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OBJECT DETECTION MODEL TRAINING
METHOD AND APPARATUS, AND DEVICE

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application is a continuation of International
Patent Application No. PCT/CN2019/076992 filed on Mar.
5, 2019, which claims priority to Chinese Patent Application
No. 201810987040.8 filed on Aug. 28, 2018, and Chinese
Patent Application No. 201810878556.9 filed on Aug. 3,
2018. The disclosures of the aforementioned applications
are hereby incorporated by reference in their entireties.

TECHNICAL FIELD

[0002] This application relates to the field of computer
technologies, and in particular, to an object detection model
training method, and an apparatus and a computing device
that are configured to perform the method.

BACKGROUND

[0003] Object detection is an artificial intelligence tech-
nology that is used to accurately locate an object in an
image/video and perform classification-based detection. The
object detection includes various fields such as general
object detection, face detection, pedestrian detection, and
text detection. In recent years, academia and industry
actively participate, and algorithms are increasingly mature.
Currently, an object detection solution based on deep learn-
ing is used in actual products such as municipal security
defense (such as pedestrian detection, vehicle detection, and
license plate detection), finance (such as object detection and
face-swiping login), the Internet (such as identity verifica-
tion), and an intelligent terminal.

[0004] Currently, the object detection is widely applied in
a plurality of simple/medium-complexity scenarios (for
example, face detection in a door control scenario and a
checkpoint scenario). In an open environment, it is still a
to-be-resolved problem: how to maintain, using a trained
object detection model, robustness of a plurality of unfa-
vorable factors such as a large change of a size of a
to-be-detected object, and obstruction and distortion of the
to-be-detected object, and improve detection precision.

SUMMARY

[0005] This application provides an object detection
model training method, and the method improves detection
precision of a trained object detection model.

[0006] According to a first aspect, an object detection
model training method performed by a computing device is
provided. The computing device that performs the method
may be one or more computing devices distributed in a same
environment or different environments. The method
includes obtaining a system parameter, where the system
parameter includes at least one of a receptive field of a
backbone network of the object detection model, a size of a
training image, a size of a to-be-detected object in the
training image, a training computing capability, or complex-
ity of the to-be-detected object, and the system parameter
that needs to be used in a subsequent process of determining
a configuration parameter is obtained in this step, determin-
ing a configuration parameter of i variable convolution
networks based on the system parameter, where the con-
figuration parameter includes at least one of the quantity i of
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the variable convolution networks, a quantity L, of variable
convolution layers included in an i variable convolution
network, a sliding span of a convolution core of the variable
convolution network, a maximum offset distance, and a size
of'the convolution core, and both i and L, are integers greater
than 0, obtaining the training image, and establishing the
backbone network based on the training image, where the
backbone network includes K convolution layers, establish-
ing the i variable convolution networks based on a feature
map output by the backbone network and the configuration
parameter, where an offset distance when a convolution core
of each variable convolution network performs convolution
does not exceed the maximum offset distance, inputting
features output by the i variable convolution networks into
a classifier of the object detection model, and comparing the
to-be-detected object that is in the training image and that is
detected by the classifier and a prior result of the training
image, and activating at least one of a model parameter of
a convolution core of the backbone network, model param-
eters of convolution cores of the i variable convolution
networks, the maximum offset distance, and a parameter of
the classifier based on the comparison result.

[0007] In the foregoing provided method, the i variable
convolution networks established based on the configuration
parameter better adapt to a computing capability of a train-
ing environment or a status of a training image, thereby
improving precision of a trained object detection model. In
addition, the convolution core of the variable convolution
network may be offset in a process of a convolution opera-
tion. This improves precision of recognizing, by the trained
object detection model, an object that is seriously deformed
and obstructed.

[0008] In a possible implementation, that in a process of
establishing the i variable convolution networks based on a
feature map output by the backbone network and the con-
figuration parameter, a convolution sheet of a convolution
core of any variable convolution layer may be offset includes
offsetting, in any direction, a convolution sheet of a convo-
Iution core of a first variable convolution layer in the i
variable convolution networks by a quantity of features,
where the quantity does not exceed the maximum offset
distance, and performing convolution on a model parameter
of the convolution sheet of the convolution core of the first
variable convolution layer and a feature that is of the first
variable convolution layer and that is corresponding to a
convolution sheet, obtained after the offsetting, of the con-
volution core of the first variable convolution layer, to obtain
a feature of a second variable convolution layer of the i
variable convolution networks, where the first variable con-
volution layer may belong to any variable convolution
network, and the second variable convolution layer and the
first variable convolution layer belong to a same variable
convolution network.

[0009] In a possible implementation, that in a process of
establishing the i variable convolution networks based on a
feature map output by the backbone network and the con-
figuration parameter, a convolution point of a convolution
core of any variable convolution layer may be offset includes
offsetting, in any direction, a convolution point in a convo-
Iution core of a third variable convolution layer in the i
variable convolution networks by a quantity of features,
where the quantity does not exceed the maximum offset
distance, and performing convolution on a model parameter
of the convolution point in the convolution core of the third
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variable convolution layer and a feature that is of the third
variable convolution layer and that is corresponding to a
convolution point, obtained after the offsetting, of the con-
volution core of the third variable convolution layer, to
obtain a feature in a fourth variable convolution layer of the
i variable convolution networks, where the third variable
convolution layer may belong to any variable convolution
network, and the fourth variable convolution layer and the
third variable convolution layer belong to a same variable
convolution network.

[0010] In the two offset methods described above, offset
objects are respectively the convolution sheet and the con-
volution point. In both of the two offset methods, a scope of
the convolution core on the convolution layer is no longer a
cuboid or a cube, but an irregular shape, and the scope of the
irregular convolution core makes the convolution core more
sensitive to an object with relatively high complexity. Pre-
cision of recognizing, by an object detection model trained
using such an offset method, a to-be-detected object with
high detection complexity is higher.

[0011] In a possible implementation, establishing the i
variable convolution networks based on a feature map
output by the backbone network and the configuration
parameter includes dividing the feature map output by the
backbone network into i parts, where the i parts respectively
serve as an initial variable convolution layer of the i variable
convolution networks. Optionally, the feature map output by
the backbone network may be evenly divided into i parts.

[0012] In a possible implementation, the training comput-
ing capability indicates a computing capability of the com-
puting device.

[0013] Ina possible implementation, the complexity of the
to-be-detected object indicates detection complexity of the
to-be-detected object.

[0014] A second aspect of this application provides a
detection model training apparatus, including an initializa-
tion module, an object detection model, and an activation
module. Different modules may be distributed and run on
different computing devices. A combination of these mod-
ules provides the detection model training apparatus.

[0015] The initialization module is configured to obtain a
system parameter, where the system parameter includes at
least one of a receptive field of a backbone network of an
object detection model, a size of a training image, a size of
a to-be-detected object in the training image, a training
computing capability, or complexity of the to-be-detected
object, and determine a configuration parameter of i variable
convolution networks based on the system parameter, where
the configuration parameter includes at least one of the
quantity i of the variable convolution networks, a quantity L,
of variable convolution layers included in an i”* variable
convolution network, a sliding span of convolution cores of
the variable convolution network, a maximum offset dis-
tance, and a size of the convolution cores, and both i and L,
are integers greater than O.

[0016] The object detection model is configured to obtain
the training image, and establish the backbone network
based on the training image, establish the i variable convo-
Iution networks based on a feature map output by the
backbone network and the configuration parameter, where
an offset distance when a convolution core of each variable
convolution network performs convolution does not exceed
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the maximum offset distance, and input a feature output by
the i variable convolution networks into a classifier of the
object detection model.

[0017] The activation module is configured to compare the
to-be-detected object that is in the training image and that is
detected by the classifier and a prior result of the training
image, and activate at least one of a model parameter of a
convolution core of the backbone network, model param-
eters of convolution cores of the i variable convolution
networks, the maximum offset distance, and a parameter of
the classifier based on the comparison result.

[0018] In a possible implementation, the object detection
model is configured to offset, in any direction, a convolution
sheet of a convolution core of a first variable convolution
layer in the i variable convolution networks by a quantity of
features, where the quantity does not exceed the maximum
offset distance, and perform convolution on a model param-
eter of the convolution sheet of the convolution core of the
first variable convolution layer and a feature that is of the
first variable convolution layer and that is corresponding to
a convolution sheet, obtained after the offsetting, of the
convolution core of the first variable convolution layer, to
obtain a feature of a second variable convolution layer of the
1 variable convolution networks.

[0019] In a possible implementation, the object detection
model is configured to offset, in any direction, a convolution
point in a convolution core of a third variable convolution
layer in the i variable convolution networks by a quantity of
features, where the quantity does not exceed the maximum
offset distance, and perform convolution on a model param-
eter of the convolution point in the convolution core of the
third variable convolution layer and a feature that is of the
third variable convolution layer and that is corresponding to
a convolution point, obtained after the offsetting, of the
convolution core of the third variable convolution layer, to
obtain a feature in a fourth variable convolution layer of the
1 variable convolution networks.

[0020] In a possible implementation, the object detection
model is configured to divide the feature map output by the
backbone network into i parts, where the i parts respectively
serve as an initial variable convolution layer of the i variable
convolution networks.

[0021] A third aspect of this application provides a com-
puting device system. The computing device system
includes at least one computing device. Each computing
device includes a processor and a memory. The processor of
the at least one computing device is configured to access
code in the memory to perform the method provided in any
one of the first aspect or the possible implementations of the
first aspect.

[0022] A fourth aspect of this application provides a
non-transient readable storage medium. When the non-
transient readable storage medium is executed by at least
one computing device, the at least one computing device
performs the method provided in any one of the first aspect
or the possible implementations of the first aspect. The
storage medium stores a program. A type of the storage
medium includes but is not limited to a volatile memory,
such as a random-access memory (RAM), or a non-volatile
memory, such as a flash memory, a hard disk drive (HDD),
and a solid-state drive (SSD).

[0023] A fifth aspect of this application provides a com-
puting device program product. When the computing device
program product is executed by at least one computing



US 2021/0012136 Al

device, the at least one computing device performs the
method provided in any one of the first aspect or the possible
implementations of the first aspect. The computer program
product may be a software installation package, and when
the method provided in any one of the first aspect or the
possible implementations of the first aspect needs to be used,
the computer program product may be downloaded, and the
computer program product may be executed on a computing
device.

BRIEF DESCRIPTION OF DRAWINGS

[0024] To describe the technical solutions in some of the
embodiments of this application more clearly, the following
briefly describes the accompanying drawings for the
embodiments.

[0025] FIG. 1 is a schematic diagram of a system archi-
tecture according to this application;

[0026] FIG. 2 is a schematic diagram of another system
architecture according to this application;

[0027] FIG. 3 is a working flowchart of a detection model
training apparatus in a training state according to this
application;

[0028] FIG. 4 is a working flowchart of object detection
model in an inference state according to this application;
[0029] FIG. 5 is a schematic structural diagram of a
convolution layer and a convolution core according to this
application;

[0030] FIG. 6 is a schematic structural diagram of a
convolution sheet according to this application;

[0031] FIG. 7 is a schematic diagram of a receptive field
of a convolution layer according to this application;
[0032] FIG. 8 is a schematic diagram of a receptive field
of another convolution layer according to this application;
[0033] FIG. 9 is a schematic diagram of an offset of a
convolution sheet according to this application;

[0034] FIG. 10 is a schematic diagram of an offset of a
plurality of convolution sheets according to this application;
[0035] FIG. 11 is a schematic diagram of a convolution
point according to this application;

[0036] FIG. 12 is a schematic diagram of an offset of a
plurality of convolution points according to this application;
[0037] FIG. 13 is a schematic flowchart of a method
according to this application;

[0038] FIG. 14 is a schematic structural diagram of a
detection model training apparatus according to this appli-
cation;

[0039] FIG. 15 is a schematic structural diagram of a
computing device according to this application;

[0040] FIG.16A, FIG. 16B, and FIG. 16C are a schematic
structural diagram of a computing device system according
to this application; and

[0041] FIG.17A, FIG. 17B, and FIG. 17C are a schematic
structural diagram of another computing device system
according to this application.

DESCRIPTION OF EMBODIMENTS

[0042] The following describes the technical solutions in
the embodiments of this application with reference to the
accompanying drawings in the embodiments of this appli-
cation.
[0043]
sequential dependency among “first”, “second”, and “n’

In this application, there is no logical or time-
o>
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[0044] As shown in FIG. 1, an object detection model
training method provided in this application is performed by
a detection model training apparatus. The apparatus may run
in a cloud environment, and runs on one or more computing
devices in the cloud environment. The apparatus may alter-
natively run in an edge environment, and runs on one or
more computing devices (edge computing devices) in the
edge environment. The apparatus may alternatively run in a
terminal environment, and runs on one or more terminal
devices in the terminal environment. The terminal device
may be a mobile phone, a notebook, a server, a desktop
computer, or the like. The edge computing device may be a
server.

[0045] As shown in FIG. 2, the detection model training
apparatus may include a plurality of parts (modules). Parts
of the detection model training apparatus may alternatively
be deployed in different environments separately. For
example, some modules of the detection model training
apparatus may be deployed in three environments: the cloud
environment, the edge environment, and the terminal envi-
ronment, or any two of the three environments.

[0046] FIG. 3 is a schematic flowchart of working of a
detection model training apparatus. In FIG. 3, the detection
model training apparatus works in a training state, and the
training state is to train an object detection model with
relatively high precision using a training image and a prior
result of the training image. The prior result of the training
image includes a mark of a to-be-detected object in the
training image. The training image in FIG. 3 is used as an
example. The training image includes a plurality of human
faces, and each face in the training image is marked with a
white frame (as shown in the upper left corner of FIG. 3) in
the prior result of the training image. The prior result of the
training image may be generally provided manually.

[0047] A K-layer backbone network is established using
the training image. The backbone network includes K con-
volution layers, and K is a positive integer greater than 0.
The backbone network extracts a feature map from the
training image. The feature map extracted by the backbone
network is divided into 1 feature submaps, and each of the i
feature submaps is used to establish one variable convolu-
tion network. Therefore, there are total i variable convolu-
tion networks, and 1 is a positive integer greater than 0. The
i variable convolution networks constitute an adaptive con-
volution module. An i variable convolution network
includes L, variable convolution layers, and L, is a positive
integer greater than 0. Each variable convolution network
processes one feature submap, and outputs a processed
feature submap obtained after processing the feature sub-
map. i processed feature submaps are input into at least one
classifier. There are C classifiers, and C is a positive integer
greater than 0. When C is greater than 1, classifiers may
focus on detecting to-be-detected objects of different sizes.
The classifier can detect the to-be-detected object in the
training image based on an input feature. As shown on the
right side of FIG. 3, the classifier marks a detected face area
on the training image using a white frame. A difference
between a to-be-detected object currently detected by the
detection model training apparatus and the prior result may
be learned by comparing a detection result of the training
image and the prior result of the training image. As shown
in FIG. 3, some faces in the prior result are not detected by
the detection model training apparatus. Each parameter of
the object detection model is activated based on the differ-
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ence, and the parameter includes at least one of a model
parameter of a convolution core of each convolution layer of
the backbone network, a model parameter of a convolution
core of a variable convolution layer of any variable convo-
lution network, a maximum offset distance of a convolution
sheet/convolution point of a variable convolution layer of
any variable convolution network, and a parameter of the
classifier. A difference between a detection result of each
training image and a prior result of the training image
activates each parameter of the object detection model.
Therefore, after the object detection model is activated by a
large quantity of training images, precision of the object
detection model is improved.

[0048] The detection model training apparatus trains the
object detection model using a large quantity of training
images and prior results of the training images. The object
detection model includes a backbone network, i variable
convolution networks (adaptive convolution modules), and
C classifiers. The trained object detection model is used in
an inference state. The trained object detection model may
be deployed in a cloud environment, an edge environment,
or a terminal environment. Alternatively, a part of the object
detection model may be deployed in three or any two of a
cloud environment, an edge environment, and a terminal
environment.

[0049] As shown in FIG. 4, in the inference state, after the
to-be-detected image is input into the backbone network of
the object detection model, and is processed by the i variable
convolution networks and the C classifiers, the object detec-
tion model outputs a detection result of the to-be-detected
image. Generally, the detection result includes information
such as a location of a detected to-be-detected object and a
quantity of detected to-be-detected objects, for example, a
quantity of faces and a location of each face.

[0050] The following describes concepts used in this
application.

[0051] Backbone Network:

[0052] The backbone network includes a convolution net-

work, and the convolution network includes K convolution
layers. In addition to the convolution network, the backbone
network may further include a pooling module. Optionally,
the backbone network may use some commonly used tem-
plates in the industry, such as Vgg, Resnet, Densenet,
Xception, Inception, and Mobilenet. A feature extracted
from the training image is used as a first convolution layer
of the backbone network. A feature extracted from the first
convolution layer of the backbone network by a convolution
core corresponding to the first convolution layer constitutes
a second convolution layer of the backbone network. A
feature extracted from the second convolution layer of the
backbone network by a convolution core corresponding to
the second convolution layer of the backbone network
constitutes a third convolution layer of the backbone net-
work. By analogy, a feature extracted from a (k-1)" con-
volution layer of the backbone network by a convolution
core corresponding to the (k-1)” convolution layer of the
backbone network constitutes a k* convolution layer of the
backbone network, and k is greater than or equal to 1 and
less than or equal to K. A feature extracted from the K
convolution layer of the backbone network by a convolution
core corresponding to the K” convolution layer of the
backbone network constitutes a first variable convolution
layer of a variable convolution network. The variable con-
volution network includes [, variable convolution layers.

Jan. 14, 2021

Similar to the backbone network, a feature extracted from a
(k-1)" convolution layer of the variable convolution net-
work by a convolution core corresponding to the (k—1)"
convolution layer of the variable convolution network con-
stitutes a k” variable convolution layer of the variable
convolution network, where k is greater than or equal to 1
and is less than or equal to L,-1.

[0053] Convolution Layer and Convolution Core:

[0054] Both the backbone network and each variable
convolution network include at least one convolution layer.
As shown in FIG. 5, a size of a convolution layer 101 is
X*Y*N,, to be specific, the convolution layer 101 includes
X*Y*N, features. N, represents a quantity of channels, one
channel is one feature dimension, and X*Y represents a
quantity of features included by each channel. X, Y, and N,
are all positive integers greater than 0.

[0055] A convolution core 1011 is one of convolution
cores used to act on the convolution layer 101. Because a
convolution layer 102 includes N, channels, the convolution
layer 101 uses N, convolution cores in total. Sizes and
model parameters of the N, convolution cores may be the
same or different. The convolution core 1011 is used as an
example, and a size of the convolution core 1011 is
X, ¥X,*N,. To be specific, the convolution core 1011
includes X,*X*N, model parameters. An initialization
model parameter in the convolution core may use a model
parameter template commonly used in the industry. When
the convolution core 1011 slides on the convolution layer
101 and slides on a position of the convolution layer 101, a
model parameter of the convolution core 1011 is multiplied
by a feature of the convolution layer 101 at the correspond-
ing position. After product results of model parameters of
the convolution core 1011 and the feature of the convolution
layer 101 at the corresponding position are combined, one
feature on one channel of the convolution layer 102 is
obtained. A product result of the feature of the convolution
layer 101 and the convolution core 1011 may be directly
used as a feature of the convolution layer 102. Alternatively,
after the feature of the convolution layer 101 and the
convolution core 1011 slide on the convolution layer 101
and all product results are output, all the product results are
normalized, and normalized product results are used as the
feature of the convolution layer 102.

[0056] In vivid representation, the convolution core 1011
slides on the convolution layer 101 for convolution, and a
convolution result constitutes a channel of the convolution
layer 102. Each convolution core used by the convolution
layer 101 is corresponding to one channel of the convolution
layer 102. Therefore, a quantity of channels of the convo-
Iution layer 102 is equal to a quantity of convolution cores
acting on the convolution layer 101. A design of a model
parameter in each convolution core embodies a character-
istic of a feature that the convolution core expects to extract
from a convolution layer. Features of the N, channels are
extracted from the convolution layer 101 using the N,
convolution cores.

[0057] As shown in FIG. 6, the convolution core 1011 is
divided. The convolution core 1011 includes N, convolution
sheets, and each convolution sheet includes X,;*X, model
parameters (P,, to Px;x;). Each model parameter corre-
sponds to one convolution point. A model parameter corre-
sponding to one convolution point is multiplied by a feature
in a convolution layer at a corresponding position of the
convolution point to obtain a convolution result of the
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convolution point, and a sum of convolution results of
convolution points of one convolution core is a convolution
result of the convolution core.

[0058] Sliding Span of the Convolution Core:

[0059] The sliding span of the convolution core is a
quantity of features of each sliding span of the convolution
core on the convolution layer. After the convolution core
completes convolution at a current position of a current
convolution layer to constitute a feature of a next convolu-
tion layer, the convolution core slides by V features on the
basis of the current position of the current convolution layer,
and performs convolution on a model parameter of the
convolution core and a feature of the convolution layer at a
position after the sliding, where V is the sliding span of the
convolution core.

[0060] Receptive Field:

[0061] The receptive field is a perception domain (percep-
tion range) of a feature on a convolution layer on an input
image. If a pixel in the perception range changes, a value of
the feature changes accordingly. As shown in FIG. 7, the
convolution core slides on the input image, and an extracted
feature constitutes the convolution layer 101. Similarly, the
convolution core slides on the convolution layer 101, and an
extracted feature constitutes the convolution layer 102. In
this case, each feature in the convolution layer 101 is
extracted from a pixel of the input image in a size of a
convolution sheet of the convolution core that slides on the
input image, and the size is a receptive field of the convo-
Iution layer 101. Therefore, the receptive field of the con-
volution layer 101 is shown in FIG. 7.

[0062] Accordingly, each feature in the convolution layer
102 is mapped to a range on an input image (to be specific,
a pixel with a specific range on the input image), that is, a
receptive field of the convolution layer 102. As shown in
FIG. 8, each feature in the convolution layer 102 is extracted
from a pixel of the input image in a size of a convolution
sheet of the convolution core that slides on the convolution
layer 101. Each feature on the convolution layer 101 is
extracted from a pixel of the input image in a range of a
convolution sheet of the convolution core that slides on the
input image. Therefore, the receptive field of the convolu-
tion core 102 is greater than the receptive field of the
convolution layer 101. If a convolution network (the back-
bone network or the variable convolution network) includes
a plurality of convolution layers, a receptive field of a last
convolution layer in the plurality of convolution layers is a
receptive field of the convolution network.

[0063] Training Computing Capability:

[0064] The training computing capability is a computing
capability that can be used by the detection model training
apparatus in an environment in which the detection model
training apparatus is deployed, and includes at least one of
a processor frequency, processor occupancy, a memory size,
memory occupancy, cache utilization, a cache size, an image
processor frequency, image processor occupancy, and
another computing resource parameter. When parts of the
detection model training apparatus are deployed in a plu-
rality of environments, the training computing capability
may be obtained by comprehensively calculating a comput-
ing capability that can be used by the detection model
training apparatus in the plurality of environments. The
training computing capability is mainly used to calculate a
configuration parameter of an adaptive convolution module.
Therefore, when the parts of the detection model training
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apparatus are deployed in different environments, the train-
ing computing capability may be obtained using a comput-
ing capability that can be used by the adaptive convolution
module in an environment in which the adaptive convolution
module is deployed.

[0065] Maximum Offset Distance and Offset Distance:
[0066] The maximum offset distance has two definitions.
One is a maximum offset distance of a center of a convo-
lution sheet relative to a center axis of a convolution core.
Because the center of the convolution sheet is a part of the
central axis of the convolution core, the maximum offset
distance is a maximum offset distance of a center of the
offset convolution sheet relative to a center of an original
position of the convolution sheet. The other is a maximum
offset distance of each convolution point in a convolution
core relative to an original position of the convolution point.
Accordingly, the offset distance also has two definitions.
One is a distance between a center of the offset convolution
sheet and a central axis of the convolution core, that is, an
offset distance of the center of the offset convolution sheet
relative to the central axis of the convolution core. As shown
in FIG. 9, an offset distance of one convolution sheet of the
convolution core 1011 relative to a central axis of the
convolution core 1011 is f (f features). The other is a
distance between an offset convolution point and an original
position of the convolution point, that is, an offset distance
of the offset convolution point relative to the original posi-
tion of the convolution point. As shown in FIG. 12, an offset
distance of one convolution point in the convolution core
1011 relative to an original position of the convolution point
is T (f features, and f in FIG. 12 is equal to O, 1 or 2).
[0067] The convolution core 1011 (which is represented
by a solid line in FIG. 9 to FIG. 12) is generally of a cuboid
or a cube. When the convolution core 1011 slides on the
convolution layer 101 and slides to a position of the con-
volution layer 101, the central axis of the convolution core
1011 is constituted by convolution points in centers of all
original convolution sheets (convolution sheets that have not
been offset) of the convolution core 1011. However, actually,
what is convoluted with a model parameter in the convolu-
tion core 1011 may not be entirely a feature of the convo-
Iution layer 101 within a range of an original convolution
sheet.

[0068] When a convolution sheet is offset, each original
convolution sheet of the convolution core 1011 may be
offset, using the center axis as a center, in any direction by
at most a quantity of features, where the quantity does not
exceed the maximum offset distance, and a model parameter
of the convolution sheet is convoluted with a feature of the
convolution layer 101 included in a location area of the
offset convolution sheet. In this way, as shown in FIG. 10,
although the model parameter of the convolution core 1011
does not change, a convolution object of the convolution
core 1011 is no longer a feature in a cuboid or a cube in the
convolution layer 101, but is a feature within a range of a
series of wave-shaped convolution sheets that are offset in
each direction of the central axis of the convolution core
1011. The convolution sheet is offset around the central axis
of the convolution core such that the convolution core can
more effectively extract a feature in a distorted and deformed
range, the convolution core is more sensitive to detection
precision of a to-be-detected object that is distorted and
deformed, a training effect of an object recognition model is
improved, precision of object recognition performed by the
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object recognition model obtained by training is improved,
and robustness of the object recognition model for a to-be-
detected object that is distorted and deformed is improved.

[0069] When a convolution point is offset, each original
convolution point of an original convolution sheet of the
convolution core 1011 may be offset, using an original
position of the convolution point as a center, in any direction
by at most a quantity of features, where the quantity does not
exceed the maximum offset distance, and a model parameter
of the convolution point is convoluted with a feature of the
convolution layer 101 corresponding to a position after the
offsetting. As shown in FIG. 11, a size of the convolution
core 1011 is 2*2*N,, to be specific, each convolution sheet
includes 2*2 convolution points. Each convolution point is
represented by a dashed rectangle. For example, as shown in
FIG. 12, a convolution point in the upper left corner of a first
convolution sheet of the convolution core 1011 is offset
upward by one feature, a convolution point in the upper right
corner is offset rightward by two features, a convolution
point in the lower left corner is not offset, and a convolution
point in the lower right corner is offset downward by one
feature. A model parameter corresponding to a convolution
point is multiplied by a feature corresponding to the con-
volution layer 101 at a position of the convolution point after
the offsetting. After a product corresponding to each con-
volution point in one convolution sheet is completed, a
convolution point in a next convolution sheet is processed.
After a product operation is performed on a model parameter
corresponding to each convolution point in the convolution
core 1011 and a feature corresponding to the convolution
layer 101 at a position of the convolution point after the
offsetting, a set of these product results is a convolution
result of the convolution core 1011. As shown in FIG. 12,
although the model parameter of the convolution core 1011
does not change, a convolution object of the convolution
core 1011 is no longer a feature in a cuboid or a cube in the
convolution layer 101, but is a feature corresponding to a
position of a series of discretely distributed convolution
points that are offset in each direction of the convolution
core 1011. The convolution point is randomly offset around
an original position such that the convolution core can more
effectively extract a feature in a distorted and deformed
range, the convolution core is more sensitive to detection
precision of a to-be-detected object that is distorted and
deformed, a training effect of an object recognition model is
improved, precision of object recognition performed by the
object recognition model obtained by training is improved,
and robustness of the object recognition model for a to-be-
detected object that is distorted and deformed is improved.

[0070] As shown in FIG. 13, a working process of a
detection model training apparatus is described.

[0071] S201. Obtain at least one of the following system
parameters: a receptive field of a backbone network, a size
of a training image, a size of a to-be-detected object, a
training computing capability, or complexity of the to-be-
detected object.

[0072] The size of the to-be-detected object and the com-
plexity of the to-be-detected object may be manually input
into the detection model training apparatus. Sizes of differ-
ent training images and sizes of different to-be-detected
objects may be different. In an optional solution, in this case,
an average value of sizes of all training images may be used
as the size of the training image, and an average value of
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sizes of to-be-detected objects in all the training images may
be used as the size of the to-be-detected object.

[0073] The complexity of the to-be-detected object indi-
cates difficulty in recognizing the to-be-detected object, for
example, a quantity of to-be-detected objects (an average
quantity of to-be-detected objects in each to-be-detected
image), and whether reflected light of the to-be-detected
object is balanced. The complexity of the to-be-detected
object further includes a degree of deformation of the
to-be-detected object. The degree of deformation of the
to-be-detected object indicates a degree of deformation,
distortion, and obstruction of the to-be-detected object. A
greater degree of deformation, distortion, and obstruction of
the to-be-detected object in the to-be-detected image indi-
cates higher complexity of the to-be-detected object.

[0074] The foregoing system parameters may be obtained
for a plurality of times, and do not need to be obtained in a
same step. The foregoing system parameters do not need to
be all obtained. A specific obtained system parameter is
determined based on a system parameter that needs to be
used in a subsequent step of determining a configuration
parameter. Each system parameter may be obtained before a
subsequent step in which the system parameter is used.

[0075] S202. Determine at least one of the following
configuration parameters based on the system parameter
obtained in S201. The configuration parameter is used to
establish an i-row L,-column variable convolution network
in FIG. 3. The configuration parameter includes i, L, (quan-
tities of variable convolution layers included in variable
convolution networks may be the same or different), a
sliding span of a convolution core, a maximum offset
distance, and a size of the convolution core.

[0076] The foregoing configuration parameters may be
determined for a plurality of times, and do not need to be
determined in a same step. The foregoing configuration
parameters do not need to be all determined, and a configu-
ration parameter used in a subsequent process of establish-
ing an adaptive convolution module needs to be determined
in S202. Some configuration parameters required in a sub-
sequent process of establishing the adaptive convolution
module may have been manually set, and these configura-
tion parameters manually set do not need to be determined
in S202.

[0077] 1 may be determined by the training computing
capability and the complexity of the to-be-detected object.
Generally, a stronger training computing capability indicates
a larger quantity of computing resources that can be used for
training. A feature map output by the backbone network may
be divided into more feature submaps, and a corresponding
value of 1 increases. Higher complexity of the to-be-detected
object makes it more difficult to detect the to-be-detected
object, and the value of i needs to be greater to ensure
detection precision of a trained model. When the value of i
is greater, the feature map output by the backbone network
is divided into more variable convolution networks such that
a feature in the feature map can be better reconstructed, and
quality of the feature finally output by the adaptive convo-
Iution module is improved. If the value of i is excessively
great, a required training computing capability may not
support running of the detection model training apparatus. i
obtained based on the foregoing system parameters can
balance the training computing capability and precision of
the detection model training apparatus.
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[0078] L, may be determined by the receptive field of the
backbone network, the size of the training image, and the
size of the to-be-detected object. Generally, a smaller ratio
of the receptive field of the backbone network to the size of
the to-be-detected object indicates that the receptive field of
the backbone network may not be enough to cover to-be-
detected objects of various sizes. Therefore, a larger value of
L, is used to expand the receptive field by setting more
variable convolution layers in any variable convolution
network. On the contrary, a larger ratio of the receptive field
of the backbone network to the size of the to-be-detected
object indicates that the receptive field of the backbone
network is enough to cover a to-be-detected object of a large
size. Therefore, a smaller value of L, indicates that a quantity
of variable convolution layers does not need to be set to too
larger. A larger size of the training image indicates a larger
size of a to-be-detected object in a general image, and a
value of L, is larger. A smaller size of the training image
indicates a smaller size of a to-be-detected object in a
general image, and a value of L, is smaller. Selection of an
appropriate value of L, improves precision of a trained
object detection model.

[0079] The maximum offset distance may be determined
by the complexity of the to-be-detected object. Generally,
higher complexity of the to-be-detected object indicates a
larger offset length that is required for a convolution sheet
and a convolution point and a larger required maximum
offset distance. Generally, lower complexity of the to-be-
detected object indicates a smaller required maximum offset
distance. Selection of an appropriate maximum offset dis-
tance improves precision of a trained object detection
model.

[0080] The sliding span of the convolution core may be
determined by the training computing capability. A stronger
training computing capability indicates more computing
resources that can be used to train the object detection
module and indicates a smaller determined sliding span of
the convolution core in order to ensure that a next variable
convolution layer can be constructed by extracting a feature
from a current variable convolution layer with a finer
granularity. Selection of an appropriate sliding span of the
convolution core improves precision of a trained object
detection model.

[0081] The size of the convolution core may be deter-
mined by the training computing capability, the size of the
training image, and the size of the to-be-detected object. A
stronger training computing capability indicates a larger size
of the convolution core. A larger size of the training image
and a larger size of the to-be-detected object indicate a larger
size of the convolution core. Sizes of convolution cores used
by all variable convolution layers may be the same or
different. In different cases, there may be a plurality of sizes,
obtained in S202, of the convolution core. Selection of an
appropriate size of the convolution core improves precision
of a trained object detection model.

[0082] The foregoing describes only an example of how
each configuration parameter is obtained. An actual obtain-
ing manner of each configuration parameter may be not
limited to the foregoing rule, and any configuration param-
eter may be obtained using any one or more system param-
eters in S201, or by introducing a system parameter of
another training image or a system parameter of a to-be-
detected object in the training image or a system parameter
of a backbone network or a running environment.
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[0083] Some or all of the foregoing configuration param-
eters may be obtained through presetting. The detection
model training apparatus pre-obtains some of configuration
parameters (before S201), and some configuration param-
eters do not need to be determined in S202. These pre-
obtained configuration parameters may be manually set by
experience. Preconfiguring some configuration parameters
may reduce a type of a system parameter obtained by the
detection model training apparatus in S201 and an amount of
calculation of the configuration parameter in S202, thereby
increasing running efficiency of the detection model training
apparatus.

[0084] The foregoing system parameter refers to a param-
eter of the training image, the to-be-detected object in the
training image, the backbone network, or a training envi-
ronment. Such a system parameter may be obtained before
the object detection model is established. The system param-
eter is not affected by a model parameter or a configuration
parameter. The system parameter is also referred to as a
super parameter. The configuration parameter refers to a
parameter required for establishing an adaptive convolution
module. The configuration parameter is obtained based on
the system parameter. Different system parameters may
cause different configuration parameters. The model param-
eter refers to a parameter corresponding to each convolution
point in the convolution core. The model parameter is
constantly activated and changed during a training process
of the object detection model.

[0085] S203. Obtain the training image, establish the
backbone network based on the training image, and obtain
a feature map output by the backbone network.

[0086] S204. Establish i variable convolution networks in
the adaptive convolution module based on the feature map
output by the backbone network and the configuration
parameter determined (pre-obtained) in S202, where an i”
variable convolution network includes L, variable convolu-
tion layers.

[0087] The feature map output by the backbone network in
S204 may be a feature in a K convolution layer of the
backbone network, or may be a feature in another convo-
Iution layer of the backbone network. After the feature map
is obtained, the feature map is divided into i parts, and each
of the 1 parts is respectively used as a first variable convo-
Iution layer of each variable convolution network. For
example, if a size of the feature map is X*X*512, and i=64,
the feature map is divided into X*X*8 variable convolution
layers. An i” variable convolution network is used as an
example, and convolution is performed on a feature of a first
variable convolution layer of the i” variable convolution
network based on a convolution core of the first variable
convolution layer in order to obtain a second variable
convolution layer. In a convolution process, a convolution
sheet/convolution point of each convolution core may be
offset in any direction by a quantity of features, where the
quantity does not exceed the maximum offset distance, and
is multiplied by a feature of a first variable convolution layer
corresponding to a position after the offsetting. A convolu-
tion operation is performed on the first variable convolution
layer and a corresponding convolution core to constitute the
second variable convolution layer. Similarly, a convolution
operation is performed on the second variable convolution
layer and a corresponding convolution core to constitute a
third variable convolution layer. An Lith variable convolu-
tion layer is obtained by analogy.
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[0088] Because the i” variable convolution network
includes L, variable convolution layers, the i variable
convolution network uses [,—1 convolution cores. A size of
a convolution core used by each variable convolution layer
is the size, determined in S202, of the convolution core, and
a model parameter in the convolution core may be preset
(before S203) after the size of the convolution core is
determined. A sliding span of the convolution core used by
each variable convolution layer is the sliding span, deter-
mined in S202, of the convolution core. An offset distance
of a center of a convolution sheet in each variable convo-
Iution layer relative to a central axis of the convolution core
is not greater than the maximum offset distance determined
in S202. Alternatively, an offset distance of a convolution
point in each variable convolution layer relative to an
original position of the convolution point is not greater than
the maximum offset distance determined in S202.

[0089] S205. Input features in a last variable convolution
layer of the i variable convolution networks into a classifier.
[0090] The features in the last layer of the i variable
convolution networks are input into the classifier, and there
may be a plurality of classifiers, and the plurality of classi-
fiers are separately specific to to-be-detected objects of
different sizes. Before the features are input into the classi-
fier, the features in the last layer of the i variable convolution
networks may be combined, normalized, or the like.
[0091] S206. The classifier recognizes a to-be-detected
object in the training image based on the features input in
S205.

[0092] A parameter is set in the classifier, and the classifier
recognizes the to-be-detected object in the training image
based on the parameter and the input features.

[0093] S207. Compare the to-be-detected object that is in
the training image and that is recognized in S206 and a prior
result in the training image, and activate at least one of the
following parameters based on the prior result: a model
parameter of a convolution core of each convolution layer of
the backbone network, a model parameter of a convolution
core of a variable convolution layer of any variable convo-
lution network, a maximum offset distance of a convolution
sheet/convolution point of a variable convolution layer of
any variable convolution network, and the parameter of the
classifier.

[0094] After S207, the training image obtained in S203
completes activation for the object detection model, the
detection model training apparatus obtains a next training
image, and trains the object detection model based on the
next training image and a prior result of the next training
image.

[0095] An activation process of the next training image is
similar to an activation process of the training image
obtained in S203. A main difference is as follows. 1. A model
parameter, used in the feature map extracted by the back-
bone network from the next training image, of a convolution
core of each convolution layer of the backbone network is
activated in S207 (if the model parameter is activated in
S207). 2. After a feature map is extracted by the backbone
network from the next training image, a model parameter,
used in a process of extracting a feature that is input into the
classifier and that is extracted by the i variable convolution
networks from the feature map, of a convolution core of
each variable convolution layer is activated in S207 (if the
model parameter is activated in S207). 3. After the feature
map is extracted by the backbone network from the next
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training image, a maximum offset distance, used in a process
of extracting a feature that is input into the classifier and that
is extracted by the i variable convolution networks from the
feature map, of a convolution sheet/convolution point is
activated in S207 (if the maximum offset distance is acti-
vated in S207). 4. A feature of the classifier experienced by
the next training image is activated in S207 (if the feature is
activated in S207).

[0096] By analogy, the object detection model is further
activated using each training image on the basis of activation
performed using a previous training image. After all training
images are sequentially used for training the object detection
model, a training process of the object detection model ends.
As shown in FIG. 3, the object detection model may be used
in an inference state.

[0097] This application further provides a detection model
training apparatus 400. As shown in FIG. 14, the detection
model training apparatus 400 includes an object detection
model 401, an activation module 405, a storage module 406,
and an initialization module 407. The object detection model
401 further includes a backbone network 403, a classifier
404, and an adaptive convolution module 402. The adaptive
convolution module 402 includes i variable convolution
networks.

[0098] The foregoing modules may be software modules.
The initialization module 407 is configured to perform S201
and S202 to determine each configuration parameter. The
object detection model 401 obtains an initial training image
from the storage module 406, and performs S203 and S204
based on the configuration parameter determined by the
initialization module 407, to establish the backbone network
403 and the adaptive convolution module 402. The adaptive
convolution module 402 performs S205, to input features in
a last variable convolution layer of the i variable convolution
networks into the classifier 404. The classifier 404 is con-
figured to perform S206. The activation module 405 is
configured to perform S207.

[0099] The detection model training apparatus 400 may be
provided to a user as an object detection model training
service. For example, as shown in FIG. 14, the detection
model training apparatus 400 (or a part of the detection
model training apparatus 400) is deployed in a cloud envi-
ronment. The user selects a backbone network type and
some configuration parameters, and places a training image
and a prior result of the training image into the storage
module 406, and then starts the detection model training
apparatus 400 to train the object detection model 401. The
trained object detection model 401 is provided to the user,
and the user may run the object detection model 401 in a
terminal environment of the user or directly sell the object
detection model 401 to a third party for use.

[0100] This application further provides a computing
device 500. As shown in FIG. 15, the computing device 500
includes a bus 501, a processor 502, a communications
interface 503, and a memory 504. The processor 502, the
memory 504, and the communications interface 503 com-
municate with each other through the bus 501.

[0101] The processor may be a central processing unit
(CPU). The memory may include a volatile memory, for
example, a RAM. The memory may alternatively include a
non-volatile memory, for example, a read-only memory
(ROM), a flash memory, an HDD, or an SSD. The memory
stores an executable code, and the processor executes the
executable code to perform the foregoing object detection
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method. The memory may alternatively include a software
module required by another running process, such as an
operating system. The operating system may be Linux™,
UNIX™, Windows™, or the like.

[0102] The memory of the computing device 500 stores
code corresponding to each module of the detection model
training apparatus 400. The processor 502 executes the code
to implement a function of each module of the detection
model training apparatus 400, to be specific, performs the
method shown in FIG. 13. The computing device 500 may
be a computing device in a cloud environment, a computing
device in an edge environment, or a computing device in a
terminal environment.

[0103] As shown in FIG. 2, various parts of the detection
model training apparatus 400 may be executed on a plurality
of computing devices in different environments. Therefore,
this application further provides a computing device system.
As shown in FIG. 16A, FIG. 16B, and FIG. 16C, the
computing device system includes a plurality of computing
devices 600. A structure of each computing device 600 is the
same as a structure of the computing device 500 in FIG. 15.
A communication path is established between the computing
devices 600 using a communications network. Any one or
more of an adaptive convolution module 402, a backbone
network 403, a classifier 404, an activation module 405, a
storage module 406, and an initialization module 407 is or
are run on each computing device 600 activation. Any one
of the computing devices 600 may be a computing device in
a cloud environment, a computing device in an edge envi-
ronment, or a computing device in a terminal environment.
[0104] Further, as shown in FIG. 17A, FIG. 17B, and FIG.
17C, because a space occupied by a prior result of a training
image and the training image is large, the computing device
600 may not be able to store all training images and prior
results of all the training images. This application further
provides a computing device system. A storage module 406
is deployed in a cloud storage service (for example, an
object storage service). A user applies for a storage space of
a specific capacity in the cloud storage service as the storage
module 406, and stores the training image and the prior
result of the training image into the storage module 406.
When a computing device 600 runs, the training image and
the prior result of the training image that are required are
obtained from the remote storage module 406 using a
communications network. Any one or more of an adaptive
convolution module 402, a backbone network 403, a clas-
sifier 404, an activation module 405, and an initialization
module 407 is or are run on each computing device 600
activation. Any one of the computing devices 600 may be a
computing device in a cloud environment, a computing
device in an edge environment, or a computing device in a
terminal environment.

[0105] A description of a procedure corresponding to each
of the foregoing accompanying drawings has a focus. For a
part that is not described in detail in a procedure, refer to a
related description of another procedure.

[0106] All or some of the foregoing embodiments may be
implemented by software, hardware, firmware, or any com-
bination thereof. When software is used to implement the
embodiments, the embodiments may be implemented com-
pletely or partially in a form of'a computer program product.
The computer program product includes one or more com-
puter instructions. When the computer program instructions
are loaded and executed on the computer, the procedure or
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functions according to the embodiments of the present
disclosure are all or partially generated. The computer may
be a general-purpose computer, a dedicated computer, a
computer network, or another programmable apparatus. The
computer instructions may be stored in a computer-readable
storage medium or may be transmitted from a computer-
readable storage medium to another computer-readable stor-
age medium. For example, the computer instructions may be
transmitted from a website, computer, server, or data center
to another website, computer, server, or data center in a
wired (for example, a coaxial cable, an optical fiber, or a
digital subscriber line) or wireless (for example, infrared,
radio, microwave, or the like) manner. The computer-read-
able storage medium may be any usable medium accessible
by a computer, or a data storage device, such as a server or
a data center, integrating one or more usable media. The
usable medium may be a magnetic medium (for example, a
FLOPPY DISK, a hard disk, or a magnetic tape), an optical
medium (for example, a digital versatile disc (DVD)), or a
semiconductor medium (for example, an SSD).

What is claimed is:

1. An object detection model training method imple-
mented by a computing device, wherein the method com-
prises:

obtaining a system parameter comprising at least one of a

receptive field of a backbone network of an object
detection model, a first size of a training image, a
second size of a to-be-detected object in the training
image, a training computing capability, or a complexity
of the to-be-detected object;

determining a configuration parameter of i variable con-

volution networks based on the system parameter,
wherein the configuration parameter comprises at least
one of a quantity of the i variable convolution net-
works, a quantity L, of variable convolution layers
comprised in an i” variable convolution network, a
sliding span of a first convolution core of the i variable
convolution network, a maximum offset distance, or a
third size of the first convolution core, and wherein
both i and L, are integers greater than zero;

obtaining the training image;

establishing the backbone network based on the training

image;
establishing the i variable convolution networks based on
a feature map of the backbone network and the con-
figuration parameter, wherein an offset distance does
not exceed the maximum offset distance when a second
convolution core of each of the variable convolution
networks performs a convolution;
inputting features of the i variable convolution networks
into a classifier of the object detection model to obtain
the to-be-detected object in the training image;

comparing the to-be-detected object from the classifier
and a prior result of the training image to obtain a
comparison result; and

activating, based on the comparison result, at least one of

a model parameter of a third convolution core of the
backbone network, model parameters of second con-
volution cores of the i variable convolution networks,
or the maximum offset distance.

2. The method of claim 1, wherein establishing the i
variable convolution networks further comprises:

offsetting, in any direction, a first convolution sheet of a

fourth convolution core of a first variable convolution
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layer in the i variable convolution networks by a
quantity of features to obtain a second convolution
sheet, wherein the quantity of features does not exceed
the maximum offset distance; and

performing the convolution on a model parameter of the

first convolution sheet and a feature of the first variable
convolution layer corresponding to the second convo-
lution sheet to obtain a feature of a second variable
convolution layer of the i variable convolution net-
works.

3. The method of claim 1, wherein establishing the i
variable convolution networks further comprises:

offsetting, in any direction, a first convolution point in a

fifth convolution core of a third variable convolution
layer in the i variable convolution networks by a
quantity of features to obtain a second convolution
point, wherein the quantity of features does not exceed
the maximum offset distance; and

performing the convolution on a model parameter of the

first convolution point and a feature of the third vari-
able convolution layer corresponding to the second
convolution point to obtain a feature in a fourth vari-
able convolution layer of the i variable convolution
networks.

4. The method of claim 1, wherein establishing the i
variable convolution networks further comprises dividing
the feature map into i parts, and wherein the i parts respec-
tively serve as an initial variable convolution layer of the i
variable convolution networks.

5. The method of claim 1, wherein the training computing
capability indicates a computing capability of the computing
device.

6. The method of claim 1, wherein the complexity of the
to-be-detected object indicates a detection complexity of the
to-be-detected object.

7. A detection model training apparatus comprising:

an initialization system configured to:

obtain a system parameter comprising at least one of a
receptive field of a backbone network, a first size of
a training image, a second size of a to-be-detected
object in the training image, a training computing
capability, or a complexity of the to-be-detected
object; and

determine a configuration parameter of i variable con-
volution networks based on the system parameter,
wherein the configuration parameter comprises at
least one of a quantity of the i variable convolution
networks, a quantity L, of variable convolution lay-
ers comprised in an i” variable convolution network,
a sliding span of a first convolution core of the i”
variable convolution network, a maximum offset
distance, or a third size of the first convolution core,
and wherein both i and L, are integers greater than
Zero;

an object detection model system coupled to the initial-

ization system and configured to:

obtain the training image;

establish the backbone network based on the training
image;

establish the i variable convolution networks based on
a feature map of the backbone network and the
configuration parameter, wherein an offset distance
does not exceed the maximum offset distance when

10

Jan. 14, 2021

a second convolution core of each of the variable
convolution networks performs a convolution; and

input features of the i variable convolution networks
into a classifier of the object detection model system
to obtain the to-be-detected object in the training
image; and

an activation system coupled to the initialization system

and the object detection model system and configured

to:

compare the to-be-detected object of the classifier and
a prior result of the training image to obtain a
comparison result; and

activate, based on the comparison result, at least one of
a model parameter of a third convolution core of the
backbone network, model parameters of second con-
volution cores of the i variable convolution net-
works, or the maximum offset distance.

8. The apparatus of claim 7, wherein the object detection
model system is further configured to:

offset, in any direction, a first convolution sheet of a

fourth convolution core of a first variable convolution
layer in the i variable convolution networks by a
quantity of features to obtain a second convolution
sheet, wherein the quantity of features does not exceed
the maximum offset distance; and

perform the convolution on a model parameter of the first

convolution sheet and a feature of the first variable
convolution layer corresponding to the second convo-
lution sheet to obtain a feature of a second variable
convolution layer of the i variable convolution net-
works.

9. The apparatus of claim 7, wherein the object detection
model system is further configured to:

offset, in any direction, a first convolution point in a fifth

convolution core of a third variable convolution layer
in the 1 variable convolution networks by a quantity of
features to obtain a second convolution point, wherein
the quantity of features does not exceed the maximum
offset distance; and

perform the convolution on a model parameter of the first

convolution point and a feature of the third variable
convolution layer corresponding to the second convo-
Iution point to obtain a feature in a fourth variable
convolution layer of the i variable convolution net-
works.

10. The apparatus of claim 7, wherein the object detection
model system is further configured to divide the feature map
into i parts, and wherein the i parts respectively serve as an
initial variable convolution layer of the i variable convolu-
tion networks.

11. The apparatus of claim 7, wherein the training com-
puting capability indicates a computing capability of the
detection model training apparatus.

12. The apparatus of claim 7, wherein the complexity of
the to-be-detected object indicates a detection complexity of
the to-be-detected object.

13. A computing device system comprising a plurality of
computing devices, wherein each of the computing devices
comprises:

a memory configured to store instructions; and

a processor coupled to the memory, wherein the instruc-

tions cause the processor to be configured to:
obtain a system parameter comprising at least one of a
receptive field of a backbone network of an object
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detection model, a first size of a training image, a
second size of a to-be-detected object in the training
image, a training computing capability, or a com-
plexity of the to-be-detected object;
determine a configuration parameter of i variable con-
volution networks based on the system parameter,
wherein the configuration parameter comprises at
least one of a quantity of the i variable convolution
networks, a quantity L, of variable convolution lay-
ers comprised in an i” variable convolution network,
a sliding span of a first convolution core of the i”
variable convolution network, a maximum offset
distance, or a third size of the first convolution core,
and wherein both i and L, are integers greater than
Zero;
obtain the training image;
establish the backbone network based on the training
image;
establish the i variable convolution networks based on
a feature map of the backbone network and the
configuration parameter, wherein an offset distance
does not exceed the maximum offset distance when
a second convolution core of each of the i variable
convolution networks performs a convolution;
input features of the i variable convolution networks
into a classifier of the object detection model to
obtain the to-be-detected object in the training
image; and
compare the to-be-detected object of the classifier and
a prior result of the training image to obtain a
comparison result; and
activate, based on the comparison result, at least one of
a model parameter of a third convolution core of the
backbone network, model parameters of second con-
volution cores of the i variable convolution net-
works, or the maximum offset distance.
14. The computing device system of claim 13, wherein the
instructions further cause the processor to be configured to:
offset, in any direction, a first convolution sheet of a
fourth convolution core of a first variable convolution
layer in the i variable convolution networks by a
quantity of features to obtain a second convolution
sheet, wherein the quantity of features does not exceed
the maximum offset distance; and
perform the convolution on a model parameter of the first
convolution sheet and a feature of the first variable
convolution layer corresponding to the second convo-
lution sheet to obtain a feature of a second variable
convolution layer of the i variable convolution net-
works.
15. The computing device system of claim 13, wherein the
instructions further cause the processor to be configured to:
offset, in any direction, a first convolution point in a fifth
convolution core of a third variable convolution layer
in the 1 variable convolution networks by a quantity of
features to obtain a second convolution point, wherein
the quantity of features does not exceed the maximum
offset distance; and
perform the convolution on a model parameter of the first
convolution point and a feature of the third variable
convolution layer corresponding to the second convo-
Iution point to obtain a feature in a fourth variable
convolution layer of the i variable convolution net-
works.
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16. The computing device system of claim 13, wherein the
instructions further cause the processor to be configured to
divide the feature map into i parts, and wherein the i parts
respectively serve as an initial variable convolution layer of
the i variable convolution networks.

17. The computing device system of claim 13, wherein the
training computing capability indicates a computing capa-
bility of a corresponding computing device.

18. The computing device system of claim 13, wherein the
complexity of the to-be-detected object indicates a detection
complexity of the to-be-detected object.

19. A non-transitory computer readable storage medium
configured to store instructions that, when executed by a
computing device in a computing device system, cause the
computing device to:

obtain a system parameter comprising at least one of a

receptive field of a backbone network of an object
detection model, a first size of a training image, a
second size of a to-be-detected object in the training
image, a training computing capability, or a complexity
of the to-be-detected object;

determine a configuration parameter of i variable convo-

Iution networks based on the system parameter,
wherein the configuration parameter comprises at least
one of a quantity of the i variable convolution net-
works, a quantity L, of variable convolution layers
comprised in an i” variable convolution network, a
sliding span of a first convolution core of the i? variable
convolution network, a maximum offset distance, or a
third size of the first convolution core, and wherein
both i and L, are integers greater than zero;

obtain the training image;

establish the backbone network based on the training

image;

establish the i variable convolution networks based on a

feature map of the backbone network and the configu-
ration parameter, wherein an offset distance does not
exceed the maximum offset distance when a second
convolution core of each of the I variable convolution
networks performs a convolution;

input features of the i variable convolution networks into

a classifier of the object detection model to obtain the
to-be-detected object in the training image;

compare the to-be-detected object of the classifier and a

prior result of the training image to obtain a comparison
result; and

activate, based on the comparison result, at least one of a

model parameter of a third convolution core of the
backbone network, model parameters of second con-
volution cores of the i variable convolution networks,
or the maximum offset distance.

20. A computing program product comprising computer-
executable instructions for storage on a non-transitory com-
puter-readable medium that, when executed by a processor,
cause a computing device in a computing device system to:

obtain a system parameter comprising at least one of a

receptive field of a backbone network of an object
detection model, a first size of a training image, a
second size of a to-be-detected object in the training
image, a training computing capability, or a complexity
of the to-be-detected object;

determine a configuration parameter of i variable convo-

Iution networks based on the system parameter,
wherein the configuration parameter comprises at least
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one of a quantity of the i variable convolution net-
works, a quantity L, of variable convolution layers
comprised in an i” variable convolution network, a
sliding span of a first convolution core of the i? variable
convolution network, a maximum offset distance, or a
third size of the convolution core, and wherein both i
and L, are integers greater than zero;

obtain the training image;

establish the backbone network based on the training
image;

establish the i variable convolution networks based on a
feature map of the backbone network and the configu-
ration parameter, wherein an offset distance does not
exceed the maximum offset distance when a second
convolution core of each of the i variable convolution
networks performs a convolution;

input features of the i variable convolution networks into
a classifier of the object detection model to obtain the
to-be-detected object in the training image;

compare the to-be-detected object of the classifier and a
prior result of the training image to obtain a comparison
result; and

activate, based on the comparison result, at least one of a
model parameter of a third convolution core of the
backbone network, model parameters of second con-
volution cores of the i variable convolution networks,
or the maximum offset distance.
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