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GENERATING OBJECT EMBEDDINGS FROM IMAGES

BACKGROUND

0001 This specification relates to processing images using neural networks.

[0002] 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.

[0003] 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

[0004] This specification describes a method implemented as computer programs on one or more

computers in one or more locations for training an object embedding system.

[0005] According to a first aspect there is provided a method for end-to-end training of an object

embedding system, the method comprising: iteratively training an object embedding system on a

plurality of images, each of the images depicting an object of a particular type, each iteration of

the training comprising: providing selected images as input to the object embedding system and

generating corresponding embeddings, wherein the object embedding system comprises a

thumbnailing neural network and an embedding neural network, wherein each neural network

comprises a plurality of consecutive layers that are exclusive of each other, and wherein

generating an embedding for an object depicted in an image using the object embedding system

comprises: generating a thumbnail representation of the object depicted in the image as output of

the thumbnailing neural network, wherein the thumbnailing neural network processes an input in

accordance with values of a set of thumbnailing neural network parameters to: determine values

of parameters of a spatial transformation that defines a correspondence between pixels of the

thumbnail representation and pixels of the image; and generate as output the thumbnail

representation using the spatial transformation and the image; generating an embedding by-

providing the thumbnail representation as input to the embedding neural network that is

configured to process the thumbnail representation m accordance with values of a set of



embedding neural network parameters to generate an embedding as output; determining

gradients based on a loss function to reduce a distance between embeddings for same instances

of objects, and to increase the distance between embeddings for different instances of objects;

and adjusting the values of the set of spatial transformer neural network parameters and the

values of the set of embedding neural network parameters using the gradients.

0006 In some implementations, the object embedding system additionally comprises a

detection neural network comprising a plurality of consecutive layers, and generating an

embedding for an object depicted in an image using the object embedding system additionally

comprises: generating an encoded representation of the image by providing the image as input to

the detection neural network, wherein the detection neural network is configured to process the

image in accordance with values of a set of detection neural network parameters to generate an

encoded representation of the image; and providing the encoded representation of the image as

input to the thumbnai!ing neural network.

[0 7] In some implementations, the detection neural network is pre-trained to generate encoded

representations of images comprising data identifying predicted locations of objects of the

particular type in the image.

[0008] In some implementations, the embedding neural network is pre-trained based on

thumbnail representations of objects of the particular type that are not generated by the

thumbnailing neural network.

[0009] In some implementations, determining gradients based on the loss function additionally

comprises, for each selected image: determining positions of key points of the thumbnail

representation generated by the thumbnailing neural network; determining positions of the k e -

points of the thumbnail representation in a frame of reference of the image; and reducing an error

measure between positions of key points of the object of the particular type depicted in the image

and the positions of the key points of the thumbnail representation in the frame of reference of

the image.

[0010] In some implementations, the key points of the object of the particular type depicted in

the image comprise vertices of a bounding box around the object of the particular type depicted

the image, and wherein the key points of the thumbnail representation comprise bounding

vertices of the thumbnail representation.



[0011] In some implementations, the error measure is a sum of errors between the positions of

the key points of the object of the particular type depicted in the image and the positions of the

key points of the thumbnail representation in the frame of reference of the image; and the error

between a position of a key point of the object of the particular type depicted in the image and a

corresponding position of a key point of the thumbnail representation in the frame of reference of

the image is zero if a distance between them is less than a tolerance radius.

[0012] In some implementations, the tolerance radius is increased over the training iterations

until it reaches a maximum threshold.

[0013] In some implementations, the spatial transformation of the thumbnailing neural network

includes an image warping spatial transformation that defines a correspondence between the

pixels of the thumbnail representation and the pixels of the image according to a displacement

vector at each pixel of the thumbnail representation.

[0014] In some implementations, the spatial transformation of the thumbnailing neural network

is a composition of an affine spatial transformation and the image warping spatial

transformation.

[0015] In some implementations, the objects of the particular type are faces.

[0016] In some implementations, the method comprises: providing an image as input to an object

embedding and receiving as output an embedding vector which is indicative of an object in the

image.

[0017] In some implementations, the object embedding system is trained to generate embeddings

of faces and wherein the object in the image is a face, the method further comprising: comparing

the embedding vector to one or more reference embedding vectors, each associated with a

different face, thereby to identify the face in the input image.

[0018] The above aspects can be implemented in any convenient form. For example, aspects and

implementations may be implemented by appropriate computer programs which may be carried

on appropriate carrier media which may be tangible carrier media fe.g. disks) or intangible

carrier media (e.g. communications signals). Aspects may also be implemented using suitable

apparatus which may take the form of programmable computers running computer programs.

[0019] Particular embodiments of the subject matter described in this specification can be

implemented so as to realize one or more of the following advantages. An object embedding

system as described in this specification integrates processes for object detection, object



thumbnailing, and object embedding into a single framework that can be jointly optimized by

end-to-end training, unlike systems that employ multiple independent processes for object

detection, object thumbnailing, and object embedding. The joint optimization of the object

embedding system as described in this specification may result in the object embedding system

generating superior object embeddings (e.g., object embeddings that are more useful for object

identification) than systems that are not jointly optimized. For example, in some systems, object

thumbnails are determined by extracting a fixed size bounding box from around a detected object

an image, and applying a fixed transformation to the thumbnail to align it in a standard frame

of reference (e.g. by detecting and aligning features of the object). The object embedding system

as described in this specification generates a thumbnail representation of an object according the

output of a thumbnailing neural network that can determine cropping and warping parameters of

the thumbnail representation that are specific to the object, and optimized to generate the most

useful embedding of the object. This advantage is an improvement in the field of image

processing and computer vision.

2 Training the object embedding system as described in this specification may consume

fewer computational resources (e.g., memory and computing power) tha training some other

systems, since training the object embedding system as described in this specification obviates

the need for parameter tuning associated with training some other systems. For example, in some

other systems, the thumbnail representations of objects depicted in images are generated by

extracting a bounding box of a fixed size from around the object depicted in the image. In these

cases, the size of the bounding box may be determined by a parameter tuning process to test

multiple different bounding box sizes. For the object embedding system as described in this

specification, the thumbnail representations of objects, including the size of bounding box

around the object, are automatically determined by a thumbnailing neural network. This

advantage is another improvement in the field of image processing and computer vision.

02 The object embedding system as described in this specification may consume fewer

computational resources in training (e.g., memory and computing power) than some other

systems since the object embedding system may be trained based on a oss function that includes

a term requiring the thumbnail representations of objects generated by the thumbnailing neural

network to accurately localize objects in input images. Training the object embedding system

based on this oss function may cause the parameters of the object embedding system to



converge more quickly and to a more desirable local minimum during training (thereby

consuming fewer computational resources) than if the object embedding system were trained

based on a different loss function. This advantage is another improvement in the field of image

processing and computer vision.

[0022] 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

0023 FIG. 1 is an illustration of an example object embedding system.

[0024] FIG. 2 is a flow diagram of an example process for training an object embedding system.

[0025] FIG. 3 is a flow diagram of an example process for identifying objects using an object

identification system.

[0026] Like reference numbers and designations in the various drawings indicate like elements.

DETAILED DESCRIPTION

[0027] This specification describes a method for end-to-end training of an object embedding

system. The object embedding system receives as input an image depicting an object of a

particular type (e.g., a human face) and processes the image to generate as output an embedding

of the object (i.e., a numerical representation of the object). The system includes a thumbnailmg

neural network and an embedding neural network.

[0028] The thumbnailmg neural network generates a thumbnail representation of the object

depicted in the image by processing an input to determine values of parameters of a spatial

transformation and applying the spatial transformation with the determined parameter values to

the image. The spatial transformation may define a correspondence between pixels of the

thumbnail representation and pixels of the image.

[0029] The embedding neural network processes the thumbnail representation of the object

output by the thumbnailmg neural network to generate as output an embedding of the object. A

training engine trains the system to generate embeddings such that the distance between

embeddings of same instances of objects (e.g., between embeddings for instances of a same face)



is reduced, and such that the distance between embeddings of different instances of objects is

increased (e.g., between embeddings for instances of different faces). In some implementations,

the object embedding system includes a detection neural network that processes the image to

generate an encoded representation of the image, and provides the encoded representation of the

image as input to the thumbnailing neural network.

0030 These features and additional features are described in more detail below.

[0031] FIG. 1 is an illustration of an example object embedding system 100. The object

embedding system 100 is an example of a system implemented as computer programs on one or

more computers in one or more locations which the systems, components, and techniques

described below are implemented.

[0032] The system 100 is configured to receive an input image 102 depicting an object of a

particular type and to process the input image 102 to generate as output an embedding 4 of the

object (i.e , a numerical representation of the object in the form of an embedding vector). The

particular type of the object may be, for example, human faces or full huma bodies. Other

object types may also be used. The training engine 118 jointly optimizes the parameters of the

system 100 by backpropagating gradients based on the loss function 116.

[ 33] The system 100 includes a thumbnailing neural network 8 that is configured to process

a input in accordance with values of a set of thumbnailing neural network parameters to

generate as output a corresponding thumbnail representation 110. The thumbnail representation

0 is an image that depicts the object from the input image 102, The thumbnailing neural

network 108 generates the thumbnail representation 0 by determining parameters of a spatial

transformation and applying the determined spatial transformation to the input image 02. The

spatial transformation may specify a correspondence between each pixel of the thumbnail

representation 1 0 and a corresponding pixel of the input image 102.

[0034] In some implementations, the thumbnailing neural network 08 is configured to process

an encoded representation 06 of the input image 102 that is generated by a detection neural

network 104 to determine the parameters of the spatial transformation to apply to the input image

102 to generate the thumbnail representation 0. The detection neural netw'ork 104 is

configured to receive the input image 102 as input, and to process the input image 02 in

accordance with values of a set of detection neural network parameters to generate as output an

encoded representation 106 of the input image 102.



0035 In some implementations, the detection neural network 104 is pre-trained. In this

specification, pre-training a neural network refers to optimizing (in a relative sense) the values of

the set of neural network parameters based on a pre-training loss function that may be different

from the loss function 6 of the system 00 prior to using the neural network in the system 100.

In some implementations, the detection neural network 104 is pre-trained to process images to

generate encoded representations 06 of the images including data identifying predicted

locations of objects of the particular type depicted in the images. Data identifying predicted

locations of objects of the particular type may include, for example, the coordinates of bounding

boxes and corresponding probabilities that the bounding boxes contain objects of the particular

type. In these implementations, pre-training the detection neural network 04 may involve

optimizing the values of the set of detection neural network parameters to cause the detection

neural network 04 to generate more accurate predictions of the locations of objects of the

particular type depicted in images, based on a set of images where the object locations are

known.

[ 36] The system 00 includes an embedding neural network 112 that is configured to receive a

thumbnail representation 0, process the thumbnail representation 0 in accordance with

values of a set of embedding neural network parameters, and generate as output an embedding

114 of the object depicted in the thumbnail representation 110. In some implementations, the

embedding neural network 104 is pre-trained based on a set of thumbnail representations that are

not generated by the thumbnail ing neural network 108. For example, the set of thumbnail

representations used to pre-train the embedding neural network 112 may be generated by manual

annotation. In these implementations, the embedding neural network 04 may be pre-trained

based on a loss function to reduce the distance between embeddings generated by the embedding

neural network 2 of same instances of objects and to increase the distance between

embeddings generated by the embedding neural network 2 of different instances of objects.

For example, the embedding neural network 2 may be pre-trained based on a triplet loss

function.

[0037] An input image 02 may depict one or more instances of objects of the particular type. In

some implementations, the system 00 generates embeddings 4 for each object of the

particular type depicted in the input image 102. In some other implementations, the system 100

generates an embedding 1 4 for only one object of the particular type depicted the image 102.



n cases where the input image 02 does not depict any instances of the object of the particular

type, the system 100 may not produce an embedding 14.

0038 The training engine 118 trams the sy stem 100 by backpropagating gradients based on a

loss function 116 to adjust the parameters of one or more of the embedding neural network 2,

the thumbnailmg neural network 108, and the detection neural network 104. In particular, the

loss function 116 includes a term, referred to in this specification as a task loss term, to reduce a

distance between embeddings generated by the system 100 for same instances of objects and to

increase the distance between embeddings generated by the system 100 for different instances of

objects. In some implementations, the loss function 116 includes an additional term, referred to

this specification as a localization term, enforcing that the thumbnailmg neural network 108

accurately localizes objects in the input image, as will be described in more detail below. An

example process for training an object embedding system is described with reference to FIG. 2 .

[ 39] Object embeddings generated by the system 100 can be provided to an object

identification system 120 that determines the identities of objects based on their embeddings

(e.g., as generated by the system 100). For example, the object identification system 120 may be

a facial identification system that determines identities of faces based on face embeddings. An

example process for identifying objects using an object identification system is described with

reference to FIG. 3 .

[ 4 ] FIG. 2 is a flow diagram of an example process for training an object embedding system.

For convenience, the process 200 will be described as being performed by a system of one or

more computers located in one or more locations. For example, an object embedding system,

e.g., the object embedding system 100 of FIG. 1, appropriately programmed in accordance with

this specification, can perform the process 200.

[ 04 ] One or more images are selected from a set of training images and provided as input to

the system (202). In some cases, the one or more images are selected randomly from the set of

training images. Each of the images depicts one or more instances of an object of the particular

type. For example, the particular type of object may be human faces or full human bodies. The

set of training images is associated w th data indicating the identities of the objects of the

particular type depicted in the training images. For example, if the particular type of object is

human faces, the training images may be annotated with labels indicating the identities of the

faces depicted in the training images. In some implementations, the training images are also



associated with data indicating the positions of key points of the objects of the particular type

depicted m the training images. For example, the key points of an object may include the vertices

of a bounding box that encloses the object. As another example, the key points of an object may

include features in the object. If the particular type of object is human faces, features in the

object may include anatomical features such as the ears, eyes, or mouth.

042 In some implementations, each of the images are provided as input to a detection neural

network that is configured to process each of the images in accordance with values of a set of

detection neural network parameters to generate as output an encoded representation of each of

the images (204). In some implementations, the values of the set of detection neural network

parameters are pre-trained to generate encoded representations of images including data

identifying predicted locations of objects of the particular type depicted n the images. Data

identifying predicted locations of objects of the particular type may include, for example, the

coordinates of bounding boxes and corresponding probabilities that the bounding boxes contain

objects of the particular type. In these implementations, pre-training the detection neural network

may involve optimizing the values of the set of detection neural network parameters to cause the

detection neural network to generate more accurate predictions of the locations of objects of the

particular type depicted images, based on a set of images where the object locations are

known. In some implementations, the encoded representation of an image generated by the

detection neural network includes one or more intermediate outputs of the detection neural

network.

[ 43] For each image, the thumbnail ing network generates a corresponding thumbnail

representation of one or more instances of objects of the particular type depicted in the image

(206). In some implementations, the thumbnailing neural network is configured receive as input

encoded image representations generated by the detection neural network. The thumbnailing

neural network generates the thumbnail representation of the object by determining parameters

of a spatial transformation and applying the determined spatial transformation to the image. The

spatial transformation may specify a correspondence between each pixel of the thumbnail

representation and a corresponding pixel of the image. In some implementations, the spatial

transformation includes an affine transformation that associates pixels of the thumbnail

representation w th corresponding pixels of the image based on transformation operations such

as translation and scaling. In some implementations, the spatial transformation includes a



warping transformation that associates pixels of the thumbnail representation with corresponding

pixels of the image based on displacement vectors associated with each pixel of the thumbnail

representation. In some implementations, the spatial transformation is a composition of an affine

transformation followed by a warping transformation, where the affine transformation

approximately localizes the object in the image, and the w¾rping transformation fine-times the

localization and alignment of the object m the image.

044 The system provides the thumbnail representations generated for each image to an

embedding neural network that is configured to process a thumbnail representation accordance

with values of a set of embedding neural network parameters to generate as output an embedding

of the object depicted n the thumbnail representation (208). In some implementations, the

embedding neural network s pre-tramed based on a set of thumbnail representations depicting

objects of the particular type that are not generated by the thumbnailing neural network. For

example, the set of thumbnail representations depicting objects of the particular type may be

generated by manual annotation. In these implementations, the embedding neural network may

be pre-trained based on a loss function to reduce the distance between embeddings generated by

the embedding neural network of same instances of objects and to increase the distance between

embeddings generated by the embedding neural network of different instances of objects. For

example, the thumbnailing neural network may be pre-trained based on a triplet loss function.

[ 4 ] The training engine backpropagates gradients based on a loss function to adjust the

parameters of one or more of the embedding neural network, the thumbnailing neural network,

and the detection neural network (210) In particular, the loss function includes a task loss term

to reduce the distance between embeddings generated by the system for same instances of

objects and to increase the distance between embeddings generated by the system for different

instances of objects. The distance between embeddings can be determined in accordance with

any appropriate distance measure, such as the Euclidean distance. In some implementations, the

task loss term is a triplet oss term. In some other implementations, the task loss term is a

distillation loss that requires the embedding generated by the embedding network for a particular

thumbnail representation to be similar to the embedding generated by a different embedding

network (referred to in this specification as a master embedding network) for the particular

thumbnail representation. In general, the master embedding network is itself trained to reduce the

distance between embeddings generated by the master embedding network for same instances of



objects of the particular type and to increase the distance between embeddings generated by the

master embedding network for different instances of objects of the particular type. Using a

distillation loss for the task loss term may cause the parameters of the system to converge rapidly

during training, thereby facilitating efficient system prototyping to explore, for example,

different system architectures.

0046 In some implementations, the loss function includes an additional localization term

enforcing that the thumbnailing neural network accurately localizes objects of the particular type

images. For a training image processed by the system, the localization term may be evaluated

by determining key points of the thumbnail representation of the object of the particular type

depicted in the image, determining the coordinates of the key points of the thumbnail

representation in the frame of reference of the image, and determining an error measure between

the key points of the object depicted in the image (which are known for training images) and the

corresponding key points of the thumbnail representation in the frame of reference of the image.

For example, the error measure may be determined as a sum of errors (e.g., Euclidean distances)

between the key points of the object depicted in the image and the corresponding key points of

the thumbnail representation in the frame of reference of the image.

[ 47] In some cases, the key points of the object depicted in the image may include the vertices

of a bounding box that encloses the object, and the corresponding key points of the thumbnail

representation may be the bounding vertices of the thumbnail representation. In some cases, the

key points of the object depicted in the image may include features in the object and the

corresponding key points of the thumbnail representation may be the features of the object as

depicted in the thumbnail representation. The coordinates of the key points of the thumbnail

representation in the frame of reference of the image are determined by transforming the

coordinates of the key points of the thumbnail representation in accordance with the parameters

of the spatial transformation of the thumbnailing neural network determined for the thumbnail

representation. For example, if the spatial transformation is composition of an affine

transformation followed by a warping transformation, then the coordinates of the key points of

the thumbnail representation in the frame of reference of the image are determined by applying

the affine transformation followed by the warping transformation to the coordinates of the key

points of the thumbnail representation.



0048 In some implementations, the localization term of the loss function incorporates a

tolerance radius. For example, as previously described, the localization term may be determined

as a sum of errors between the key points of the object depicted in the image and the

corresponding key points of the thumbnail representation in the frame of reference of the image.

The error between a key point of the object depicted in the image and a corresponding key point

of the thumbnail representation may be determined as zero if a distance between them is less

than the tolerance radius. For example, the localization term of the loss function may be given

by:

where L is the number of images processed by the system in the training iteration, }ί __ . are the

key points of the object depicted in the image, { } = 1 are the key points of the thumbnail

representation in the frame of reference of the input image, and dist(.,.) is an arbitrary distance

measuring function. For example, dist(.,.) could be a Euclidean distance or a smooth L distance.

In general, the tolerance radius is a non-negative number. Including a localization term with a

non-zero tolerance radius in the loss function causes the thumbnailing neural network to generate

thumbnail representations that reasonably localize objects of the particular type in images, but

allows the thumbnailing neural network to generate thumbnail representations that deviate from

exact localization of objects of the particular type in images where necessary to generate better

thumbnail representations (e.g , that can be processed by the embedding neural network to

generate more useful embeddings). In some implementations, the tolerance radius is gradually

increased over a series of training iterations until it reaches a maximum threshold.

[ 49] The training engine determines whether a stopping criterion indicating that the training of

the system is complete has been met (212). In some implementations, the stopping criterion may

be that the system has been trained for a pre-determined number of training iterations. In some

implementations, the stopping criterion may be that the loss function converges (e.g., that the

change in valise of the loss function between training iterations falls below a pre-determined

threshold). In some implementations, the stopping criterion may be that an object recognition

system using the embeddings generated by the system reaches a pre-determined threshold

accuracy. In some implementations, the stopping criterion may be a combination of one or more

of the previously discussed stopping criteria. In response to determining that the stopping

criterion has been met, the training engine determines that the training is complete (214). In



response to determining that the stopping criterion has not been et, the training engine returns

to 202 and repeats the preceding operations.

FIG. 3 is a flow diagram of an example process for identifying objects using an object

identification system. 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, an object

identification system, e.g., the object identification system 120 of FIG. , appropriately

programmed in accordance with this specification, can perform the process 300.

[0051] The object identification system provides an image depicting an object of a particular

type to be identified as input to an object embedding system (e.g., the object embedding system

100 of FIG. 1) that has been trained to generate embeddings of objects of the particular type, for

example, based on process 200 of FIG. 2 (304). In some implementations, the particular type of

object is a face.

[ 52] The object embedding system generates an embedding for the object depicted in the

image (306). For example, the object embedding system generates the embedding 114 as

described above. In some cases, the embedding is represented as a vector.

[0053] The object identification system compares the generated embedding to a set of one or

more reference embeddings (308). Comparing the generated embedding to a set of one or more

reference embeddings may include determining a distance (e.g., a Euclidean distance) between

the generated embedding and each reference embedding of the set of reference embeddings.

Each of the reference embeddings may be associated with an object identity. For example, each

of the reference embeddings may be associated with an identity of a face.

[ 54] The object identification system identifies the object depicted in the image (310). In some

implementations, the object identification system identifies the object by determining that the

embedding of the object s closest to a particular reference embedding and therefore that the

object has the identity associated w th the particular reference embedding. For example, the

object identification system may be a facial identification system that identifies faces depicted in

images.

[0055] 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.

056 Embodiments of the subject matter and the functional operations described in this

specification can be implemented in digital electronic circuitry, 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.

[ 57] 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.

[0058] 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 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 s e or distributed across multiple sites and interconnected by a

data communication network.

059 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.

[ 6 ] 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.

[ 6 ] 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 j ust a few'.

[0062] 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.

0063 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.

[ 64] 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.

[ 65] 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.

[0066] 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 winch a

user can interact w th 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.



0067 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.

[0068] While this specification contains many specific implementation details, these should not

be construed as limitations on the scope of any invention or on the scope of what may be

claimed, but rather as descriptions of features that may be specific to particular embodiments of

particular inventions. Certain features that are described in this specification in the context of

separate embodiments can also be implemented in combination in a single embodiment.

Conversely, various features that are described in the context of a single embodiment can also be

implemented in multiple embodiments separately or in any suitable subcombination. Moreover,

although features may be described above as acting in certain combinations and even initially be

claimed as such, one or more features from a claimed combination can in some cases be excised

from the combination, and the claimed combination may be directed to a subcombination or

variation of a subcombination.

[ 69] 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 ail

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.

[0070] 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.



CLAIMS

What is claimed is:

. A computer-implemented method for end-to-end training of an object embedding system,

the method comprising:

iteratively training an object embedding system on a plurality of images, each of the

images depicting an object of a particular type, each iteration of the training comprising:

providing selected images as input to the object embedding system and generating

corresponding embeddings, wherein the object embedding system comprises a thumbnading

neural network and an embedding neural network, wherein each neural network comprises a

plurality of consecutive layers that are exclusive of each other, and wherein generating an

embedding for an object depicted in an image using the object embedding system comprises:

generating a thumbnail representation of the object depicted in the image

as output of the thumbnading neural network, wherein the thumbnading neural network

processes an input in accordance with values of a set of thumbnading neural network

parameters to:

determine values of parameters of a spatial transformation that

defines a correspondence between pixels of the thumbnail representation and pixels of the

image; and

generate as output the thumbnail representation using the spatial

transformation and the image;

generating an embedding by providing the thumbnail representation as

input to the embedding neural network that is configured to process the thumbnail

representation accordance with values of a set of embedding neural network parameters to

generate an embedding as output;

determining gradients based on a loss function to reduce a distance between

embeddings for same instances of objects, and to increase the distance between embeddings

for different instances of objects; and

adjusting the values of the set of spatial transformer neural network parameters

and the values of the set of embedding neural network parameters using the gradients.



2 . The computer-implemented method of claim 1, wherein the object embedding system

additionally comprises a detection neural network comprising a plurality of consecutive

layers, and generating an embedding for an object depicted in an image using the object

embedding system additionally comprises:

generating an encoded representation of the image by providing the image as

input to the detection neural network, wherein the detection neural network is configured to

process the image in accordance with values of a set of detection neural network parameters

to generate an encoded representation of the image; and

providing the encoded representation of the image as input to the thumbnaiiing

neural network.

3 . The computer-implemented method of claim 2, wherein the detection neural network is

pre-trained to generate encoded representations of images comprising data identifying

predicted locations of objects of the particular type in the image.

4 . The computer-implemented method of any preceding claim, wherein the embedding

neural network is pre-trained based on thumbnail representations of objects of the parti cular

type that are not generated by the thumbnaiiing neural network.

5 . The computer-implemented method of any preceding claim, wherein determining

gradients based on the loss function additionally comprises, for each selected image:

determining positions of key points of the thumbnail representation generated by

the thumbnaiiing neural network;

determining positions of the key points of the thumbnail representation in a frame

of reference of the image; and

reducing an error measure between positions of key points of the object of the

particular type depicted the image and the positions of the key points of the thumbnail

representation in the frame of reference of the image.

6 . The computer-implemented method of claim 5, wherein the key points of the object of

the particular type depicted in the image comprise vertices of a bounding box around the



object of the particular type depicted in the image, and wherein the key points of the

thumbnail representation comprise bounding vertices of the thumbnail representation.

7 . The computer-implemented method of any of claims 5 or 6, wherein:

the error measure s a sum of errors between the positions of the key points of the

object of the particular type depicted m the image and the positions of the key points of the

thumbnail representation in the frame of reference of the image: and

the error between a position of a key point of the object of the particular type

depicted in the image and a corresponding position of a key point of the thumbnail

representation n the frame of reference of the image is zero if a distance between them is

less than a tolerance radius.

8 . The computer-implemented method of claim 7, wherein the tolerance radius is increased

over the training iterations until it reaches a maximum threshold.

9 . The computer-implemented method of any preceding claim, wherein the spatial

transformation of the thumbnailing neural network includes an image warping spatial

transformation that defines a correspondence between the pixels of the thumbnail

representation and the pixels of the image according to a displacement vector at each pixel of

the thumbnail representation.

10. The computer-implemented method of claim 9, wherein the spatial transformation of the

thumbnailmg neural network is a composition of an affine spatial transformation and the

image warping spatial transformation.

11. The computer-implemented method of any preceding claim, wherein the objects of the

particular type are faces.

12. A computer-implemented method for identifying objects in images, the method

comprising:

providing an image as input to an object embedding system trained using the computer-



implemented method of any preceding claim; and

receiving as output an embedding vector which is indicative of an object in the image.

13. The computer-implemented method of claim 12, wherein the object embedding system is

trained to generate embeddings of faces and wherein the object in the image is a face, the

method further comprising:

comparing the embedding vector to one or more reference embedding vectors, each

associated with a different face, thereby to identify the face in the input image.

14. 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 method of

any of claims 1 to 13.

15. 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 method of any of claims 1 to 13
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