence.

In this example, the alignment output can include, for each current entity, a respective
score for each of the positions in the canonical order. After training, the system 100 can use the
respective scores to assign a different position in the canonical order to each current entity. Ifa
given current entity is assigned to the same position in the canonical order as a historical entity,
the system 100 has determined that the given current entity is the same entity as the given
historical entity.

Optionally, the alignment input can include data indicating a position of each historical
entity in the canonical order, i.e., in addition to the historical feature representation for the
historical entity.

Once the alignment output has been generated, the system 100 can use the alignment
output for any of a variety of purposes.

For example the alignment output, with or separately from the (current) feature
representations, may be provided as an input to a control system configured to control actions of
the agent in response to the input to perform a particular task while interacting with the
environment. As previously mentioned the agent may be a mechanical agent performing
physical actions in a real-world environment.

As one example, the system 100 can use the alignment output to control the agent in
response to the image observation, i.e., to select an action to be performed by the agent in
response to the image observation. For example, the system 100 can provide the
correspondences defined by the alignment output and, optionally, the feature representations, as
input to a policy that has been learned through reinforcement learning for controlling the agent to
perform the specified task.

As yet another example, the system 100 can provide the alignment output as input to an
object-based planning system that plans a future trajectory of the agent based on interactions of
the agent with objects in the environment. For example the system 100 can predict the behavior
of part of a robot, e.g. a robot arm, and can also predict how the it interacts with objects.

As yet another example, the system 100 can generate a user interface presentation that

identifies the correspondences indicated by the alignment output and provide the user interface
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presentation for presentation to a user device for presentation to a user. For example such a
presentation may track or predict motion of one or more of the entities over time.

FIG. 2 shows an example of the operation of the alignment neural network 120 at a given
time point when the historical entities include only those entities that were aligned at the
immediately preceding time point.

That is, at the given time point, the alignment neural network 120 receives a respective
historical feature representation 202 for the historical entities 201 that were aligned at the
immediately preceding time point and a respective current feature representation 204 for each
current entity that was detected at the given time point.

As a particular example, the environment can be a fully observable environment in which
all of the entities that can appear at any time point are observable at all of the time points. Thus,
in a fully observable environment, at any given time point, each current entity corresponds to,
1.e., 1s the same object as, exactly one of the historical entities that were aligned at the
immediately preceding time point.

In the example of FIG. 2, the alignment neural network 120 includes a dynamics neural
network 210 and a permutation neural network 220.

To perform the alignment at the given time point, the system processes a dynamics input
that includes at least the historical feature representations 202 using the dynamics neural network
210 to generate a respective predicted feature representation 206 for each of the set of historical
entities that is predicted to characterize the historical entity at the current time point.

More specifically, the dynamics neural network 210 1s configured to process the
dynamics input to generate an output that defines a respective update for each of the historical
feature representations 202, i.e., a prediction of how the historical feature representation 202 will
change from the preceding time point to the given time point, e.g., due to the dynamics of the
environment.

The system then generates the respective predicted feature representation 206 for each of
the set of historical entities by applying, e.g., adding, the respective update for the historical
feature representation for the historical entity to the historical feature representation 202 for the
historical entity.

As a particular example, the respective update for each of the historical feature

representations 202 can be one or more parameters of a distribution over possible updates. For
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example, the distribution over possible updates can be a Gaussian distribution, and the output of
the dynamics neural network 210 can include the mean and, optionally, the standard deviation of
the Gaussian distribution for each of the historical entities. To determine the update for a given
historical entity, the system can either set the update equal to the mean of the distribution for the
historical entity or sample an update from the distribution for the historical entity that is defined
by the output of the dynamics neural network 210.

In some cases, in order to incorporate information from more than just the more recent
time step, the dynamics neural network 210 can be a recurrent neural network. A recurrent
neural network is a neural network that includes one or more recurrent neural network layers,
e.g., long short-term memory (LSTM) neural network layers or gated recurrent unit (GRU)
neural network layers, and, optionally, one or more other types of layers, e.g., one or more of
self-attention layers, fully-connected layers, convolutional layers, and so on. In these cases, the
dynamics input at a given time step also includes the internal state of the recurrent neural
network as of the given time step and the dynamics neural network 210 updates the internal state
as part of generating the output for the given time step.

In some cases, when the alignment outputs generated by the alignment neural network
120 are used to control an agent, the dynamics input can also include data identifying the action
performed by the agent at the preceding time point. For example the action may be a “head
turn”, 1.e. a change in image sensor gaze direction, which can lead to objects moving in and out
of view.

Once the system has generated the respective predicted feature representations 206 for
the set of historical entities, the system processes (1) the respective predicted feature
representations 206 for the set of historical entities and (i1) the respective current feature
representations 204 for the set of current entities using the permutation neural network 220 to
generate the alignment output, i.e., the output that defines, for each of one or more of the current
entities, a corresponding historical entity that is the same as the current entity.

The alignment output includes, for each historical entity, a respective score for each of
the current entities.

After training, the system can map the respective scores to a “hard” alignment 230 that
assigns a different historical entity to each current entity, e.g., by applying the Hungarian

algorithm or by selecting the argmax current entity for each historical entity with the constraint
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that the system cannot select the same current entity for two different historical entities. Thus,
after training, the system identifies a different historical entity for each current entity as the
corresponding historical entity for the current entity.

During training, the system can map the respective scores to a “soft” alignment that
specifies a soft approximation of a permutation matrix, e.g., by applying the Sinkhorn algorithm
or another differentiable algorithm that generates a respective probability distribution over the
current entities for each historical entity.

Generally, the permutation neural network 220 is an attention-based neural network that
applies an attention mechanism over the predicted feature representations 206 and the current
feature representations 204 to generate the respective scores for each of the current entities.

As a particular example, the permutation neural network 220 can have a Transformer
architecture that includes a sequence of one or more self-attention blocks.

In general an attention mechanism maps a query and a set of key-value pairs to an output
computed as a weighted sum of the values, where the weight assigned to each value 1s computed
by a compatibility or similarity function of the query with the corresponding key. The query,
keys, and values are all vectors and each may be derived by transforming an object e.g. a feature
representation or set of feature representations into a respective vector e.g. using a learned linear
transform. The attention mechanism may be a self-attention mechanism in which case the query
and the set of key-value pairs are all derived from the set of input objects i.e. input feature
representations. The attention-based neural network may have a Transformer architecture
(Vaswani et al. “Attention is all you need”).

As described above, prior to using the alignment neural network 120 to align entities, a
training system, i.e., the same system as or a different system from the system that uses the
alignment neural network 120 after training, trains the alignment neural network 120, e.g.
through unsupervised learning, in order to cause the alignment neural network 120 to accurately
align entities. That is, the training system trains the alignment neural network 120 to provide a
trained alignment neural network 120. Thus the example of FIG. 2 includes a trained dynamics
neural network 210 and a trained permutation neural network 220.

When, as in the example of FIG. 2, the alignment neural network 120 includes the
dynamics neural network 210 and the permutation neural network 220, the training system trains

the dynamics neural network 210 and the permutation neural network 220. The dynamics neural
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network 210 and the permutation neural network 220 may be trained jointly e.g. through
unsupervised learning to minimize an unsupervised loss.

More specifically, the unsupervised loss includes a first term that measures a difference,
e.g., the mean squared error or other element-wise loss, between the 1) the predicted (historical)
feature representations 206 for the set of historical entities that are generated using the dynamics
neural network 210 and (i1) aligned current feature representations generated by applying the
alignment output generated by the permutation neural network 220 to the respective current
feature representations 204 for the set of current entities. As described above, during training the
alignment is a “soft” alignment. Thus, the training system can generate the aligned current
feature representations by, for each historical entity, computing a weighted sum of the current
feature representations weighted according to the probability distribution for the historical entity
in the alignment output.

Optionally, the unsupervised loss can also include one or more additional terms.

For example, the unsupervised loss can include a second term that is based on an entropy
of the alignment output. For example, the second term can be equal to or directly proportional to
the entropy of the soft approximation of the permutation matrix.

As another example, the unsupervised loss can also include a third term that is dependent
on (1) a divergence, e.g., a KL divergence or other divergence measure, between the distribution
over possible updates defined by the output of the dynamics neural network 210 and (i1) a prior
distribution over possible updates. The training system can use any appropriate fixed
distribution as the prior distribution over possible updates, e.g., a uniform distribution or a
Gaussian distribution with fixed mean and standard deviation.

Thus, because, as described above, the scene decomposer can also be trained through
unsupervised learning, the training system can “learn” to align objects across time entirely
through unsupervised learning and without any ground truth information about object alignments
across time.

FIG. 3 shows an example of the operation of the alignment neural network 120 at a given
time point when the historical entities include any entities that have been detected at any of the
earlier time points that precede the given time point in the sequence.

As a particular example, the environment can be a partially observable environment, in

which an entity that is detected at one time point may not be detected at another time point, e.g.,
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because the entity is not in the field of view of the camera that captures the image observations at
the other time point, because the entity is occluded by another entity at the other time point, or is
not able to be detected in the image observation at the other time point for another reason.

In the example of FIG. 3, the historical entities are represented as slots in a slot-based
memory 301, i.e., a memory that has a plurality of “slots” and that stores data for each of the
slots, and the historical feature representations 302 are feature representations that are stored in
the slots of the slot-based memory 301. That is, each unique historical entity that has been
detected at any preceding time point is assigned to a different one of the slots in the slot-based
memory and the feature representation stored in a given slot is the feature representation of the
historical entity that has been assigned to the given slot.

In this case, the alignment input includes (1) respective historical feature representations
302 for each of the slots in the slot-based memory and (i1) current feature representations 304 for
the set of current entities. For slots to which no historical entity is assigned, the respective
historical feature representation is a placeholder feature representation that indicates that no
entity has been assigned to the slot, e.g., the same placeholder feature representation that is
generated by the scene decomposer for regions that do not depict an entity.

Similarly, the alignment output defines an assignment of each current entity to a different
one of the slots in the slot-based memory. That is, when the system determines that a given
current entity is the same entity as a given one of the historical entities, the system assigns the
given current entity to the same slot to which the given historical entity is assigned. When the
system determines that a given current entity is a new entity, 1.e., is a different entity from all of
the historical entities that have previously been detected, the system assigns the given current
entity to a new slot in the slot-based memory that is not currently assigned to any of the historical
entities.

More specifically, the alignment output includes, for each memory slot, a respective
score for each of the current entities.

After training, the system can map the respective scores to a “hard” alignment 330 that
assigns a different memory slot to each current entity, e.g., by applying the Hungarian algorithm
or by selecting the argmax current entity for each slot with the constraint that the system cannot

select the same current entity for two different slots.
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During training, the system can map the respective scores to a “soft” alignment that
specifies a soft approximation of a permutation matrix, e.g., by applying the Sinkhorn algorithm
or another differentiable algorithm that generates a respective probability distribution over the
current entities for each memory slot.

In the example of FIG. 3, the alignment neural network 120 is an attention-based neural
network that repeatedly applies an attention mechanism to map the alignment input to the
alignment output. As a particular example, the attention-based neural network has a Transformer
architecture.

In general an attention mechanism maps a query and a set of key-value pairs to an output
computed as a weighted sum of the values, where the weight assigned to each value 1s computed
by a compatibility or similarity function of the query with the corresponding key. The query,
keys, and values are all vectors and each may be derived by transforming an object e.g. a feature
representation or set of feature representations into a respective vector e.g. using a learned linear
transform. The attention mechanism may be a self-attention mechanism in which case the query
and the set of key-value pairs are all derived from the set of input objects i.e. input feature
representations. The attention-based neural network may have a Transformer architecture
(Vaswani et al. “Attention is all you need”).

In some cases, when the alignment outputs generated by the alignment neural network
120 are used to control an agent, the alignment input can also include data identifying the action
performed by the agent at the preceding time point.

After training, once the system has assigned each current entity to a slot in the slot-based
memory, the system updates the feature representation stored in each of the slots using the
current feature representation of the current entity assigned to the slot by the assignment output.
During training, the system determines the current feature representation of the current entity
assigned to the slot by, for each memory slot, computing a weighted sum of the current feature
representations weighted according to the probability distribution for the memory slot in the
alignment output.

In particular, the system can, for each particular slot to which one of the current entities
has been assigned, process the current feature representation of the current entity assigned to the
slot by the assignment output using a slot-specific neural network 360, i.e., a neural network that

1s specific to the particular slot, to update the feature representation stored in the particular slot.
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As a particular example, each slot-specific neural network 360 can be a recurrent neural
network with the same architecture, but an independent internal state. Thus, the system can
maintain a separate internal state for each of the slots in the slot-based memory and, for each
particular slot, can process the current feature representation of the current entity assigned to the
slot by the assignment output and the internal state for the particular slot to update the historical
feature representation and to update the internal state for the particular slot. In implementations
each slot-specific neural network 360 may have the same weights.

For slots to which none of the current entities are assigned by the alignment output, the
system can either (1) refrain from updating the feature representation for the slot or (i1) process a
placeholder current feature representation that indicates that no entity was assigned to the slot to
update feature representation for the slot.

As described above, prior to using the alignment neural network 120 to align entities, a
training system, i.e., the same system as or a different system from the system that uses the
alignment neural network 120 after training, trains the alignment neural network 120, e.g.
through unsupervised learning, in order to cause the alignment neural network 120 to accurately
align entities. Thus the example of FIG. 3 includes a trained alignment neural network 120, and
trained slot-specific neural network(s) 360.

In the example of FIG. 3, during training, the training system also makes use of a
dynamics neural network 350.

The dynamics neural network 350 is a neural network that is configured to process a
dynamics input that includes the historical feature representations for at least a portion of the
historical entities, e.g., the historical feature representations for the slots in the memory to which
an entity has been assigned, to generate a respective predicted feature representation 352 for each
of the at least the portion of the historical entities that is predicted to characterize the historical
entity at the current time point.

More specifically, the dynamics neural network 350 1s configured to process the
dynamics input to generate an output that defines a respective update for each of the historical
feature representations, i.e., a prediction of how the historical feature representation will change
from the preceding time point to the given time point, e.g., due to the dynamics of the

environment.
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The system then generates the respective predicted feature representation for each of the
set of historical entities by applying, e.g., adding, the respective update for the historical feature
representation for the historical entity to the historical feature representation for the historical
entity.

As a particular example, the respective update for each of the historical feature
representations can be one or more parameters of a distribution over possible updates. For
example, the distribution over possible updates can be a Gaussian distribution, and the output of
the dynamics neural network 350 can include the mean and, optionally, the standard deviation of
the Gaussian distribution for each of the historical entities. To determine the update for a given
historical entity, the system can either set the update equal to the mean of the distribution for the
historical entity or sample an update from the distribution for the historical entity that is defined
by the output of the dynamics neural network 350.

In some cases, in order to incorporate information from more than just the more recent
time step, the dynamics neural network 350 can be a recurrent neural network. In these cases,
the dynamics input at a given time step also includes the internal state of the recurrent neural
network as of the given time step and the dynamics neural network 350 updates the internal state
as part of generating the output for the given time step.

In some cases, when the alignment outputs generated by the alignment neural network
120 are used to control an agent, the dynamics input can also include data identifying the action
performed by the agent at the preceding time point.

During training, the training system trains the dynamics neural network 350, the
alignment neural network 120, and the slot-specific neural network(s) 360 jointly through
unsupervised learning to minimize an unsupervised loss.

More specifically, the unsupervised loss includes a first term that measures a difference,
e.g., a mean squared error or other element-wise loss, between the 1) the predicted (historical)
feature representations for the set of historical entities generated by the dynamics neural network
350 and (11) aligned current feature representations generated by applying the alignment output
generated by the alignment neural network 120 to the respective current feature representations
for the set of current entities. As described above, during training the alignment is a “soft”

alignment. Thus, the training system can generate the aligned current feature representations by,
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for each memory slot, computing a weighted sum of the current feature representations weighted
according to the probability distribution for the memory slot in the alignment output.

Optionally, the unsupervised loss can also include one or more additional terms.

For example, the unsupervised loss can include a second term that is based on 1.e.
dependent upon an entropy of the alignment output. For example, the second term can be equal
to or more generally directly proportional to the entropy of the approximation of the permutation
matrix.

As another example, the unsupervised loss can also include a third term that is dependent
on (1) a divergence between the distribution over possible updates defined by the output of the
dynamics neural network 210 and (ii) a prior distribution over possible updates. The training
system can use any appropriate fixed distribution as the prior distribution over possible updates,
e.g., a uniform distribution or a Gaussian distribution with fixed mean and standard deviation.

FIG. 4 is a flow diagram of an example process 400 for generating an alignment output at
a given time point. 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, an alignment
system, e.g., the alignment system 100 of FIG. 1, appropriately programmed in accordance with
this specification, can perform the process 400.

The system can perform the process 400 at each given time point in a sequence of time
points to repeatedly generate alignment outputs for each time point in the sequence.

The system obtains respective current feature representations for each of a set of current
entities that have been detected in the environment at the given time point (step 402). For
example, the system can process the image observation at the given time point using a scene
decomposer or obtain an output from the scene decomposer.

The system obtains respective historical feature representations for each of a set of
historical entities that have been detected in the environment at one or more earlier time points
preceding the current time point (step 404). In some implementations, the historical entities
include only those entities that were aligned at the immediately preceding time point. In some
other implementations, the historical entities include any entities that have been detected at any
of the earlier time points that precede the current time point in the sequence.

The system processes an alignment input that includes (1) the respective historical feature

representations for the set of historical entities and (i1) the current feature representations for the
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set of current entities using an alignment neural network to generate an alignment output that
defines, for each of one or more of the current entities, a corresponding historical entity that is
the same as the current entity (step 406). One example of the processing of the alignment neural
network 1s described above with reference to FIG. 2. Another example of the processing of the
alignment neural network is described above with reference to FIG. 3.

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.

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

The term “data processing apparatus” refers to data processing hardware and
encompasses all kinds of apparatus, devices, and machines for processing data, including by way
of example a programmable processor, a computer, or multiple processors or computers. The
apparatus can also be, or further include, special purpose logic circuitry, e.g., an FPGA (field
programmable gate array) or an ASIC (application specific integrated circuit). The apparatus can

optionally include, in addition to hardware, code that creates an execution environment for
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computer programs, e.g., code that constitutes processor firmware, a protocol stack, a database
management system, an operating system, or a combination of one or more of them.

A computer program, which may also be referred to or described as a program, software,
a software application, an app, a module, a software module, a script, or code, can be written in
any form of programming language, including compiled or interpreted languages, or declarative
or procedural languages; and it can be deployed in any form, including as a stand alone program
or as a module, component, subroutine, or other unit suitable for use in a computing
environment. A program may, but need not, correspond to a file in a file system. A program can
be stored in a portion of a file that holds other programs or data, e.g., one or more scripts stored
in a markup language document, in a single file dedicated to the program in question, or in
multiple coordinated files, e.g., files that store one or more modules, sub programs, or portions of
code. A computer program can be deployed to be executed on one computer or on multiple
computers that are located at one site or distributed across multiple sites and interconnected by a
data communication network.

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

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

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

Computers suitable for the execution of a computer program can be based on general or

special purpose microprocessors or both, or any other kind of central processing unit. Generally,
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a central processing unit will receive instructions and data from a read only memory or a random
access memory or both. The essential elements of a computer are a central processing unit for
performing or executing instructions and one or more memory devices for storing instructions
and data. The central processing unit and the memory can be supplemented by, or incorporated
in, special purpose logic circuitry. Generally, a computer will also include, or be operatively
coupled to receive data from or transfer data to, or both, one or more mass storage devices for
storing data, e.g., magnetic, magneto optical disks, or optical disks. However, a computer need
not have such devices. Moreover, a computer can be embedded in another device, e.g., a mobile
telephone, a personal digital assistant (PDA), a mobile audio or video player, a game console, a
Global Positioning System (GPS) receiver, or a portable storage device, e.g., a universal serial
bus (USB) flash drive, to name just a few.

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

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

messaging application, and receiving responsive messages from the user in return.
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Data processing apparatus for implementing machine learning models can also include,
for example, special-purpose hardware accelerator units for processing common and compute-
intensive parts of machine learning training or production, i.e., inference, workloads.

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

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

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

While this specification contains many specific implementation details, these should not
be construed as limitations on the scope of any invention or on the scope of what may be
claimed, but rather as descriptions of features that may be specific to particular embodiments of
particular inventions. Certain features that are described in this specification in the context of
separate embodiments can also be implemented in combination in a single embodiment.
Conversely, various features that are described in the context of a single embodiment can also be
implemented in multiple embodiments separately or in any suitable subcombination. Moreover,

although features may be described above as acting in certain combinations and even initially be
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claimed as such, one or more features from a claimed combination can in some cases be excised
from the combination, and the claimed combination may be directed to a subcombination or
variation of a subcombination.

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

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

What 1s claimed 1s:
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CLAIMS

1. A method comprising:

obtaining respective current feature representations for each of a set of current entities
that have been detected in an environment at a current time point;

obtaining respective historical feature representations for each of a set of historical
entities that have been detected in the environment at one or more earlier time points preceding
the current time point; and

processing an alignment input comprising (1) the respective historical feature
representations for the set of historical entities and (i1) the current feature representations for the
set of current entities using an alignment neural network to generate an alignment output that
defines, for each of one or more of the current entities, a corresponding historical entity that is

the same as the current entity.

2. The method of claim 1, wherein the alignment neural network includes a dynamics neural
network and a permutation neural network and wherein processing the alignment input
comprises:

processing a dynamics input comprising at least the historical feature representations
using the dynamics neural network to generate a respective predicted feature representation for
each of the set of historical entities that is predicted to characterize the historical entity at the
current time point; and

processing (1) the respective predicted feature representations for the set of historical
entities and (i1) the respective current feature representations for the set of current entities using
the permutation neural network to generate the alignment output that defines, for each of one or
more of the current entities, a corresponding historical entity that is the same as the current

entity.

3. The method of claim 2, wherein the dynamics neural network is configured to generate
an output defining a respective update for each of the historical feature representations; and
wherein generating the respective predicted feature representations comprises applying

the respective updates to each of the historical feature representations.
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4. The method of claim 3, wherein the output defining the respective update is one or more

parameters of a distribution over possible updates.

5. The method of any one of claims 2-4, wherein the dynamics neural network is a recurrent

neural network.

6. The method of any one of claims 2-5, wherein the permutation neural network is an
attention-based neural network that applies an attention mechanism over the predicted feature

representations and the current feature representations to generate the alignment output.

7. The method of claim 6, wherein the permutation neural network has a Transformer
architecture.
8. The method of any one of claims 2-7, wherein the historical entities are the entities that

were detected at an immediately preceding time point.

9. The method of claim 1, wherein the alignment neural network is an attention-based
neural network that repeatedly applies an attention mechanism to map the alignment input to the

alignment output.

10. The method of claim 9 wherein the attention-based neural network has a Transformer
architecture.
11. The method of any one of claims 1 or 9-10, wherein the set of historical entities are

represented as slots in a slot-based memory, wherein the historical feature representations are
feature representations stored in the slots of the slot-based memory, and wherein the alignment
output defines an assignment of each current entity to a different one of the slots in the slot-based

memory.

12. The method of claim 11, further comprising:
for each slot of the slot-based memory, updating the feature representation stored in the
slots using the current feature representation of the current entity assigned to the slot by the

assignment output.
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13. The method of claim 12, wherein the updating comprises processing the current feature

representation using a slot-specific neural network.

14. The method claim of 13, wherein each slot-specific neural network is a recurrent neural

network.

15. The method of any one of claims 11-14, further comprising:

processing a dynamics input comprising the historical feature representations for at least
a portion of the historical entities using a dynamics neural network to generate a respective
predicted feature representation for each of at least a portion of the historical entities that is

predicted to characterize the historical entity at the current time point.

16. The method of claim 15, wherein the dynamics neural network is configured to generate
an output defining a respective update for each of the historical feature representations; and
wherein generating the respective predicted feature representations comprises applying

the respective updates to each of the historical feature representations.

17. The method of claim 16, wherein the output defining the respective update is one or more

parameters of a distribution over possible updates.

18. The method of any one of claims 15-17, wherein the dynamics neural network is a

recurrent neural network.

19. The method of any preceding claim, wherein each historical entity has been assigned a
respective position in a canonical order, and wherein the alignment output defines, for each of

the current entities, a respective position in the canonical order.

20. The method of claim 19, wherein the alignment output includes, for each current entity, a

respective score for each of the positions in the canonical order.

21. The method of any one of claims 19 or 20 when also dependent on claim 2, wherein the
permutation neural network also processes data indicating a position of each historical entity in

the canonical order.
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22. The method of any one of claims 19 or 20, when also dependent on claim 9, wherein the
alignment input includes data indicating a position of each historical entity in the canonical

order.

23. The method of any one of claims 2-8, wherein the dynamics neural network and the
permutation neural network have been trained through unsupervised learning to minimize an

unsupervised loss.

24, The method of claim 23, wherein the unsupervised loss includes a first term that
measures a difference between the 1) the predicted historical feature representations for the set of
historical entities and (i1) aligned current feature representations generated by applying the

alignment output to the respective current feature representations for the set of current entities.

25. The method of any one of claims 23 or 24, wherein the unsupervised loss includes a

second term that is based on an entropy of the alignment output.

26. The method of any one of claims 23-25, when also dependent on claim 4, wherein the
unsupervised loss includes a third term that is dependent on (i) a divergence between the
distribution over possible updates defined by the output of the dynamics neural network and (i1)

a prior distribution over possible updates.

27. The method of any one of claims 9-22 when also dependent on claim 13 and 15, wherein
the dynamics neural network, the alignment neural network, and the slot-specific neural

networks have been trained through unsupervised learning to minimize an unsupervised loss.

28. The method of claim 27, wherein the unsupervised loss includes a first term that
measures a difference between the 1) the predicted historical feature representations for the set of
historical entities and (i1) aligned current feature representations generated by applying the

alignment output to the respective current feature representations for the set of current entities.

29. The method of any one of claims 27 or 28, wherein the unsupervised loss includes a

second term that is based on an entropy of the alignment output.
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30. The method of any one of claims 27-29, when also dependent on claim 17, wherein the
unsupervised loss includes a third term that is dependent on (1) a divergence between the
distribution over possible updates defined by the output of the dynamics neural network and (i1)

a prior distribution over possible updates.

31. The method of any preceding claim when also dependent on claim 11, wherein the set of
current entities includes fewer entities than there are slots in the slot-based memory and wherein
only a proper subset of the slots in the slot-based memory have been assigned to represent one of

the historical entities.

32. The method of claim 31, wherein the alignment output assigns one of the current entities

to a slot that has not yet been assigned to represent any of the historical entities.

33. The method of any preceding claim, wherein obtaining respective current feature
representations for each of a set of current entities that have been detected in an environment at a
current time point comprises:

processing an observation comprising an image characterizing the environment at the
current time point using a scene decomposition neural network that is configured to process the
observation to generate a decomposition output that decomposes the image into a plurality of

regions and includes a respective feature representation for each of the regions.

34. The method of claim 33, wherein the scene decomposition neural network has been

trained using unsupervised learning.

35. The method of any one of claims 33 or 34, wherein the set of current entities includes one
or more placeholder entities that have a feature representation that indicates that no entity was

detected in the corresponding region.

36. The method of any preceding claim, wherein each historical entity has been assigned a
respective position in a canonical order, and wherein the alignment output defines, for each of

the current entities, a respective position in the canonical order.
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37. The method of claim 36, wherein the alignment output includes, for each current entity, a

respective score for each of the positions in the canonical order.

38. The method of claim 37, further comprising;
selecting, based on the scores for each of the positions, a different position in the

canonical order for each of the current entities.

39. The method of any preceding claim, wherein the environment is being interacted with by

an agent.

40, The method of claim 39, further comprising:

controlling the agent at the current time point using at least the alignment output.

41. The method of any one of claims 39 or 40, wherein the alignment input includes data

defining an action performed by the agent at an immediately preceding time point.

42. 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 preceding claim.

43. 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 1-41.
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