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(54) HYPERNETWORK TRAINING METHOD AND DEVICE, ELECTRONIC DEVICE AND STORAGE 
MEDIUM

(57) The present disclosure relates to a hypernet-
work training method and device, an electronic device
and a storage medium. The hypernetwork training meth-
od includes that: a multipath neural subnetwork is ac-
quired; the multipath neural subnetwork is trained to up-
date a weight parameter of each substructure; the weight
parameter of each substructure in the multipath neural
subnetwork is synchronized to an initial hypernetwork;
and when the hypernetwork converges, training is ended
and a target hypernetwork is obtained. In such a manner,
under the circumstance that a representation capability
of one path is limited, the hypernetwork is trained by use
of the multipath neural subnetwork in the embodiments,
so that a representation capability of the hypernetwork
is improved.
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Description

TECHNICAL FIELD

[0001] The present disclosure generally relates to the
technical field of deep learning, and more particularly, to
a hypernetwork training method and device, an electronic
device and a storage medium.

BACKGROUND

[0002] Neural architecture search (NAS) is generally
implemented by a single-path neural subnetwork. That
is, only one submodule is sampled in each layer of a
hypernetwork, the sampled submodules may be sequen-
tially connected in series to form a single-path neural
subnetwork, then a parameter of the submodule of each
layer may be shared in the hypernetwork, later on, single-
operation training may be performed on the single-path
neural subnetwork, and after the single-path neural sub-
network is trained, the parameter of each submodule may
be shared with the hypernetwork. In such a manner, the
operations of "sampling-parameter sharing-single-step
training-parameter updating" may be cyclically executed
till training convergence of the hypernetwork is achieved.
[0003] In such a NAS solution, only one substructure
can be sampled in each layer of each single-path neural
subnetwork trained by sampling to ensure fairness of the
sampled submodules. However, a representation capa-
bility of a neural network may be restricted.

SUMMARY

[0004] The present disclosure provides a hypernet-
work training method and device, an electronic device
and a storage medium, to overcome the shortcoming of
a related art.
[0005] According to a first aspect of embodiments of
the present disclosure, a hypernetwork training method
is provided, which may include that:
[0006] a multipath neural subnetwork is acquired
based on a preconstructed initial hypernetwork;
[0007] the multipath neural subnetwork is trained to
update a weight parameter of each substructure;
[0008] the weight parameter of each substructure in
the multipath neural subnetwork is synchronized to the
preconstructed initial hypernetwork; and
[0009] whether the preconstructed initial hypernetwork
converges is determined; in a case that the preconstruct-
ed initial hypernetwork does not converge, the operation
that the multipath neural subnetwork is acquired based
on the preconstructed initial hypernetwork is re-execut-
ed, otherwise, in a case that the preconstructed initial
hypernetwork converges, training is ended and a target
hypernetwork is obtained.
[0010] Optionally, the operation that the multipath neu-
ral subnetwork is acquired based on the preconstructed
initial hypernetwork may include that:

for each layer of the preconstructed initial hypernet-
work, at least one substructure is sampled in each
layer, and an output end configured to add an output
result of the at least one substructure is added to
obtain a substructure unit including the at least one
substructure and the output end;
each substructure unit is connected in series accord-
ing to a sequence of each layer to obtain an initial
multipath neural subnetwork; and
parameter sharing is performed on a same substruc-
ture in the preconstructed initial hypernetwork and
the initial multipath neural subnetwork to obtain a
final multipath neural subnetwork.

[0011] Optionally, in the operation that the at least one
substructure is sampled in each layer, the at least one
substructure may be sequentially sampled by a Bernoulli
sampling method, and each substructure in each layer
may be sampled at an equal probability.
[0012] Optionally, the operation that the multipath neu-
ral subnetwork is trained may include that:

a first number of training samples in a training set
are acquired; and
the first number of training samples are sequentially
input to the multipath neural subnetwork to train the
multipath neural subnetwork until the first number of
training samples are all used.

[0013] Optionally, the method may further include that:

multiple multipath neural subnetworks which are
newly acquired are evaluated based on the target
hypernetwork to obtain evaluation results; and
a multipath neural subnetwork meeting a preset con-
dition is determined to apply the determined multip-
ath neural subnetwork to a target scenario according
to the evaluation results.

[0014] Optionally, the operation that the multiple newly
acquired multipath neural subnetworks are evaluated
based on the target hypernetwork to obtain the evaluation
results may include that:

the multiple multipath neural subnetworks are ac-
quired based on the target hypernetwork;
a weight parameter of each substructure in the target
hypernetwork is shared with each corresponding
substructure in the multiple multipath neural subnet-
works; and
the multiple multipath neural subnetworks are eval-
uated to obtain the evaluation results of the multiple
multipath neural subnetworks.

[0015] Optionally, the target scenario may include, but
not limited to, at least one of image classification, target
detection, semantic segmentation, text to speech, natu-
ral language translation and speech enhancement.
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[0016] According to a second aspect of the embodi-
ments of the present disclosure, a hypernetwork training
device is provided, which may include:

a subnetwork acquisition module, configured to ac-
quire a multipath neural subnetwork based on a pre-
constructed initial hypernetwork;
a subnetwork training module, configured to train the
multipath neural subnetwork to update a weight pa-
rameter of each substructure;
a weight parameter synchronization module, config-
ured to synchronize the weight parameter of each
substructure in the multipath neural subnetwork to
the preconstructed initial hypernetwork; and
a hypernetwork acquisition module, configured to
determine whether the preconstructed initial hyper-
network converges; in a case that the preconstructed
initial hypernetwork does not converge, trigger the
subnetwork acquisition module and, in a case that
the preconstructed initial hypernetwork converges,
end training and obtain a target hypernetwork.

[0017] Optionally, the subnetwork acquisition module
may include:

a substructure acquisition unit, configured to, for
each layer of the preconstructed initial hypernet-
work, sample at least one substructure in each layer
and add an output end configured to add an output
result of the at least one substructure to obtain a
substructure unit including the at least one substruc-
ture and the output end;
a substructure series-connection unit, configured to
connect each substructure unit in series according
to a sequence of each layer to obtain an initial mul-
tipath neural subnetwork; and
a parameter sharing unit, configured to perform pa-
rameter sharing on a same substructure in the pre-
constructed initial hypernetwork and the initial mul-
tipath neural subnetwork to obtain a final multipath
neural subnetwork.

[0018] Optionally, the substructure acquisition unit
may be configured to sequentially sample the at least
one substructure by a Bernoulli sampling method, and
sample each substructure in each layer at an equal prob-
ability.
[0019] Optionally, the subnetwork training module may
include:

a training sample acquisition unit, configured to ac-
quire a first number of training samples in a training
set; and
a subnetwork training unit, configured to sequentially
input the first number of training samples to the mul-
tipath neural subnetwork to train the multipath neural
subnetwork until the first number of training samples
are all used.

[0020] Optionally, the device may further include:

an evaluation result acquisition module, configured
to evaluate multiple multipath neural subnetworks,
which are newly acquired, based on the target hy-
pernetwork to obtain evaluation results; and
a target scenario determination module, configured
to determine a multipath neural subnetwork meeting
a preset condition to apply the determined multipath
neural subnetwork to a target scenario according to
the evaluation results.

[0021] Optionally, the evaluation result acquisition
module may include:

a subnetwork acquisition unit, configured to acquire
the multiple multipath neural subnetworks based on
the target hypernetwork;
a parameter sharing unit, configured to share a
weight parameter of each substructure in the target
hypernetwork with each corresponding substructure
in the multiple multipath neural subnetworks; and
a subnetwork evaluation unit, configured to evaluate
the multiple multipath neural subnetworks to obtain
the evaluation results of the multiple multipath neural
subnetworks.

[0022] According to a third aspect of the embodiments
of the present disclosure, an electronic device is provid-
ed, which may include:

a processor; and
a memory configured to store instructions executa-
ble by the processor,
wherein the processor may be configured to execute
the executable instruction in the memory to imple-
ment the operations of the method above.

[0023] According to a fourth aspect of the embodi-
ments of the present disclosure, a readable storage me-
dium is provided, which has executable instructions
stored thereon, the executable instructions being exe-
cutable by a processor to implement the operations of
the method above.
[0024] The technical solutions provided by embodi-
ments of the present disclosure may have beneficial ef-
fects.
[0025] It can be seen from the embodiments that, in
the embodiments of the present disclosure, a multipath
neural subnetwork may be acquired, then the multipath
neural subnetwork may be trained to update a weight
parameter of each substructure, later on, the weight pa-
rameter of each substructure in the multipath neural sub-
network may be synchronized to the preconstructed ini-
tial hypernetwork, and finally, in a case that the hyper-
network converges, training may be ended and the target
hypernetwork may be obtained. In such a manner, in a
case that a representation capability of one path is limit-
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ed, the hypernetwork may be trained by the multipath
neural subnetwork in the embodiments, so that a repre-
sentation capability of the hypernetwork is improved.
[0026] It is to be understood that the above general
descriptions and detailed descriptions below are only ex-
emplary and explanatory and not intended to limit the
present disclosure.

BRIEF DESCRIPTION OF THE DRAWINGS

[0027] The accompanying drawings, which are incor-
porated in and constitute a part of this specification, il-
lustrate embodiments consistent with the present disclo-
sure and, together with the description, serve to explain
the principles of the present disclosure.

FIG. 1 is a flowchart showing a hypernetwork training
method according to an exemplary embodiment.
FIG. 2 is a structure diagram of a hypernetwork ac-
cording to an exemplary embodiment.
FIG. 3 is a flowchart showing acquisition of a multi-
path neural subnetwork according to an exemplary
embodiment.
FIG. 4 is a schematic diagram illustrating a sampled
substructure according to an exemplary embodi-
ment.
FIG. 5 is a schematic diagram illustrating parameter
sharing according to an exemplary embodiment.
FIG. 6 is a flowchart showing training of a multipath
neural subnetwork according to an exemplary em-
bodiment.
FIG. 7 is a schematic diagram illustrating synchro-
nization of a weight parameter to a hypernetwork
according to an exemplary embodiment.
FIG. 8 is a flowchart showing evaluation of a multi-
path neural subnetwork according to an exemplary
embodiment.
FIG. 9 to FIG. 13 are block diagrams of a hypernet-
work training device according to an exemplary em-
bodiment.
FIG. 14 is a block diagram of an electronic device
according to an exemplary embodiment.

DETAILED DESCRIPTION

[0028] Reference will now be made in detail to exem-
plary embodiments, examples of which are illustrated in
the accompanying drawings. The following description
refers to the accompanying drawings in which the same
numbers in different drawings represent the same or sim-
ilar elements unless otherwise represented. The imple-
mentations set forth in the following description of exem-
plary embodiments do not represent all implementations
consistent with the present disclosure. Instead, they are
merely examples of apparatuses consistent with aspects
related to the present disclosure as recited in the append-
ed claims.
[0029] The terminology used in the present disclosure

is for the purpose of describing particular embodiments
only and is not intended to limit the present disclosure.
As used in the present disclosure and the appended
claims, the singular forms "a", "an" and "the" are intended
to include the plural forms as well, unless the context
clearly indicates otherwise. It shall also be understood
that the term "and/or" used herein is intended to signify
and include any or all possible combinations of one or
more of the associated listed items.
[0030] It is to be understood that "first," "second," and
similar terms used in the specification and claims of the
present application are not to represent any sequence,
number or importance but only to distinguish different
parts. Likewise, similar terms such as "one" or "a/an" also
do not represent a number limit but represent "at least
one". Terms like "include" refer to that an element or ob-
ject appearing before "include" covers an element or ob-
ject and equivalent thereof listed after "include" and does
not exclude another element or object. Similar terms such
as "connect" are not limited to physical or mechanical
connection, and may include electrical connection, either
direct or indirect.
[0031] NAS is generally implemented by a single-path
neural subnetwork. That is, only one submodule is sam-
pled in each layer of a hypernetwork, the sampled sub-
modules may be sequentially connected in series to form
a single-path neural subnetwork, then a parameter of the
submodule of each layer may be shared in the hypernet-
work, later on, single-operation training may be per-
formed on the single-path neural subnetwork, and after
the single-path neural subnetwork is trained, the param-
eter of each submodule may be shared with the hyper-
network. In such a manner, the operations of "sampling-
parameter sharing-single-operation training-parameter
updating" may be cyclically executed till training conver-
gence of the hypernetwork is achieved.
[0032] In such a NAS solution, only one substructure
can be sampled in each layer of each single-path neural
subnetwork trained by sampling to ensure fairness of the
sampled submodules. However, a representation capa-
bility of a neural network may be restricted.
[0033] The embodiments of the present disclosure pro-
vide a hypernetwork training method. FIG. 1 is a flowchart
showing a hypernetwork training method according to an
exemplary embodiment. It is to be noted that the hyper-
network training method may be applied to at least one
of the following target scenarios: image classification, tar-
get detection, semantic segmentation, text to speech,
natural language translation and speech enhancement,
and there are no limits made herein. Referring to FIG. 1,
the hypernetwork training method may include Operation
101 to Operation 104.
[0034] In Operation 101, a multipath neural subnet-
work is acquired based on a preconstructed initial hyper-
network.
[0035] In an embodiment, a hypernetwork may be pre-
constructed, as shown in FIG. 2. The hypernetwork may
be a network including all network structure search spac-
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es. The hypernetwork may include multiple layers, and
each layer may include multiple selectable substruc-
tures. The hypernetwork shown in FIG. 2 only presents
first four layers; the second layer may include multiple
substructures, and only substructure A, substructure B
and substructure C are presented.
[0036] Each substructure may include numerous types
of optional operators, for example, convolution and pool-
ing. Each type of operator may include hyper-parameters
(for example, a convolution size and a convolution step
length) and weight parameters. The hypernetwork may
be constructed according to a construction method in the
related art, and elaborations are omitted herein.
[0037] After the hypernetwork is constructed, values
of the weight parameters thereof may be initialized by an
initialization method in the related art, for example, zero
initialization, random initialization or He initialization, and
there are no limits made herein. For the hypernetwork,
weight parameters obtained by previous training may al-
so be adopted as initialized values of weight parameters
obtained by present training, and in such a manner, an
initialized hypernetwork, i.e., the preconstructed initial
hypernetwork, may be obtained.
[0038] In an embodiment, the multipath neural subnet-
work may be acquired based on the preconstructed initial
hypernetwork. Referring to FIG. 3, for each layer of the
preconstructed neural hypernetwork, at least one sub-
structure may be sampled in each layer, and an output
end configured to add an output result of the at least one
substructure may be added to obtain a substructure unit
that includes the at least one substructure and the output
end (corresponding to Operation 301 in FIG. 3). For con-
venient description, in the embodiment, at least one sub-
structure and an output end are described as a substruc-
ture unit. During a practical application, no additional op-
eration is needed for division of the substructure unit.
[0039] It is to be noted that, in a training process, sam-
pling a substructure in a layer is independent from sam-
pling a substructure in another layer, and sampling of
each substructure in the same layer may be also inde-
pendent. In the example, a Bernoulli sampling method is
adopted, and each substructure may be activated or not
activated at an equal probability, namely a substructure
has two states, i.e., sampled or not sampled, in a sam-
pling process, so that sampling fairness of each substruc-
ture can be ensured, and stability of a training effect can
further be ensured.
[0040] Referring to FIG. 4, for example, three substruc-
tures, i.e., the substructure A, the substructure B and the
substructure C, may be sampled from the second layer,
and outputs of the three substructures may be connected
to an output end (the output end is represented with "+"
in FIG. 4). The output end may add output results of the
three substructures, and an addition result may be de-
termined as input data of each substructure in a next
layer, so that a dimension of input data of each layer may
be reduced, and a calculated amount may be reduced.
[0041] It is to be noted that, in the embodiment, dimen-

sions of output data of substructures in the same layer
can be theoretically the same, and when the dimensions
are different, preset values (for example, 0) may be add-
ed to the low dimensions to enable all the substructures
in the same layer to have the same dimension, thereby
ensuring an addition effect of the data in the same layer.
Considering a function of a convolution kernel for increas-
ing or decreasing a dimension, a 1∗1 convolution kernel
may also be set on each substructure to keep the same
dimension of the output data of all the substructures. The
corresponding solution falls within the scope of protection
of the present disclosure.
[0042] Then, each substructure unit may be connected
in series according to a sequence of each layer to obtain
an initial multipath neural subnetwork (corresponding to
Operation 302 in FIG. 3). During the practical application,
the substructures in each layer may be connected to the
output end of the substructure unit of the upper layer
respectively, namely the input data of each substructure
in the same layer is the same. It can be understood that,
since each layer includes at least one substructure, the
subnetwork formed by series connection may include
multiple paths from an input end to an output end and is
called a multipath neural subnetwork.
[0043] Later on, parameter sharing may be performed
on the same substructure in the preconstructed initial hy-
pernetwork and the initial multipath neural subnetwork
to obtain a final multipath neural subnetwork (corre-
sponding to Operation 303 in FIG. 3). Parameter sharing
refers to that a weight parameter of each substructure in
the multipath neural subnetwork is the same as a weight
parameter of the corresponding substructure in the hy-
pernetwork. Referring to FIG. 5, in a parameter sharing
process, the weight parameter of the substructure A in
the second layer of the hypernetwork may be shared with
the substructure A in the second layer of the multipath
neural subnetwork, the weight parameter of the substruc-
ture B in the second layer of the hypernetwork may be
shared to the substructure B in the second layer of the
multipath neural subnetwork, and the weight parameter
of the substructure C in the second layer of the hyper-
network may be shared to the substructure C in the sec-
ond layer of the multipath neural subnetwork. The oper-
ation may be repeated to assign values to the weight
parameters of all the substructures in the multipath neural
subnetwork.
[0044] In Operation 102, the multipath neural subnet-
work is trained to update a weight parameter of each
substructure.
[0045] In an embodiment, a training set may be preset,
the training set including a certain number of training
samples. The certain number may be set according to a
specific scenario to be, for example, tens of thousands
to hundreds of thousands, and there are no limits made
herein. In an example, the training samples in the training
set may be grouped, each group including a first number
of training samples and the first number being thousands,
so that the number of samples for training each time can
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be reduced and the training efficiency can be improved.
During the practical application, training may be per-
formed on all the samples in the training set to complete
an epoch (which can be understood as a round of train-
ing). If the training set includes 20,000 training samples
and a batch size (which can be understood as a group
size) is 100, then a batch number (which can be under-
stood as the number of groups) of the training set is
20,000/100=200, so that the batch number required in
each epoch is 200. That is, each multipath neural sub-
network requires 100 training samples, and 200 multipath
neural subnetworks are trained to complete an epoch.
[0046] In an embodiment, training, for example, single-
step training, may be performed on the multipath neural
subnetwork by use of the training samples. Referring to
FIG. 6, the first number of training samples in the training
set may be acquired (corresponding to Operation 601 in
FIG. 6), and then the first number of training samples are
sequentially input to the multipath neural subnetwork to
train the multipath neural subnetwork until the first
number of training samples are all used (corresponding
to Operation 602 in FIG. 6). It is to be noted that, training
of the multipath neural subnetwork may only use part of
the training samples in the training set, as long as the
weight parameter of each substructure can change, so
that training time may be shortened. Moreover, when the
multipath neural subnetwork is trained, it is unnecessary
to ensure convergence of the multipath neural subnet-
work, which is also favorable for saving the training time
and improving the training efficiency.
[0047] It is to be noted that different multipath neural
subnetworks may be trained by different training sam-
ples. For example, the training set may be divided into
10 groups, each multipath neural subnetwork may be
trained by use of one group of training samples, and un-
der the circumstance that training times are enough, each
path may be fully trained, so that the representation ca-
pability of the hypernetwork is improved. In addition, after
the hypernetwork converges, the representation capa-
bility of the sampled multipath neural subnetwork is also
higher than that of a multipath neural subnetwork in the
related art.
[0048] In Operation 103, the weight parameter of each
substructure in the multipath neural subnetwork is syn-
chronized to the preconstructed initial hypernetwork.
[0049] In an embodiment, the weight parameter of
each substructure in the trained multipath neural subnet-
work may be synchronized to the preconstructed initial
hypernetwork. It can be understood that such a weight
parameter synchronization can be understood as an in-
verse process of parameter sharing in Operation 303,
and an effect thereof is shown in FIG. 7. Therefore, the
weight parameters of the hypernetwork may be substan-
tially updated once, thus achieving an effect of indirectly
training the hypernetwork.
[0050] In Operation 104, whether the preconstructed
initial hypernetwork converges is determined; if NO, the
operation that the multipath neural subnetwork is ac-

quired based on the preconstructed initial hypernetwork
is re-executed, otherwise if YES, training is ended and a
target hypernetwork is obtained.
[0051] In an embodiment, every time when values of
the weight parameters are updated, whether the precon-
structed initial hypernetwork converges may be deter-
mined; in a case that the preconstructed initial hypernet-
work does not converge, the Operation 101 is re-execut-
ed, namely the operation that the multipath neural sub-
network is acquired based on the preconstructed initial
hypernetwork is continued to be executed; and in a case
that the preconstructed initial hypernetwork converges,
training is ended and the target hypernetwork is obtained.
For example, whether a value of a loss function is less
than or equal to a preset threshold may be determined;
if NO, it is indicated that the preconstructed initial hyper-
network does not converge, and Operation 101 is re-
executed; and if YES, it is indicated that the preconstruct-
ed initial hypernetwork converges, and the present initial
hypernetwork is determined as the target hypernetwork.
[0052] In an embodiment, after the target hypernet-
work is obtained, in combination with the target scenario
that the target hypernetwork is applied to, the hypernet-
work training method may further include an operation
that the multipath neural subnetwork is evaluated. Re-
ferring to FIG. 8, according to the embodiment shown in
FIG. 3, multiple multipath neural subnetworks may be
acquired based on the target hypernetwork, and the
weight parameter of each substructure in the target hy-
pernetwork may be shared with each corresponding sub-
structure in the multiple multipath neural subnetworks.
The multiple newly acquired multipath neural subnet-
works may be evaluated to obtain evaluation results (cor-
responding to Operation 801 in FIG. 8). Then, the multi-
path neural subnetwork meeting a preset condition may
be determined to apply the determined multipath neural
subnetwork to a target scenario according to the evalu-
ation results (corresponding to Operation 802 in FIG. 8).
[0053] It is to be noted that the target scenario includes,
but not limited to, at least one of image classification,
target detection, semantic segmentation, text to speech,
natural language translation and speech enhancement.
The technician may set the target scenario according to
a specific scenario.
[0054] It is to be noted that the multipath neural sub-
network is sampled from the target hypernetwork and
applied to the target scenario, therefore, when evaluation
indexes are designed, some relative indexes, for exam-
ple, model accuracy achieved by training based on a
small dataset and a low resolution or model accuracy
achieved after training of a small number of epochs, for
the target scenario may be designed. An optimal multi-
path neural subnetwork of any multiple multipath neural
subnetworks may be determined according to evaluation
results corresponding to the relative indexes, and then
may be applied to the target scenario. In other words,
the preset condition may refer to an optimal value of the
evaluation results of the multiple multipath neural sub-
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networks.
[0055] According to the embodiments of the present
disclosure, a multipath neural subnetwork may be ac-
quired, then the multipath neural subnetwork may be
trained to update a weight parameter of each substruc-
ture, then the weight parameter of each substructure in
the multipath neural subnetwork may be synchronized
to a preconstructed initial hypernetwork, and finally, when
the hypernetwork converges, training may be ended and
a target hypernetwork may be obtained. In such a man-
ner, under the circumstance that a representation capa-
bility of one path is limited, the hypernetwork may be
trained by use of the multipath neural subnetwork in the
embodiments, so that a representation capability of the
hypernetwork may be improved.
[0056] For describing the technical solution provided
in the embodiment of the present disclosure in detail, the
following embodiments are provided.
[0057] Image classification is taken as an example.
There is made such a hypothesis that an image training
set D may be divided into N batches, each batch may
include M pieces of image data, each piece of image data
may correspond to a classification label and there are K
types. Then, a hypernetwork may be trained by use of
the image training set and the abovementioned hyper-
network training method. After training, a convergent hy-
pernetwork may be obtained.
[0058] Later on, multipath neural subnetworks may be
sampled from the hypernetwork, and a parameter of each
substructure in the hypernetwork may be shared, thereby
obtaining a performance index of each multipath neural
subnetwork on the image training set.
[0059] Moreover, a subnetwork suitable for an image
classification scenario may be selected from the multip-
ath neural subnetworks according to the performance
indexes and serve as a model finally used for a practical
scenario.
[0060] It is to be noted that the difference between the
image classification and other image, speech and natural
language processing tasks is that a speech training set
and another performance index evaluation method are
adopted instead, other processes are similar to the
abovementioned image classification model acquisition
manner, and thus image, speech and natural language
processing models for practical scenarios are finally ob-
tained. Elaborations are omitted herein.
[0061] FIG. 9 is a block diagram of a hypernetwork
training device according to an exemplary embodiment.
The hypernetwork training device may include:

a subnetwork acquisition module 901, configured to
acquire a multipath neural subnetwork based on a
preconstructed initial hypernetwork;
a subnetwork training module 902, configured to
train the multipath neural subnetwork to update a
weight parameter of each substructure;
a weight parameter synchronization module 903,
configured to synchronize the weight parameter of

each substructure in the multipath neural subnet-
work to the preconstructed initial hypernetwork; and
a hypernetwork acquisition module 904, configured
to determine whether the preconstructed initial hy-
pernetwork converges; in a case that the precon-
structed initial hypernetwork does not converge, trig-
ger the subnetwork acquisition module and, in a case
that the preconstructed initial hypernetwork converg-
es, end training and obtain a target hypernetwork.

[0062] FIG. 10 is a block diagram of a hypernetwork
training device according to an exemplary embodiment.
Based on the hypernetwork training device shown in FIG.
9, the subnetwork acquisition module 901 as shown in
FIG. 10 may include:

a substructure acquisition unit 1001, configured to,
for each layer of the preconstructed initial hypernet-
work, sample at least one substructure in each layer
and add an output end configured to add an output
result of the at least one substructure to obtain a
substructure unit including the at least one substruc-
ture and the output end;
a substructure series-connection unit 1002, config-
ured to connect each substructure unit in series ac-
cording to a sequence of each layer to obtain an
initial multipath neural subnetwork; and
a parameter sharing unit 1003, configured to perform
parameter sharing on a same substructure in the pre-
constructed initial hypernetwork and the initial mul-
tipath neural subnetwork to obtain a final multipath
neural subnetwork.

[0063] In an embodiment, the substructure acquisition
unit 1001 may be configured to sequentially sample the
at least one substructure by a Bernoulli sampling method,
and sample each substructure in each layer at an equal
probability.
[0064] FIG. 11 is a block diagram of a hypernetwork
training device according to an exemplary embodiment.
Based on the hypernetwork training device shown in FIG.
9, the training module 902 as shown in FIG. 11 may in-
clude:

a training sample acquisition unit 1101, configured
to acquire a first number of training samples in a
training set; and
a subnetwork training unit 1102, configured to se-
quentially input the first number of training samples
to the multipath neural subnetwork to train the mul-
tipath neural subnetwork until the first number of
training samples are all used.

[0065] FIG. 12 is a block diagram of a hypernetwork
training device according to an exemplary embodiment.
Based on the hypernetwork training device shown in FIG.
9, the device as shown in FIG. 12 may further include:
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an evaluation result acquisition module 1201, con-
figured to evaluate multiple newly acquired multipath
neural subnetworks based on the target hypernet-
work to obtain evaluation results; and
a target scenario determination module 1202, con-
figured to determine the multipath neural subnetwork
meeting a preset condition to apply the determined
multipath neural subnetwork to a target scenario ac-
cording to the evaluation results.

[0066] FIG. 13 is a block diagram of a hypernetwork
training device according to an exemplary embodiment.
Based on the hypernetwork training device shown in FIG.
12, the evaluation result acquisition module 1201 may
include:

a subnetwork acquisition unit 1301, configured to ac-
quire the multiple multipath neural subnetworks
based on the target hypernetwork;
a parameter sharing unit 1302, configured to share
the weight parameter of each substructure in the tar-
get hypernetwork with each corresponding substruc-
ture in the multiple multipath neural subnetworks;
and
a subnetwork evaluation unit 1303, configured to
evaluate the multiple multipath neural subnetworks
to obtain the evaluation results of the multiple multi-
path neural subnetworks.

[0067] With respect to the device in the above embod-
iment, the specific manners for performing operations for
individual modules therein have been described in detail
in the embodiment regarding the method, which will not
be elaborated herein.
[0068] According to the embodiments of the present
disclosure, a multipath neural subnetwork may be ac-
quired, then the multipath neural subnetwork may be
trained to update a weight parameter of each substruc-
ture, later on, the weight parameter of each substructure
in the multipath neural subnetwork may be synchronized
to the preconstructed initial hypernetwork, and finally,
when the hypernetwork converges, training may be end-
ed and a target hypernetwork may be obtained. In such
a manner, under the circumstance that a representation
capability of one path is limited, the hypernetwork may
be trained by use of the multipath neural subnetwork in
the embodiments, so that a representation capability of
the hypernetwork is improved.
[0069] FIG. 14 is a block diagram of an electronic de-
vice according to an exemplary embodiment. For exam-
ple, the electronic device 1400 may be a smart phone, a
computer, a digital broadcast terminal, a tablet, a medical
device, exercise equipment, a personal digital assistant
and the like.
[0070] The electronic device 1400 may include one or
more of the following components: a processing compo-
nent 1402, a memory 1404, a power component 1406,
a multimedia component 1408, an audio component

1410, an Input/Output (I/O) interface 1412, a sensor com-
ponent 1414, a communication component 1416 and an
image acquisition component 1418.
[0071] The processing component 1402 is typically
configured to control overall operations of the electronic
device 1400, such as the operations associated with dis-
play, telephone calls, data communications, camera op-
erations, and recording operations. The processing com-
ponent 1402 may include one or more processors 1420
to execute instructions. Moreover, the processing com-
ponent 1402 may include one or more modules which
facilitate interaction between the processing component
1402 and the other components. For instance, the
processing component 1402 may include a multimedia
module to facilitate interaction between the multimedia
component 1408 and the processing component 1402.
[0072] The memory 1404 is configured to store various
types of data to support the operation of the electronic
device 1400. Examples of such data include instructions
for any application programs or methods operated on the
electronic device 1400, contact data, phonebook data,
messages, pictures, video, etc. The memory 1404 may
be implemented by any type of volatile or non-volatile
memory devices, or a combination thereof, such as a
Static Random Access Memory (SRAM), an Electrically
Erasable Programmable Read-Only Memory (EEP-
ROM), an Erasable Programmable Read-Only Memory
(EPROM), a Programmable Read-Only Memory
(PROM), a Read-Only Memory (ROM), a magnetic mem-
ory, a flash memory, and a magnetic or optical disk.
[0073] The power component 1406 is configured to
provide power for various components of the electronic
device 1400. The power component 1406 may include a
power management system, one or more power sup-
plies, and other components associated with generation,
management and distribution of power for the electronic
device 1400.
[0074] The multimedia component 1408 may include
a screen providing an output interface between the elec-
tronic device 1400 and a target object. In some embod-
iments, the screen may include a Liquid Crystal Display
(LCD) and a Touch Panel (TP). In a case that the screen
includes the TP, the screen may be implemented as a
touch screen to receive an input signal from the target
object. The TP includes one or more touch sensors to
sense touches, swipes and gestures on the TP. The
touch sensors may not only sense a boundary of a touch
or swipe action but also detect a duration and pressure
associated with the touch or swipe action.
[0075] The audio component 1410 is configured to out-
put and/or input an audio signal. For example, the audio
component 1410 may include a Microphone (MIC), and
the MIC is configured to receive an external audio signal
when the electronic device 1400 is in the operation mode,
such as a call mode, a recording mode and a voice rec-
ognition mode. The received audio signal may further be
stored in the memory 1404 or sent through the commu-
nication component 1416. In some embodiments, the au-
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dio component 1410 further includes a speaker config-
ured to output the audio signal.
[0076] The I/O interface 1412 is configured to provide
an interface between the processing component 1402
and a peripheral interface module, and the peripheral
interface module may be a keyboard, a click wheel, a
button and the like.
[0077] The sensor component 1414 may include one
or more sensors configured to provide status assessment
in various aspects for the electronic device 1400. For
instance, the sensor component 1414 may detect an
on/off status of the electronic device 1400 and relative
positioning of components, such as a display screen and
small keyboard of the electronic device 1400, and the
sensor component 1414 may further detect a change in
a position of the electronic device 1400 or a component,
presence or absence of contact between the target object
and the electronic device 1400, orientation or accelera-
tion/deceleration of the electronic device 1400 and a
change in temperature of the electronic device 1400.
[0078] The communication component 1416 is config-
ured to facilitate wired or wireless communication be-
tween the electronic device 1400 and another device.
The electronic device 1400 may access a communica-
tion-standard-based wireless network, such as a Wire-
less Fidelity (WiFi) network, a 2nd-Generation (2G) or
3rd-Generation (3G) network, 4G, 5G or a combination
thereof. In an exemplary embodiment, the communica-
tion component 1416 receives a broadcast signal or
broadcast associated information from an external
broadcast management system through a broadcast
channel. In an exemplary embodiment, the communica-
tion component 1416 further includes a Near Field Com-
munication (NFC) module to facilitate short-range com-
munication. For example, the NFC module may be im-
plemented based on a Radio Frequency Identification
(RFID) technology, an Infared Data Association (IrDA)
technology, an Ultra-Wide Band (UWB) technology, a
Bluetooth (BT) technology and another technology.
[0079] In an exemplary embodiment, the electronic de-
vice 1400 may be implemented by one or more Applica-
tion Specific Integrated Circuits (ASICs), Digital Signal
Processors (DSPs), Digital Signal Processing Devices
(DSPDs), Programmable Logic Devices (PLDs), Field
Programmable Gate Arrays (FPGAs), controllers, micro-
controllers, microprocessors or other electronic compo-
nents.
[0080] Other implementation solutions of the present
disclosure will be apparent to those skilled in the art from
consideration of the specification and practice of the
present disclosure. This present disclosure is intended
to cover any variations, uses, or adaptations following
the general principles thereof and including such depar-
tures from the present disclosure as come within known
or customary practice in the art. It is intended that the
specification and examples be considered as exemplary
only, with a true scope of the present disclosure being
indicated by the following claims.

[0081] It will be appreciated that the present disclosure
is not limited to the exact construction that has been de-
scribed above and illustrated in the accompanying draw-
ings, and that various modifications and changes may
be made without departing from the scope thereof. It is
intended that the scope of the present disclosure only be
limited by the appended claims.

Claims

1. A hypernetwork training method, comprising:

acquiring a multipath neural subnetwork based
on a preconstructed initial hypernetwork;
training the multipath neural subnetwork to up-
date a weight parameter of each substructure;
synchronizing the weight parameter of each
substructure in the multipath neural subnetwork
to the preconstructed initial hypernetwork; and
determining whether the preconstructed initial
hypernetwork converges; in a case that the pre-
constructed initial hypernetwork does not con-
verge, re-executing the operation of acquiring
the multipath neural subnetwork based on the
preconstructed initial hypernetwork, otherwise,
in a case that the preconstructed initial hyper-
network converges, ending training and obtain-
ing a target hypernetwork.

2. The hypernetwork training method of claim 1, where-
in acquiring the multipath neural subnetwork based
on the preconstructed initial hypernetwork compris-
es:

for each layer of the preconstructed initial hy-
pernetwork, sampling at least one substructure
in each layer, and adding an output end config-
ured to add an output result of the at least one
substructure to obtain a substructure unit com-
prising the at least one substructure and the out-
put end;
connecting each substructure unit in series ac-
cording to a sequence of each layer to obtain an
initial multipath neural subnetwork; and
performing parameter sharing on a same sub-
structure in the preconstructed initial hypernet-
work and the initial multipath neural subnetwork
to obtain a final multipath neural subnetwork.

3. The hypernetwork training method of claim 2, where-
in sampling the at least one substructure in each
layer comprises:

sequentially sampling the at least one substruc-
ture by a Bernoulli sampling method, and
sampling each substructure in each layer at an
equal probability.
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4. The hypernetwork training method of any one of
claims 1 to 3, wherein training the multipath neural
subnetwork comprises:

acquiring a first number of training samples in a
training set; and
sequentially inputting the first number of training
samples to the multipath neural subnetwork to
train the multipath neural subnetwork until the
first number of training samples are all used.

5. The hypernetwork training method of any one of
claims 1 to 4, further comprising:

evaluating multiple multipath neural subnet-
works, which are newly acquired, based on the
target hypernetwork to obtain evaluation results;
and
determining a multipath neural subnetwork
meeting a preset condition to apply the deter-
mined multipath neural subnetwork to a target
scenario according to the evaluation results.

6. The hypernetwork training method of claim 5, where-
in evaluating the multiple multipath neural subnet-
works, which are newly acquired, based on the target
hypernetwork to obtain the evaluation results com-
prises:

acquiring the multiple multipath neural subnet-
works based on the target hypernetwork;
sharing a weight parameter of each substructure
in the target hypernetwork with each corre-
sponding substructure in the multiple multipath
neural subnetworks; and
evaluating the multiple multipath neural subnet-
works to obtain the evaluation results of the mul-
tiple multipath neural subnetworks.

7. The hypernetwork training method of claim 5, where-
in the target scenario comprises at least one of image
classification, target detection, semantic segmenta-
tion, text to speech, natural language translation and
speech enhancement.

8. A hypernetwork training device, comprising:

a subnetwork acquisition module, configured to
acquire a multipath neural subnetwork based on
a preconstructed initial hypernetwork;
a subnetwork training module, configured to
train the multipath neural subnetwork to update
a weight parameter of each substructure;
a weight parameter synchronization module,
configured to synchronize the weight parameter
of each substructure in the multipath neural sub-
network to the preconstructed initial hypernet-
work; and

a hypernetwork acquisition module, configured
to determine whether the preconstructed initial
hypernetwork converges; in a case that the pre-
constructed initial hypernetwork does not con-
verge, trigger the subnetwork acquisition mod-
ule and, in a case that the preconstructed initial
hypernetwork converges, end training and ob-
tain a target hypernetwork.

9. The hypernetwork training device of claim 8, wherein
the subnetwork acquisition module comprises:

a substructure acquisition unit, configured to, for
each layer of the preconstructed initial hypernet-
work, sample at least one substructure in each
layer and add an output end configured to add
an output result of the at least one substructure
to obtain a substructure unit comprising the at
least one substructure and the output end;
a substructure series-connection unit, config-
ured to connect each substructure unit in series
according to a sequence of each layer to obtain
an initial multipath neural subnetwork; and
a parameter sharing unit, configured to perform
parameter sharing on a same substructure in
the preconstructed initial hypernetwork and the
initial multipath neural subnetwork to obtain a
final multipath neural subnetwork.

10. The hypernetwork training device of claim 9, wherein
the substructure acquisition unit is configured to se-
quentially sample the at least one substructure by a
Bernoulli sampling method, and sample each sub-
structure in each layer at an equal probability.

11. The hypernetwork training device of any one of
claims 8 to 10, wherein the subnetwork training mod-
ule comprises:

a training sample acquisition unit, configured to
acquire a first number of training samples in a
training set; and
a subnetwork training unit, configured to se-
quentially input the first number of training sam-
ples to the multipath neural subnetwork to train
the multipath neural subnetwork until the first
number of training samples are all used.

12. The hypernetwork training device of any one of
claims 8 to 11, further comprising:

an evaluation result acquisition module, config-
ured to evaluate multiple multipath neural sub-
networks, which are newly acquired, based on
the target hypernetwork to obtain evaluation re-
sults; and
a target scenario determination module, config-
ured to determine a multipath neural subnetwork
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meeting a preset condition to apply the deter-
mined multipath neural subnetwork to a target
scenario according to the evaluation results.

13. The hypernetwork training device of claim 12, where-
in the evaluation result acquisition module compris-
es:

a subnetwork acquisition unit, configured to ac-
quire the multiple multipath neural subnetworks
based on the target hypernetwork;
a parameter sharing unit, configured to share a
weight parameter of each substructure in the tar-
get hypernetwork with each corresponding sub-
structure in the multiple multipath neural subnet-
works; and
a subnetwork evaluation unit, configured to eval-
uate the multiple multipath neural subnetworks
to obtain the evaluation results of the multiple
multipath neural subnetworks.

14. An electronic device, comprising:

a processor; and
a memory configured to store instructions exe-
cutable by the processor,
wherein the processor is configured to execute
the executable instruction in the memory to im-
plement the operations of the method of any one
of claims 1-7.

15. A readable storage medium, having executable in-
structions stored thereon that, when executed by a
processor, enable the processor to implement the
operations of the method of any one of claims 1-7.
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