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BACKGROUND

This specification relates to processing data using machine learning models.

Machine learning models receive an input and generate an output, e.g., a predicted
output, based on the received input. Some machine learning models are parametric models
and generate the output based on the received input and on values of the parameters of the
model.

Some machine learning models are deep models that employ multiple layers of
models to generate an output for a received input. For example, a deep neural network is a
deep machine learning model that includes an output layer and one or more hidden layers that

each apply a non-linear transformation to a received input to generate an output.

SUMMARY

This specification generally describes a system implemented as computer programs
on one or more computers in one or more locations that uses a neural network to process a
network input and generate a network output.

In one aspect there is described a method performed by one or more data processing
apparatus. The method comprises obtaining: (i) a network input to a neural network, and (ii)
a set of query embeddings that collectively define a prediction task to be performed by the
neural network by processing the network input. The method processes the network input
using the neural network to generate a network output that comprises a respective dimension
corresponding to each query embedding in the set of query embeddings. The method
processes the network input using an encoder block of the neural network to generate a
representation of the network input as a set of latent embeddings. The method processes (i)

the set of latent embeddings, and (ii) the set of query embeddings, using a cross-attention
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block that generates each dimension of the network output by cross-attention of a
corresponding query embedding over the set of latent embeddings.

Throughout this specification, an embedding refers to an ordered collection of
numerical values, e.g., a vector or matrix of numerical values.

Further, throughout this specification, a neural network “block” refers to a group of
one or more neural network layers in a neural network.

According to one aspect, there is provided a method performed by one or more data
processing apparatus, the method comprising: obtaining: (i) a network input to a neural
network, and (ii) a set of query embeddings that collectively define a prediction task to be
performed by the neural network by processing the network input; processing the network
input using the neural network to generate a network output that comprises a respective
dimension corresponding to each query embedding in the set of query embeddings,
comprising: processing the network input using an encoder block of the neural network to
generate a representation of the network input as a set of latent embeddings; and processing;:
(1) the set of latent embeddings, and (ii) the set of query embeddings, using a cross-attention
block that generates each dimension of the network output by cross-attention of a
corresponding query embedding over the set of latent embeddings.

In some implementations, for each of one or more of the query embeddings: the query
embedding defines a respective spatial position in the network input; and the dimension of
the network output that corresponds to the query embedding defines a respective prediction
relevant to the spatial position in the network input.

In some implementations, for each of one or more of the query embeddings: the query
embedding comprises one or more input features from a respective spatial position in the
network input; and the dimension of the network output that corresponds to the query
embedding defines a respective prediction relevant to the spatial position in the network
input.

In some implementations, for each of one or more query embeddings: the query
embedding defines a modality of the network input.

In some implementations, the set of query embeddings collectively define a plurality
of prediction tasks, and wherein for each of one or more of the query embeddings: the query
embedding specifies a respective prediction task from the plurality of prediction tasks; and
the dimension of the network output that corresponds to the query embedding defines a
prediction output for the prediction task specified by the query embedding.

In some implementations, the plurality of prediction tasks comprise one or more of’ a
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classification task, a regression task, a segmentation task, or an auto-encoding task.

In some implementations, generating a dimension of the network output by cross-
attention of a corresponding query embedding over the set of latent embeddings comprises:
generating a respective attention weight for each latent embedding based on: (i) the query
embedding, and (ii) the latent embedding; and generating the dimension of the network
output corresponding to the query embedding based on the attention weights for the latent
embeddings.

In some implementations, generating the dimension of the network output
corresponding to the query embedding based on the attention weights for the latent
embeddings comprises: processing each latent embedding to generate a value embedding of
the latent embedding; combining the value embeddings using the attention weights; and
generating the dimension of the network output corresponding to the query embedding based
at least in part on a result of combining the value embeddings using the attention weights.

In some implementations, the cross-attention is query-key-value attention.

In some implementations, a number of query embeddings in the set of query
embeddings is larger than a number of latent embeddings in the set of latent embeddings.

In some implementations, the number of query embeddings in the set of query
embedding is larger than the number of latent embeddings in the set of latent embeddings by
a factor of at least 2.

In some implementations, a number of latent embeddings in the set of latent
embeddings is predefined, and a number of query embeddings in the set of query embeddings
is variable and independent of the number of latent embeddings in the set of latent
embeddings.

In some implementations, the network input comprises multi-modal data.

In some implementations, the method further comprises initializing the set of latent
embeddings, wherein the network input comprises a set of data element embeddings, wherein
the encoder block of the neural network comprises one or more cross-attention blocks that
each perform operations comprising: updating each latent embedding in the set of latent
embeddings using attention over some or all of the data element embeddings in the set of data
element embeddings; wherein the encoder block of the neural network comprises one or more
one or more self-attention blocks that each perform operations comprising: updating each
latent embedding in the set of latent embeddings using attention over the set of latent
embeddings.

In some implementations, a number of latent embeddings in the set of latent
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embeddings is less than a number of data element embeddings in the set of data element
embeddings.

In some implementations, each data element embedding corresponds to a respective
spatial position in the network input and comprises a feature embedding based on features of
the network input at the spatial position.

In some implementations, each data element embedding corresponds to a respective
spatial position in the network input and comprises a positional embedding that characterizes
the spatial position.

In some implementations, each data element embedding comprises a modality
embedding that defines a modality corresponding to the data element embedding.

According to another aspect there is provided a system comprising: one or more
computers; and one or more storage devices communicatively coupled to the one or more
computers, wherein the one or more storage devices store instructions that, when executed by
the one or more computers, cause the one or more computers to perform the operations of the
methods described herein.

According to another aspect there are provided one or more non-transitory 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 methods described herein.

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

The neural network system described in this specification can process a network input
to generate a representation of the network input as a set of latent embeddings, and then
generate each dimension of a network output by cross-attention of a corresponding query
embedding over the set of latent embeddings. Generating each dimension of the network
output by cross-attention of a query embedding over the set of latent embeddings can enable
the system to flexibly modify the dimensionality of the network output, e.g., by modifying
the number of query embeddings, without restructuring the hidden layers of the neural

network.

Moreover, the prediction task being performed by the neural network is defined by,
and can be modified using, the query embeddings. Thus the neural network system provides a
flexible and general purpose neural network architecture that can be implemented to perform
a variety of prediction tasks for network inputs of various modalities with minimal

modification. The neural network system can thereby enable more efficient use of resources
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by reducing or obviating the need to design, implement, and train a new neural network for
each new domain or prediction task.

In contrast to conventional neural networks that generate a fixed-size output, e.g., a
fixed-size image segmentation output, the neural network system described in this
specification can use the query embeddings to generate sparse or partial network outputs. For
example, rather than generating a full segmentation of an image, the neural network system
can generate a segmentation for only a specified proper subset of an image, e.g., by querying
the set of latent embeddings using only the pertinent query embeddings. Thus the neural
network system can enable reduced consumption of computational resources (e.g., memory
and computing power) by providing the option of generating sparse or partial network
outputs when appropriate. For example, the neural network system can be used to segment
only a region of interest of a larger image, while refraining from segmenting the remainder of
the image.

More generally, the size of the network output can be defined irrespective of the size
of the network input because the dimension of the network output corresponds to the number
of query embeddings in the set of query embeddings. Further, the use of cross-attention
avoids a quadratic dependence of the computations performed on the size of the network
input and output; instead the dependence is linear, which facilitates processing e.g. video,
audio, and multimodal data. Similarly, implementations of the described techniques use a set
of latent embeddings that can be independent of a spatial or temporal structure of the network
input and output, e.g. because the network output is generated by querying the latent
embeddings using cross-attention. This facilitates processing multimodal data i.e. network
inputs that have different structure or dimensionality. Further, some implementations of the
system can perform tasks, e.g. an optical flow determination task, more effectively than some
other techniques, and using a simpler architecture.

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 is a block diagram of an example neural network system that can generate a
neural network output.

FIG. 2 is a block diagram of the example neural network system in more detail.
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FIG. 3 is a flow diagram of an example process for using a neural network system to
generate a neural network output.

FIG. 4 illustrates example query embeddings.

FIG. 5 illustrates another example of query embeddings.

FIG. 6 illustrates example modalities of inputs that can be processed by a neural
network system.

FIG. 7A illustrates example multi-modal results.

FIG. 7B illustrates example multi-modal results.

Like reference numbers and designations in the various drawings indicate like

elements.

DETAILED DESCRIPTION

FIG. 1 is a block diagram of an example neural network system 100. The neural
network 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 are implemented.

The neural network system 100 can be configured to obtain a neural network input
102 and process the input 102 using a neural network 150 to generate the neural network
output 108.

The network input 102 can include any appropriate type of data. That is, the neural
network 150 can be configured to process inputs of any of multiple modalities, e.g., image,
video, audio, text, or any other appropriate modality, or any combination thereof. The neural
network 150 can have a single set of parameters while, at the same time, being substantially
flexible such that it is able to process any one, or a combination, of the multiple modalities.

In some implementations, the network input 102 can characterize an entity. The entity
can include an image, an audio waveform, a point cloud (e.g., generated by a lidar or radar
sensor), a protein, a sequence of words (e.g., that form one or more sentences or paragraphs),
a video (e.g., represented a sequence of video frames), or any other appropriate type of data
or a combination thereof. As used herein an image, i.e. a static or moving image (video),
may include a point cloud.

As a particular example, the entity can include multiple units arranged in a spatial or
temporal structure, e.g., as illustrated in FIG. 4, the entity can be an image and each unit can
be a pixel in the image. Each unit in the entity can have an associated data element

embedding that can characterize, e.g., a position of the unit in the spatial or temporal
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structure and/or features associated with the unit in the spatial structure. In another particular
example, the entity can be a text, e.g., the entity can be a sequence of words, phrases,
characters, or word pieces, in one or more languages. In yet another particular example, the
entity can include a combination of different modalities, e.g., the entity can include a
combination of audio, video, and label data. As another example the entity can comprise
sensor data from one or more sensors that are configured to perceive one or more
characteristics of a real-world environment such as image data, audio data, or so-called “fine
touch” sensor data (which permits localization). Although a number of examples of network
inputs 102 are described above, generally, the network input 102 can have any appropriate
dimensionality and structure, and can include any appropriate type(s) of data.

The neural network system 100 can use the neural network 150 to process the network
input 102 to generate the network output 108. The network output 108 can be, e.g., a
classification output, a regression output, a sequence output (i.e., that includes a sequence of
output elements), a segmentation output, an auto-encoding output, or any other appropriate
network output or a combination thereof.

The neural network system 100 can flexibly modify the dimensionality of the network
output 108, e.g., so as to generate sparse or partial network outputs 108. For example, if the
network input 102 is an image, the network output 108 can be a segmentation of only a
specified (proper) subset of the image. Generally, the network output 108 can be represented
as a collection of output vectors, and the number of output vectors can be referred to as a
“dimensionality” of the network output 108. As described in more detail below, the system
100 can control the dimensionality of the network output 108 using a set of query
embeddings 106.

In addition to obtaining the network input 102, the system 100 can further obtain the
set of query embeddings 106. The network input 102 can be provided, e.g., by a user of the
system 100, through an application programming interface (API) made available by the
system 100.

The set of query embeddings 106 may be provided in the same way, e.g. by a user of the
system 100, or they may be predetermined i.e. the system may be configured to perform a
particular task. The query embeddings 106 can be used by the system 100 to generate the
network output 108 having a desired dimensionality. Where necessary for a particular task
each query embedding in the set of query embeddings 106 can define relevant information for
a corresponding output dimension in the network output 108. In other words, each query

embedding can define, e.g., position and/or modality-specific features of a corresponding
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output dimension, e.g. where the network output comprises an output for a specific 1D, 2D or
3D position or for a specific data modality. Such a query embedding can be constructed by
combining, e.g. concatenating or adding, a set of vectors into the query embedding to provide
the information needed for the corresponding dimension of the network output.

The query embeddings 106 can be defined in any appropriate manner, e.g., they can
be hand-engineered, learned, or defined as a function of the network input 102. In general
the neural network system 100 is not dependent on the use of any particular type of query
embedding and even simple embeddings can produce good results. During training the
system is provided with the network input and the set of query embeddings to generate the
network output. The system is trained to generate a network output that performs the
prediction task. This is described further later.

Collectively, the set of query embeddings 106 can define a prediction task to be
performed by the neural network 150 by processing the network input 102. The prediction
task can be, e.g, a classification task, a regression task, a segmentation task, an auto-
encoding task, or any other appropriate task or a combination thereof. In some
implementations, each query embedding in the set of query embeddings 106 can be generated
by combining (e.g., concatenating or summing) spatial, modality, task-specific, and/or any
other appropriate features relevant to the corresponding output dimension in the network
output 108.

As a particular example, the network input 102 can include representations of a first
image and a second image, each depicting the same scene, and the prediction task can be to
estimate a two-dimensional displacement (e.g., optical flow) of points, e.g. pixels or a proper
subset of pixels (i.e. not all the pixels), in the first image. In some implementations such a
point may comprise a pixel or an image patch comprising multiple pixels. In such cases, each
query embedding in the set of query embeddings 106 can specify, e.g., x and y coordinates of
a corresponding point in the first image, and can include one or more further embeddings for
the optical flow prediction task, e.g. the representation of the first image and of the second
image for the point. That is, the set of query embeddings 106 can define a set of points in the
first image for which to generate a prediction, where the prediction is to estimate optical
flow. For example, a dimension of the network output may define a magnitude and direction
of the optical flow at a point. Example query embeddings and prediction tasks are described
in more detail below with reference to FIG. 4 and FIG. 5.

After obtaining the network input 102 and the set of query embeddings 106, the

system 100 can use the neural network 150 to process the input 102 and generate the network
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output 108 having a desired dimensionality, e.g., an output that includes a respective
dimension corresponding to each query embedding in the set of query embeddings 106. This
process is described in more detail next.

The system 100 can process the network input 102 using an encoder block 110 of the
neural network 150 to generate a representation of the network input 102 as a set of latent
embeddings 104. A “latent embedding” can refer to an embedding in a latent space.
Generally, the latent embeddings 104 can be included in a space of any appropriate
dimensionality. Generally, the dimensionality of a set of embeddings can be defined by the
number of embeddings (e.g., N) in the set of embeddings. In some implementations the
encoder block processes the network input and an initial set of latent embeddings to generate
the set of latent embeddings.

In some implementations, the dimensionality of the network input 102 can be much
larger than the dimensionality of latent embeddings 104 and/or query embeddings 106. For
example, if the network input 102 includes an image having dimensions 224 x 224 pixels, and
the number of data element embeddings (e.g., corresponding to each pixel in the image) is M
= 50176, then the number of latent embeddings 104 can be, e.g., N = 512, such that N << M.
The encoder block 110 can process the network input 102 to generate the representation of
the input as the set of latent embeddings 104 in any appropriate manner. A particular example
of this process is described in more detail below with reference to FIG. 2.

After generating the set of latent embeddings 104 using the encoder block 110, the
neural network system 100 can use an output block 120 of the neural network 150 to process
the set of latent embeddings 104 and the set of query embeddings 106 to generate the network
output 108. In particular, the output block 120 can be configured to perform an “attention”
operation. The attention operation can include updating each embedding in a first set of
embeddings using attention over a second set of embeddings. In some implementations, after
performing the attention operation (e.g., after updating each embedding), the output block
120 can process each updated embedding using one or more neural network layers, e.g., fully
connected neural network layers. There are many different attention mechanisms that can be
used; an example attention operation is described in more detail below with reference to FIG.
2.

In particular, the output block 120 can update each query embedding in the set of
query embeddings 106 over the set of latent embeddings 104. Continuing with the example of
optical flow described above, each query embedding in the set of query embeddings 106 can

specify, e.g., x and y coordinates of a corresponding pixel in the first image, and an
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embedding specifying the optical flow prediction task. The output block 120 can generate a
particular dimension of the network output 108 through cross-attention of the corresponding
query embedding over the set of latent embeddings 106. Referring back to the previous
example as an illustration, the dimension of the network output 108 can be, e.g., a single flow
vector representing optical flow for the pixel in the first image defined by the query
embedding. The output block 120 can repeat this process for each query embedding in the
set of query embeddings 106, thereby generating each respective dimension of the network
output 108. In some implementations, the outputs corresponding to each query embedding in
the set of query embeddings 104 can be generated in parallel. This process is described in
more detail below with reference to FIG. 2.

The encoder block 110 and the output block 120 can have any appropriate neural
network architecture that enables them to perform their prescribed functions. For example,
the encoder block 110 and the output block 120 can have any appropriate neural network
layers (e.g., convolutional layers, fully connected layers, recurrent layers, attention layers,
etc.) in any appropriate numbers (e.g., 2 layers, 5 layers, or 10 layers) and connected in any
appropriate configuration (e.g., as a linear sequence of layers). The neural network system
100 can also additionally include any number of neural network blocks configured to perform
any appropriate operation. Particular examples of the encoder block 110 and the output block
120 are described in more detail below with reference to FIG. 2.

In this manner, the system 100 can flexibly modify the dimensionality of the network
output 108, e.g., by modifying the number of query embeddings 106, without restructuring the
hidden layers of the neural network 150. Moreover, as described above, the prediction task
being performed by the neural network 150 is defined by, and in some implementations can be
modified using, the query embeddings 106. Thus the neural network system 100 can provide a
flexible and general purpose neural network architecture that can be implemented to perform a
variety of prediction tasks for network inputs of various modalities with minimal modification.

The neural network system 100 can further include a training engine that can train the
neural network 150 on a set of training data over multiple training iterations. The training data
can include a set of training examples, where each training example specifies: (i) a training
input, and (i) a target output that should be generated by the neural network 160 by processing
the training input.

At each training iteration, the training engine can sample a batch of training examples
from the training data, and process the training inputs specified by the training examples using

the sequence of neural network blocks included in the neural network 150 (e.g., the encoder
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block 110 and the output block 120) to generate corresponding network outputs. In particular,
for each training input, the neural network 150 processes the training input using the current
model parameter values of the encoder block 110 to generate the set of latent embeddings 104.
The neural network 150 processes the set of latent embeddings 104 and the set of query
embeddings 106 using the current model parameter values of the output block 120 to generate
the network output 108 corresponding to the training input.

The training engine can adjust the model parameter values of the encoder block 110
and the output block 120 to optimize an objective function that measures a similarity between:
(1) the network outputs generated by the neural network 150, and (ii) the target network outputs
specified by the training examples. The objective function can be, e.g., a cross-entropy
objective function, a squared-error objective function, or any other appropriate objective
function. In some implementations, during training, the network outputs generated by the
neural network 150 can include only a fraction of the total set of possible outputs. In such cases,
the objective function can be evaluated with reference to only the generated outputs, e.g.,
instead of the total set of outputs. This can accelerate the training of the neural network and
improve training efficiency.

The training engine can determine gradients of the objective function, e.g., using
backpropagation techniques. The training engine can update the model parameter values of the
encoder block 110 and the output block 120 using the gradients, e.g., using any appropriate
gradient descent optimization algorithm, e.g., Adam. The training engine can determine a
performance measure of the neural network 150 on a set of validation data that is not used
during training of the neural network 150. After training, the neural network system 100 can
be used to perform a machine learning task, e.g., to process a network input and generate a
network output.

In some implementations, the training engine can train the neural network 150 using
reinforcement learning techniques. For example, the training engine can train the neural
network 150 by iteratively adjusting the model parameter values of the neural network 150 by
iteratively backpropagating gradients of a reinforcement learning objective function through
the neural network 150 (e.g., the encoder block, the cross-attention block, or both). The
reinforcement learning function can be any appropriate reinforcement learning objective
function.

The neural network system 100 can be configured to perform any appropriate

machine learning task. A few examples follow.
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In some implementations, the system 100 uses the neural network 150 to perform an
image or audio segmentation task. For example, the neural network can process a network
input that includes an image or a series of audio samples that represent an audio waveform to
generate a network output that defines, for each pixel in the input image or for each audio
sample, a respective score distribution over a set of possible classes. The score for a class can
define a likelihood that a corresponding pixel or sample is included in the class. For example
for an image the possible classes can include, e.g., water, building, vehicle, pedestrian, etc. In
this example, a query embedding can specify a position of a corresponding pixel in the input
image or of a corresponding sample in the audio, and the dimension of the network output
corresponding to the query embedding can define the score distribution for the corresponding
pixel in the input image or sample in the audio. The image may be a moving image, i.e. a
video. In a similar way the system 100 may use the neural network 150 to perform an image
depth prediction task where the network output defines a predicted depth value for a
corresponding pixel to obtain a (spatial 3D) depth map for the image.

In some implementations, the system 100 uses the neural network 150 to perform a
protein modeling task, e.g., where the network input characterizes a protein (e.g., a multiple
sequence alignment for the protein), and the network output characterizes a predicted
structure of the protein (e.g., a respective three-dimensional (3-D) spatial position and
orientation of each amino acid in the protein structure). In this example, a query embedding
can specify an index of an amino acid in the amino acid sequence of the protein, and
optionally, a type of the amino acid at the specified index (e.g., alanine, arginine, asparagine,
etc.). The dimension of the network output corresponding to a query embedding can define
the predicted spatial position and orientation of the amino acid specified by the query
embedding.

In some implementations, the system 100 uses the neural network 150 to perform an
agent control task, where the network input represents a sequence of one or more
observations or other data characterizing states of an environment and the output defines an
action to be performed by the agent in response to the most recent data in the sequence. The
environment can be a real-world or a simulated environment, and the agent can be, e.g., a
robot, an autonomous land, sea, or air vehicle, or a control system for an industrial facility.
Each query embedding can specify a respective task to be performed by the agent in the
environment, e.g., the task can be for the agent to navigate to a goal location in the

environment, and the query embedding can specify the goal location.
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In some implementations, the system 100 uses the neural network 150 to process a
network input that represents audio samples in an audio waveform to perform speech
recognition, e.g., to generate a network output that characterizes a sequence of phonemes,
graphemes, characters, or words corresponding to the audio waveform. The audio samples
define a sequence of samples and optionally the network input may also include an encoding
of the position of a sample in the sequence. Each dimension of the network output can, for
example, correspond to a respective time interval in the audio waveform and can define a
respective score distribution over a set of possible phonemes, graphemes, characters, or
words. In this example, the neural network can generate the network output, e.g., by a query
embedding that defines: (i) a respective time interval in the audio waveform, e.g. a position in
the sequence, and optionally (ii) a prediction task for the time interval in the audio waveform,
e.g., decoding phonemes, graphemes, characters, or words corresponding to the time interval.

In some implementations, the system 100 uses the neural network 150 to perform a
reconstruction task such as an auto-encoding task, e.g., by processing a network input to
generate a network output that defines a predicted reconstruction of the network input. The
network input can be, e.g., an image or video, an audio waveform, a point cloud, or a
sequence of text. In this example, each query embedding can include data that specifies a
corresponding position in the network input to be reconstructed, e.g., a spatial position in an
image, a spatial and/or temporal position in the video, or a temporal window in an audio
waveform. Optionally, each query embedding can also define a modality of the network input
being reconstructed, e.g., defining whether the network input is an image, an audio
waveform, or a point cloud. Each dimension of the network output can, for example,
correspond to a reconstructed point of the network input in 1D, 2D or 3D as specified by the
query embedding. More or fewer points than the original network input may be
reconstructed. Points may be reconstructed serially and/or in parallel. For example the set of
query embeddings may comprise a query embedding for each point in the network input e.g.
pixel of an image or sample of an audio signal, or it may comprise a query embedding for just
one point and the network output may be reconstructed serially one point at a time by
specifying each desired point; or the set of query embeddings may reconstruct some but not
all of the points in the network input.

In some implementations, the system 100 uses the neural network 150 for a neural
machine translation task, e.g., to process a network input that represents a sequence of text,
e.g., a sequence of words, phrases, characters, or word pieces, in one language, to generate a

network output that is a translation of the sequence of text into another language, i.e., a
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sequence of text in the other language that is a translation of the input sequence of text. In
this example, each query embedding can include data identifying, e.g., the natural language
that the input sequence of text should be translated into (e.g., English, French, German, etc.).
Furthermore, each query embedding can specify a corresponding position in the output
sequence of text.

In some implementations, the system 100 uses the neural network 150 to perform an
audio or audio-visual processing task. For example, if the network input represents a spoken
utterance, then the network output generated by the neural network can be a score for each of
a set of pieces of text, each score representing an estimated likelihood that the piece of text is
the correct transcript for the utterance. In this example, each query embedding can be a
representation of, or correspond to, a respective piece of text. As another example, if the
network input represents a spoken utterance, the output generated by the neural network can
indicate whether a particular word or phrase (“hotword”) was spoken in the utterance. In this
example, each query embedding can be, or correspond to, e.g., a one-hot embedding
corresponding to a respective word or phrase.

In some implementations, the system 100 uses the neural network 150 to perform a
text to speech task, where the network input represents text in a natural language or features
of text in a natural language and the network output is a spectrogram, a waveform, or other
data defining audio of the text being spoken in the natural language. In this example, each
query embedding can be for identifing a respective speaking voice to be used in vocalizing
the text (e.g., where each speaking voice corresponds to a voice of a respective person).
Furthermore, each query embedding can specify a corresponding temporal window in the
network output.

In some implementations, the system 100 uses the neural network 150 to perform a
health prediction task, where the network input represents data derived from electronic health
record data for a patient and the output is a prediction that is relevant to the future health of
the patient, e.g., a predicted treatment that should be prescribed to the patient, the likelihood
that an adverse health event will occur to the patient, or a predicted diagnosis for the patient.
In this case, each query embedding can specify a corresponding time point, or period, in the
life of the patient. In some implementations, the system 100 uses the neural network 150
to perform a text generation task, where the network input represents a sequence of text, and
the output is another sequence of text, e.g., a completion of the input sequence of text, a
response to a question posed in the input sequence, or a sequence of text that is about a topic

specified by the first sequence of text. As another example, the network input can represent
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data other than text, e.g., an image, and the output sequence can be text that describes the data
represented by the network input. In this example, each query embedding can specify a
corresponding position in the output sequence of text.

In some implementations, the system 100 uses the neural network 150 to perform an
image generation task, where the network input represents a conditioning input and the output
is a sequence of intensity values for the pixels of an image.

In some implementations, the system 100 uses the neural network 150 to perform a
genomics task, where the network input represents a fragment of a DNA sequence or other
molecule sequence and the network output is either an embedding of the fragment for use in a
downstream task, e.g., by making use of an unsupervised learning technique on a data set of
DNA sequence fragments, or an output for the downstream task. Examples of downstream
tasks include promoter site prediction, methylation analysis, predicting functional effects of
non-coding variants, and so on. In this example, each query embedding can specify a
corresponding position in the DNA sequence.

In some implementations, the system 100 uses the neural network 150 to perform an
image, video or audio classification task. The network input may then represent the pixels of
an image or video, or samples of an audio waveform as previously described. Optionally the
network input may include a position encoding for the pixels of the image or video or the
samples of the audio; for a video the position encoding may be a spatial and/or temporal
position. The network output defines a classification of the image, video or audio. The
classification can include a respective score for each object category in a set of possible
object categories (e.g., for an image, vehicle, pedestrian, bicyclist, etc.). The score for an
object category can define a likelihood that the network input comprises an object that
belongs to the object category, e.g. that the image or video depicts the object. The
classification for a video may comprise a classification of an action depicted in the video, e.g.
for gesture recognition. The set of query embeddings may comprise a single query
embedding (which may be learned). In a similar way the system 100 can use the neural
network 150 to perform an image or audio bounding box task, where the network output
comprises a classification and a vector defining coordinates of a bounding box for the object
in 1, 2 or 3 dimensions (here counting time as a dimension).

As previously mentioned, in general in the above examples references to an image or
video include a point cloud. For example in some implementations, the system 100 uses the
neural network 150 to perform a point cloud processing task, e.g., where the network input

represents a point cloud (e.g., generated by a lidar or radar sensor) and the network output
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characterizes, e.g., a type of object represented by the point cloud. In this example, each
query embedding can specify a corresponding spatial position of one or more points in the
point cloud.

In some implementations, the system 100 uses the neural network 150 to perform an
image or video captioning task. For example, the neural network can process a network input
that includes an image or a video comprising a series of images to generate a network output
that defines, for the image or for one or more of the series of images, a set of tokens that
describe the image or video, where the tokens may represent words, parts of words, or
sentences. The tokens may be defined deterministically, or stochastically, e.g. by sampling
from one or more defined distributions. In the case of a video the query embedding can (but
need not) specify a position in time of each of the series of images. As used here a position
in time includes an order in time.

In some implementations, the network input is a multimodal input and the system 100
uses the neural network 150 to perform a multimodal task. In general such a multimodal
input is a combination of two or more different types or modalities of data, where the
different types of data may, but need not, represent the same or overlapping objects in the
network input using the different modalities. Such multimodal data may comprise audio-
visual data, comprising a combination of pixels of an image or of video and audio data
representing samples of an audio waveform. As another example such multimodal data may
comprise a combination of text data, e.g. tokens, representing text in a natural language and
pixels of an image or of video or samples of an audio waveform. The multimodal task may
be any of the tasks described above, but with the inclusion of an additional mode of data in
the network input. As some examples the multimodal task may comprise a classification
task, a segmentation task, a speech recognition task, a reconstruction task, a recognition task,
a captioning task, and an agent control task. To construct the network input each modality
type may be provided with a modality-specific embedding; the multimodal data may then be
serialized into the 2D input array 202. In general the query embeddings may be as previously
described but in some implementations with the addition of a modality-specific embedding to
generate an output per modality. The embeddings may be learned embeddings. Where
spatial or temporal position is incorporated into a query embedding, e.g. for video or audio
data, this may be as previously described as the modality-specific embedding enables the
system to select each modality. The network outputs may correspond to those previously
described, but applied are provided for the multimodal input. For example a multimodal

classification task may generate a network output that categorizes the multimodal input into

16



WO 2022/248727 PCT/EP2022/064501

one or more of a plurality of categories, e.g. by defining a score for each category of a
plurality of possible categories for the input. Similarly a captioning task generate a network
output for tokens that describe the multimodal input; a corresponding query may, but need
not, include a spatial or temporal position for each query embedding; and so forth. As
another example, where the multimodal data comprises a combination of text data and image
or video or audio data the task may comprise processing the combination to provide a
network output that defines whether the image or video or audio waveform is described by
the text, e.g. by a particular caption, e.g. by defining a score for the text or caption. The
query may be as previously described for classification; or may include position data to
generate a respective score for each position represented by one of the query embeddings in
the set of query embeddings.

In general in the above examples the network input may comprise raw data e.g. raw
pixel data or audio samples, or feature embeddings e.g. defining spatial, temporal or spatio-
temporal features obtained by pre-processing with a feature encoder neural network.

An example architecture of the neural network system 100 is described in more detail
below with reference to FIG. 2.

FIG. 2 is a block diagram of an example architecture of the neural network system
100 in more detail. The neural network 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 are implemented.

The neural network system 100 can be configured to obtain a network input 202,
which can include a set of data element embeddings (e.g., “Input array”) characterizing an
entity. The entity can, e.g., include multiple units arranged in a spatial and/or temporal
structure.

In some implementations, each data element embedding can correspond to a
respective spatial position in the network input and can include a feature embedding based on
features of the network input at that spatial position. For example, if the entity is an image,
and the unit is a pixel in the image, the system can obtain the feature embedding by selecting
a patch of image around that pixel and concatenating the pixels within the patch into a vector.
As used herein references to a spatial position are to be understood as generally including a
position in a sequence such as a sequence of words or a sequence of audio waveform
samples.

In some implementations, each data element embedding can include a positional

embedding that characterizes the spatial position corresponding to the data element
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embedding. For example, if the entity is a sequence of words, and each unit in the entity is a
word, the system can generate the positional embedding based on the index of the word in the
sequence of words.  In some implementations, each data element embedding can include a
modality embedding that defines a modality corresponding to the data element embedding.
For example, if the network input is an audio waveform, the data element embedding can
include a modality embedding that specifies that the network input is the audio waveform.
Generally, the network input can have dimensions M x C, where M is the number of

data element embeddings, and C is the number of channels of each data element embedding.

The neural network system 100 can further obtain a set of query embeddings 206
(e.g., “Output query array”) that collectively define a prediction task to be performed by the
neural network 250 by processing the network input 202. The query embeddings 206 can
have any appropriate dimensionality, e.g., the query embeddings can include O query vectors.

In some implementations, the neural network system 100 can additionally obtain an
initial set of latent embeddings 204 (e.g., “Latent array”). The latent embeddings 204 may be
predefined and/or initialized randomly or these may be learned, i.e. they may comprise a set
of learned parameters each defining an element of the array, learned, e.g., like weights. That
is, in some implementations the encoder block processes the network input and an initial set
of latent embeddings to generate a representation of the network input as the set of latent
embeddings. The set of latent embeddings 204 can have dimensions N x D, where N is the
number of latent embeddings, and D is the number of channels of each latent embedding,
both of which can be hyperparameters of the neural network system 100. In some
implementations, the number of query embeddings O can be larger than the number of latent
embeddings &, e.g., by a factor of at least two. Furthermore, the number of query embeddings
O can be variable and independent of the number of latent embeddings N.

The neural network system 100 can process the network input 202 using the neural
network 250 to generate a network output 208 (e.g., “Output array”) that includes a
respective dimension corresponding to each query embedding in the set of query embeddings
206. For example, the network output 208 can be represented by an O x E array, where O is
the number of output vectors and £ is the number of output elements in each output vector (a
hyperparameter). The neural network system 100 can generate a respective dimension (e.g., a
respective output vector) corresponding to each query embedding in the set of query
embeddings 206. The number of output vectors can be the same as the number of query

vectors.
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The neural network system 100 can generate the network output 208 by using: an
encoder block 210, and an output block 250. The encoder block 210 can include a sequence
of one or more neural network blocks, e.g., (i) one or more cross-attention blocks 230, and
(ii) one or more self-attention blocks 240. The encoder block 210 can be configured to
process the network input 202 to generate a representation of the network input 202 as the set
of latent embeddings 204. The output block 250 can be configured to process the set of latent
embeddings 204, generated by the encoder block 210, and the set of query embeddings 206,
to generate the network output 208. The attention blocks included in the neural network 250
are described in more detail next.

The cross-attention block 230, the self-attention block 240, and the output block 250,
can each be configured to perform an attention operation, e.g., update each embedding in a
first set of embeddings using attention over a second set of embeddings.

For example, for each target embedding in the first set of embeddings, each attention
block can generate a respective attention weight for each embedding in the second set of
embeddings, and generate a combined embedding based on the second set of embeddings and
the corresponding attention weights. As a particular example, each attention block can
generate the combined embedding as a weighted sum of the second set of embeddings, e.g.,
by multiplying each embedding in the second set of embeddings with the corresponding
weight and summing the weighted embeddings. Each attention block can then use the
combined embedding to update the target embedding in the first set of embeddings, e.g., by
replacing the target embedding with the combined embedding, adding the combined
embedding to the target embedding, or in any other appropriate manner.

In some implementations, the attention blocks can perform a query-key-value (OKV)
attention operation, e.g., update each embedding in the first set of embeddings using attention
over the second set of embeddings using query (0), key (K), and value (}J)) embeddings. In
particular, each attention block can include: (i) a query sub-network, (ii) a key sub-network,
and (iii) a value sub-network. For each target embedding in the first set of embeddings, the
query sub-network can be configured to process the target embedding in the first set of
embeddings to generate a respective query embedding (Q) for the target embedding. The key
sub-network can be configured to process each embedding in the second set of embeddings to
generate a respective key embedding (K) for each embedding in the second set of
embeddings. Similarly, the value sub-network can be configured to process each embedding
in the second set of embeddings to generate a respective value embedding (V) for each

embedding in the second set of embeddings.

19



WO 2022/248727 PCT/EP2022/064501

Each attention block can then use the query embeddings (Q), the key embeddings (K),
and the value embeddings (}), to update each target embedding in the first set of embeddings
using attention over the second set of embeddings. Specifically, each attention block can
generate the attention weight for each embedding in the second set of embeddings, e.g., as an
inner (e.g., dot) product of the query embedding () with each of the key embeddings (X).
Based on the second set of embeddings and the attention weights, each attention block can
generate the combined embedding, e.g., as a linear combination of the value embeddings (})
weighted by their respective attention weights. Lastly, each attention block can update the
target embedding in the first set of embeddings using the combined embedding, e.g., by
replacing the target embedding in the first set of embeddings with the weighted sum of the
value embeddings (V).

In some implementations, the first set of embeddings and the second set of
embeddings can be the same set of embeddings. In such cases, the attention operation (e.g.,
the QKV attention operation) can be referred to as a “self-attention” operation. The self-
attention operation can be performed by, e.g., the self-attention block 240. For example, the
first set of embeddings can be the set of latent embeddings 204, the second set of embeddings
can also be the set of latent embeddings 204, and the self-attention block 240 can update each
latent embedding in the set of latent embeddings 204 using self-attention over the set of latent
embeddings 204. In some implementations, the self-attention block 240 can repeatedly
update each latent embedding in the set of latent embeddings 204 using self-attention over the
set of latent embeddings 204.

In some implementations, the first set of embeddings and the second set of embeddings
can be different sets of embeddings. In such cases, the attention operation (e.g., the OKV
attention operation) can be referred to as a “cross-attention” operation. The cross-attention
operation can be performed by, e.g., the cross-attention block 230 included in the encoder 210,
and the output block 250.

As a particular example, in the case of the cross-attention block 230 included in the
encoder 210, the first set of embeddings can be the set of latent embeddings 204 (e.g., initialized
randomly or initialized to previously learned values), and the second set of embeddings can be
the data element embeddings 202 provided to the neural network 250 as an input. The cross-
attention block 230 can update each latent embedding in the set of latent embeddings 204 using
cross-attention over some, or all, data element embeddings in the set of data element

embeddings 202.
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As another particular example, in the case of the output block 250, the first set of
embeddings can be the set of query embeddings 206, and the second set of embeddings can be
the set of latent embeddings 204 generated by the self-attention block 240. The output block
250 can update each query embedding in the set of query embeddings 206 using cross-attention
over the set of latent embeddings 204. In other words, the output block 250 can generate each
dimension of the network output 208 by cross-attention of a corresponding query embedding
in the set of query embeddings 206 over the set of latent embeddings 204. After cross-attending
each query embedding in the set of query embeddings 206 over the set of latent embeddings
204, the output block 250 can generate the complete neural network output 208 that includes a
respective dimension for each query embedding in the set of query embeddings 206.

If the neural network system 100 obtains a second, different, set of query embeddings
206 (e.g., specifying a different number of query vectors, different spatial positions, and/or
different modality-specific features), the neural network system 100 can process the network
input 202 and the second set of query embeddings 206 as described above to generate the
network output 208 corresponding to each query embedding in the second, different, set of
query embeddings 206. Accordingly, by modifying the query embeddings 206, the neural
network system 100 can flexibly modify the dimensionality of the network output 208 and/or
the prediction task being performed by the neural network 250.

An example process for using the neural network system 100 to generate the neural
network output 208 is described in more detail next.

FIG. 3 is a flow diagram of an example process 300 for using a neural network system
to generate a neural network output. For convenience, the process 300 will be described as
being performed by a system of one or more computers located in one or more locations. For
example, a neural network system, e.g., the neural network system 100 in FIG. 1, or the
neural network system 100 in FIG. 2, appropriately programmed in accordance with this
specification, can perform the process 300.

The system obtains: (i) a network input to a neural network, and (ii) a set of query
embeddings that collectively define a prediction task to be performed by the neural network
by processing the network input (302). In some implementations, the network input can
include multi-modal data, as one example, video data, audio data, and label data. Generally,
as illustrated in FIG. 6A, the network input can include any appropriate type of data or a

combination thereof.
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The system processes the network input using the neural network to generate the
network output that comprises a respective dimension corresponding to each query
embedding in the set of query embeddings (304).

For example, the system can process the network input using an encoder block of the
neural network to generate a representation of the network input as a set of latent
embeddings.

Then, the system can process: (i) the set of latent embeddings, and (ii) the set of query
embeddings, using a cross-attention block, e.g. the above-described output block 250, that
generates each dimension of the network output by cross-attention (e.g., query-key-value
attention) of a corresponding query embedding over the set of latent embeddings. For
example, as described above with reference to FIG. 2, the system can generate a respective
attention weight for each latent embedding based on: (i) the query embedding, and (ii) the
latent embedding, and generate the dimension of the network output corresponding to the
query embedding based on the attention weights for the latent embeddings. In particular, the
system can process each latent embedding to generate a value embedding of the latent
embedding. Then, the system can combine the value embeddings using the attention weights.
Lastly, the system can generate the dimension of the network output corresponding to the
query embedding based at least in part on a result of combining the value embeddings using
the attention weights.

In some implementations, the query embedding can define a respective spatial
position in the network input. In such cases, the dimension of the network output that
corresponds to the query embedding can define a respective prediction relevant to the spatial
position in the network input. For example, as illustrated in FIG. 4, the network input can be
an image having a size of 700 x 100 pixels, and each query embedding can define a
respective spatial position (e.g., x and y coordinates) of a corresponding pixel in the image.
The prediction task can be, e.g., to reconstruct the original image. The set of query
embeddings can include /0,000 query vectors, e.g., a vector for each pixel in the image. The
dimension of the network output that corresponds to the query embedding can define a
respective prediction relevant to the spatial position in the network input, e.g., a
reconstruction of the pixel in the image defined by the query embedding.

In some implementations, the query embedding can include one or more input
features from a respective spatial position in the network input. In such cases, the dimension
of the network output that corresponds to the query embedding can define a respective

prediction relevant to the spatial position in the network input. For example, as illustrated in
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FIG. 5, for the optical flow prediction task, each query embedding can specify one or more
input features at a respective spatial position in the network input, e.g., the spatial position
(e.g., x and y coordinates) of the pixel in the image and one or more input features associated
with that pixel. For example in the network input two images can be concatenated so that
corresponding pixels are indexed by the same (M) dimension of the input array (concatenated
in the channel dimension, C); or in another approach two images are not concatenated and the
network input, and optionally the query embedding, may then also be provided with a time
encoding feature. In one example, the input feature of the pixel in the image can be a patch
of the image around that pixel that is concatenated into a vector. The dimension of the
network output corresponding to the query embedding defining that pixel in the image can
specity, e.g., a predicted flow vector for that pixel in the image.

In some implementations, the query embedding can define a modality of the network
input. For multi-modal inputs, e.g., inputs including a video, an audio, and a label, all three
modalities can be specified by each query embedding in the set of query embeddings.
Generally, query embeddings can be represented in a variety of different ways. As a
particular example, query embeddings can be represented as one-hot embeddings.

In some implementations, the set of query embeddings can collectively define
multiple prediction tasks, e.g., each query embedding can define a respective prediction task.
In such cases, the dimension of the network output that corresponds to the query embedding
can define a prediction output for the prediction task specified by the query embedding. The
prediction tasks can include, e.g., a classification task, a regression task, a segmentation task,
an auto-encoding task, or any other appropriate task. For example, as illustrated in FIG. 5, the
embedding “task id” can specify a particular prediction task. In the case of eight prediction
tasks, the set of query embeddings can include eight query embeddings, each specifying a
particular prediction task.

Example query embeddings and prediction tasks are described in more detail below
with reference to FIG. 4 and FIG. 5.

FIG. 4 illustrates example query embeddings 400 that can be used by a neural
network system (e.g., the system 100 in FIG. 1, or the system 100 in FIG. 2) to generate a
neural network output 408.

As illustrated in FIG. 4, the network input 402 can be an image. The prediction task to
be performed by a neural network included in the neural network system can be an auto-
encoding task, e.g., a reconstruction of the original image 402. In this case, each query
embedding in the set of query embeddings can define a respective spatial position (e.g., x and
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y coordinates) of a corresponding pixel in the image 402. The image 402 can have a size of
100 x 100 pixels, and the set of query embeddings can include 10,000 query vectors, e.g., a
vector for each pixel in the image 402.

As described above with reference to FIG. 1 and FIG. 2, the neural network can
include an encoder 410 and an output block 420. The encoder 410 can process the image 402
to generate a representation of the image 402 as a set of latent embeddings 404. The output
block 420 can process the set of latent embeddings 404 and the set of query embeddings 404
to generate the network output 408 by cross-attention of a corresponding query embedding
over the set of latent embeddings 404. The network output 408 can be, e.g., a reconstruction
of the image 402, where each pixel is represented by a corresponding query embedding in the
set of query embeddings 400.

FIG. 5 illustrates another example of query embeddings 500. Generally, the query
embeddings can be constructed with output-specific features to produce network outputs with
different semantics.

For example, if the network output is a sequence of words, then the query embeddings
can include position embeddings, where each position embedding specifies a position of the
respective word in the sequence of words. As a particular example, the position embedding
can be based on the index of the word in the sequence of words. In another example, if the
network output is a two-dimensional array of pixels, then the position embedding can be
based on the x-y coordinates of the pixel in the array of pixels. In yet another example, if the
network output is a point cloud, then the positional embedding can be based on the x-y-z
coordinates of the point in the point cloud. In some implementations, the position embedding
can be, e.g., a Fourier feature positional encoding having frequency bands that are spaced
log-linearly over a predefined target frequency range. In some implementations both “raw”
coordinates e.g. X, y or z, and Fourier features may be included.

In some implementations, input features for the target output can also be used to
query, either alone, or alongside position features. For example, if the network output is an
image, the input feature of a pixel in the image can be, e.g., a patch of the image around that
pixel that is concatenated into a vector. In another example, if the output is an audio
waveform, then the input feature of a particular time point in the audio waveform can be the
amplitude of the waveform at that time point.

For multi-task, or multi-modal settings, an embedding for each: task, or modality,
respectively, can be used. For classification tasks, a single learned embedding can be used. In

particular, as described above with reference to FIG. 1, a training engine can train the neural
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network. As part of the training, the training engine can train the embeddings concurrently
with the neural network, e.g., by backpropagating gradients of the loss through the neural
network and into the embeddings. For tasks with heterogeneous outputs like, e.g., multi-
modal auto-encoding, features that are specific to some queries (e.g., spatial position
represented by x and y coordinates) can be combined with modality embeddings. In the case
of multi-modal auto-encoding, each query embedding can specify the modality that it is
desirable to reconstruct.

FIG. 6 illustrates example modalities 600 of inputs that can be processed by a neural
network system (e.g., the system 100 in FIG. 1, or the system 100 in FIG. 2). The system can
be used on domains with a wide variety of input and output spaces, including multi-task
language understanding, dense visual tasks like optical flow, and hybrid dense/sparse multi-
modal tasks such as video + audio + class auto-encoding. In some implementations, the
inputs can be pre-processed and/or post-processed, e.g., to reduce the size of very large inputs
and/or outputs, respectively. The last two columns illustrate the dimensionality of the inputs
and the dimensionality of the respective outputs.

FIG. 7A and FIG. 7B illustrate example multi-modal results 700, e.g., audio-video-
label auto-encoding. Inputs are shown on the left and reconstructions are shown on the right.
The neural network system is able to jointly represent modalities with very different
properties and achieve a substantially high prediction accuracy. In FIG. 7B, “PSNR” refers to
peak signal to noise ratio.

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
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encoded on a tangible non-transitory storage medium for execution by, or to control the
operation of, data processing apparatus. The computer storage medium can be a machine-
readable storage device, a machine-readable storage substrate, a random or serial access
memory device, or a combination of one or more of them. Alternatively or in addition, the
program instructions can be encoded on an artificially-generated propagated signal, e.g., a
machine-generated electrical, optical, or electromagnetic signal, that is generated to encode
information for transmission to suitable receiver apparatus for execution by a data processing
apparatus.

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

A computer program, which may also be referred to or described as a program,
software, a software application, an app, a module, a software module, a script, or code, can
be written in any form of programming language, including compiled or interpreted
languages, or declarative or procedural languages; and it can be deployed in any form,
including as a stand-alone program or as a module, component, subroutine, or other unit
suitable for use in a computing environment. A program may, but need not, correspond to a
file in a file system. A program can be stored in a portion of a file that holds other programs
or data, e.g., one or more scripts stored in a markup language document, in a single file
dedicated to the program in question, or in multiple coordinated files, e.g., files 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 “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
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computers will be dedicated to a particular engine; in other cases, multiple engines can be
installed and running on the same computer or computers.

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

Computers suitable for the execution of a computer program can be based on general
or special purpose microprocessors or both, or any other kind of central processing unit.
Generally, a central processing unit will receive instructions and data from a read-only
memory or a random access memory or both. The essential elements of a computer are a
central processing unit for performing or executing instructions and one or more memory
devices for storing instructions and data. The central processing unit and the memory can be
supplemented by, or incorporated in, special purpose logic circuitry. Generally, a computer
will also include, or be operatively coupled to receive data from or transfer data to, or both,
one or more mass storage devices for storing data, e.g., magnetic, magneto-optical disks, or
optical disks. However, a computer need not have such devices. Moreover, a computer can be
embedded in another device, e.g., a mobile telephone, a personal digital assistant (PDA), a
mobile audio or video player, a 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
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device that is used by the user; for example, by sending web pages to a web browser on a
user’s device in response to requests received from the web browser. Also, a computer can
interact with a user by sending text messages or other forms of message to a personal device,
e.g., a smartphone that is running a messaging application, and receiving responsive
messages from the user in return.

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

Machine learning models can be implemented and deployed using a machine learning
framework, e.g., a TensorFlow framework.

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.
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Conversely, various features that are described in the context of a single embodiment can also
be implemented in multiple embodiments separately or in any suitable subcombination.
Moreover, although features may be described above as acting in certain combinations and
even initially be claimed as such, one or more features from a claimed combination can in
some cases be excised from the combination, and the claimed combination may be directed to
a subcombination or variation of a subcombination.

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

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

multitasking and parallel processing may be advantageous.
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CLAIMS

1. A method performed by one or more data processing apparatus, the method
comprising:
obtaining: (i) a network input to a neural network, and (ii) a set of query embeddings
that collectively define a prediction task to be performed by the neural network by processing
the network input;
processing the network input using the neural network to generate a network output
that comprises a respective dimension corresponding to each query embedding in the set of
query embeddings, comprising:
processing the network input using an encoder block of the neural network to
generate a representation of the network input as a set of latent embeddings; and
processing: (i) the set of latent embeddings, and (ii) the set of query
embeddings, using a cross-attention block that generates each dimension of the network
output by cross-attention of a corresponding query embedding over the set of latent

embeddings.

2. The method of claim 1, wherein for each of one or more of the query embeddings:
the query embedding defines a respective spatial position in the network input; and
the dimension of the network output that corresponds to the query embedding defines

a respective prediction relevant to the spatial position in the network input.

3. The method of any preceding claim, wherein for each of one or more of the query
embeddings:

the query embedding comprises one or more input features from a respective spatial
position in the network input; and

the dimension of the network output that corresponds to the query embedding defines

a respective prediction relevant to the spatial position in the network input.

4. The method of any preceding claim, wherein for each of one or more query
embeddings:
the query embedding defines a modality of the network input.

5. The method of any preceding claim, wherein the set of query embeddings collectively
define a plurality of prediction tasks, and wherein for each of one or more of the query

embeddings:
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the query embedding specifies a respective prediction task from the plurality of
prediction tasks; and
the dimension of the network output that corresponds to the query embedding defines

a prediction output for the prediction task specified by the query embedding.

6. The method of claim 5, wherein the plurality of prediction tasks comprise one or more

of: a classification task, a regression task, a segmentation task, or an auto-encoding task.

7. The method of any preceding claim, wherein generating a dimension of the network
output by cross-attention of a corresponding query embedding over the set of latent
embeddings comprises:

generating a respective attention weight for each latent embedding based on: (i) the
query embedding, and (ii) the latent embedding; and

generating the dimension of the network output corresponding to the query

embedding based on the attention weights for the latent embeddings.

8. The method of claim 7, wherein generating the dimension of the network output
corresponding to the query embedding based on the attention weights for the latent
embeddings comprises:

processing each latent embedding to generate a value embedding of the latent
embedding;

combining the value embeddings using the attention weights; and

generating the dimension of the network output corresponding to the query
embedding based at least in part on a result of combining the value embeddings using the

attention weights.
9. The method of claim 8, wherein the cross-attention is query-key-value attention.

10.  The method of any preceding claim, wherein a number of query embeddings in the set
of query embeddings is larger than a number of latent embeddings in the set of latent

embeddings.

11. The method of claim 10, wherein the number of query embeddings in the set of query
embedding is larger than the number of latent embeddings in the set of latent embeddings by

a factor of at least 2.
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12.  The method of any preceding claim, wherein a number of latent embeddings in the set
of latent embeddings is predefined, and a number of query embeddings in the set of query
embeddings is variable and independent of the number of latent embeddings in the set of

latent embeddings.

13. The method of any preceding claim, wherein the network input comprises multi-

modal data.

14.  The method of any preceding claim, further comprising initializing the set of latent
embeddings,
wherein the network input comprises a set of data element embeddings,
wherein the encoder block of the neural network comprises one or more cross-
attention blocks that each perform operations comprising:
updating each latent embedding in the set of latent embeddings using attention
over some or all of the data element embeddings in the set of data element embeddings;
wherein the encoder block of the neural network comprises one or more one or more
self-attention blocks that each perform operations comprising:
updating each latent embedding in the set of latent embeddings using attention

over the set of latent embeddings.

15. The method of claim 14, wherein a number of latent embeddings in the set of latent
embeddings is less than a number of data element embeddings in the set of data element

embeddings.

16.  The method of any one of claims 14-15, wherein each data element embedding
corresponds to a respective spatial position in the network input and comprises a feature

embedding based on features of the network input at the spatial position.

17.  The method of any one of claims 14-16, wherein each data element embedding
corresponds to a respective spatial position in the network input and comprises a positional

embedding that characterizes the spatial position.

18.  The method of any one of claims 14-17, wherein each data element embedding
comprises a modality embedding that defines a modality corresponding to the data element

embedding.
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19. A system comprising:

one or more computers; and

one or more storage devices communicatively coupled to the one or more computers,
wherein the one or more storage devices store 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 1-18.

20.  One or more non-transitory 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 1-18.



