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(57) Abstract: This disclosure relates to improved sketch-based image retrieval (SBIR) techniques. The SBIR techniques utilize a

neural network architecture to train a domain migration function and a hashing function. The domain migration function is configured
to transform sketches into synthetic images, and the hashing function is configured to generate hash codes from synthetic images and
authentic images in a manner that preserves semantic consistency across the sketch and image domains. The hash codes generated
from the synthetic images can be used for accurately identifying and retrieving authentic images corresponding to sketch queries, or
vice versa.
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SKETCH-BASED IMAGE RETRIEVAL TECHNIQUES USING GENERATIVE
DOMAIN MIGRATION HASHING

CROSS-REFERENCE TO RELATED APPLICATIONS
[0001] The present application claims priority to U.S. Patent Application No.
16/120,790 filed on September 4, 2018. The contents of the aforementioned

application are herein incorporated by reference in its entirety.

TECHNICAL FIELD
[0002] This disclosure is related to sketch-based image retrieval (SBIR)
techniques and, more particularly, to SBIR techniques that utilize neural
networks and artificial intelligence (Al) algorithms to migrate sketches into an

image domain and to retrieve images corresponding to the sketches.

BACKGROUND
[0003] Generally speaking, sketch-based image retrieval (SBIR) is a
technology that aims to match sketches (e.g., free-hand or hand-drawn
sketches) with corresponding real-world images (e.g., photographs or other
media captured with an imaging sensor). A major challenge with effectively
implementing SBIR is that free-hand sketches are inherently abstract, which
magnifies cross-domain discrepancies between sketches and real-world
images. The current solutions for performing SBIR do not adequately address

this issue.
[0004]  One of the technical difficulties that must be addressed with regard to
providing an SBIR solution relates to implementing a retrieval technique that

allows the data from the sketch and image domains to be sufficiently
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generalized in a manner that permits accurate retrieval of relevant search
results. This problem is especially difficult for categories having large
variances. Another challenge with SBIR techniques relates to minimizing the
time required to execute an SBIR query. Similar to other image-based
retrieval scenarios, the query time of an SBIR query grows increasingly with
the size of the database (e.g., the database that includes the images being
searched), and exponentially as the dimensions of sketch/image
representations increase. Consequently, many of the current SBIR techniques
are unable to execute queries on large datasets within a reasonable amount

of time.

BRIEF DESCRIPTION OF DRAWINGS

[0005] To facilitate further description of the embodiments, the following
drawings are provided, in which like references are intended to refer to like or
corresponding parts, and in which:

[0006] Figure 1 is a block diagram of a system in accordance with certain
embodiments of the present invention;

[0007] Figure 2 is a block diagram of an SBIR system in accordance with
certain embodiments of the present invention;

[0008] Figure 3 is a flow diagram illustrating an exemplary architecture for an
SBIR system in accordance with certain embodiments; and

[0009] Figure 4 is a flow chart of a method for implementing an exemplary
SBIR technique in accordance with certain embodiments of the present

invention.
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DETAILED DESCRIPTION OF EXEMPLARY EMBODIMENTS

[0010] The present disclosure relates to systems, methods, apparatuses, and
computer program products that are configured to implement improved
sketch-based image retrieval (SBIR) techniques. In certain embodiments, the
SBIR techniques utilize a neural network architecture that is capable of
migrating sketches into an image domain in order to identify and retrieve
corresponding images. Performing SBIR using these migrated sketches (also
referred to herein as “synthetic images”) improves the generalization
capability of the system, thus providing for better performance and accuracy
with respect to identifying and retrieving images. Hash codes can be
generated from the synthetic images to be used as a basis for querying an
image database. This domain-migration hashing approach to SBIR described
herein improves the memory costs, query/retrieval times, and accuracy of the
SBIR results in comparison to traditional approaches.

[0011]  The neural network architecture includes a generative adversarial
network (GAN) that is trained to learn both a domain-migration function that
can be utilized to transform sketches into corresponding synthetic images
(e.g., variations of the sketches that have been migrated into the image
domain) that are indistinguishable from authentic real-world images, and a
hashing function that generates hash codes from the synthetic images and
the authentic images in a consistent and uniform manner. The domain-
migration function and hashing function are trained in a manner that
preserves semantic consistency across the sketch and image domains. This

permits hash codes generated from the synthetic images to be used for



WO 2020/049384 PCT/IB2019/056881

accurately identifying and retrieving corresponding authentic images, or vice
versa.

[0012] In certain embodiments, the GAN includes a pair of generative and
discriminative networks that work in cooperation to train the domain-migration
function and the hashing function. More specifically, a first generative image
network is configured to generate samples of synthetic images from sketches,
and a first discriminative image network is configured to evaluate whether or
not the synthetic images are indistinguishable from authentic images. In other
words, this first pair of networks compete against one another such that the
generative image network attempts to produce synthetic images of sufficient
quality that can pass as authentic images, and the discriminative image
network tries to determine whether or not received image samples are
authentic images or synthetic images.

[0013] The second pair of generative and discriminative networks performs a
similar, but inverse, function associated with translating the synthetic images
back into sketches (which are also referred to herein as “synthetic sketches”).
That is, a second generative sketch network is configured to generate
samples of synthetic sketches from synthetic images and a second
discriminative sketch network is configured to evaluate whether or not
received samples represent true sketches or synthetic sketches. Using these
two pairs of generative and discriminative networks, the GAN applies an
adversarial loss function that learns a mapping such that the distributions of
migrated sketches (or synthetic images) are indistinguishable from the
distribution of authentic images, and simultaneously enhances this

indistinguishability by applying a cycle consistency loss function that enables
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learning of an inverse mapping associated with translating the synthetic
images back into the sketch domain.

[0014] The SBIR techniques described herein are capable of improving
retrieval results not only in the context of category-level SBIR, but also in the
context of fine-grained SBIR. For the sake of clarity, this disclosure uses the
phrase “category-level” SBIR to generally refer to SBIR techniques that aim to
identify authentic images that share the same category as a sketch query,
while the phrase “fine-grained” SBIR is used generally to refer to techniques
that identify authentic images that share the same intra-category or sub-
category as a sketch query. As discussed in further detail below, the GAN
that is utilized to map the sketches to synthetic images and to generate hash
codes from both synthetic and authentic images is trained utilizing a triplet
ranking loss function that preserves the similarity of paired cross-domain
instances within an object category to facilitate accurate fine-grained SBIR.

[0015]  Although the disclosure herein may primarily discuss techniques for
identifying authentic images based on received sketch queries, it should be
understood that these techniques can additionally, or alternatively, be used for
identifying sketches based on received image queries. For example, the
domain-migration and hashing functions can be applied to transform sketches
and generate hash codes from sketches. The hash codes and sketch
information can be stored in a database of the SBIR system. In response to
receiving an image query, the hashing function can generate a hash code
corresponding to the image and use the hash code to identify one or more

corresponding sketches.
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[0016]  The technologies discussed herein can be used in a variety of different
contexts and environments. One useful application is in the context of law
enforcement. For example, many law enforcement agencies maintain a
database of images (e.g., that includes mugshots corresponding to criminals
or other individuals), and integrating the present technologies into such
systems can enable images of the individuals to be retrieved based on the
sketches. Another useful application of these technologies is in the context of
e-commerce systems (e.g., that can enable customers to query a product
database using sketches of the products to identify corresponding products).
A further useful application of these technologies is in the context of
surveillance systems (e.g., to permit identification of individuals captured by
surveillance videos and/or images to be identified based on sketches). The
technologies discussed herein can be applied to other types of systems as
well.

[0017] The embodiments described herein provide a variety of advantages
over conventional SBIR techniques. One significant advantage is the ability to
identify and retrieve images based on sketch queries with lower computational
and memory costs, faster query/retrieval times, and greater accuracy of the
SBIR results. This improved accuracy of the SBIR results can be attributed,
at least in part, to the techniques described herein associated with using
neural networks to migrate sketches into the image domain prior to generating
hash codes from the migrated sketches. Migrating the sketches into the
image domain improves the generalization capability of the system which, in
turn, allows for better performance and accuracy with respect to identifying

and retrieving images. The low computational and memory costs can be
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attributed, at least in part, to the specialized hashing functions that can quickly
and efficiently encode, identify and retrieve the migrated sketches and
authentic images. Moreover, when applied in the context of networked-based
systems that may include multiple users submitting queries, the low
computational and memory costs associated with executing the queries allow
for increased network bandwidth and reduced resource consumption across
the network.

[0018]  As evidenced by the disclosure herein, the SBIR techniques set forth in
the disclosure are rooted in computer technologies that overcome existing
problems in known cross-modal retrieval systems, and particularly problems
dealing with improving the accuracy of both category-level and fine-grained
SBIR. These techniques describe a technical solution (e.g., one that utilizes
various Al-based neural networking and machine learning techniques) for
overcoming such limitations. For example, the SBIR system described herein
takes advantage of novel Al and machine learning techniques to train a
generative adversarial network to learn functions for mapping sketches to
synthetic images and to learn an improved hashing function that is capable of
generating uniform hash codes for both synthetic images and authentic
images in a consistent manner. This technology-based solution marks an
improvement over existing computing capabilities and functionalities related to
SBIR and other cross-modal retrieval systems by allowing retrieval of images
in a manner that improves the accuracy and speed of the retrieval
mechanism, even at intra-class or fine-grained levels.

[0019] In accordance with certain embodiments, a system is provided for

performing sketch-based image retrieval comprising one or more computing
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devices comprising one or more processors and one or more non-transitory
storage devices for storing instructions, wherein execution of the instructions
by the one or more processors causes the one or more computing devices to:
receive a query comprising a sketch; execute a domain migration function
configured to generate a synthetic image corresponding to the sketch;
execute a hashing function to generate a hash code corresponding to the
synthetic image; and utilize the hash code to identify retrieval results
comprising one or more authentic images corresponding to the sketch.

[0020] In accordance with certain embodiments, a method is provided for
performing sketch-based image retrieval comprising: receiving a query
comprising a sketch; executing, with one or more processors, a domain
migration function configured to generate a synthetic image corresponding to
the sketch; executing, with the one or more processors, a hashing function
configured to generate a hash code corresponding to the synthetic image; and
utilizing the hash code to identify retrieval results comprising one or more
authentic images corresponding to the sketch.

[0021]  In accordance with certain embodiments, a computer program product
is provided for performing sketch-based image retrieval, the computer
program product comprising a computer-readable medium including codes for
causing a computer to: receive a query comprising a sketch; utilize a domain
migration function configured to generate a synthetic image corresponding to
the sketch; execute a hashing function configured to generate a hash code
corresponding to the synthetic image; and utilize the hash code to identify
retrieval results comprising one or more authentic images corresponding to

the sketch.
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[0022] The embodiments described in this disclosure can be combined in
various ways. Any aspect or feature that is described for one embodiment
can be incorporated to any other embodiment mentioned in this disclosure.
Moreover, any of the embodiments described herein may be hardware-based,
may be software-based, or, preferably, may comprise a mixture of both
hardware and software elements. Thus, while the description herein may
describe certain embodiments, features, or components as being
implemented in software or hardware, it should be recognized that any
embodiment, feature or component that is described in the present application
may be implemented in hardware and/or software.

[0023] Embodiments may include a computer program product accessible
from a computer-usable or computer-readable medium providing program
code for use by or in connection with a computer or any instruction execution
system. A computer-usable or computer-readable medium may include any
apparatus that stores, communicates, propagates, or transports the program
for use by or in connection with the instruction execution system, apparatus,
or device. The medium can be a magnetic, optical, electronic,
electromagnetic, infrared, or semiconductor system (or apparatus or device)
or a propagation medium. The medium may include a computer-readable
storage medium such as a semiconductor or a solid state memory, a
magnetic tape, a removable computer diskette, a random access memory
(RAM), a read-only memory (ROM), a rigid magnetic disk and an optical disk,
etc.

[0024] A data processing system suitable for storing and/or executing program

code may include at least one processor coupled directly or indirectly to
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memory elements through a system bus. The memory elements can include
local memory employed during actual execution of the program code, bulk
storage, and cache memories that provide temporary storage of at least some
program code to reduce the number of times code is retrieved from bulk
storage during execution. Input/output or I/O devices (including but not limited
to keyboards, displays, pointing devices, etc.) may be coupled to the system
either directly or through intervening 1/O controllers.

[0025] Network adapters may also be coupled to the system to enable the
data processing system to become coupled to other data processing systems
or remote printers or storage devices through intervening private or public
networks. Modems, cable modems, and Ethernet cards are just a few of the
currently available types of network adapters.

[0026] Figure 1 is an exemplary system 100 for executing the SBIR
techniques described herein. In this exemplary system 100, an SBIR system
150 is stored on one or more servers 120. The SBIR system 150 may be
utilized in a variety of different contexts. For example, the SBIR system 150
may be integrated into a law enforcement image retrieval system (e.g., that
enables retrieval of authentic images 190, such as mugshots, based on
sketches 170 of suspects or other individuals), an e-commerce system (e.g.,
to enable identification and retrieval of authentic images 190 corresponding to
products based on sketches 170), a surveillance system (e.g., to search
surveillance videos or authentic images 190 based on sketches 170 of
individuals), and/or other systems that may benefit from SBIR.

[0027] The SBIR system 150 can be configured to perform any and all

functions described herein with respect to analyzing, encoding, matching,
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and/or retrieving sketches 170 and authentic images 190. Generally speaking,
the SBIR system 150 can be configured to receive queries in the form of
sketches 170 and to retrieve authentic images 190 corresponding to the
sketches 170. For example, in response to receiving a sketch 170 of a table,
the SBIR system 150 may identify and retrieve one or more authentic images
190 that correspond to a table. As another example, in response to receiving
a sketch 170 of an individual, the SBIR system 150 may identify and retrieve
one or more authentic images 190 of the specific individual identified in the
sketch 170. As a further example, in response to receiving a sketch 170 of a
vehicle, the SBIR system 150 may identify and retrieve one or more authentic
images 190 of vehicles. In certain embodiments, the SBIR system 150 can
additionally, or alternatively, be configured to receive queries in the form of
authentic images 190 and to retrieve sketches 170 corresponding to the
authentic images 190. For example, in response to receiving an authentic
image 190 of a computer, the SBIR system 150 may identify and retrieve one
or more sketches 170 that correspond to a computer.

[0028] The authentic images 190 stored and/or retrieved by the SBIR system
150 may represent digital representations of photographs, pictures, or the like.
The authentic images 190 may initially be captured by recording light or other
electromagnetic radiation electronically (e.g., using one or more image
sensors) or chemically (e.g., using light-sensitive materials or films). Any
authentic images 190 that are not originally created in a digital format can be
converted to a digital format using appropriate conversion devices (e.g.,

image scanners and optical scanners).

11
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[0029] The sketches 170 may represent drawings, paintings, graphical
depictions, or the like. The sketches 170 may include free-hand and/or hand-
drawn content that is created manually by an individual (e.g., using a pencil or
pen) and/or digitally created using a computer (e.g., using software that
enables the manual creation of sketches and/or automated creation of
sketches). In certain embodiments, the sketches 170 received by the SBIR
system 150 are provided in a digital format. Once again, sketches 170 that
are not originally created in a digital format (e.g., created on paper) can be
converted to a digital format using appropriate conversion devices (e.g.,
image scanners and optical scanners).

[0030] The synthetic images 180 may represent “fake,” “fabricated,” or
“synthesized” images that are generated based on the sketches 170. That is,
the SBIR system 150 is configured to transform or translate the sketches 170
into the synthetic images 180. Generally speaking, the aim of this
transformation or translation is to migrate the sketches 170 into the image
domain and to create an indistinguishable image counterpart for each of the
sketches 170. In certain embodiments, the function utlized by the SBIR
system 150 to perform this conversion applies an upsampling process to the
sketches 170, while preserving domain-invariant information associated with
the sketches 170 in generating the synthetic images 180. As discussed
throughout this disclosure, sketch queries received by the SBIR system 150
may initially be converted to synthetic images 180 prior to searching for
authentic images 190 corresponding to the sketches 170 that are subject of

the queries. This domain-migration function enables the SBIR system 150 to

12
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generate more effective mappings between the sketch and image domains,
thus allowing for more accurate identification of the retrieval results 160.

[0031] The retrieval function 140 is configured to identify one or more
authentic images 190 and/or one or more sketches 170 in response to
receiving queries. For example, in response to receiving a sketch query, the
retrieval function 140 identifies and retrieves one or more of the authentic
images 190 that correspond to a category and/or sub-category associated
with the sketch query. As explained further below, hash codes generated
from the sketches 170 may be utilized by the retrieval function 140 to identify
and retrieve one or more corresponding authentic images 190. In certain
embodiments, the retrieval function 140 may additionally, or alternatively,
identify and retrieve one or more corresponding sketches 170 in response to
receiving image queries (e.g., which may include an authentic image 190 as a
query to identify one or more sketches 170 that correspond to a category
and/or sub-category associated with the authentic image 190). Again, hash
codes generated based on the authentic images 190 may be utilized by the
retrieval function 140 to identify and retrieve one or more corresponding
sketches 170.

[0032] The retrieval results 160 can include any data associated with the
results of the search that was performed by the SBIR system 150. For
example, in response to receiving a query comprising a sketch 170, the
retrieval results 160 can include one or more corresponding authentic images
190. Similarly, in response to receiving a query comprising an authentic
image 190, the retrieval results 160 can include one or more corresponding

sketches 170. In certain embodiments, the retrieval results 160 can include

13
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one or more corresponding authentic images 190 or one or more
corresponding sketches 170 that fall with the same category (category-level
results) and/or sub-category (fine-grained results) as the query. The retrieval
results 160 can be ordered based on their similarity to the query (e.g., such
that closely related matches are presented before other matches that are less
closely related).

[0033] As mentioned above, the SBIR system 150 is configured to perform
image recognition and retrieval based on received sketches 170. Generally
speaking, the SBIR system 150 can perform the functions related to matching
the sketches 170 to authentic images 190, at least in part, by utilizing a
specialized GAN that has been trained using Al and/or machine learning
algorithms to translate the sketches 170 into synthetic images 180 before
querying a database that stores the authentic images 190. The specialized
GAN is also trained to learn a hashing function that generates hash codes
corresponding to the authentic images 190 and synthetic images 180 in a
uniform manner, and that preserves the semantic consistency across the
sketch and image domains. As explained in further detail below, two pairs of
generative and discriminative networks are utilized to train the GAN to learn
the domain-migration and hashing functions.

[0034] The queries and/or requests received and fulfilled by the SBIR system
150 can be submitted directly to the SBIR system 150 (e.g., using one or
more input devices attached to the one or more servers 120 hosting the SBIR
system 150). The requests can additionally, or alternatively, be submitted by
one or more computing devices 110. For example, as shown in Figure 1, a

plurality of computing devices 110 may be connected to the SBIR system 150

14
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to enable remote users to access the SBIR system 150 over a network 130.
The servers 120 and computing devices 110 may present information and
interfaces that enable individuals to submit the requests and to view the
retrieval results 160 generated by the SBIR system 150 (e.g., to view images
190 that match the sketches 170 submitted as queries and other information
related to the searches conducted by the SBIR system 150). The interfaces
can be generated by the SBIR system 150. The interfaces provided to the
servers 120 and computing devices 110 may also enable individuals to
perform functions related to controlling and managing the searches performed
by the SBIR system 150 (e.g., by applying filters to the searches and/or
controlling the display of the search results).

[0035] In certain embodiments, the computing devices 110 may represent
desktop computers, laptop computers, mobile devices (e.g., smart phones,
personal digital assistants, tablet devices, vehicular computing devices or any
other devices that are mobile in nature), or other types of computing devices.
In certain embodiments, the SBIR system 150 is stored on one or more
servers 120. The one or more servers 120 may generally represent any type
of computing device, including any of the computing devices 110 mentioned
above. In certain embodiments, the one or more servers 120 comprise one or
more mainframe computing devices that execute web servers capable of
communicating with the computing devices 110 and/or other devices over the
network 130. The network 130 may represent any type of communication
network, e.g., such as one that comprises a local area network (e.g., a Wi-Fi

network), a personal area network (e.g., a Bluetooth network), a wide area
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network, an intranet, the Internet, a cellular network, and/or other types of
networks.

[0036] All the components illustrated in Figure 1, including the computing
devices 110 and servers 120, can be configured to communicate directly with
each other and/or over the network 130 via wired or wireless communication
links, or a combination of the two. The computing devices 110 and servers
120 can also be equipped with one or more transceiver devices, one or more
computer storage devices (e.g., RAM, ROM, PROM, SRAM, etc.) and one or
more processing devices (e.g., a central processing unit) that are capable of
executing computer program instructions. The computer storage devices are
preferably physical, non-transitory mediums.

[0037] Figure 2 is a block diagram of an exemplary SBIR system 150 in
accordance with certain embodiments of the present invention. The SBIR
system 150 includes one or more storage devices 201 that are in
communication with one or more processors 202. The one or more storage
devices 201 can include: i) non-volatile memory, such as, for example, read
only memory (ROM) or programmable read only memory (PROM); and/or (ii)
volatile memory, such as, for example, random access memory (RAM),
dynamic RAM (DRAM), static RAM (SRAM), etc. In these or other
embodiments, storage devices 201 can comprise (i) non-transitory memory
and/or (ii) transitory memory. The one or more processors 202 can include
one or more central processing units (CPUs), controllers, microprocessors,
digital signal processors, and/or computational circuits. The one or more
storage devices 201 store data and instructions associated with a database

210, a generative adversarial network 220, a generative image network 221, a
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discriminative image network 222, a generative sketch network 223, a
discriminative sketch network 224, a hashing function 230, a retrieval function
140, a domain-migration function 250, an attention model 225, and one or
more loss functions 226. The one or more processors 202 are configured to
execute instructions associated with these components which are stored on
the one or more storage devices 201. Each of these components is described
in further detail below.

[0038] The database 210 can store any information associated with
conducting searches using the SBIR system 150 and/or presenting
information associated with the searches. For example, the database 210
can store sketches 170, synthetic images 180, authentic images 190, and
synthetic sketches 215. As mentioned above, the sketches 170 may
generally represent free-hand or computed-based drawings or graphical
depictions and may be received by the SBIR system 150 as queries for
retrieving images 190. The synthetic images 180 may generally correspond
to variations of the sketches that have been migrated to the image domain.
The synthetic sketches 215 may generally correspond to variations of the
synthetic images 180 that have been migrated back into the sketch domain.
The authentic images 190 may generally correspond to data captured by
imaging sensors, photographs, pictures or like. In certain embodiments, the
authentic images 190 may be stored in databases that are maintained by law
enforcement agencies, online retailers, surveillance systems, and/or other
entities. The database 210 can also be configured to store retrieval results
160 associated with previous or current queries that are executed by the SBIR

system 150.
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[0039] The GAN 220 can represent a neural network that is configured to
learn a domain-migration function 250 that is configured to transform sketches
170 into synthetic images 180, as well as a hashing function 230 that is
configured to generate hash codes 231 from synthetic images 180 and
authentic images 190 in a consistent manner that preserves semantic
consistency across image and sketch domains. In certain embodiments, a
training phase is applied to the GAN 220 which enables the GAN 220 to learn
the domain-migration function 250 and the hashing function 230. During this
training phase, a training set of sketches 170 and authentic images 190 can
be processed by the GAN 220 and a plurality of loss functions 226 can be
utilized to optimize and enhance the domain-migration function 250 and
hashing function 230. As explained in further detail herein, the various loss
functions 226 that can be utilized to enhance and optimize these functions
can include, inter alia, an adversarial loss function, a cycle consistency loss
function, a semantic loss function, a quantization loss function, and a triplet
ranking loss function.

[0040] The domain-migration function 250 can represent a learned function or
algorithm that is able to transform sketches 170 into synthetic images 180.
Because authentic images 190 include much more information in comparison
to sketches 170, the function performed by the domain-migration function 250
for migrating sketches 170 to the image domain can include an upsampling
function (e.g., which supplements the sketches 170 with data such that data
distributions generated from the sketches 170 are similar or indistinguishable

from those of corresponding authenticate images 190).
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[0041]  The hashing function 230 can represent a learned function or algorithm
that is configured to generate hash codes 231 from synthetic images 180 and
authentic images 190. In certain embodiments, the hashing function 230 can
include or utilize a deep residual network (e.g., ResNet) that generates the
hash codes 231 from the synthetic images 180 and authenticate images 190
in a consistent manner that preserves semantic consistency across image
and sketch domains. In certain embodiments, the hash codes 231 represent
binary vectors, binary values or binary codes that correspond to associated
authentic images 190 or sketches 170, and the hash codes 231 can be used
by the retrieval function 140 to identify sketches 170 and authenticate images
190 that are in the same category or sub-category as a sketch query or image
query received by the SBIR system 150..

[0042] The adversarial loss function and the cycle consistency loss function
can be used to guide the learning of the domain-migration function 250 using
a generative and discriminative network structure. More specifically, the GAN
220 includes a generative image network 221 and a discriminative image
network 222 that work in cooperation such that generative image network 221
is configured to generate samples of synthetic images 180 from sketches 170,
and the discriminative image network 222 is configured to evaluate whether or
not the synthetic images 180 are indistinguishable from authentic images. In
certain embodiments, the generative image network 221 can generate the
samples utilizing a convolutional neural network (CNN) structure as described
below. These networks 221 and 222 compete in a minimax game against one
another such that the generative image network 221 attempts to produce

synthetic images 180 of sufficient quality that can pass as authentic images
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190, and the discriminative image network 222 tries to determine whether or
not received image samples are authentic images 190 or synthetic images
180. The adversarial loss function is used to train the generative image
network 221 to generate synthetic images 180 from the sketches 170 such
that the data distributions of the sketches 170 are indistinguishable from
authentic images 190.

[0043] The consistency loss function is used to further enhance the
indistinguishability of the data distributions for the sketches 170 and authentic
images 190 using a separate generative and discriminative network structure.
More specifically, a generative sketch network 223 and a discriminative
sketch network 224 cooperate to perform an inverse function associated with
translating the synthetic images 180 back into sketches (which can be
referred to herein as “synthetic” or “fake” sketches 215). That is, the
generative sketch network 223 is configured to generate samples of synthetic
sketches 215 by converting synthetic images 180 (e.g., which were generated
by the generative and discriminative image networks 221 and 222) back into
the sketch domain, and a discriminative sketch network 224 is configured to
evaluate whether or not received samples correspond to real sketches 170 or
synthetic sketches 215. Like the generative image network 221, the
generative sketch network 223 can be implemented using a CNN. Once
again, the adversarial loss function is used to train the generative image
network 223 to transform the synthetic images 180 such that the data
distributions of the synthetic sketches 215 are indistinguishable from the data
distributions of the original sketches 170. The consistency loss function

further enhances the learning process of the GAN 220 by preventing the
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mappings generated by the generative image network 221 from conflicting
with the mappings generated by the generative sketch network 223. In this
manner, the loss functions 226 (e.g., the adversarial and cycle consistency
loss functions) utilized by the GAN 220 can significantly improve the accuracy
of the cross-domain mappings that are generated by the domain-migration
function 250.

[0044] The attention model 225 guides the learning process of the GAN 220 to
focus on the most representative regions of the sketches 170, synthetic
images 180, and/or authentic images 190 during the domain migration
processes. For example, in certain embodiments, the attention model 225
can be integrated into the generative image network 221 and/or generative
sketch network 223 to suppress background information in the authenticate
images 190 and synthesized images 180 that are processed during the
learning process, while simultaneously identifying core regions of the
authenticate images 190 and synthesized images 180 that are representative
of the categories and/or sub-categories associated with such. Likewise, the
attention model 225 can also be configured to identify the core regions of the
sketches 170 and synthetic sketches 215 during the learning process. In
certain embodiments, the attention model 225 can include a convolutional
layer (e.g., with a 1x1 kernel size) and a softmax function with a threshold can
be applied to the output for obtaining a binary attention mask.

[0045] In addition to the adversarial and cycle consistency loss functions that
are utilized to optimize the domain migration function 250, the SBIR system
150 can also utilize loss functions 226 to train and optimize the hashing

function 230. More specifically, a semantic loss function can be applied to
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minimize the distance (e.g., a Hamming distance) between the binary codes
of the same category, and to maximize the distance between the binary codes
of different categories. In addition, a triplet ranking loss function can utilized
to enhance fine-grained learning based on visual similarities of intra-class
instances, while a quantization loss function is utilized to preserve the intrinsic
structure of the data and to preserve the feature space similarity of pair
instances. Each of these loss functions 226 is discussed in further detail
below.

[0046] Exemplary embodiments of the SBIR system 150 and the
aforementioned sub-components (e.g., the database 210, GAN 220,
generative image network 221, discriminative image network 222, generative
sketch network 223, discriminative sketch network 224, attention model 225,
loss functions 226, hashing function 230, retrieval function 140, and domain
migration function 250) are described in further detail below. While the sub-
components of the SBIR system 150 may be depicted in Figure 2 as being
distinct or separate from one another, it should be recognized that this
distinction may be a logical distinction rather than a physical or actual
distinction. Any or all of the sub-components can be combined with one
another to perform the functions described herein, and any aspect or feature
that is described as being performed by one sub-component can be
performed by any or all of the other sub-components. Also, while the sub-
components of the SBIR system 150 may be illustrated as being implemented
in software in certain portions of this disclosure, it should be recognized that
the sub-components described herein may be implemented in hardware

and/or software.
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[0047]  Figure 3 is a flow diagram illustrating an exemplary architecture 300 for
a SBIR system 150 in accordance with certain embodiments. The exemplary
architecture 300 illustrates an underlying design for GAN 220, including the
underlying designs of the generative image network 221 (labeled “Image
Generator G;”), the discriminative image network 222 (labeled “Image
Discriminator D;”), the generative sketch network 223 (labeled “Sketch
Generator Gs”), and the discriminative sketch network 224 (labeled “Image
Discriminator Ds;”). The exemplary architecture 300 further illustrates an
underlying design for the hashing function 230 (labeled “Hash Function H”).

[0048] The architecture illustrates the cycle of how a sketch 170 can be
processed by the GAN 220. The arrows that are identified using cross-
hashing show the cycle of converting a sketch 170 to a synthetic image 180,
while the arrows identified using dots show the cycle of converting a synthetic
image 180 to a synthetic sketch 215. As shown, an input sketch query is
received by the SBIR system 150 and is processed by the generative image
network 221 to generate a synthetic image 180. The discriminative image
network 222 evaluates the synthetic image 180 and tries to determine
whether or not the synthetic image 180 is an authentic image 190. The
synthetic image 180 is then processed by the generative sketch network 223
to generate a synthetic sketch 215. The discriminative sketch network 224
evaluates the synthetic sketch 215 to determine whether or not the synthetic
sketch 215 is a true or real sketch. The networks may be enhanced to
produce optimal synthetic images 180 using an adversarial loss function

and/or cycle consistency loss function.
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[0049] The synthetic images 180 generated from sketches 170 are provided to
a hashing function 230 which can be optimized using a semantic loss
function, a quantization loss function, and/or a triplet ranking loss function. An
attention mask (e.g., which may be supplied by the attention model 225) is
applied to authentic images 190 that are received by the SBIR system 150
before being processed by the hashing function 230. The attention mask can
serve to suppress unimportant background information in the authentic
images 190 and to focus on representative portions of the authentic images
190. Hash codes 231 generated from the synthetic images 180 and authentic
images 190 allows for cross-domain searching and retrieval of corresponding
authentic images 190 and/or sketches 170.

[0050] Before getting into the specifics of each of the components illustrated in

Figure 3, a formulation of a problem that the SBIR system 150 may be

ng

configured to solve is provided. Given n, training images ! = {;},2, andn,

n

training sketches S = {S;},2, the label vectors (row vectors) for all the training

ng

instances are Y'= {y/},

€ {0.11¢ and Y¥={yf}” € {01y

respectively, where y! and y; are one-hot vectors and ¢ is the number of
classes. The SBIR system 150 aims to learn the domain-migration function
250 for migrating sketches to the natural image domain, and simultaneously
to learn the hashing function 230 H : {I,I4k.} = {—1,+1}¥, such that the
semantic consistency can be preserved between the extracted hashing codes
of both authentic images 190 and synthetic images 180. To accomplish the
aforementioned goals, the SBIR system 150 optimizes a pair of generative
and discriminative networks (e.g., networks 221, 222, 223, and 224) and the

hashing network 230.
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[0051]  With respect to the generative networks, let G; and G be two parallel
generative CNNs for migrating sketches to the real-world or authenticate
image domain (e.g., by creating synthetic images 180) and vice versa:
G;:S—=1and Gs:1—-S. Because real-world or authenticate images 190
contain much more information than their sketch counterparts, migrating
sketches to the natural image domain is essentially an upsampling process
and can potentially include more parameters. Tables 1 and 2 below illustrate

exemplary details for implementing the CNNs for G; and Gs.

Table 1
Kernel
Net Layer ] Stride Pad Output
Size
Input - - - 3x256x256
convl BN 3x3 1 1 32x256x256
conv2 BN 3x3 1 1 32x256x256
conv3 BN 4x4 2 1 64x128x128
conv4 BN 4x4 2 1 128x64x64
Gs — Net

*ResBlock x 6 3x3 1 1 128x64x64

Attention 1x1 1 0 1x64x64
Deconv4 BN 4x4 2 1 64x128x128
Deconv5 BN 4x4 2 1 32x256x256
Deconvé BN 3x3 1 1 3x256x256
input - - - 3x256x256
convl BN 4x4 2 1 64x128x128
conv2 BN 4x4 2 1 128x64x64

Ds — Net
conv3 BN 4x4 2 1 256x32x32
conv4 BN 3x3 1 1 512x32x32
conv5 BN 3x3 1 1 128x32x32
Table 2
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Kernel
Net Layer ] Stride | Pad Output
Size

Input - - - 3x256x256

convi BN 3x3 1 1 32x256x256

conv2 BN 3x3 1 1 32x256x256

conv3 BN 4x4 2 1 64x128x128

conv4 BN 4x4 2 1 128x64x64

G[ — Net

*ResBlock x 9 3x3 1 1 128x64x64

Deconv4 BN 4x4 2 1 64x128x128

Deconv5 BN 4x4 1 1 32x253x253

Deconvé BN 3x3 1 1 3x256x256

input - - - 3x256x256

convi BN 4x4 2 1 64x128x128

conv2 BN 4x4 2 1 128x64x64

D; — Net

conv3 BN 4x4 2 1 256x32x32

conv4 BN 3x3 1 1 512x32x32

conv5 BN 3x3 1 1 128x32x32

[0052] The ResBlock in Tables 1 and 2 can be constructed out of two conv
layers with BN and a pass-through so the information from previous layers is
unchanged. The hyper-parameters of the conv layer can be as configured as
follows: Kernel Size 3x3, Stride 1, Padding 1, and Channels 128.

[0053] The parameters of the shared-weight hashing network can be denoted
as 8y. For authentic images 190 and sketches 170, the deep hash function
230 can be formulated as B’ = sgn(H(I ® mask;0y)) € {0,1}"*K and
B = sgn(H(G(5);0y)) € {0,1}"2K | respectively, where sgn(-) is the sign

function. Note that the row vector of the output is used for the convenience of
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computation. As explained further below, the deep generative hashing
objective of joint learning of binary codes and hash functions is introduced.

[0054] In certain embodiments, five losses are introduced into the objective
function for achieving the aforementioned goals. An adversarial loss and a
cycle consistency loss can be applied to guide the learning of the domain-
migration function 250. A semantic loss and triplet ranking loss can be
applied to preserve the semantic consistency and visual similarity of intra-
class instances across domains. A quantization loss and unification constraint
can be applied to preserve the feature space similarity of pair instances.
Each of these losses may be integrated into the loss functions 226 mentioned
above with respect to Figure 2. The discussion that follows describes each of
these loss functions 226.

[0055] Adversarial and Cycle Consistency Loss Functions: The domain-

migration networks include four parts: G;, Gs, D; and Ds. The parameters of G,
Gs, D; and Dg can be denoted as 6.. Specifically, 8¢, is the parameter of G,
and so forth. The inputs of domain-migration networks can be image-sketch
pairs, and the inputs can have n, » n,. Thus, the sketches from same
category can be reused to match the images. Sketches from the same
category are randomly repeated and S will be expanded to S = {Sl,---,Sl,S2
2 S2, .80, S, } to make sure |S| = |I|. Suppose the data distributions are
I~p; and S~pg. For the generator G, : S — I and its discriminator D;, the
adversarial loss can be written as:

min max Lg(G, Dy, S, 1) := E;_,[log D;(I ® mask; 6¢|p,)]
0C|GI 0C|D1 (1)
+Eg. P [log (1 - DI(GI(S’ Oclg, ) O¢|p, ))] ,
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where:

0¢|c, is the parameters of G;;

O¢|p, is the parameters of D;;

I represents the training images;

S represents the training sketches;

S is the expanded dataset of S;

I~ p; and S~ p¢ denote the data distributions;and
mask is the attention mask.

[0056] The generator and the discriminator compete in a two-player minimax
game: the generator tries to generate images G,(f) that look similar to the
images from domain / and its corresponding mask, while the discriminator
tries to distinguish between authentic images 190 and synthetic images 180.
The adversarial loss of the other mapping function Gs : I — S can be defined in
a similar manner. The cycle consistency loss can prevent the learned
mapping functions G; and G from conflicting against each other, which can

be expressed as:

min Leyc(Gy,Gs) := B, ||Gs(Gi(S. 8¢l ¢,).0¢l¢5) — S|
Oci6,5Ocics @)
+E§~p§”Gl(Gs(1,9c|cs),9c|(;,) — I @ mask|).

where:

|I-]| is the Frobenius norm;

0¢|c, is the parameters of G;;

0|, is the parameters of Gg;

S represents the training sketches;

I represents the training images;
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S is the expanded dataset of S;
I~ p; and S~ p¢ denote the data distributions; and
mask is the attention mask.
[0057]  The full optimization problem for domain-migration networks is

min max  Lggn = Lc(G1,D,8.1) +  Le(Gs,Ds,1,8) + vLy (G, Gs).
B¢, Ocip, (3)

Ocics Ocipg

where:

0¢|c, is the parameters of G;;

0|, is the parameters of Gg;

O¢|p, is the parameters of D;;

O¢p, is the parameters of Dg;

S represents the training sketches;
I represents the training images;

S is the expanded dataset of S; and

v is the balance parameter.

In the experiments referred to below, the balance parameter can be set to 10
(v = 10).

[0058] Semantic Loss Function: The label vectors of images and sketches are

Y! and YS. Consider the following semantic factorization problem with the

projection matrix D € R¥*X:

min

gl B8 p Lsem:= B = Y'DI” + [IBS —¥°D12 + D1
s.t. Bl € {—1,+1}"*K BS € {—1, +1}%=*K,

(4)

where:
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B! is the binary codes of real images;

BS is the binary codes of sketches;

D is the projection matrix;

Y! is the label vector of training images;
Y*® is the label vector of training sketches;
n, is the number of training images;

n, is the number of training sketches; and

K is the length of binary code.

Lqem @iMs to minimize the distance between the binary codes of the same
category, and maximize the distance between the binary codes of different
categories.

[0059] Quantization Loss Function: The quantization loss is introduced to

preserve the intrinsic structure of the data, and can be formulated as follows:

min

6. Lqi= (1,6, —BI2+ [H(G,.(S.0cl,): 6:) ~ B[ (5)
where:

B! is the binary codes of real images;

B? is the binary codes of sketches;

0y is the parameter of hashing net;

0¢|c, is the parameters of G;;

S represents the training dataset of sketches; and

I represents the training images.

[0060] Triplet Ranking Loss: For the fine-grained SBIR retrieval task, a triplet

ranking loss can be integrated into the objective function for preserving the
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similarity of paired cross-domain instances within an object category. For a
given triplet (S;,I;",I;), specifically, each triplet contains a query sketch S; and
a positive image sample I;" and a negative image sample ;7. The triplet
ranking loss function can be defined as follows:
ming, Lo i= ¥ max (0,A + |[H(G,(S;0¢6,);0x) — HUF: 0l” 3
—[IH(G/(S1, 6ci6,): B) — HUT: 04117, ©
where:
0y is the parameter of hashing net;
0¢|c, is the parameters of G;;
S; is a giving query sketch from training sketches;
I is a positive image sample from training images;
I; is a negative image sample from training images; and
A represents the margin between the similarities of the outputs of the two

pairs (S;, 1) and (S;,1;7).

The parameter A represents the margin between the similarities of the outputs
of the two pairs (S;,1;") and (S;,1;). In other words, the hashing function 230
ensures that the Hamming distance between the outputs of the negative pair
(S;,1;) is larger than the Hamming distance between the outputs of the
positive pair (S;,I;) by at least a margin of A. In certain embodiments, A may
be equal to half of the code length (i.e., A = 0.5K).

[0061]  Full Objective Function: The binary codes (e.g., hash codes 231) of an

authentic image 190 and a synthetic image 180 are desired to be close to

each  other. Thus, a unificaton constraint L.= |H(];0y —
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H(G/(5,04,); 8x||"is added to the final objective function which is formulated

as follows:

minBI,BS,ec,eH £total = £gan + £sem + /U;tri + 0(£q+ ﬁ£c,
s.t.B! € {(—1, +1}*K BS € {—1, +1}%*K,

where:

A is a control parameter, which equals 1 for fine-grained task and equals O for
semantic-level SBIR only;

a is a balance parameter of quantization loss; and

B is a balance parameter of the unification constraint.

In the above equation, A is a control parameter, which equals 1 for fine-
grained task and equals O for semantic-level SBIR only. The hyper-
parameters a and 3 control the contributions of the two corresponding terms.

[0062] Due to the non-convexity of the joint optimization and the NP-hardness
to output the discrete binary codes, it may be infeasible to find the global
optimal solution. Instead, an optimization algorithm can be applied based on
alternating iteration and it can be used to sequentially optimize one variable at
a time while the others are fixed. In this way, variables D, B!,B°, parameter 6.
of the domain-migration networks, and parameter 8, of the hash function can
be iteratively updated.

[0063] Optimizing D: More specifically, with respect to optimizing D, all the
variables can be fixed except D, and Equation (7) above can be simplified as
a classic quadratic regression problem:

minp||B’ —Y'D||? + ||B* — Y*D||* + ||D||?

= min trp(DT(Y""Y' + v5"YS + 1)D) - 2tr (DT(Y""B' + Y*'B¥)), (®)
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where:

B! is the binary codes of real images;

BS is the binary codes of sketches;

D is the projection matrix;

Y! is the label vector of training images;
Y$ is the label vector of training sketches;
DT is the transposed matrix of D;

y!" is the transposed matrix of Y/;

YS" is the transposed matrix of YS; and

| is an identity matrix.

[0064] In the above equation, 1 is an identity matrix. Taking the derivative of
the above function with respect to D and setting it to zero, the analytical
solution to Equation (8) above is:

D=(r"v'+ vSYS+ 1) (v'"B'+ v5"B) (9)
where:

B! is the binary codes of real images;

B? is the binary codes of sketches;

D is the projection matrix;

Y! is the label vector of training images;

Y$ is the label vector of training sketches;
y!" is the transposed matrix of ¥/;

YS" is the transposed matrix of YS; and

| is an identity matrix.
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[0065] Optimizing B’: When all the variables are fixed except B!, Equation (7)

can be rewritten as:

ming||B' — Y'D||? + «|H(I;8,) —B!||%. (10)
where:

B! is the binary codes of real images;

Y! is the label vector of training images;

D is the projection matrix;

a is a balance parameter of quantization loss;
0y is the parameter of hashing net; and

I represents the training dataset of real images.

[0066]  Since tr(B" B') a constant, Equation (10) is equivalent to the following
problem:
min g —tr (B (YD + aH(I:6y))) (11)
where:
B! is the binary codes of real images;
B!" is the transposed matrix of B/;
Y! is the label vector of training images;
D is the projection matrix;
« is a balance parameter of quantization loss;
0y is the parameter of hashing net; and
I represents the training images.
[0067] For B! € {—1, +1}**K B! has a closed-form solution as follows:
B’ = sgn(Y'D + aH(I;0y)) (12)

where:
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B! is the binary codes of real images;

Y! is the label vector of training images;

D is the projection matrix;

a is a balance parameter of quantization loss;
0y is the parameter of hashing net; and

I represents the training images.

[0068]  Optimizing BS: Considering all the terms related to B®, it can be learned

by a similar formulation as Equation (12):

BS = sgn (YD + aH(G;(S.8¢6,): 0x)) (13)
where:

B? is the binary codes of sketches;

YS is the label vector of training sketches;

D is the projection matrix;

a is a balance parameter of quantization loss;
0y is the parameter of hashing net;

S represents the training sketches; and

0|, is the parameters of G;.

[0069] Optimizing 8. and 6, : After the optimization for D, B! and BS, the
network parameters 8, and 8y can be updated according to the following
loss:
ming, g, £ :=Lgan + AL+ Ly + L. (14)
where:

A is a control parameter, which equals 1 for fine-grained task and equals O for
semantic-level SBIR only;

« is a balance parameter of quantization loss; and
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B is a balance parameter of the unification constraint.

[0070]  The networks can be trained on I and S, where the sketch-image pairs

are randomly selected to compose of a mini-batch, and then backpropagation
algorithm with stochastic gradient descent (SGD) is adopted for optimizing
two networks. In practice, deep learning frameworks (e.g., Pytorch) can be
used to achieve all the steps. D » B! -> BS - {6,,0,} can be iteratively
updated in each epoch. As such, the generative domain-migration hashing
(GDH) can be finally optimized within L epochs, where 20 < L < 30 in our

experiment. The algorithm used for GDH can be Algorithm (1) below.

Algorithm 1: Generative Domain-Migration Hash

Input: Training natural images I = {;};*, and the corresponding sketches

S =

{S;}2,; the label information Y! and Y¥; the code length K; the number of

training epochs L; the balance parametersa, 3, 1.

Output: Generative models G; and Gg; deep hash function H.

1:

Randomly initialize B! € {—1, +1}"*K and BS € {—1, +1}"2*X;
Forl=12,-Ldo

Update D according to Equation (9);
12)
13)
Update the network parameters 8. and 8, according to Equation (14) by

Update B! according to Equation

—_— -

3
3

Update B® according to Equation

training with the [ — th epoch data;

7:
8:

End

Return the network parameters 8, and 6.

[0071]  Once the GDH model is learned, for a given query sketch s,, the SBIR

system 150 can infer its binary code b« = sgn (H(G,(S ,0C|GI);0H)) through

the G; network and the hash network H. For the image gallery, the hash codes
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b’ = sgn(H(I O mask; 8y)) of each image can be computed through the hash
network (e.g., by using the hashing function 230), where a mask can be easily
obtained by GS(I;OC|GS). In should be noted that the synthetic or fake images
180 images generated by G,(Sq;qul) can be non-background images and,
therefore, do not need to be multiplied with the mask before being supplied
into the hashing network 230.

[0072] Extensive experiments and ablation studies were conducted to
evaluate an implementation of the SBIR system 150 described herein. The
results demonstrate that the SBIR techniques described herein consistently
achieve better performance with much faster query time and much lower
memory cost compared to other SBIR methods. This is true for both
category-level SBIR and fine-grained SBIR. The SBIR techniques
outperformed the best-performing hashing-based SBIR method by up to
20.5% on the TU-Berlin Extension dataset, and up to 26.4% on the Sketchy
dataset.

[0073]  Figure 4 is a flow chart of a method 400 for implementing an exemplary
SBIR technique in accordance with certain embodiments of the present
invention. The exemplary method 400 may be executed in whole or in part by
the SBIR system 150. For example, one or more storage devices 201 can
store instructions for performing the steps of method 400, and one or more
processors 202 can be configured to execute performance of the steps of
method 400.

[0074] In step 410, a query comprising a sketch 170 is received. The
sketches 170 may represent free-hand and/or hand-drawn content (e.g., such

as a drawing, painting, or the like) that is created manually by an individual
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(e.g., using a pencil/pen or computing software). The query may be received
at a server 120 or computing device 110 that hosts or stores the SBIR system
150. In certain embodiments, the SBIR system 150 may be implemented, at
least in part, using a program or application that is running on a computing
device 110, and the sketch 170 can be selected by a user operating the
device. In other embodiments, the SBIR system 150 may be hosted on a
server 120 and the query may be transmitted over a network 130 to the server
120.

[0075] In step 420, a domain migration function 250 is executed to generate a
synthetic image 180 corresponding to the sketch 170. In certain
embodiments, the GAN 220 may be utilized to train a domain-migration
function 250 that is configured to transform the sketch 170 into a synthetic
image 180. In certain embodiments, the GAN 220 may include two sets of
generative networks and discriminative networks, which use one or more loss
functions 226 (e.g., an adversarial loss function and a cycle consistency loss
function) to generate and enhance the domain-migration function 227.

[0076] In step 430, a hashing function 230 is executed to generate a hash
code 231 corresponding to the synthetic image 180. In certain embodiments,
the hash code 231 may represent a binary code corresponding to the sketch
170. The hashing function 230 can be configured to generate hash codes
231 for both synthetic images 180 and authentic images 190 in a manner that
preserves semantic consistency across image and sketch domains. In certain
embodiments, the GAN 220 learns the hashing function 230 using one or
more loss functions 226 (e.g., an semantic loss function, a quantization loss

function and a triplet ranking loss function) which can be configured to
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minimize a distance measure (e.g., a Hamming distance) between binary
codes of authentic images 190 and synthetic images 180 that fall within the
same category, and to maximize the distance measure between binary codes
that are not within the same category. The loss functions 226 can also be
configured to preserve intra-category characteristics of the sketches 170 and
authentic images 190.

[0077]  In step 440, retrieval results 160 are identified using the hash code 231
which include one or more authentic images 190 that correspond to the
sketch 170. The hash code 231 generated for the sketch 170 may be
compared with one or more hash codes 231 that have been generated for,
and associated with, authentic images 190. The retrieval results 160 may be
presented to an individual who submitted the query. For example, the
retrieval results 160 may be transmitted over a network 130 and/or output on
display device (e.g., presented on a computer monitor) of a computing device

110 that is in communication with, or which stores, the SBIR system 150.

[0078]  While various novel features of the invention have been shown,
described and pointed out as applied to particular embodiments thereof, it
should be understood that various omissions and substitutions and changes
in the form and details of the systems and methods described and illustrated,
may be made by those skilled in the art without departing from the spirit of the
invention. Amongst other things, the steps in the methods may be carried out
in different orders in many cases where such may be appropriate. Those

skilled in the art will recognize, based on the above disclosure and an
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understanding therefrom of the teachings of the invention, that the particular
hardware and devices that are part of the system described herein, and the
general functionality provided by and incorporated therein, may vary in
different embodiments of the invention. Accordingly, the description of system
components are for illustrative purposes to facilitate a full and complete
understanding and appreciation of the various aspects and functionality of
particular embodiments of the invention as realized in system and method
embodiments thereof. Those skilled in the art will appreciate that the
invention can be practiced in other than the described embodiments, which
are presented for purposes of illustration and not limitation. Variations,
modifications, and other implementations of what is described herein may
occur to those of ordinary skill in the art without departing from the spirit and

scope of the present invention and its claims.
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WHAT IS CLAIMED IS:

1. A system for performing sketch-based image retrieval (SBIR) comprising:

one or more computing devices comprising one or more processors and one
or more non-transitory storage devices for storing instructions, wherein execution of
the instructions by the one or more processors causes the one or more computing
devices to:

receive a query comprising a sketch;

execute a domain migration function configured to generate a synthetic image
corresponding to the sketch;

execute a hashing function configured to generate a hash code corresponding
to the synthetic image; and

utilize the hash code to identify retrieval results comprising one or more

authentic images corresponding to the sketch.

2. The system of claim 1, wherein the domain migration function is learned using a
neural network that includes a generative adversarial network that is trained to
migrate the sketch into an image domain, at least in part, by applying an upsampling

process to the sketch.

3. The system of claim 2, wherein the generative adversarial network includes at
least one generative network and at least one discriminative network that cooperate
to learn the domain migration function that is used to translate the sketch into the

synthetic image.
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4. The system of claim 3, wherein the at least one generative network and the at
least one discriminative network compete in a two-player minimax game such that:
the at least one generative network is configured to generate synthetic
images; and
the at least one discriminative network is configured to evaluate whether

received inputs correspond to authentic images or synthetic images.

5. The system of claim 2, wherein the generative adversarial network is trained to
learn the hashing function that generates the hash code from the synthetic image in

a manner that preserves semantic consistency across image and sketch domains.

6. The system of claim 2, wherein:

the hash code generated by the hashing function is a binary code; and

a neural network is trained, at least in part, using a loss function that is
configured to minimize a distance between binary codes of authentic images and
synthetic images that are within the same category, and to maximize the distance

between binary codes that are not within the same category.

7. The system of claim 2, wherein the neural network is trained, at least in part,

using a loss function that is configured to preserve visual similarities of intra-class

sketches and authentic images.

8. The system of claim 1, wherein execution of the instructions by the one or more

processors further causes the one or more computing devices to:
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generate hash codes for a plurality of authentic images using the hashing
function; and

utilize the hash code generated for the synthetic image and the hash codes
generated for the plurality of authentic images to identify the one or more authentic

images to be included in the retrieval results.

9. The system of claim 8, wherein generating the hash codes for the plurality of
authentic images includes applying an attention model to suppress background
information in the plurality of authentic images and to identify features that are

representative of categories associated with the plurality of authentic images.

10. The system of claim 1, wherein the system is integrated into one or more of: a
law enforcement image retrieval system; an e-commerce system; or a surveillance

system.

11. A method for performing sketch-based image retrieval (SBIR) comprising:

receiving a query comprising a sketch;

executing, with one or more processors, a domain migration function
configured to generate a synthetic image corresponding to the sketch;

executing, with the one or more processors, a hashing function configured to
generate a hash code corresponding to the synthetic image; and

utilizing the hash code to identify retrieval results comprising one or more

authentic images corresponding to the sketch.

12. The method of claim 11, wherein the domain migration function is learned using

a neural network that includes a generative adversarial network that is trained to
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migrate the sketch into an image domain, at least in part, by applying an upsampling

process to the sketch.

13. The method of claim 12, wherein the generative adversarial network includes at
least one generative network and at least one discriminative network that cooperate
to learn the domain migration function that is used to translate the sketch into the

synthetic image.

14. The method of claim 13, wherein the at least one generative network and the at
least one discriminative network compete in a two-player minimax game such that:
the at least one generative network is configured to generate synthetic
images; and
the at least one discriminative network is configured to evaluate whether

received inputs correspond to authentic images or synthetic images.

15. The method of claim 12, wherein the generative adversarial network is utilized to
learn the hashing function that generates the hash code from the synthetic image in

a manner that preserves semantic consistency across image and sketch domains.

16. The method of claim 12, wherein:

the hash code generated by the hashing function is a binary code; and

the neural network is trained, at least in part, using a loss function that is
configured to minimize a distance between binary codes of authentic images and
synthetic images that are within the same category, and to maximize the distance

between binary codes that are not within the same category.

44



WO 2020/049384 PCT/IB2019/056881

17. The method of claim 12, wherein the neural network is trained, at least in part,
using a loss function that is configured to preserve visual similarities of intra-class

sketches and authentic images.

18. The method of claim 11 further comprising:

generating hash codes for a plurality of authentic images using the hashing
function; and

utilizing the hash code generated for the synthetic image and the hash codes
generated for the plurality of authentic images to identify the one or more authentic

images to be included in the retrieval results.

19. The method of claim 18, wherein generating the hash codes for the plurality of
authentic images includes applying an attention model to suppress background
information in the plurality of authentic images and to identify features that are

representative of categories associated with the plurality of authentic images.

20. A computer program product for performing sketch-based image retrieval
(SBIR), the computer program product comprising a computer-readable medium
including codes for causing a computer to:

receive a query comprising a sketch;

utilize a domain migration function configured to generate a synthetic image
corresponding to the sketch;

execute a hashing function configured to generate a hash code corresponding

to the synthetic image; and
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utilize the hash code to identify retrieval results comprising one or more

authentic images corresponding to the sketch.
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Receive a query comprising a sketch

l

Execute a domain migration function to generate a synthetic image
corresponding to the sketch

l

Execute a hashing function to generate a hash code corresponding to
the synthetic image

l

Identify retrieval results including one or more authentic images that
correspond to the sketch using the hash code
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