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PREDICTION METHOD, APPARATUS, AND
SYSTEM FOR PERFORMING AN IMAGE
SEARCH

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims the benefit of priority of
Chinese Application No. 202010036600.9, filed on Jan. 14,
2020, which is hereby incorporated by reference in its
entirety.

BACKGROUND

Technical Field

[0002] The disclosure relates to the field of image search-
ing, and in particular, to a prediction method, apparatus, and
system for performing an image search.

Description of the Related Art

[0003] An e-commerce platform is an electronic platform
established on the Internet to conduct commercial activities.
Currently, e-commerce platforms can be used for business
negotiations between enterprises as well as for general
commodity transactions. In the context of commodity trans-
actions, e-commerce platforms have large-scale and diver-
sified commodity databases and thus need to manage com-
modities in these databases. Usually, an e-commerce
platform manages the commodities in the commodity data-
base via image searching. Image feature extraction (i.e.,
image vectorization) is the first step of image searching, and
similar commodities may be identified by the e-commerce
platform via efficient feature vector indexing. Therefore, the
quality of the image feature vectorization determines
whether the entire search system is successful in searching.

[0004] E-commerce platforms use different network mod-
els to extract features for different commodity categories
with an aim to improve search accuracy. These network
models usually have identical structures but use different
categories of data-specific training, thus having different
model parameters. For example, FIG. 1 is a diagram of an
image search performed by existing e-commerce technol-
ogy. As illustrated in FIG. 1, after an image under search is
input, a category prediction is first performed on the image
under search using a convolutional neural network (CNN)
model to determine a network model for performing feature
extraction on an image under search. As shown in FIG. 1, the
network model for performing feature extraction on the
image under search includes a clothing model, a shoe model,
a bag model, and a miscellaneous model. After the network
model is determined, feature extraction is performed on the
image under search via the determined network model, and
finally, a search result corresponding to the image under
search is obtained based on the extracted features.

[0005] However, the final search result of the above solu-
tion depends on category prediction. If the result of the
category prediction is incorrect, for example, the input
image under search is clothing, but the network model
corresponding to the category prediction is a shoe model,
then when feature extraction is performed on the image of
clothing under search, the shoe model is used to perform the
feature extraction, and the obtained features may be inac-
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curate, resulting in errors in the search result for the image.
Currently, no effective solution has been proposed to address
the above problem.

SUMMARY

[0006] A prediction method, apparatus, and system for
performing an image search are provided in embodiments of
the disclosure so as to at least solve the technical problem of
inaccurate prediction in the process of using category pre-
diction methods to perform a prediction on an image in
current systems.

[0007] In one embodiment, a prediction method for per-
forming an image search is provided. The method com-
prises: performing training in which domain adaptation
learning is performed by using a source domain model to
obtain a target domain model, wherein the source domain
model comprises at least two network models, and the
network models respectively correspond to different com-
modity categories; and setting an image under search and
sample sets of commodities of a plurality of categories as
input parameters for the target domain model to obtain a
prediction result corresponding to the image.

[0008] In one embodiment, a prediction method for per-
forming an image search is provided, comprising: acquiring
an image under search and sample sets of commodities of a
plurality of categories; performing category prediction pro-
cessing on the image under search and the sample sets of
commodities of a plurality of categories by using a target
domain model to obtain a plurality of candidate results; and
selecting, from the plurality of candidate results, a prediction
result to be outputted; wherein the target domain model is a
network model obtained by training in which domain adap-
tation learning is performed by using a source domain
model, the source domain model comprises at least two
network models, and the network models respectively cor-
respond to different commodity categories.

[0009] In another embodiment, according to the embodi-
ments of the disclosure, a prediction apparatus for perform-
ing an image search is further provided, comprising: a
training module, configured to perform training in which
domain adaptation learning is performed by using a source
domain model to obtain a target domain model, wherein the
source domain model comprises at least two network mod-
els, and the network models respectively correspond to
different commodity categories; and a processing module,
configured to set an image under search and sample sets of
commodities of a plurality of categories as input parameters
for the target domain model to obtain a prediction result
corresponding to the image under search.

[0010] In one embodiment, an image searching method is
provided, comprising: acquiring an image under search;
inputting the image under search into a target-domain
machine learning model, wherein the target-domain
machine learning model is generated by training at least
based on a source-domain machine learning model; acquir-
ing a feature of the image under search via the target-domain
machine learning model; and providing, as feedback, an
image search result corresponding to the image under search
based on the feature.

[0011] Inone embodiment, an image processing method is
provided, comprising: acquiring an image under search;
inputting the image under search into a first granularity
machine learning model, wherein the first granularity
machine learning model is generated by training at least
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based on a second granularity machine learning model, the
second granularity machine learning model comprises a
plurality of machine learning sub-models, and the machine
learning sub-models respectively correspond to different
commodity categories; acquiring a feature under search of
the image under search via the first granularity machine
learning model; and obtaining an image search result cor-
responding to the image under search based on the feature
under search.

[0012] In one embodiment, a network model fusion
method is provided, comprising: acquiring an initial granu-
larity machine learning model, wherein the initial granular-
ity machine learning model comprises a plurality of machine
learning sub-models, and the machine learning sub-models
respectively correspond to different commodity categories;
and performing fusion processing on at least some of the
plurality of machine learning sub-models to generate a target
granularity machine learning model, wherein the target
granularity machine learning model is used to obtain an
image search result corresponding to the image under search
based on the feature under search in the image under search.
[0013] In another embodiment, according to the embodi-
ments of the disclosure, a storage medium is further pro-
vided, the storage medium comprising a stored program,
wherein when the program is run, a device where the storage
medium is located is controlled to perform the above pre-
diction method for performing an image search.

[0014] In another embodiment, according to the embodi-
ments of the disclosure, a processor is further provided, the
processor being configured to run a program, wherein when
the program is run, the above prediction method for per-
forming an image search is performed.

[0015] In another embodiment, according to the embodi-
ments of the disclosure, a prediction system for performing
an image search is further provided, comprising: an input
device, configured to input an image under search into a
target domain model, wherein the target domain model is a
model obtained by training in which domain adaptation
learning is performed by using a source domain model, and
the source domain model comprises at least two network
models, and the network models respectively correspond to
different commodity categories; a processing device, con-
figured to perform a unified feature extraction on the image
under search based on the target domain model to obtain a
plurality of candidate results, perform voting processing on
the plurality of candidate results, and select a category
having the most votes as a prediction result corresponding to
the image under search; and a display device, configured to
display the prediction result.

[0016] In one embodiment, a target domain model is
obtained by training in which a domain adaptation learning-
based method is adopted to perform domain adaptation
learning via a source domain model, and an image under
search and sample sets of commodities of a plurality of
categories are set as input parameters for the target domain
model to obtain a prediction result corresponding to the
image under search.

[0017] As illustrated, the disclosure uses a unified model
for different commodity categories. That is, the disclosed
embodiments use the target domain model to perform a
prediction on the image under search. Compared with cur-
rent systems, the disclosure not only improves the storage
efficiency of the system but also improves the generalization
ability of the target domain model. In addition, the disclo-
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sure does not use category prediction to determine a model
for performing a prediction on the image under search, and
instead, the disclosure uses domain self-learning to perform
a prediction on the image under search by using sample sets
of commodities of a plurality of categories. Therefore, the
disclosure can also avoid the problem of inaccurate predic-
tion caused by using category prediction methods to perform
a prediction on an image in current systems, thus improving
the accuracy of the prediction.

[0018] As illustrated, the solutions provided by the dis-
closure achieve the objective of accurately performing a
prediction on the image under search, thereby achieving the
technical effect of improving the accuracy of performing a
prediction on the image under search, and further solving the
technical problem of inaccurate prediction in the process of
using category prediction methods to perform a prediction
on an image in current systems.

BRIEF DESCRIPTION OF THE DRAWINGS

[0019] The drawings described herein provide a further
understanding of the disclosed embodiments and constitute
a part of the disclosure. Embodiments of the disclosure and
the description thereof are used to explain the disclosure
instead of constituting improper limitations to the disclo-
sure.

[0020] FIG. 1 is a diagram of an image search performed
by existing e-commerce technology.

[0021] FIG. 2 is a block diagram of a computing device for
executing a prediction method for performing an image
search according to some embodiments of the disclosure.
[0022] FIG. 3 is a flow diagram illustrating a prediction
method for performing an image search according to some
embodiments of the disclosure.

[0023] FIG. 4 is a flow diagram illustrating a prediction
method for performing an image search according to some
embodiments of the disclosure.

[0024] FIG. 5 is a flow diagram of a prediction method
based on image searching according to some embodiments
of the disclosure.

[0025] FIG. 6 is a block diagram illustrating the training of
a target domain model according to some embodiments of
the disclosure.

[0026] FIG. 7 is a block diagram of a neural network
model training method according to some embodiments of
the disclosure.

[0027] FIG. 8 is a diagram of a prediction apparatus for
performing an image search according to some embodi-
ments of the disclosure.

[0028] FIG. 9is ablock diagram of a prediction system for
performing an image search according to some embodi-
ments of the disclosure.

[0029] FIG. 10 is a block diagram of a computing device
according to some embodiments of the disclosure.

[0030] FIG. 11 is a flow diagram illustrating a prediction
method for performing an image search according to some
embodiments of the disclosure.

[0031] FIG. 12 is a flow diagram illustrating an image
searching method according to some embodiments of the
disclosure.

[0032] FIG. 13 is a flow diagram illustrating an image
processing method according to some embodiments of the
disclosure. and
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[0033] FIG. 14 is a flow diagram illustrating an image
processing-based method according to some embodiments
of the disclosure.

[0034] FIG. 15 is a flow diagram illustrating a network
model fusion method according to some embodiments of the
disclosure.

DETAILED DESCRIPTION

[0035] To enable those skilled in the art to better under-
stand the solutions of the disclosure, the technical solutions
in the embodiments of the disclosure will be described
below with reference to the drawings in the embodiments of
the disclosure. The described embodiments are merely some
rather than all of the embodiments of the disclosure. Based
on the embodiments of the disclosure, all other embodi-
ments obtained by those of ordinary skill in the art without
making creative efforts shall fall within the protection scope
of the disclosure.

[0036] It should be noted that the terms “first,” “second,”
and the like in the description and claims of the disclosure
and in the above drawings are used to distinguish similar
objects and are not necessarily used to describe a specific
sequence or order. It should be understood that these num-
bers may be interchanged where appropriate so that the
embodiments of the disclosure described herein can be
implemented in orders other than those illustrated or
described herein. In addition, the terms “include” and
“have” and any variations thereof are intended to cover
non-exclusive inclusions. For example, processes, methods,
systems, products, or devices that include a series of steps or
units are not limited to steps or units that are clearly listed
but may include other steps or units not clearly listed or
inherent to these processes, methods, products, or devices.
[0037] First, explanations of some terms used in the
description of the embodiments of the disclosure are pro-
vided as follows. The following explanations are not
intended to limit the scope of the terms of the disclosure or
the disclosure itself. A convolutional neural network (CNN)
may comprise a deep learning method for image recogni-
tion. In some embodiments, domain adaptation refers to
mapping data distributed in different source domains and
target domains to a feature space so that distances therebe-
tween in the feature space are as close as possible, so as to
transfer a target function for source domain training in the
feature space to the target domain, thus improving the
accuracy of the target domain prediction. In one embodi-
ment, domain adaptation learning is a representative method
in transfer learning, which refers to the use of information-
rich source domain samples to improve the performance of
the target domain model.

Embodiment 1

[0038] In one embodiment, a prediction method is dis-
closed for performing an image search is further provided.
It should be noted that the steps shown in the flowchart of
the accompanying drawings may be performed in a com-
puter system by, for example, a set of computer-executable
instructions. Moreover, although the logical order is shown
in the flowchart, in some cases, the steps shown or described
may be performed in an order different from that described
here.

[0039] The method embodiment provided in Embodiment
1 of the disclosure may be performed in a mobile terminal,
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a computing device, or other similar computing apparatuses.
FIG. 2 is a block diagram of a computing device (or a mobile
device) for executing a prediction method for performing an
image search. As shown in FIG. 2, a computing device or
mobile device 100 may include one or a plurality of pro-
cessors 102a, 1025, . . . 102n (collectively referred to as
processors 102). In the illustrated embodiment, a given
processor may include but is not limited to a processing
apparatus such as a microprocessor (MCU) or a field-
programmable gate array (FPGA). The illustrated device
100 includes a memory 104 configured to store data (122)
and program instructions (120). The device 100 may further
include a transmission apparatus 106 configured for com-
munication functions. In addition, it may also include a
display 108, an input/output (I/O) interface 112, a universal
serial bus (USB) port (which may be included as one port
among ports of the I/O interface), a network interface 110,
a power supply, and/or a camera. Each device may commu-
nicate over a bus 118. A person of ordinary skill in the art can
understand that the structure shown in FIG. 2 is only for
illustration and does not limit the structure of the above
electronic apparatus. For example, the computing device
100 may also include more or fewer components (including
keyboard 114 and mouse 116) than those shown in FIG. 2 or
have a different configuration from that shown in FIG. 2.

[0040] It should be noted that the above one or a plurality
of processors 102 and/or other data processing circuits may
generally be referred to as “data processing circuits” herein.
The data processing circuit may be embodied in whole or in
part as software, hardware, firmware, or any other combi-
nation thereof. In addition, the data processing circuit may
be a single independent processing module or may be fully
or partially integrated into any one of the other elements in
the computing device 100 (or mobile device). As involved in
this embodiment of the disclosure, the data processing
circuit is used as a processor for controlling (e.g., controlling
a selection of a variable resistance terminal path connected
to an interface).

[0041] Memory 104 may be used to store software pro-
grams and modules of application software, such as program
instructions (120) or data storage (122) corresponding to the
method In one embodiment. The processor 102 runs the
software programs and modules stored in memory 104 to
perform various functional applications and data processing,
that is, to implement the above prediction method for
performing an image search. Memory 104 may include a
high-speed random access memory (RAM) and may also
include non-volatile memory such as one or a plurality of
magnetic storage apparatuses, a flash memory, or other
non-volatile solid-state memories. In some examples,
memory 104 may further include memories remotely pro-
vided with respect to the processor 102, and these remote
memories may be connected to the computing device 100
via a network. Examples of the aforementioned network
include, but are not limited to, the Internet, intranets, local
area networks, mobile communication networks, and the
combinations thereof.

[0042] The transmission apparatus 106 is configured to
receive or send data via a network. A specific example of the
above network may include a wireless network provided by
a communication provider of the computing device 100. In
one embodiment, the transmission apparatus 106 includes a
network adapter (e.g., network interface controller), which
may be connected to another network device via a base
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station to communicate with the Internet. In one embodi-
ment, the transmission apparatus 106 may be a radio fre-
quency (RF) module, which is configured to communicate
with the Internet in a wireless manner.

[0043] The display may, for example, be a touch-sensitive
liquid crystal display (LCD), and the LCD may enable a user
to interact with a user interface of the computing or mobile
device 100.

[0044] It should be noted here that, in some alternative
embodiments, the computer or mobile device shown in FIG.
2 may include a hardware element (including a circuit), a
software element (including computer code stored in a
computer-readable medium), or a combination of hardware
and software elements. It should be noted that FIG. 2 is only
one example of a particular example and is intended to show
types of components that may exist in the above computer
or mobile device.

[0045] In the above operating environment, a prediction
method for performing an image search, as shown in FIG. 3
is provided in the disclosure, wherein a server may be used
as the operator of the method. In an alternative embodiment,
a terminal device (e.g., a PC or a smartphone) may also be
used as the execution subject of this embodiment. It should
be noted that this embodiment uses the server as the operator
of the method, solely for explanatory purposes and other
devices may be used to execute the methods described
herein. Alternatively, FIG. 3 is a flowchart of the prediction
method for performing an image search according to
Embodiment 1 of the disclosure. As illustrated in FIG. 3, the
method includes the following steps.

[0046] Step S302: perform training in which domain adap-
tation learning is performed by using a source domain model
to obtain a target domain model, wherein the source domain
model comprises at least two network models, and the
network models respectively correspond to different com-
modity categories.

[0047] Inan alternative embodiment, FIG. 4 depicts a flow
diagram illustrating a prediction method for performing an
image search. As illustrated in FIG. 4, the source domain
model includes four network models: a clothing model, a
shoe model, a bag model, and a miscellaneous model. In the
disclosure, the server learns the above four network models
into a unified model, i.e., the target domain model, via
domain adaptation learning.

[0048] It should be noted that a plurality of network
models may also correspond to the same commodity cat-
egory. For example, the commodity category corresponding
to a network model 1 and a network model 2 is clothing. In
addition, a plurality of commodity categories may also
correspond to the same network model. For example, a
network model corresponding to commodity categories such
as clothing, shoes, and bags may be an apparel network
model. Similarly, a network model corresponding to com-
modity categories such as mobile phone, watch, camera, and
computer may be a digital electronics network model.

[0049] In addition, it should be noted that domain adap-
tation learning is a type of transfer learning, which can map
data features in different domains to the same feature space.
As shown in FIG. 4, the four network models (clothing,
shoe, bag, and miscellaneous) are mapped to the target
domain model, which can effectively solve the problem of
changes in data distribution among domains and reduce
distribution differences among domains.
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[0050] As illustrated, the domain adaptation learning is
used to map a plurality of network models of the source
domain model to the target domain model, and therefore,
there is no need to perform a category prediction on the
image under search, thereby avoiding the problem of incor-
rect prediction results caused by category prediction errors.

[0051] Step S304: set an image under search and sample
sets of commodities of a plurality of categories as input
parameters for the target domain model to obtain a predic-
tion result corresponding to the image.

[0052] In an alternative embodiment, FIG. 5 is a flow
diagram of a prediction method based on image searching,
wherein elements 51, 52, 53, and 54 represent sample sets of
commodities of different categories. Alternatively, 50 is a
shoe sample set, 51 is a clothing sample set, 52 is a bag
sample set, and 53 is a miscellaneous sample set. In addition,
as illustrated in FIG. 5, the image under search and the
sample sets of commodities of a plurality of categories may
be input into the target domain model of the server via a
terminal device, and then the target domain model of the
server performs feature extraction on the image under search
and the sample sets of commodities of a plurality of cat-
egories, to obtain a prediction result of the prediction of the
image under search.

[0053] For example, in FIG. 5, the image under search is
predicted, and the obtained prediction result indicates that
the image under search is shoes. At this time, the server may
acquire the prediction result and push the prediction result to
the terminal device. The user may use a display screen of the
terminal device to acquire the prediction result correspond-
ing to the image under search. For example, text information
“shoes” corresponding to the prediction result is displayed in
the terminal device in FIG. 5. Further, after the prediction
result corresponding to the image under search is deter-
mined, the user may manage the image under search accord-
ing to the prediction result. For example, in a commodity
classification management scenario, the image under search
may be classified into the shoe sample set. When a buyer
performs a search for shoes on an e-commerce platform, the
image under search may be presented.

[0054] Based on the solution defined in steps S302
through S304 above, a target domain model is obtained by
training in which a domain adaptation learning-based
method is adopted to perform domain adaptation learning
via a source domain model, and an image under search and
sample sets of commodities of a plurality of categories are
set as input parameters for the target domain model to obtain
a prediction result corresponding to the image under search.

[0055] In the illustrated embodiment, the disclosure uses a
unified model for different commodity categories; that is, the
disclosed embodiments use the target domain model to
perform a prediction on the image under search. Compared
with current systems, the disclosure not only improves the
storage efficiency of the system but also improves the
generalization ability of the target domain model. In addi-
tion, the disclosure does not use category prediction to
determine a model for performing a prediction on the image
under search, and instead, the disclosure uses domain self-
learning to perform a prediction on the image under search
by using sample sets of commodities of a plurality of
categories. Therefore, the disclosure can also avoid the
problem of inaccurate prediction caused by using category
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prediction methods to perform a prediction on an image in
current systems, thus improving the accuracy of the predic-
tion.

[0056] As illustrated, the solution provided by the disclo-
sure achieves the objective of accurately performing a
prediction on the image under search, thereby achieving the
technical effect of improving the accuracy of performing a
prediction on the image under search and further solving the
technical problem of inaccurate prediction in the process of
using category prediction methods to perform a prediction
on an image in current systems.

[0057] In an alternative embodiment, the server needs to
acquire the target domain model before performing a pre-
diction on the image under search. Specifically, the server
initializes the target domain model by using a model pre-
trained by using an image data set to obtain initial model
parameters, then inputs sample image data to the source
domain model and target domain model respectively to
acquire a calculation result of a loss function between the
source domain model and the target domain model, and
finally adjusts the initial model parameters based on the
calculation result to obtain target model parameters. The loss
function is used to control a distance between the source
domain model and the target domain model in the same
feature space.

[0058] Alternatively, the initial model parameters of the
target domain model may be parameters of an existing CNN
structure but having different parameter values. The initial
model parameters of the target domain model may include
but are not limited to a batch parameter, a learning rate
parameter, the size of a convolution kernel, the number of
convolutional layers, and so on.

[0059] It should be noted that when the loss function is the
smallest, it indicates that the distance between the source
domain model and the target domain model is the smallest
in the same feature space. At this time, a parameter model
corresponding to the target domain model when the loss
function is the smallest is used as the target model parameter.

[0060] In an alternative embodiment, FIG. 6 is a block
diagram illustrating the training of a target domain model.
As illustrated in FIG. 6, the server inputs the sample image
data into the source domain model and the target domain
model, respectively, and obtains a calculation result of the
loss function between the source domain model and the
target domain model. As illustrated in FIG. 6, the calculation
result of the loss function is related to two loss functions.

[0061] Specifically, the server first calculates a distance
between the first feature vector and the second feature vector
to obtain a first intermediate result, calculates a distance
between a first covariance matrix and a second covariance
matrix to obtain a second intermediate result, and finally
acquires the calculation result based on the first intermediate
result and the second intermediate result. The first feature
vector is a feature vector generated after inputting the
sample image data into a network model of a corresponding
category in the source domain model, and the second feature
vector is a feature vector generated after inputting the
sample image data into the target domain model. The first
covariance matrix is a covariance matrix of designated
intermediate layer features in the source domain model, and
the second covariance matrix is a covariance matrix of
designated intermediate layer features in the target domain
model.
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[0062] Inthe above process, features obtained by perform-
ing feature extraction on the plurality of network models in
the source domain model are used as the first feature vector
vec,,,...» a feature obtained by performing feature extrac-
tion on the target domain model is used as the second target
vector vec,,,..,, and the first feature vector and the second
feature vector are used as the parameters of an L2 loss
function, and a calculation is performed to obtain the first
intermediate result I._2, that is, I,_2 satisfies the following
formula:

L 2=E[|[vec,puree=VeCiargedl 2]

[0063] It should be noted that, via the L2 loss function, the
feature vectors generated by the source domain model and
the target domain model can ensure that the features
extracted by the target domain model are as consistent as
possible with those extracted by the source domain model.
[0064] In addition, the server obtains the second interme-
diate result by calculating the distance between the first
covariance matrix and the second covariance matrix. Spe-
cifically, the server acquires the first covariance matrix from
the designated intermediate layer of the network model of a
category corresponding to the sample image data, acquires
the second covariance matrix from the designated interme-
diate layer of the target domain model, and calculates and
obtains the second intermediate result by using the first
covariance matrix, the second covariance matrix, and a
feature dimension of the designated intermediate layer.
[0065] Alternatively, as shown in FIG. 6, the designated
intermediate layer is a convolutional layer. A CORrelation
ALignment (CORAL) loss function is set in the designated
intermediate layer of the category network model and the
designated intermediate layer of the target domain model,
and the distance between the source domain model and the
target domain model in the same feature space is limited by
aligning in second-order statistics so that the target domain
model converges better. The second intermediate result
satisfies the following formula:

L_coral=(|C_source-C_target|_F2)/(4d"2)

In the above formula, I_coral is the second intermediate
result, C_source and C_target represent the first covariance
matrix and the second covariance matrix, respectively, and
d is the feature dimension of the designated intermediate
layer, wherein the intermediate convolutional layer feature
may be pooled, and then mapped to 100 dimensions via a
fully connected layer.

[0066] It should be noted that the designated intermediate
layer may be a different layer, or a plurality of layers may be
used.

[0067] Further, after the first intermediate result and the
second intermediate result are obtained, the server may
acquire the calculation result based on the first intermediate
result and the second intermediate result. Specifically, the
server calculates a product of a preset scale factor and the
second intermediate result and then calculates a sum of the
first intermediate result and the product to obtain the calcu-
lation result; that is, the calculation result satisfies the
following formula:

L=L_2+yL_coral
In the above formula, L is the calculation result, and vy is a

parameter used between the [._2 loss function and the
CORAL loss function.
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[0068] By using the above method, the server can obtain
the result and adjust the initial model parameters based on
the calculation result to obtain the target model parameters,
thereby implementing the training of the target domain
model. After the target domain model is obtained, the server
performs a prediction on the image under search based on
the target domain model. Specifically, the server sets the
image under search and the sample sets of commodities of
a plurality of categories as input parameters, performs
unified feature extraction processing to obtain a plurality of
candidate results, then performs voting processing on the
plurality of candidate results, and selects a category having
the most votes as the prediction result.

[0069] Alternatively, FIG. 7 is a block diagram of a neural
network model training method. As illustrated in FIG. 7,
after acquiring the image under search (702), the server
inputs the image under search and the sample sets of
commodities of a plurality of categories into the target
domain model (704). The method then performs a unified
feature extraction on the image under search (706) and the
sample sets of commodities of a plurality of categories via
the target domain model to obtain the plurality of candidate
results, for example, 20 candidate results are found (708) by
the search in FIG. 7, and the server performs voting pro-
cessing (710) on the plurality of candidate results based on
a K-Nearest Neighbor (KNN) algorithm to obtain the cat-
egory having the most votes as the prediction result.
[0070] As illustrated from the above content, the solution
provided by the disclosure can learn a unified target domain
model for different commodity categories without sacrific-
ing accuracy. This process only needs to store one model to
extract features, which not only improves the storage effi-
ciency of the system but also improves the generalization
ability of the model. In addition, the disclosure uses a KNN
searching method to perform a category prediction on the
target domain model obtained by training. The KNN algo-
rithm determines the category mainly by using limited
nearby samples around, rather than using the method of
determining the category domain, and therefore, for sample
sets under classification having crossed or overlapped cat-
egory domains, the KNN algorithm is more suitable than
other methods and can complement the CNN model well.
[0071] To briefly describe each foregoing method embodi-
ment, all the method embodiments are expressed as a
combination of a series of actions, but those skilled in the art
should know that the disclosure is not limited by the
sequence of the described actions because certain steps can
be applied with different sequences or can be carried out at
the same time according to the disclosure. Secondly, those
skilled in the art should also know that all the embodiments
described in the description belong to preferred embodi-
ments; the related actions and modules are not necessarily
needed for the disclosure.

[0072] From the description of the above implementation,
those skilled in the art can clearly understand that the
prediction method for performing an image search according
to the above embodiment can be implemented via software
plus a necessary general hardware platform. Alternatively, it
can also be implemented by hardware. Based on such
understanding, the part of the technical solution of the
disclosure that essentially or contributing to the prior art
may be embodied in the form of a software product. The
computer software product is stored in a storage medium
(e.g., read-only memory (ROM)/RAM, a magnetic disk, and
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an optical disc etc.), including instructions for enabling a
terminal device (which may be a mobile phone, a computer,
a server, or a network device, etc.) to perform the methods
described in the embodiments of the disclosure.

Embodiment 2

[0073] In one embodiment, a prediction method for per-
forming an image search is further provided. It should be
noted that, in this embodiment, a server may be used as the
operator of this embodiment. As shown in FIG. 11, the
method includes the following steps.

[0074] Step S1102: acquire an image under search and
sample sets of commodities of a plurality of categories.
[0075] In an alternative embodiment, a user may input
both of the image under search and the sample sets of
commodities of a plurality of categories into the server via
a terminal device (e.g., a computer) so that the server can
obtain the image under search and the sample sets of
commodities of a plurality of categories.

[0076] In another alternative embodiment, the user may
input the image under search into the server via a terminal
device (e.g., a computer), and at the same time, the server
may acquire sample sets of commodities of a plurality of
categories via the big data technology. In addition, the
sample sets of commodities of a plurality of categories may
also be stored in a preset storage server. When the server
needs to perform a prediction on the image under search, the
sample sets of commodities of a plurality of categories are
directly acquired from the preset storage server.

[0077] Step S1104: perform category prediction process-
ing on the image under search and the sample sets of
commodities of a plurality of categories by using a target
domain model to obtain a plurality of candidate results.
[0078] In step S1104, the target domain model is a net-
work model obtained by training in which domain adapta-
tion learning is performed using the source domain model,
wherein the source domain model includes at least two
network models, and the network models respectively cor-
respond to different commodity categories. For example, in
FIG. 4, the source domain model includes four network
models: a clothing model, a shoe model, a bag model, and
a miscellaneous model. In the disclosure, the server learns
the above four network models into a unified model, i.e., the
target domain model, via domain adaptation learning.
[0079] It should be noted that a plurality of network
models may also correspond to the same commodity cat-
egory. For example, the commodity category corresponding
to a network model 1 and a network model 2 is clothing. In
addition, a plurality of commodity categories may also
correspond to the same network model. For example, a
network model corresponding to commodity categories such
as clothing, shoes, and bags may be an apparel network
model, and a network model corresponding to commodity
categories such as mobile phone, watch, camera, and com-
puter may be a digital electronics network model.

[0080] In an alternative embodiment, after the server
acquires the image under search and the sample sets of
commodities of a plurality of categories, it uses the image
under search and the sample sets of commodities of a
plurality of categories as the input parameters for the target
domain model and performs unified feature extraction on the
image under search and the sample sets of commodities of
a plurality of categories via the target domain model to
obtain a plurality of candidate results. The plurality of
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candidate results may be commodities of categories, each
having a feature similarity greater than a preset similarity, or
may be commodities of top N selected categories sorted
according to the feature similarities.

[0081] Step S1106: select, from the plurality of candidate
results, a prediction result to be outputted.

[0082] In Step S106, after the plurality of candidate results
are obtained, the server may perform voting processing on
the plurality of candidate results, select a category having
the most votes as the prediction result, and output the
prediction result to the terminal device. The user can intui-
tively acquire the prediction result corresponding to the
image under search via a display screen of the terminal
device.

[0083] Alternatively, the server may perform the voting
processing on the plurality of candidate results based on a
KNN algorithm to obtain the category having the most votes
as the prediction result. In the KNN algorithm, if most of k
nearest samples in a feature space of a sample belong to a
certain category, the sample also belongs to this category
and has features of the samples in this category. It can be
easily noticed that the KNN algorithm determines the cat-
egory mainly by using limited nearby samples around, rather
than using the method of determining the category domain,
and therefore, for sample sets under classification having
crossed or overlapped category domains, the KNN algo-
rithm is more suitable than other methods and can comple-
ment the CNN model well.

[0084] As illustrated from the above content, the disclo-
sure uses a unified model for different commodity catego-
ries; that is, the disclosed embodiments use the target
domain model to perform a prediction on the image under
search. Compared with current systems, the disclosure not
only improves the storage efficiency of the system but also
improves the generalization ability of the target domain
model. In addition, the disclosure does not use category
prediction to determine a model for performing a prediction
on the image under search, and instead, the disclosure uses
domain self-learning to perform a prediction on the image
under search by using sample sets of commodities of a
plurality of categories. Therefore, the disclosure can also
avoid the problem of inaccurate prediction caused by using
category prediction methods to perform a prediction on an
image in current systems, thus improving the accuracy of the
prediction.

[0085] As illustrated, the solution provided by the disclo-
sure achieves the objective of accurately performing a
prediction on the image under search, thereby achieving the
technical effect of improving the accuracy of performing a
prediction on the image under search and further solving the
technical problem of inaccurate prediction in the process of
using category prediction methods to perform a prediction
on an image in current systems.

[0086] In an alternative embodiment, the server needs to
acquire the target domain model before performing a pre-
diction on the image under search. Specifically, the server
initializes the target domain model by using a model pre-
trained by using an image data set to obtain initial model
parameters, then inputs sample image data to the source
domain model and target domain model respectively to
acquire a calculation result of a loss function between the
source domain model and the target domain model, and
finally adjusts the initial model parameters based on the
calculation result to obtain target model parameters. The loss
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function is used to control a distance between the source
domain model and the target domain model in the same
feature space.

[0087] It should be noted that in the above process, the
calculation result may satisfy the following formula:

L=L_2+yL_coral

where L is the calculation result, y is the parameter used
between the L2 loss function and the CORAL loss function,
L_2isthe .2 loss function (i.e., the first intermediate result),
and [_coral is the CORAL loss function (i.e., the second
intermediate result).

[0088] Alternatively, L._2 satisfies the following formula:

L_2=E][|vec,

source” i

Crargedl 2]

where vec,,,,... 1s the first feature vector obtained by per-
forming feature extraction on a plurality of network models
in the source domain model, and vec,,,,.., is the second target
vector obtained by performing feature extraction on the
target domain model.

[0089] Alternatively, L_coral satisfies the following for-

mula:

L_coral=(|C_source-C_target|_F2)/(4d"2)

where C_source and C_target respectively represent the first
covariance matrix acquired from the designated intermedi-
ate layer of the network model of the category correspond-
ing to the sample image data and the second covariance
matrix acquired from the designated intermediate layer of
the target domain model, and d is a feature dimension of the
designated intermediate layer.

[0090] It should be noted that, in this embodiment, the
process of training the target domain model is the same as
the training process involved in Embodiment 1. The relevant
content has been described in Embodiment 1 and will not be
repeated here.

Embodiment 3

[0091] In one embodiment, an image searching method is
further provided. It should be noted that, in this embodiment,
a server may be used as the operator of this embodiment. As
shown in FIG. 12, the method includes the following steps.

[0092]
[0093] In an alternative embodiment, a user may input the
image under search into the server via a terminal device
(e.g., a computer) so that the server can obtain the image
under search.

[0094] In another alternative embodiment, the user may
also send an address of the image under search to the server
via the terminal device, and the server acquires the image
under search from the address.

[0095] Step S1204: input the image under search into a
target-domain machine learning model, wherein the target-
domain machine learning model is generated by training at
least based on a source-domain machine learning model.
[0096] In Step S1204: the target-domain machine learning
model may be obtained by performing domain adaptation
learning using the source-domain machine learning model,
wherein the source-domain machine learning model
includes at least two network models, and the network
models respectively correspond to different commodity cat-
egories. For example, the source-domain machine learning

Step S1202: acquire an image under search.
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model may include learning models such as a clothing
model, a shoe model, a bag model, and a miscellaneous
model.

[0097] It should be noted that a plurality of network
models may also correspond to the same commodity cat-
egory. For example, the commodity category corresponding
to a network model 1 and a network model 2 is clothing. In
addition, a plurality of commodity categories may also
correspond to the same network model. For example, a
network model corresponding to commodity categories such
as clothing, shoes, and bags may be an apparel network
model, and a network model corresponding to commodity
categories such as mobile phone, watch, camera, and com-
puter may be a digital electronics network model.

[0098] Step S1206: acquire a feature of the image under
search via the target-domain machine learning model.
[0099] In step S1206, after the server inputs the image
under search into the target-domain machine learning
model, the target-domain machine learning model performs
feature extraction on the image under search to obtain the
feature of the image under search.

[0100] Step S1208: provide, as feedback, an image search
result corresponding to the image under search based on the
feature.

[0101] In step S1208, after the feature of the image under
search is obtained, the server performs recognition process-
ing on the feature of the image under search so as to obtain
the image search result.

[0102] In an alternative embodiment, the server performs
recognition processing on the feature of the image under
search, a plurality of image search results can be obtained,
then the server performs voting processing on the plurality
of image search results, and uses an image search result
having the most votes as a target search result corresponding
to the image under search. The plurality of image search
results may be commodities of categories, each having a
feature similarity greater than a preset similarity, or may be
commodities of top N selected categories sorted according
to the feature similarities.

[0103] Alternatively, the server may perform the voting
processing on the plurality of image search results based on
a KNN algorithm to obtain the category having the most
votes as the prediction result. In the KNN algorithm, if most
of k nearest samples in a feature space of a sample belong
to a certain category, the sample also belongs to this cat-
egory and has features of the samples in this category. It can
be easily noticed that the KNN algorithm determines the
category mainly by using limited nearby samples around,
rather than using the method of determining the category
domain, and therefore, for sample sets under classification
having crossed or overlapped category domains, the KNN
algorithm is more suitable than other methods, and can
complement the CNN model well.

[0104] As illustrated from the above content, the disclo-
sure uses a unified model for different commodity catego-
ries. That is, the disclosed embodiments use the target-
domain machine learning model to perform a prediction on
the image under search. Compared with current systems, the
disclosure not only improves the storage efficiency of the
system but also improves the generalization ability of the
target-domain machine learning model. In addition, the
disclosure does not use category prediction to determine a
model for performing a prediction on the image under
search, and instead, the disclosure uses domain self-learning
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to perform a prediction on the image under search. There-
fore, the disclosure can also avoid the problem of inaccurate
prediction caused by using category prediction methods to
perform a prediction on an image in current systems, thus
improving the accuracy of the prediction.

[0105] As illustrated, the solution provided by the disclo-
sure achieves the objective of accurately performing a
prediction on the image under search, thereby achieving the
technical effect of improving the accuracy of performing a
prediction on the image under search, and further solving the
technical problem of inaccurate prediction in the process of
using category prediction methods to perform a prediction
on an image in current systems.

[0106] It should be noted that in this embodiment, the
process of training the target-domain machine learning
model is the same as the method provided in Embodiment 1,
and will not be repeated here.

Embodiment 4

[0107] Inone embodiment, an image processing method is
further provided. It should be noted that, in this embodiment,
a computing device may be used as the operator of this
embodiment. As shown in FIG. 13, the method includes the
following steps.

[0108] Step S1302: acquire an image under search.
[0109] In an alternative embodiment, the execution sub-
ject, i.e., the computing device of this embodiment, may be
aterminal device (e.g., a computer), and a user may input the
image under search into the computing device via an input
component of the computing device so that the computing
device can obtain the image under search. As in FIG. 14, a
diagram of an image-based processing method is shown, the
user inputs the image under search into the computing
device, and the computing device can obtain the image
under search, process the image under search, and then
output a processed result.

[0110] In another alternative embodiment, the user may
also send an address of the image under search to the server
via the computing device, and the server acquires the image
under search from the address and then sends the image
under search to the computing device so that the computing
device can acquire the image under search.

[0111] Step S1304: input the image under search into a
first granularity machine learning model, wherein the first
granularity machine learning model is generated by training
at least based on a second granularity machine learning
model, the second granularity machine learning model com-
prises a plurality of machine learning sub-models, and the
machine learning sub-models respectively correspond to
different commodity categories.

[0112] In Step S1304, the first granularity machine learn-
ing model may be but is not limited to the target domain
model, and the second granularity machine learning model
may be but is not limited to the source domain model.
[0113] In addition, the first granularity machine learning
model may be obtained by performing domain adaptation
learning using the second granularity machine learning
model, wherein the second granularity machine learning
model includes at least two network models, and the net-
work models respectively correspond to different commod-
ity categories. For example, the second granularity machine
learning model may include learning models such as a
clothing model, a shoe model, a bag model, and a miscel-
laneous model.
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[0114] It should be noted that a plurality of network
models may also correspond to the same commodity cat-
egory. For example, the commodity category corresponding
to a network model 1 and a network model 2 is clothing. In
addition, a plurality of commodity categories may also
correspond to the same network model. For example, a
network model corresponding to commodity categories such
as clothing, shoes, and bags may be an apparel network
model, and a network model corresponding to commodity
categories such as mobile phone, watch, camera, and com-
puter may be a digital electronics network model.

[0115] Step S1306: acquire a feature under search of the
image under search via the first granularity machine learning
model.

[0116] Alternatively, as shown in FIG. 14, after obtaining
the image under search, the computing device inputs the
image under search into the first granularity machine learn-
ing model, and then the first granularity machine learning
model performs feature extraction on the image under search
to obtain the feature of the image under search. As illustrated
in FIG. 14, the first granularity machine learning model is
generated by training using the second granularity machine
learning model, wherein the second granularity machine
learning model includes a plurality of machine learning
sub-models, such as a second granularity machine learning
model 1 and a second granularity machine learning model N
in FIG. 14.

[0117] Step S1308: obtain an image search result corre-
sponding to the image under search based on the feature
under search.

[0118] Alternatively, as shown in FIG. 14, after obtaining
the feature under search of the image under search, the
computing device inputs the feature under search into a
search module, so that the search module can perform
recognition processing on the feature under search of the
image under search, thereby obtaining the image search
result.

[0119] In an alternative embodiment, the computing
device performs recognition processing on the feature of the
image under search, a plurality of image search results can
be obtained, then the computing device performs voting
processing on the plurality of image search results, and uses
an image search result having the most votes as a target
search result corresponding to the image under search. The
plurality of image search results may be commodities of
categories each having a feature similarity greater than a
preset similarity, or may be commodities of top N selected
categories sorted according to the feature similarities.
[0120] Alternatively, the computing device may perform
the voting processing on the plurality of image search results
based on a KNN algorithm to obtain the category having the
most votes as the prediction result. In the KNN algorithm, if
most of k nearest samples in a feature space of a sample
belong to a certain category, the sample also belongs to this
category and has features of the samples in this category. It
can be easily noticed that the KNN algorithm determines the
category mainly by using limited nearby samples around,
rather than using the method of determining the category
domain, and therefore, for sample sets under classification
having crossed or overlapped category domains, the KNN
algorithm is more suitable than other methods, and can
complement the CNN model well.

[0121] Furthermore, as shown in FIG. 14, after the module
under search obtains the image search result corresponding
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to the image under search based on the feature under search,
the computing device outputs the image search result so that
the user can intuitively view the image search result. For
example, in FIG. 14, the computing device displays that the
image search result corresponding to the image under search
is shoes.

[0122] As illustrated from the above content, the disclo-
sure uses a unified model for different commodity catego-
ries; that is, the disclosed embodiments use the first granu-
larity machine learning model to perform a prediction on the
image under search. Compared with current systems, the
disclosure not only improves the storage efficiency of the
system but also improves the generalization ability of the
first granularity machine learning model. In addition, the
disclosure does not use category prediction to determine a
model for performing a prediction on the image under
search, and instead, the disclosure uses domain self-learning
to perform a prediction on the image under search. There-
fore, the disclosure can also avoid the problem of inaccurate
prediction caused by using category prediction methods to
perform a prediction on an image in current systems, thus
improving the accuracy of the prediction.

[0123] As illustrated, the solution provided by the disclo-
sure achieves the objective of accurately performing a
prediction on the image under search, thereby achieving the
technical effect of improving the accuracy of performing a
prediction on the image under search, and further solving the
technical problem of inaccurate prediction in the process of
using category prediction methods to perform a prediction
on an image in current systems.

[0124] It should be noted that in this embodiment, the
process of training the first granularity machine learning
model is the same as the method of training the target
domain model in Embodiment 1, and will not be repeated
here.

Embodiment 5

[0125] In one embodiment, a network model fusion
method is further provided. It should be noted that, in this
embodiment, a server may be used as the operator of this
embodiment. As shown in FIG. 15, the method includes the
following steps.

[0126] Step S1502: acquire an initial granularity machine
learning model.
[0127] Instep S1502, the initial granularity machine learn-

ing model includes a plurality of machine learning sub-
models, and the machine learning sub-models respectively
correspond to different commodity categories. For example,
the initial granularity machine learning model may include
machine learning sub-models such as a clothing model, a
shoe model, a bag model, and a miscellaneous model.
Alternatively, the initial granularity machine learning model
may be, but is not limited to, a source domain model.
[0128] It should be noted that a plurality of machine
learning sub-models may also correspond to the same com-
modity category. For example, commodity categories cor-
responding to a sub-model 1 and a sub-model 2 are clothing.
In addition, a plurality of commodity categories may also
correspond to the same machine learning sub-model. For
example, a machine learning sub-model corresponding to
commodity categories such as clothing, shoes, and bags may
be an apparel model, and a sub-model corresponding to
commodity categories such as mobile phone, watch, camera,
and computer may be a digital electronics model.
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[0129] Step S1504: perform fusion processing on at least
some of the plurality of machine learning sub-models to
generate a target granularity machine learning model,
wherein the target granularity machine learning model is
used to obtain an image search result corresponding to the
image under search based on a feature under search in the
image under search.

[0130] In Step S1504, the target granularity machine
learning model may be, but is not limited to, a target domain
model. Alternatively, the target granularity machine learning
model may be obtained by performing domain adaptation
learning using the initial granularity machine learning
model.

[0131] It should be noted that the domain adaptation
learning is a type of transfer learning, which can map data
features in different domains to the same feature space. For
example, the four sub-models including the clothing model,
the shoe model, the bag model, and the miscellaneous model
may be mapped to the target granularity machine learning
model, which can effectively solve the problem of changes
in data distribution among domains and reduce distribution
differences among domains.

[0132] Furthermore, after obtaining the target granularity
machine learning model, the computing device may input
the image under search into the target granularity machine
learning model, then obtain the feature under search of the
image under search via the target granularity machine learn-
ing model, and finally obtain the image search result corre-
sponding to the image under search based on the feature
under search.

[0133] Alternatively, the computing device performs rec-
ognition processing on the feature of the image under search,
a plurality of image search results can be obtained, then the
computing device performs voting processing on the plu-
rality of image search results, and uses an image search
result having the most votes as a target search result corre-
sponding to the image under search. The plurality of image
search results may be commodities of categories each hav-
ing a feature similarity greater than a preset similarity, or
may be commodities of top N selected categories sorted
according to the feature similarities.

[0134] As illustrated, in the disclosure, the domain adap-
tation learning is used to map a plurality of machine learning
sub-models of the initial granularity machine learning model
to the target granularity machine learning model, and there-
fore, there is no need to perform a category prediction on the
image under search, thereby avoiding the problem of incor-
rect prediction results caused by category prediction errors.
[0135] As illustrated from the above content, the disclo-
sure uses a unified model for different commodity catego-
ries. That is, the disclosed embodiments use the target
granularity machine learning model to perform a prediction
on the image under search. Compared with current systems,
the disclosure not only improves the storage efficiency of the
system but also improves the generalization ability of the
target granularity machine learning model. In addition, the
disclosure does not use category prediction to determine a
model for performing a prediction on the image under
search, and instead, the disclosure uses domain self-learning
to perform a prediction on the image under search. There-
fore, the disclosure can also avoid the problem of inaccurate
prediction caused by using category prediction methods to
perform a prediction on an image in current systems, thus
improving the accuracy of the prediction.
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[0136] As illustrated, the solution provided by the disclo-
sure achieves the objective of accurately performing a
prediction on the image under search, thereby achieving the
technical effect of improving the accuracy of performing a
prediction on the image under search, and further solving the
technical problem of inaccurate prediction in the process of
using category prediction methods to perform a prediction
on an image in current systems.

[0137] In an alternative embodiment, fusion processing is
performed on at least some of the plurality of machine
learning sub-models, and a plurality of target granularity
machine learning models may be generated. In this case, a
selection needs to be performed from the plurality of target
granularity machine learning models. Specifically, the server
first performs the fusion processing on at least some of the
plurality of machine learning sub-models to generate a
plurality of candidate granularity machine learning models,
then presents the plurality of candidate granularity machine
learning models via a visual interface, and finally selects a
target granularity machine learning model from the plurality
of candidate granularity machine learning models in
response to a control operation received by the visual
interface.

[0138] Alternatively, if the quantity of machine learning
sub-models is 8, the server may arbitrarily combine the eight
machine learning sub-models to obtain a plurality of candi-
date granularity machine learning models. For example, the
server may perform fusion processing on the eight machine
learning sub-models to obtain a candidate granularity
machine learning model. The server may also select one or
a plurality of the eight machine learning sub-models, and
then perform fusion processing on the selected machine
learning sub-models to obtain other candidate granularity
machine learning models.

[0139] Furthermore, after obtaining the plurality of can-
didate granularity learning models, the server may push the
plurality of candidate granularity learning models to a
computing device. The computing device has a display
screen, the display screen can display a visual interface, and
the visual interface can display the plurality of candidate
granularity machine learning models. Therefore, the user
can perform a selection from the plurality of alternative
granularity machine learning models in the visual interface
to obtain the target granularity machine learning model.
Alternatively, the user may select the target granularity
machine learning model from the plurality of candidate
granularity machine learning models based on experiences
or use requirements.

[0140] It should be noted that by manipulating the visual
interface, the user can select a target granularity machine
learning model that suits the requirements to perform an
image search. Compared with current systems that can only
use a single and fixed machine learning model, the solution
provided in the disclosure is more flexible.

Embodiment 6

[0141] In one embodiment, a prediction apparatus for
performing an image search for implementing the above
prediction method for performing an image search is further
provided. As shown in FIG. 8, the apparatus 80 includes a
training module 801 and a processing module 803.

[0142] The training module 801 is configured to perform
training in which domain adaptation learning is performed
by using a source domain model to obtain a target domain
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model, wherein the source domain model includes at least
two network models, and the network models respectively
correspond to different commodity categories. The process-
ing module 803 is configured to set an image under search
and sample sets of commodities of a plurality of categories
as input parameters for the target domain model to obtain a
prediction result corresponding to the image under search.
[0143] It should be noted here that the above training
module 801 and the processing module 803 correspond to
Step S302 to Step S304 in Embodiment 1. The two modules
implement the same examples and application scenarios as
the corresponding steps, but are not limited to the content
disclosed in Embodiment 1. It should be noted that, as a part
of the apparatus, the above modules can run in the comput-
ing device 100 provided in Embodiment 1.

[0144] Alternatively, a plurality of network models corre-
spond to the same commodity category, or a plurality of
commodity categories correspond to the same network
model.

[0145] In an alternative embodiment, the training module
includes a first processing module, a first acquisition mod-
ule, and an adjustment module. The first processing module
is configured to initialize a target domain model by using a
model pre-trained by using an image data set to obtain initial
model parameters. The first acquisition module is configured
to input sample image data into the source domain model
and the target domain model respectively to obtain a calcu-
lation result of a loss function between the source domain
model and the target domain model, wherein the loss func-
tion is used to control a distance between the source domain
model and the target domain model in the same feature
space. The adjustment module is configured to adjust the
initial model parameters based on the calculation result to
obtain target model parameters.

[0146] In an alternative embodiment, the first acquisition
module includes a first calculation module, a second calcu-
lation module, and a second acquisition module. The first
calculation module is configured to calculate a distance
between a first feature vector and a second feature vector to
obtain a first intermediate result, wherein the first feature
vector is a feature vector generated after inputting the
sample image data into a network model of a corresponding
category in the source domain model, and the second feature
vector is a feature vector generated after inputting the
sample image data into the target domain model. The second
calculation module is configured to calculate a distance
between a first covariance matrix and a second covariance
matrix to obtain a second intermediate result, wherein the
first covariance matrix is a covariance matrix of designated
intermediate layer features in the source domain model, and
the second covariance matrix is a covariance matrix of
designated intermediate layer features in the target domain
model. The second acquisition module is configured to
acquire the calculation result based on the first intermediate
result and the second intermediate result.

[0147] In an alternative embodiment, the second calcula-
tion module includes a third acquisition module and a third
calculation module. The third acquisition module is config-
ured to acquire the first covariance matrix from a designated
intermediate layer of a network model of a category corre-
sponding to the sample image data, and acquire the second
covariance matrix from a designated intermediate layer of
the target domain model. The third calculation module is
configured to calculate and obtain the second intermediate
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result by using the first covariance matrix, the second
covariance matrix, and a feature dimension of the designated
intermediate layer.

[0148] In an alternative embodiment, the second acquisi-
tion module includes a fourth calculation module and a fifth
calculation module. The fourth calculation module is con-
figured to calculate a product of a preset scale factor and the
second intermediate result. The fifth calculation module is
configured to calculate a sum of the first intermediate result
and the product to obtain the calculation result.

[0149] In an alternative embodiment, the processing mod-
ule includes a second processing module and a third pro-
cessing module. The second processing module is config-
ured to set the image under search and the sample sets of
commodities of a plurality of categories as the input param-
eters, and perform unified feature extraction processing to
obtain a plurality of candidate results. The third processing
module is configured to perform voting processing on the
plurality of candidate results, and select a category having
the most votes as the prediction result.

Embodiment 7

[0150] In one embodiment, a prediction system for per-
forming an image search for implementing the above pre-
diction method for performing an image search is further
provided. As shown in FIG. 9, the system includes: an input
device 901, a processing device 903, and a display device
905.

[0151] The input device is configured to input an image
under search into a target domain model, wherein the target
domain model is a model obtained by training in which
domain adaptation learning is performed by using a source
domain model, and the source domain model comprises at
least two network models, and the network models respec-
tively correspond to different commodity categories. The
processing device is configured to perform a unified feature
extraction on the image under search based on the target
domain model to obtain a plurality of candidate results,
perform voting processing on the plurality of candidate
results, and select a category having the most votes as a
prediction result corresponding to the image under search.
The display device is configured to display the prediction
result.

[0152] It should be noted that the above input device can
be integrated with the display device. For example, the
above input device and display device may be integrated in
a PC having a display screen. In addition, the input device
and the display device may also be two different devices.
[0153] As illustrated from the above, a target domain
model is obtained by training in which a domain adaptation
learning-based method is adopted to perform domain adap-
tation learning via a source domain model, and an image
under search and sample sets of commodities of a plurality
of categories are set as input parameters for the target
domain model to obtain a prediction result corresponding to
the image under search.

[0154] It can be easily noticed that the disclosure uses a
unified model for different commodity categories. That is,
the disclosed embodiments use the target domain model to
perform a prediction on the image under search. Compared
with current systems, the disclosure not only improves the
storage efficiency of the system but also improves the
generalization ability of the target domain model. In addi-
tion, the disclosure does not use category prediction to
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determine a model for performing a prediction on the image
under search, and instead, the disclosure uses domain self-
learning to perform a prediction on the image under search
by using sample sets of commodities of a plurality of
categories. Therefore, the disclosure can also avoid the
problem of inaccurate prediction caused by using category
prediction methods to perform a prediction on an image in
current systems, thus improving the accuracy of the predic-
tion.

[0155] As illustrated, the solution provided by the disclo-
sure achieves the objective of accurately performing a
prediction on the image under search, thereby achieving the
technical effect of improving the accuracy of performing a
prediction on the image under search, and further solving the
technical problem of inaccurate prediction in the process of
using category prediction methods to perform a prediction
on an image in current systems.

[0156] It should be noted that the processing device in this
embodiment can perform the prediction method for perform-
ing an image search in Embodiment 1. The relevant content
has been described in Embodiment 1, and will not be
repeated here.

Embodiment 8

[0157] A computing device may be provided In one
embodiment, and the computing device may be any com-
puting device in a computing device group. Alternatively, in
this embodiment, the above computing device may also be
replaced with a terminal device such as a mobile terminal.
[0158] Alternatively, in this embodiment, the above com-
puting device may be located in at least one network device
among a plurality of network devices in a computer network.
[0159] In this embodiment, the above computing device
may execute program code of the following steps in the
prediction method for performing an image search: perform-
ing training in which domain adaptation learning is per-
formed by using a source domain model to obtain a target
domain model, wherein the source domain model comprises
at least two network models, and the network models
respectively correspond to different commodity categories;
and setting an image under search and sample sets of
commodities of a plurality of categories as input parameters
for the target domain model to obtain a prediction result
corresponding to the image.

[0160] Alternatively, FIG. 10 is a block diagram of a
computing device according to some embodiments of the
disclosure. As shown in FIG. 10, the computing device 100
may include one or a plurality of (only one is shown in the
drawing) processors 1002, a memory 1004, and a peripheral
interface 1006.

[0161] The memory may be configured to store software
programs and modules, such as the program instructions/
modules corresponding to the security vulnerability detec-
tion method and apparatus in the embodiments of the
disclosure. The processor performs various function appli-
cations and data processing by running the software pro-
grams and modules stored in the memory, thereby imple-
menting the above detection method for system vulnerability
attack. The memory may include a high-speed RAM, and
may also include non-volatile memory such as one or a
plurality of magnetic storage apparatuses, a flash memory, or
other non-volatile solid-state memories. In some examples,
the memory may further include memories remotely pro-
vided with respect to the processor, and these remote memo-
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ries may be connected to the computing device 100 via a
network. Examples of the aforementioned network include,
but are not limited to, the Internet, intranets, local area
networks, mobile communication networks, and the combi-
nations thereof.

[0162] The processor may call the information and appli-
cation programs stored in the memory via the transmission
apparatus to perform the following steps: performing train-
ing in which domain adaptation learning is performed by
using a source domain model to obtain a target domain
model, wherein the source domain model comprises at least
two network models, and the network models respectively
correspond to different commodity categories; and setting an
image under search and sample sets of commodities of a
plurality of categories as input parameters for the target
domain model to obtain a prediction result corresponding to
the image.

[0163] Alternatively, the above processor may also
execute the program code of the following steps: initializing
a target domain model by using a model pre-trained by using
an image data set to obtain initial model parameters; input-
ting sample image data into the source domain model and
the target domain model respectively to obtain a calculation
result of a loss function between the source domain model
and the target domain model, wherein the loss function is
used to control a distance between the source domain model
and the target domain model in the same feature space; and
adjusting the initial model parameters based on the calcu-
lation result to obtain target model parameters.

[0164] Alternatively, the above processor may also
execute the program code of the following steps: calculating
a distance between a first feature vector and a second feature
vector to obtain a first intermediate result, wherein the first
feature vector is a feature vector generated after inputting
the sample image data into a network model of a corre-
sponding category in the source domain model, and the
second feature vector is a feature vector generated after
inputting the sample image data into the target domain
model; calculating a distance between a first covariance
matrix and a second covariance matrix to obtain a second
intermediate result, wherein the first covariance matrix is a
covariance matrix of designated intermediate layer features
in the source domain model, and the second covariance
matrix is a covariance matrix of designated intermediate
layer features in the target domain model; and acquiring the
calculation result based on the first intermediate result and
the second intermediate result.

[0165] Alternatively, the above processor may also
execute the program code of the following steps: acquiring
the first covariance matrix from the designated intermediate
layer of the network model of a category corresponding to
the sample image data, acquiring the second covariance
matrix from the designated intermediate layer of the target
domain model, and calculating and obtaining the second
intermediate result by using the first covariance matrix, the
second covariance matrix, and a feature dimension of the
designated intermediate layer.

[0166] Alternatively, the above processor may also
execute the program code of the following steps: calculating
aproduct of a preset scale factor and the second intermediate
result; and calculating a sum of the first intermediate result
and the product to obtain the calculation result.

[0167] Alternatively, the above processor may also
execute the program code of the following steps: setting the
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image under search and the sample sets of commodities of
a plurality of categories as the input parameters, and per-
forming unified feature extraction processing to obtain a
plurality of candidate results; and performing voting pro-
cessing on the plurality of candidate results, and selecting a
category having the most votes as the prediction result.
[0168] Those of ordinary skill in the art can understand
that the structure shown in FIG. 10 is only for illustration,
and the computing device may also be a terminal device
such as a smartphone (e.g., an Android phone and an iOS
phone), a tablet computer, a palmtop computer, and a mobile
Internet device (MID), and a personal assistance device
(PAD). FIG. 10 does not limit the structure of the above
electronic apparatus. For example, the computing device
100 may also include more or fewer components (e.g., a
network interface and a display apparatus) than those shown
in FIG. 10, or have a configuration different from that shown
in FIG. 10.

[0169] Those of ordinary skill in the art can understand
that all or some of the steps in various methods in the above
embodiments may be implemented through a program
instructing hardware related to a terminal device. The pro-
gram may be stored in a computer-readable storage medium.
The storage medium may include a flash disk, a ROM, a
RAM, a magnetic disk, or an optical disc.

Embodiment 9

[0170] A storage medium is further provided In one
embodiment. Alternatively, in this embodiment, the above
storage medium may be configured to store program code
executed by the prediction method for performing an image
search provided in Embodiment 1.

[0171] Alternatively, in this embodiment, the above stor-
age medium may be located in any computing device in a
computing device group in a computer network, or in any
mobile terminal in a mobile terminal group.

[0172] Alternatively, in this embodiment, the storage
medium is configured to store the program code for per-
forming the following steps: performing training in which
domain adaptation learning is performed by using a source
domain model to obtain a target domain model, wherein the
source domain model comprises at least two network mod-
els, and the network models respectively correspond to
different commodity categories; and setting an image under
search and sample sets of commodities of a plurality of
categories as input parameters for the target domain model
to obtain a prediction result corresponding to the image.
[0173] Alternatively, in this embodiment, the storage
medium is configured to store the program code for per-
forming the following steps: initializing a target domain
model by using a model pre-trained by using an image data
set to obtain initial model parameters; inputting sample
image data into the source domain model and the target
domain model respectively to obtain a calculation result of
a loss function between the source domain model and the
target domain model, wherein the loss function is used to
control a distance between the source domain model and the
target domain model in the same feature space; and adjusting
the initial model parameters based on the calculation result
to obtain target model parameters.

[0174] Alternatively, in this embodiment, the storage
medium is configured to store program code for performing
the following steps: calculating a distance between a first
feature vector and a second feature vector to obtain a first
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intermediate result, wherein the first feature vector is a
feature vector generated after inputting the sample image
data into a network model of a corresponding category in the
source domain model, and the second feature vector is a
feature vector generated after inputting the sample image
data into the target domain model; calculating a distance
between a first covariance matrix and a second covariance
matrix to obtain a second intermediate result, wherein the
first covariance matrix is a covariance matrix of designated
intermediate layer features in the source domain model, and
the second covariance matrix is a covariance matrix of
designated intermediate layer features in the target domain
model; and acquiring the calculation result based on the first
intermediate result and the second intermediate result.

[0175] Alternatively, in this embodiment, the storage
medium is configured to store program code for performing
the following steps: acquiring the first covariance matrix
from the designated intermediate layer of the network model
of a category corresponding to the sample image data,
acquiring the second covariance matrix from the designated
intermediate layer of the target domain model, and calcu-
lating and obtaining the second intermediate result by using
the first covariance matrix, the second covariance matrix,
and a feature dimension of the designated intermediate layer.

[0176] Alternatively, in this embodiment, the storage
medium is configured to store program code for performing
the following steps: calculating a product of a preset scale
factor and the second intermediate result; and calculating a
sum of the first intermediate result and the product to obtain
the calculation result.

[0177] Alternatively, in this embodiment, the storage
medium is configured to store program code for performing
the following steps: setting the image under search and the
sample sets of commodities of a plurality of categories as the
input parameters, and performing unified feature extraction
processing to obtain a plurality of candidate results; and
performing voting processing on the plurality of candidate
results, and selecting a category having the most votes as the
prediction result.

[0178] The sequence numbers of the foregoing embodi-
ments of the disclosure are merely for description and do not
imply the preference among the embodiments.

[0179] In the embodiments of the disclosure, the descrip-
tion of each embodiment has its own focus; for the part not
described in detail in one embodiment, reference can be
made to the relevant description of other embodiments.

[0180] In the several embodiments provided in the disclo-
sure, it should be understood that the disclosed technical
content may be implemented in other manners. The appa-
ratus embodiment described above is merely exemplary. For
example, the division of the units is merely a logical
function division; other divisions in practical implementa-
tion may exist, like a plurality of units or components can be
combined or can be integrated into another system, or some
features can be ignored or not executed. Additionally, the
intercoupling, direct coupling, or communication connec-
tion displayed or discussed may be electrical or other forms
through some interfaces, indirect coupling or communica-
tion connection of the units or the modules.

[0181] The units described as separate parts may or may
not be physically separated, and the parts shown as units
may or may not be physical units, which may be located in
one place or may be distributed onto a plurality of network



US 2021/0216913 Al

units. The objective of the solution of this embodiment may
be achieved by selecting part or all of the units according to
actual requirements.

[0182] In addition, various functional units in the embodi-
ments of the disclosure may be integrated in one processing
unit, or the units exist physically and separately, or two or
more units are integrated in one processing unit. The inte-
grated unit may be implemented in the form of hardware,
and may also be implemented in the form of a software
functional unit.

[0183] The integrated unit, if implemented in the form of
a software functional unit and sold and sold or used as an
independent product, may be stored in a computer-readable
storage medium. Based on such understanding, the essence
of the technical solutions of the disclosure or the part that
makes contributions to the prior art, or all or part of the
technical solutions may be embodied in the form of a
software product. The computer software product is stored
in a storage medium and includes several instructions for
instructing a computer apparatus (which may be a personal
computer, a server, a network apparatus, or the like) to
perform all or part of the steps in the methods described in
the embodiments of the disclosure. The storage medium
includes a USB flash disk, a ROM, a RAM, a mobile hard
disk drive, a magnetic disk, an optical disc, or any other
medium that can store program code.

[0184] The above descriptions are merely preferred
embodiments of the disclosure. It should be pointed out that
those of ordinary skill in the art can make several improve-
ments and modifications without departing from the prin-
ciple of the disclosure, and the improvements and modifi-
cations should also be construed as falling within the
protection scope of the disclosure.

What is claimed is:

1. A method comprising:

generating a target domain model using a domain adap-

tation training process, the domain adaptation training
process using a source domain model as an input, the
source domain model comprising at least two network
models, each network model corresponding to at least
one commodity category;

receiving an image under search from a computing

device;

identifying sample sets of commodities of a plurality of

categories;

inputting the image under search and sample sets to the

target domain model; and

returning a prediction result output by the target domain

mode to the computing device.

2. The method of claim 1, wherein at least one of the at
least two network models corresponds to multiple commod-
ity categories.

3. The method of claim 1, wherein the at least two
network models correspond to a same commodity category

4. The method of claim 1, wherein generating a target
domain model comprises:

initializing the target domain model using a model pre-

trained by an image data set to obtain initial model
parameters;

inputting sample image data into the source domain

model and the target domain model respectively to
obtain a calculation result of a loss function between
the source domain model and the target domain model,
the loss function controlling a distance between the
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source domain model and the target domain model in
the same feature space; and

adjusting the initial model parameters based on the cal-

culation result to obtain target model parameters.
5. The method of claim 4, wherein inputting the sample
image data into the source domain model and the target
domain model respectively to obtain the calculation result
comprises:
calculating a distance between a first feature vector and a
second feature vector to obtain a first intermediate
result, the first feature vector generated after inputting
the sample image data into a network model of a
corresponding category in the source domain model,
and the second feature vector generated after inputting
the sample image data into the target domain model;

calculating a distance between a first covariance matrix
and a second covariance matrix to obtain a second
intermediate result, the first covariance matrix com-
prising a covariance matrix of designated intermediate
layer features in the source domain model, and the
second covariance matrix comprising a covariance
matrix of designated intermediate layer features in the
target domain model; and

acquiring the calculation result based on the first inter-

mediate result and the second intermediate result.
6. The method of claim 5, the calculating the distance
between the first covariance matrix and the second covari-
ance matrix to obtain the second intermediate result com-
prising:
acquiring the first covariance matrix from a designated
intermediate layer of a network model of a category
corresponding to the sample image data, and acquiring
the second covariance matrix from a designated inter-
mediate layer of the target domain model; and

calculating and obtaining the second intermediate result
using the first covariance matrix, the second covariance
matrix, and a feature dimension of the designated
intermediate layer.

7. The method of claim 5, the obtaining the calculation
result based on the first intermediate result and the second
intermediate result comprising:

calculating a product of a preset scale factor and the

second intermediate result; and

calculating a sum of the first intermediate result and the

product to obtain the calculation result.

8. A non-transitory computer-readable storage medium
for tangibly storing computer program instructions capable
of being executed by a computer processor, the computer
program instructions defining the steps of:

generating a target domain model using a domain adap-

tation training process, the domain adaptation training
process using a source domain model as an input, the
source domain model comprising at least two network
models, each network model corresponding to at least
one commodity category;

receiving an image under search from a computing

device;

identifying sample sets of commodities of a plurality of

categories;

inputting the image under search and sample sets to the

target domain model; and

returning a prediction result output by the target domain

mode to the computing device.
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9. The computer-readable storage medium of claim 8,
wherein at least one of the at least two network models
corresponds to multiple commodity categories.

10. The computer-readable storage medium of claim 8,
wherein the at least two network models correspond to a
same commodity category

11. The computer-readable storage medium of claim 8,
wherein generating a target domain model comprises:

initializing the target domain model using a model pre-

trained by an image data set to obtain initial model
parameters;

inputting sample image data into the source domain

model and the target domain model respectively to
obtain a calculation result of a loss function between
the source domain model and the target domain model,
the loss function controlling a distance between the
source domain model and the target domain model in
the same feature space; and

adjusting the initial model parameters based on the cal-

culation result to obtain target model parameters.
12. The computer-readable storage medium of claim 11,
wherein inputting the sample image data into the source
domain model and the target domain model respectively to
obtain the calculation result comprises:
calculating a distance between a first feature vector and a
second feature vector to obtain a first intermediate
result, the first feature vector generated after inputting
the sample image data into a network model of a
corresponding category in the source domain model,
and the second feature vector generated after inputting
the sample image data into the target domain model;

calculating a distance between a first covariance matrix
and a second covariance matrix to obtain a second
intermediate result, the first covariance matrix com-
prising a covariance matrix of designated intermediate
layer features in the source domain model, and the
second covariance matrix comprising a covariance
matrix of designated intermediate layer features in the
target domain model; and

acquiring the calculation result based on the first inter-
mediate result and the second intermediate result.

13. The computer-readable storage medium of claim 12,
the calculating the distance between the first covariance
matrix and the second covariance matrix to obtain the
second intermediate result comprising:

acquiring the first covariance matrix from a designated
intermediate layer of a network model of a category
corresponding to the sample image data, and acquiring
the second covariance matrix from a designated inter-
mediate layer of the target domain model; and

calculating and obtaining the second intermediate result
using the first covariance matrix, the second covariance
matrix, and a feature dimension of the designated
intermediate layer.

14. The computer-readable storage medium of claim 12,
the obtaining the calculation result based on the first inter-
mediate result and the second intermediate result compris-
ing:

calculating a product of a preset scale factor and the

second intermediate result; and

calculating a sum of the first intermediate result and the

product to obtain the calculation result.

Jul. 15, 2021

15. A device comprising:

a processor; and

a storage medium for tangibly storing thereon program

logic for execution by the processor, the stored program

logic comprising:

logic, executed by the processor, for generating a target
domain model using a domain adaptation training
process, the domain adaptation training process
using a source domain model as an input, the source
domain model comprising at least two network mod-
els, each network model corresponding to at least
one commodity category;

logic, executed by the processor, for receiving an image
under search from a computing device;

logic, executed by the processor, for identifying sample
sets of commodities of a plurality of categories;

logic, executed by the processor, for inputting the
image under search and sample sets to the target
domain model; and

logic, executed by the processor, for returning a pre-
diction result output by the target domain mode to
the computing device.

16. The device of claim 15, wherein at least one of the at
least two network models corresponds to multiple commod-
ity categories.

17. The device of claim 15, wherein the at least two
network models correspond to a same commodity category

18. The device of claim 15, wherein generating a target
domain model comprises:

initializing the target domain model using a model pre-

trained by an image data set to obtain initial model
parameters;

inputting sample image data into the source domain

model and the target domain model respectively to
obtain a calculation result of a loss function between
the source domain model and the target domain model,
the loss function controlling a distance between the
source domain model and the target domain model in
the same feature space; and

adjusting the initial model parameters based on the cal-

culation result to obtain target model parameters.
19. The device of claim 18, wherein inputting the sample
image data into the source domain model and the target
domain model respectively to obtain the calculation result
comprises:
calculating a distance between a first feature vector and a
second feature vector to obtain a first intermediate
result, the first feature vector generated after inputting
the sample image data into a network model of a
corresponding category in the source domain model,
and the second feature vector generated after inputting
the sample image data into the target domain model;

calculating a distance between a first covariance matrix
and a second covariance matrix to obtain a second
intermediate result, the first covariance matrix com-
prising a covariance matrix of designated intermediate
layer features in the source domain model, and the
second covariance matrix comprising a covariance
matrix of designated intermediate layer features in the
target domain model; and

acquiring the calculation result based on the first inter-

mediate result and the second intermediate result.
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20. The device of claim 19, the calculating the distance
between the first covariance matrix and the second covari-
ance matrix to obtain the second intermediate result com-
prising:
acquiring the first covariance matrix from a designated
intermediate layer of a network model of a category
corresponding to the sample image data, and acquiring
the second covariance matrix from a designated inter-
mediate layer of the target domain model; and

calculating and obtaining the second intermediate result
using the first covariance matrix, the second covariance
matrix, and a feature dimension of the designated
intermediate layer.
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