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Description 

Title of the Invention 

PROCESSING SYSTEM, AND PROCESSING METHOD 

 

Technical Field 

[0001] The present disclosure relates to a processing system and a processing method. 

 

Background Art 

[0002] Because an amount of data collected by IoT devices represented by sensors is large, an 

enormous amount of communication is generated when the collected data is aggregated and 

processed by cloud computing. For this reason, attention is being focused on edge computing for 

processing collected data in edge devices close to users. 

[0003] However, resources such as an amount of computation or a memory used in the edge 

device are poor as compared with a device (hereinafter, described as a cloud for convenience) 

other than the edge device, which is physically and logically disposed farther from a user than 

the edge device. For this reason, when processing with a large computation load is performed by 

the edge device, it may take a large amount of time to complete the processing or to complete 

other processing with a smaller amount of computation. 

[0004] Here, one of processing with a large amount of computation may be processing related 

to machine training. NPL 1 proposes application of so-called adaptive training to an edge cloud. 

That is, in a method described in NPL 1, a trained model trained using general-purpose training 

data in a cloud is developed in an edge device, and training is performed again on the model 

trained in the cloud using data acquired by the edge device, thereby achieving an operation 

taking advantage of the cloud and the edge device. 
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Processing Society of Japan, 2018 (1), 3-4, 2018-03-13. 

 

Summary of the Invention 

Technical Problem 

[0006] However, the method described in NPL 1 has not been examined for inference 

processing. In inference, an amount of computation becomes larger when data that is a 

processing target, that is, an inference target becomes more complicated and when a problem to 

be solved becomes more difficult. It is assumed that such processing with a large amount of 
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computation is preferably processed in a cloud. However, to determine processing with a large 

amount of computation to be performed in the cloud, the edge device determines the complexity 

of inference target data and the difficulty of the problem to be solved. 

[0007] Further, there are inference accuracy and a response required by the user as a viewpoint 

different from the difficulty of the problem to be solved. That is, the user may require an 

immediate response even though the inference accuracy is not very high, or may require a high 

inference accuracy even though the response is slow. However, NPL 1 does not describe a 

method in which an edge device determines processing having a large amount of computation of 

processing to be performed in a cloud while considering the inference accuracy and the response 

required by the user. 

[0008] The present disclosure has been made in view of the above, and an object of the present 

disclosure is to provide a processing system and a processing method capable of controlling 

execution of processing in cooperation with an edge device and a cloud according to a request of 

a user. 

 

Means for Solving the Problem 

[0009] To solve the above-described problems and achieve the object, a processing system 

according to the present disclosure is a processing system performed using an edge device and a 

server device, wherein the edge device includes an edge processing unit configured to process 

processing target data and output a processing result of the processing target data; a 

determination unit configured to determine that the server device is to execute processing related 

to the processing target data when an evaluation value for evaluating which of the edge device 

and the server device is to process the processing target data satisfies a condition, determine that 

the evaluation value is included in a range for determining that processing is to be executed by 

the edge device when the processing result of the processing target data satisfies a predetermined 

evaluation, and output the processing result of the processing target data processed by the edge 

processing unit; and a transmission unit configured to transmit data that causes the server device 

to execute the processing related to the processing target data when the determination unit 

determines that the server device is to execute the processing related to the processing target 

data. 

[0010] Further, a processing method according to the present disclosure is a processing method 

executed by a processing system performed using an edge device and a server device, the 

processing method including: by the edge device, processing processing target data and 

outputting a processing result of the processing target data; by the edge device, determining that 

the server device is to execute processing related to the processing target data when an 

evaluation value for evaluating which of the edge device and the server device is to process the 

processing target data satisfies a condition, determining that the evaluation value is included in a 
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range for determining that processing is to be executed by the edge device when the processing 

result of the processing target data satisfies a predetermined evaluation, and outputting the 

processing result of the processing target data processed in the processing; and by the edge 

device, transmitting data that causes the server device to execute the processing related to the 

processing target data when it is determined in the determining that the server device is to 

execute the processing related to the processing target data. 

 

Effects of the Invention 

[0011] According to the present disclosure, it is possible to control execution of processing in 

cooperation with an edge device and a cloud according to a request of a user, and to efficiently 

operate an entire system including the device and the cloud. 

 

Brief Description of Drawings 

[0012] Fig. 1 is a diagram illustrating an overview of a processing method for a processing 

system according to Embodiment 1. 

Fig. 2 is a diagram illustrating an example of DNN1 and DNN2. 

Fig. 3 is a diagram illustrating an example of DNN1 and DNN2. 

Fig. 4 is a diagram schematically illustrating an example of a configuration of the processing 

system according to Embodiment 1. 

Fig. 5 is a sequence diagram illustrating processing of the processing system according to 

Embodiment 1. 

Fig. 6 is a diagram illustrating a configuration example of a training device for training a 

lightweight model and a high-precision model. 

Fig. 7 is a diagram illustrating an example of loss for each case. 

Fig. 8 is a flowchart illustrating training processing of the high-precision model. 

Fig. 9 is a flowchart illustrating training processing of the lightweight model. 

Fig. 10 is a diagram schematically illustrating an example of a configuration of a processing 

system according to Embodiment 2. 

Fig. 11 is a sequence diagram illustrating processing of the processing system according to 

Embodiment 2. 

Fig. 12 is a diagram schematically illustrating another example of the configuration of the 

processing system according to Embodiment 2. 

Fig. 13 is a diagram schematically illustrating an example of a configuration of a processing 

system according to Embodiment 3. 

Fig. 14 is a diagram schematically illustrating an example of an edge device illustrated in Fig. 

13. 
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Fig. 15 is a diagram schematically illustrating an example of a server device illustrated in Fig. 

13. 

Fig. 16 is a sequence diagram illustrating processing of the processing system according to 

Embodiment 3. 

Fig. 17 is a diagram schematically illustrating an example of a configuration of a processing 

system according to Embodiment 4. 

Fig. 18 is a diagram schematically illustrating an example of an edge device illustrated in Fig. 

17. 

Fig. 19 is a sequence diagram illustrating processing of the processing system according to 

Embodiment 3. 

Fig. 20 is a diagram illustrating an overview of a processing system according to a modification 

example of Embodiments 1 to 4. 

Fig. 21 is a diagram illustrating variations in functions of a DNN, a determination unit, an 

encoding unit, and a decoding unit, and variations in communication content. 

Fig. 22 is a diagram illustrating an example of a computer in which an edge device and a server 

device are achieved by a program being executed. 

 

Detailed Description of the Invention 

[0013] Hereinafter, embodiments of the present disclosure will be described in detail with 

reference to the drawings. The present disclosure is not limited to these embodiments. Further, in 

description of the drawings, the same units are denoted by the same reference signs. 

[0014] Embodiment 1 

Overview of Embodiment 1 

Embodiments of the present disclosure will be described. In Embodiment 1 of the present 

disclosure, a processing system that uses a trained high-precision model and a trained 

lightweight model to perform inference processing will be described. A case in which a deep 

neural network (DNN) is used as a model that is used for the inference processing in the 

processing system of the embodiment will be described by way of example. In the processing 

system of the embodiment, a neural network other than a DNN may be used, or signal processing 

with a small amount of computation and signal processing with a large amount of computation 

may be used instead of a trained model. 

[0015] Fig. 1 is a diagram illustrating an overview of a processing method for the processing 

system according to Embodiment 1. In the processing system of Embodiment 1, the high-

precision model and the lightweight model constitute a model cascade. The processing system of 

Embodiment 1 controls which of an edge device using a high-speed and low-precision 

lightweight model (for example, DNN1) and a cloud (server device) using a low-speed and high-

precision model (for example, DNN2) executes processing, by using an evaluation value. For 



 

 5

example, the server device is disposed at a place physically and logically far from a user. The 

edge device is an IoT device or any of various terminal devices disposed at a place physically 

and logically close to the user, and has less resources than the server device. 

[0016] DNN1 and DNN2 are models that output inference results based on input data. In the 

example of Fig. 1, DNN1 and DNN2 receive an image and infer a probability of an object 

appearing in the image for each class. The two images illustrated in Fig. 1 are the same. For 

example, DNN1 is trained, considering which of the models DNN1 and DNN2 makes a larger 

profit requested by the user by performing inference. DNN1 and DNN2 are optimized so that an 

optimum evaluation value is obtained. 

[0017] Examples of the request of the user include high precision of an inference result, 

reduction of an amount of data communication, high speed of calculation processing, and 

resource optimization of the edge device. The evaluation value is a value for evaluating which of 

the edge device and the server device is to process processing target data while satisfying the 

request of the user. The evaluation value has a stronger tendency to fall in a range for 

determining that evaluation is to be executed by the server device when the processing for the 

processing target data becomes more difficult. 

[0018] As illustrated in Fig. 1, the processing system acquires an evaluation value for inference 

of class classification of DNN1 for an object appearing in an input image. In the processing 

system, when the acquired evaluation value satisfies a predetermined condition such as a 

predetermined value, an inference result of DNN1 is adopted. That is, an inference result of the 

lightweight model is output as a final estimation result of the model cascade. On the other hand, 

in the processing system, when the evaluation value does not satisfy the predetermined value, an 

inference result obtained by inputting the same image to DNN2 is output as a final inference 

result. Satisfying the predetermined value includes, for example, whether a condition based on a 

predetermined threshold value is satisfied or whether the evaluation value is included in a 

predetermined range. 

[0019] Thus, the processing system according to Embodiment 1 selects the edge device or the 

server device based on the evaluation value for evaluating which of the edge device and the 

server device is to process the processing target data according to the request of the user, and 

processes the processing target data. Thus, the processing system according to Embodiment 1 

can control which of the edge device and the cloud executes the processing according to the 

request of the user. 

[0020] Lightweight Model and High-precision Model 

Next, DNN1 and DNN2 will be described. Figs. 2 and 3 are diagrams illustrating an example of 

DNN1 and DNN2. The DNN includes an input layer to which data is input, one or a plurality of 

intermediate layers that variously convert data input from the input layer, and an output layer 
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that outputs a so-called inference result such as a probability, a likelihood, or the like. An output 

value output from each layer may be irreversible when input data needs to maintain anonymity. 

[0021] As illustrated in Fig. 2, the processing system may use independent DNN1a and 

DNN2a. For example, after DNN2a is trained in a known method, DNN1a is trained, considering 

which of the models DNN1a and DNN2a makes a larger profit requested by the user by 

performing inference. DNN1a is trained to output a value regarding the evaluation value. DNN1a 

outputs an intermediate output value that is an output value of an intermediate layer of DNN1a 

as the value regarding the evaluation value. The evaluation value may be a value calculated 

based on the intermediate output value, or may be the intermediate output value itself. The used 

intermediate output value may be a result obtained by inputting an intermediate output value of a 

predetermined intermediate layer into a cost function capable of performing training more 

suitable to meet the request of the user, such as a correlation between the intermediate output 

value and a likelihood, or an output of any intermediate layer of a trained model designed with 

only the problem to be solved as a cost function. This is because, for example, when a network 

(such as CNN) tending to have properties such that characteristics determining input data are 

reflected in a higher-order intermediate layer is used, useful characteristics that can be used for 

the problem to be solved are extracted in an output value of the higher-order intermediate layer. 

The same tasks with different accuracy and performance may be assigned to DNN1a and 

DNN2a, or different tasks may be assigned to DNN1a and DNN2a. 

[0022] Further, as illustrated in Fig. 3, the processing system divides DNN3 trained as an 

integrated DNN into DNN1b and DNN2b at a point between an R layer and a (R+1)-th layer 

using a predetermined reference. The processing system may apply DNN1b in a front stage to 

the edge device and DNN1b in a rear stage to the server device. In this case, DNN1b outputs an 

intermediate output value from an R-th intermediate layer as the evaluation value. The DNN1b 

may output an intermediate output value from a layer before the R-th intermediate layer as the 

evaluation value. 

[0023] Further, the evaluation value is not limited to the intermediate output value output from 

DNN1a or DNN1b. For example, the evaluation value may be an inference error output from 

DNN1a, or may be a value based on the inference error. For example, the evaluation value may 

be a value indicating a degree of certainty as to whether a result of processing in the edge device 

is a correct answer. The evaluation value may be a value that is determined based on any one of 

a time for obtaining a processing result of the processing target data, an acquisition deadline of 

the processing result of the processing target data, a use situation of resources of the edge device 

when it is determined which of the edge device and the server device is to process the processing 

target data, and whether the processing target data is data in which an event occurs as compared 

with other data. The use situation of the resources of the edge device may be a usage rate of a 

CPU or a memory of the edge device alone, an amount of power consumption, or the like, or 
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may be a difference in an operating amount or a resource usage rate between the edge device and 

other edge device, or the like. Further, the event means, for example, a case in which a target 

frame has a change equal to or larger than a desired size as compared with a previous frame, or a 

case in which a target to be finely estimated occurs. Further, a target on which the edge device 

has performed computation, and data indicating a result may be transmitted to the server device, 

and the server device may be designed to perform computation on only a target on which the 

edge device has not performed the computation. Specifically, a coordinate value of a bounding 

box or a class classification result and the reliability thereof may be sent together, and only a 

target that does not satisfy the reliability may be computed in the server device. 

[0024] Processing System 

Next, a configuration of the processing system will be described. Fig. 4 is a diagram 

schematically illustrating an example of a configuration of the processing system according to 

Embodiment 1. 

[0025] A processing system 100 according to the embodiment includes a server device 20 and 

an edge device 30. Further, the server device 20 and the edge device 30 are connected via a 

network N. The network N is, for example, the Internet. In this case, the server device 20 may be 

a server provided in a cloud environment. Further, the edge device 30 may be an IoT device or 

any of various terminal devices. 

[0026] The server device 20 and the edge device 30 are achieved by a predetermined program 

being read into a computer including a read only memory (ROM), a random access memory 

(RAM), a central processing unit (CPU), and the like and the CPU executing the predetermined 

program. Further, a so-called accelerator represented by a GPU, a vision processing unit (VPU), 

a field programmable gate array (FPGA), an application specific integrated circuit (ASIC), or a 

dedicated artificial intelligence (AI) chip is also used. Each of the server device 20 and the edge 

device 30 includes a network interface card (NIC) or the like, and can perform communication 

with other devices via a telecommunication line such as a local area network (LAN) or the 

Internet. 

[0027] As illustrated in Fig. 4, the server device 20 stores DNN2 that is a trained high-precision 

model. DNN2 includes information such as model parameters. Further, the server device 20 

includes an inference unit 22. 

[0028] The inference unit 22 inputs data for inference (the processing target data) to DNN2 and 

acquires an inference result (processing result). The inference unit 22 receives an input of the 

data for inference and outputs the inference result. It is assumed that the data for inference is data 

with an unknown label. For example, the data for inference is an image. When the inference 

result is returned to the user, the inference result obtained by the inference unit 22 may be 

transferred to the edge device and returned from the edge device to the user. 
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[0029] Here, the server device 20 and the edge device 30 form a model cascade. Thus, the 

inference unit 22 does not always perform inference for the data for inference. The inference unit 

22 performs inference using DNN2 when it is determined that the server device 20 is to execute 

the inference processing related to the data for inference. 

[0030] The edge device 30 stores DNN1 that is a trained lightweight model. DNN1 includes 

information such as model parameters. DNN1 is trained, considering which of the models DNN1 

and DNN2 makes a larger profit requested by the user by performing inference. A parameter 

learned in advance so that the model cascade including DNN1 and DNN2 is optimized, 

considering whether the profit requested by the user is large, is set in DNN1. Further, the edge 

device 30 includes an inference unit 32 (edge processing unit), a determination unit 33, and a 

communication unit 34 (transmission unit). 

[0031] The inference unit 32 inputs data for inference (the processing target data) to DNN1 and 

acquires an inference result. The inference unit 32 receives an input of the data for inference, 

processes the data for inference, and outputs the inference result (the processing result of the 

processing target data). 

[0032] The determination unit 33 determines whether an evaluation value for evaluating which 

of the edge device 30 and the server device 20 is to process the data for inference, which is 

designed to reflect a request of a user, satisfies a predetermined value. 

[0033] The determination unit 33 determines that an inference result for data for inference 

satisfies a predetermined evaluation when the evaluation value satisfies the predetermined value, 

determines that the evaluation value is included in a range for determining that processing is to 

be executed by the edge device 30, and outputs an inference result of the inference unit 32. When 

the evaluation value does not satisfy the predetermined value, the determination unit 33 

determines that the evaluation value is included in a range for determining that evaluation is to 

be executed by the server device 20, and determines that the server device 20 is to execute 

processing related to the data for inference (the inference processing). The evaluation value is an 

intermediate output value, an inference error, a degree of certainty, or the like, as described 

above. Further, the determination unit 33 may narrow down the data for processing that is a 

transmission target. For example, the determination unit 33 narrows down the data for processing 

to data of a node necessary for processing of DNN2. A criterion for narrowing down when the 

data for inference is an image is illustrated herein. When an event has occurred in a part of the 

image, the determination unit 33 performs narrowing-down to such a part or an area required for 

estimation related to the event. Further, when the determination unit 33 determines whether the 

processing is to be performed on each area of the image by the edge device or the server device, 

the determination unit 33 may perform narrowing-down to an area on which the server device is 

to perform the processing. Although the narrowing-down from the spatial viewpoint has been 
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illustrated, the determination unit 33 may perform the narrowing-down from the temporal 

viewpoint. 

[0034] The communication unit 34 performs communication with another device (for example, 

the server device 20) via the network N. When the determination unit 33 determines that the 

server device 20 is to execute the inference processing related to the data for inference, the 

communication unit 34 transmits data for processing for causing the server device 20 to execute 

the inference processing to the server device 20. When the evaluation value is the intermediate 

output value, the communication unit 34 transmits the intermediate output value to the server 

device 20. 

[0035] Processing Procedure of Processing System 

Fig. 5 is a sequence diagram illustrating processing of the processing system according to 

Embodiment 1. As illustrated in Fig. 5, first, in the edge device 30, when the inference unit 32 

receives an input of the data for inference (step S1), the inference unit 32 inputs the data for 

inference to DNN1 (step S2). 

[0036] The determination unit 33 acquires the intermediate output value of DNN1 (steps S3 

and S4) and acquires the evaluation value (step S5). The determination unit 33 determines 

whether the evaluation value satisfies a predetermined value (step S6). 

[0037] When the evaluation value satisfies the predetermined value (step S6: Yes), the 

determination unit 33 inputs the intermediate output value to an intermediate layer next to a layer 

that has output the intermediate output value among the intermediate layers of DNN1 (step S7). 

The inference unit 32 acquires the inference result of DNN1 (step S8) and outputs the acquired 

inference result of DNN1 (step S9). 

[0038] On the other hand, when the evaluation value does not satisfy the predetermined value 

(step S6: No), the determination unit 33 transmits the data for processing for causing the server 

device 20 to execute the inference processing to the server device 20 via the communication unit 

34 (steps S10 and S11). For example, the data for processing is the data for inference, and a 

degree of certainty of DNN1. Alternatively, the data for processing is the intermediate output 

value. 

[0039] In the server device 20, the inference unit 22 inputs the data for processing to DNN2 

(step S11) and acquires an inference result of DNN2 (steps S12 and S13). The inference result of 

DNN2 is transmitted to the edge device 30 (steps S14 and S15) and output from the edge device 

30 (step S16). Although, in the present embodiment, it is assumed that the inference result is 

returned to the user, and the final inference result is output from the edge device 30, the 

inference result of DNN2 may be output from the server device 20 or held in the server device 

20 as it is in a case in which the final inference result is used by the server device 20. When the 

inference result of DNN1 is to be used by the server device 20, the edge device 30 may transmit 

the inference result to the server device 20. 
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[0040] Effects of Embodiment 1 

Thus, according to Embodiment 1, the edge device or the server device is selected based on the 

evaluation value for evaluating which of the edge device and the server device is to process the 

processing target data according to the request of the user, and the processing target data is 

processed. Thus, the processing system according to Embodiment 1 can control which of the 

edge device and the cloud executes the processing according to the request of the user. 

[0041] Although, in Embodiment 1, a case in which the single edge device 30 and the single 

server device 20 are provided has been described, there may be a plurality of the edge devices 30 

or a plurality of the server devices 20 or there may be the plurality of edge devices 30 and the 

plurality of server devices 20. 

[0042] Application Example 

An example in which Embodiment 1 is applied to a request for high accuracy of the inference 

result and the degree of certainty is adopted as the evaluation value will be described. First, 

training of the lightweight model and the high-precision model for achieving high-precision 

inference results will be described. 

[0043] Fig. 6 is a diagram illustrating a configuration example of a training device for training 

the lightweight model and the high-precision model. As illustrated in Fig. 2, a training device 10 

receives an input of data for training and outputs trained high-precision model information and 

trained lightweight model information. Further, the training device 10 includes a high-precision 

model training unit 11 and a lightweight model training unit 12. 

[0044] The high-precision model training unit 11 includes an estimation unit 111, a loss 

calculation unit 112, and an update unit 113. Further, the high-precision model training unit 11 

stores high-precision model information 114. The high-precision model information 114 is 

information such as parameters for constructing a high-precision model. It is assumed that the 

data for training is data with a known label. For example, the data for training is a combination 

of an image and a label (correct class). 

[0045] The estimation unit 111 inputs data for training to the high-precision model constructed 

based on the high-precision model information 114, and acquires an estimation result. The 

estimation unit 111 receives an input of the data for training and outputs the estimation result. 

[0046] The loss calculation unit 112 calculates a loss based on the estimation result acquired by 

the estimation unit 111. The loss calculation unit 112 receives an input of the estimation result 

and the label, and outputs the loss. For example, the loss calculation unit 112 calculates a loss 

that becomes high when the degree of certainty of the label is lower in the estimation result 

acquired by the estimation unit 111. For example, the degree of certainty is a degree of certainty 

that the estimation result is a correct answer. For example, the degree of certainty may be a 

probability output by the multiclass classification model described above. Specifically, the loss 

calculation unit 112 can calculate a softmax cross entropy to be described below as a loss. 



 

 11

[0047] The update unit 113 updates parameters of the high-precision model so that the loss is 

optimized. For example, when the high-precision model is a neural network, the update unit 113 

updates the parameters of the high-precision model using an error backpropagation method or 

the like. Specifically, the update unit 113 updates the high-precision model information 114. The 

update unit 113 receives an input of the loss calculated by the loss calculation unit 112, and 

outputs information on the updated model. 

[0048] The lightweight model training unit 12 includes an estimation unit 121, a loss 

calculation unit 122, and an update unit 123. Further, the lightweight model training unit 12 

stores lightweight model information 124. The lightweight model information 124 is information 

such as parameters for constructing the lightweight model. 

[0049] The estimation unit 121 inputs the data for training to the lightweight model constructed 

based on the lightweight model information 124, and acquires an estimation result. The 

estimation unit 121 receives an input of the data for training and outputs the estimation result. 

[0050] Here, the high-precision model training unit 11 trains the high-precision model based on 

an output of the high-precision model. On the other hand, the lightweight model training unit 12 

trains the lightweight model based on the outputs of both the high-precision model and the 

lightweight model. 

[0051] The loss calculation unit 122 calculates the loss based on the estimation result acquired 

by the estimation unit. The loss calculation unit 122 receives inputs of an estimation result by the 

high-precision model, an estimation result by the lightweight model, and the label, and outputs 

the loss. The estimation result by the high-precision model may be an estimation result obtained 

by further inputting the data for training to the high-precision model after training has been 

performed by the high-precision model training unit 11. More specifically, the lightweight model 

training unit 12 receives an input indicating whether the estimation result by the high-precision 

model is a correct answer. For example, when a class with the highest probability output by the 

high-precision model matches the label, the estimation result is a correct answer. 

[0052] The loss calculation unit 122 calculates the loss for the purpose of maximizing a profit 

in a case in which the model cascade is configured, in addition to maximizing estimation 

accuracy of the lightweight model alone. Here, it is assumed that the profit becomes larger when 

the estimation accuracy is higher, and becomes larger as the calculation cost is lower. 

[0053] For example, the high-precision model is characterized by high estimation accuracy but 

a large calculation cost. Further, for example, the lightweight model is characterized by low 

estimation accuracy but a small calculation cost. Thus, the loss calculation unit 122 calculates a 

Loss, as in Equation (1). Here, w is a weight and is a preset parameter. 

[0054] [Math. 1] 
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[0055] Here, Lclassifier is a softmax entropy in a multiclass classification model. Further, Lclassifier 

is an example of a first term that becomes larger when the degree of certainty of the correct 

answer in the estimation result by the lightweight model is lower. Lclassifier is expressed as in 

Equation (2). Here, N is the number of samples. Further, k is the number of classes. Further, y is 

a label indicating a class of a correct answer. Further, q is a probability output by the lightweight 

model. i is a number for identifying a sample. Further, j is a number for identifying a class. A 

label yi,j becomes 1 when a j-th class is a correct answer and 0 when the j-th class is an incorrect 

answer in an i-th sample. 

[0056] [Math. 2] 

 

[0057] Further, Lcascade is a term for maximizing a profit in a case in which a model cascade is 

configured. Lcascade indicates a loss in a case in which the estimation results of the high-precision 

model and the lightweight model have been adopted based on the degree of certainty of the 

lightweight model with respect to each sample. Here, the loss includes a penalty for improper 

degree of certainty and a cost of use of a high-precision model. Further, the loss is divided into 

four patterns according to a combination of whether an estimation result of the high-precision 

model is a correct answer and whether an estimation result of the lightweight model is a correct 

answer. Details thereof will be described below, but when the estimation of the high-precision 

model is an incorrect answer and the degree of certainty of the lightweight model is low, the 

penalty becomes larger. On the other hand, when the estimation of the lightweight model is a 

correct answer and the degree of certainty of the lightweight model is high, the penalty is small. 

Lcascade is expressed by Equation (3). 

[0058] [Math. 3] 

 

[0059] 1fast is an indicator function of returning 0 when the estimation result of the lightweight 

model is a correct answer and 1 when the estimation result of the lightweight model is an 

incorrect answer. 1acc is an indicator function of returning 0 when the estimation result of the 

high-precision model is a correct answer and 1 when the estimation result of the high-precision 

model is an incorrect answer. COSTacc is a cost for estimation in the high-precision model and is 

a parameter that is set in advance. 
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[0060] Further, maxjqi,j is a maximum value of a probability that is output by the lightweight 

model and is an example of the degree of certainty. When the estimation result is a correct 

answer, it can be said that the estimation accuracy is higher when the degree of certainty is 

higher. On the other hand, when the estimation result is an incorrect answer, it can be said the 

estimation accuracy is lower when the degree of certainty is higher. 

[0061] In Equation (3), maxjqi,j1fast is an example of a second term that becomes larger when 

the degree of certainty of the estimation result by the lightweight model is higher in a case in 

which the estimation result by the lightweight model is an incorrect answer. Further, (1 - 

maxjqi,j)1acc in Equation (3) is an example of a third term that becomes larger when the degree of 

certainty of the estimation result by the lightweight model becomes lower in a case in which the 

estimation result by the high-precision model is an incorrect answer. Further, (1 - 

maxjqi,j)COSTacc in Equation (3) is an example of a fourth term that becomes larger when the 

degree of certainty of the estimation result by the lightweight model becomes lower. In this case, 

the minimization of the loss by the update unit 123 corresponds to the optimization of the loss. 

[0062] The update unit 123 updates parameters of the lightweight model so that the loss is 

optimized. That is, the update unit 123 updates the parameters of the lightweight model so that 

the model cascade including the lightweight model and the high-precision model is optimized, 

based on the estimation result by the lightweight model, and an estimation result obtained by 

inputting data for training to a high-precision model having a lower processing speed and a 

higher estimation accuracy than the lightweight model, which is a model that outputs an 

estimation result based on input data. The update unit 123 receives an input of the loss calculated 

by the loss calculation unit 122, and outputs information on the updated model. 

[0063] Fig. 7 is a diagram illustrating an example of the loss for each case. A vertical axis is a 

value of Lcascade. A horizontal axis is the value of maxjqi,j. Further, COSTacc = 0.5. maxjqi,j is 

degree of certainty of the estimation result by the lightweight model, and is simply called degree 

of certainty herein. 

[0064] "□" in Fig. 7 is a value of Lcascade for the degree of certainty when estimation results of 

both the lightweight model and the high-precision model are correct answers. In this case, the 

value of Lcascade becomes smaller when the degree of certainty is higher. This is because, in a 

case in which the estimation result by the lightweight model is a correct answer, the lightweight 

model is more likely to be adopted when the degree of certainty is higher. 

[0065] "◇" in Fig. 7 is a value of Lcascade for the degree of certainty when the estimation result 

of the lightweight model is a correct answer and the estimation result of the high-precision model 

is an incorrect answer. In this case, the value of Lcascade becomes smaller when the degree of 

certainty is higher. Further, a maximum value and a degree of Lcascade being smaller are larger 

than in the case of "□." This is because, in a case in which the estimation result by the high-

precision model is an incorrect answer and the estimation result by the lightweight model is a 
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correct answer, a tendency that the lightweight model is more likely to be adopted when the 

degree of certainty is higher increases. 

[0066] A black square in Fig. 7 is a value of Lcascade for the degree of certainty in a case in 

which the estimation result of the lightweight model is an incorrect answer and the estimation 

result of the high-precision model is a correct answer. In this case, the value of Lcascade becomes 

larger when the degree of certainty is higher. This is because, in a case in which the estimation 

result of the lightweight model is an incorrect answer, the estimation result is less likely to be 

adopted when the degree of certainty is lower. 

[0067] "◆" in Fig. 7 is a value of Lcascade for the degree of certainty in a case in which the 

estimation results of both the lightweight model and the high-precision model are incorrect 

answers. In this case, the value of Lcascade becomes smaller when the degree of certainty is higher. 

However, the value of Lcascade is larger than that of "□." This is because the loss is always high 

from the fact that the estimation results of both models are incorrect answers, and in such a 

situation, an accurate estimation should be able to be made by the lightweight model. 

[0068] Training Processing 

Fig. 8 is a flowchart illustrating training processing of the high-precision model. As illustrated in 

Fig. 8, first, the estimation unit 111 estimates a class of data for training using the high-precision 

model (step S101). 

[0069] Then, the loss calculation unit 112 calculates a loss based on the estimation result of the 

high-precision model (step S102). Then, the update unit 113 updates the parameters of the high-

precision model so that the loss is optimized (step S103). The training device 10 may repeat the 

processing from step S101 to step S103 until an end condition is satisfied. The end condition 

may be that processing is repeated a predetermined number of times, or that a parameter update 

width has converged. 

[0070] Fig. 9 is a flowchart illustrating the training process of the lightweight model. As 

illustrated in Fig. 9, first, the estimation unit 121 estimates a class of data for training using the 

lightweight model (step S201). 

[0071] Then, the loss calculation unit 122 calculates the loss based on the estimation result of 

the lightweight model, the estimation result of the high-precision model, and a cost of estimation 

of the high-precision model (step S202). The update unit 123 updates the parameters of the 

lightweight model so that the loss is optimized (step S203). The training device 10 may repeat 

the processing from step S201 to step S203 until the end condition is satisfied. 

[0072] Thus, the estimation unit 121 inputs the data for training to the lightweight model that 

outputs the estimation result based on the input data, and acquires a first estimation result. 

Further, the update unit 123 updates the parameters of the lightweight model so that the model 

cascade including the lightweight model and the high-precision model is optimized, based on the 

first estimation result, and a second estimation result obtained by inputting data for training to 
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the high-precision model having a lower processing speed and a higher estimation accuracy than 

the lightweight model, which is a model that outputs an estimation result based on the input data. 

Thus, the training device 10 can improve the performance of the model cascade by enabling the 

lightweight model to perform estimation suitable for the model cascade in the model cascade 

including the lightweight model and the high-precision model. As a result, the training device 10 

can improve the accuracy of the model cascade, and also curb a calculation cost and an overhead 

of the calculation resource. Further, in Embodiment 1, because a loss function is changed, it is 

not necessary to change a model architecture, and there is no limitation on a model and an 

optimization scheme to be applied. 

[0073] The update unit 123 updates the parameters of the lightweight model so as to minimize 

a loss calculated based on the loss function including the first term that becomes larger when the 

degree of certainty of the correct answer in the first estimation result becomes lower, the second 

term that becomes larger when the degree of certainty of the first estimation result is higher in a 

case in which the first estimation result is an incorrect answer, the third term that becomes larger 

when the degree of certainty of the first estimation result becomes lower in a case in which the 

second estimation result is an incorrect answer, and the fourth term that becomes larger when the 

degree of certainty of the first estimation result becomes lower. As a result, in Embodiment 1, it 

is possible to improve estimation accuracy of the model cascade in consideration of a cost when 

the estimation result of the high-precision model is adopted in the model cascade including the 

lightweight model and the high-precision model. 

[0074] In the processing system 100, when inference is performed using the high-precision 

model and the lightweight model that are trained by the training device 10, the edge device 30 

inputs the data for inference to the lightweight model (DNN1), acquires the degree of certainty, 

and adopts the estimation result of the lightweight model by the lightweight model when the 

degree of certainty is equal to or higher than a threshold value. Further, the edge device 30 

transmits data for processing to the server device 20 in a case in which the degree of certainty is 

smaller than the threshold value. The processing system adopts an estimation result of the high-

precision model (DNN2) of the server device 20 acquired by inputting the data for inference to 

the high-precision model. 

[0075] Although the example in which DNN has been trained has been described in 

Embodiment 1, a machine training mechanism other than DNN may be used. 

[0076] Embodiment 2 

Next Embodiment 2 will be described. In Embodiment 2, the edge device encodes the data for 

processing and then transmits the encoded data to the server device. 

[0077] Fig. 10 is a diagram schematically illustrating an example of a configuration of a 

processing system according to Embodiment 2. A processing system 200 according to 
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Embodiment 2 includes a server device 220 instead of the server device 20 illustrated in Fig. 4, 

and an edge device 230 instead of the edge device 30. 

[0078] The edge device 230 includes an encoding unit 235 as compared with the edge device 

30. The encoding unit 235 encodes data to be transmitted to the server device 220 by the 

communication unit 34. For example, the encoding unit 235 compresses data to be transmitted to 

reduce an amount of communication. In a case in which the data transmitted to the server device 

220 is set as the output value of the intermediate layer of DNN1, even when the data is 

eavesdropped, an eavesdropper cannot interpret a meaning of the transmitted data, thereby 

guaranteeing security. 

[0079] As the intermediate output value, a value that is easier to encode than other intermediate 

output values is selected from among a plurality of intermediate output values of DNN1 output 

in processing of outputting the inference result for the data for inference. The value that is easier 

to encode has a smaller entropy or a higher sparsity than those of the other intermediate output 

values. For example, the intermediate output value is an intermediate output value of an 

intermediate layer of trained DNN1 that has been trained so that an entropy of an output value of 

a desired intermediate layer becomes small. The intermediate output value is an intermediate 

output value of an intermediate layer of trained DNN1 that has been trained so that output value 

sparsity of a desired intermediate layer is increased. 

[0080] The server device 220 includes a decoding unit 223 as compared with the server device 

20. The decoding unit 223 decodes the data for processing encoded by the encoding unit 235 and 

outputs it to the inference unit 22. 

[0081] Here, when DNN1 and DNN2 are models in which DNN3 (see Fig. 3) trained as an 

integrated DNN is divided into DNN1b and DNN2b using the predetermined criterion, it is 

desirable to construct the encoding unit 235 that is efficient and has little distortion in the 

inference result. 

[0082] For example, when data of a whole training set is trained, a maximum value and a 

frequency of generation of zero can be seen for each node of the intermediate layer as a transfer 

target and thus, the encoding unit 235 is designed to perform encoding processing corresponding 

to this. The encoding processing may be processing for reducing a dimension of a representation 

space of an encoding target by underestimating an influence of a node with a high frequency of 

zero generation, or may be processing for determining a range of values of each node to select a 

scheme reflecting a tendency thereof or determine quantization granularity. 

[0083] Further, the encoding unit 235 may perform encoding based on a vector quantization 

scheme. In this case, the encoding unit 235 does not individually quantize values of the nodes, 

but regards the values of all the nodes as vectors, clusters the values in a vector space, and 

encodes the values. 
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[0084] Further, a layer having a small entropy is obtained and DNN3 is divided at the layer so 

that the encoding unit 235 can obtain an intermediate output value having a small entropy. 

[0085] Further, the encoding unit 235 and the decoding unit 223 may adopt an encoding and 

decoding scheme based on a known rule or may adopt a scheme based on training such as an 

auto encoder (AE) or a variational auto encoder (VAE). 

[0086] The encoding unit 235 may switch an encoding scheme for the data for processing 

according to the intermediate output value and DNN2 serving as a transmission destination 

among a plurality of encoding methods. The decoding unit 223 decodes the data using a scheme 

corresponding to the encoding scheme executed by the encoding unit 235. 

[0087] Processing Procedure of Processing System 

Fig. 11 is a sequence diagram illustrating processing of the processing system according to 

Embodiment 2. Steps S21 to S29 illustrated in Fig. 11 are the same processing operations as 

steps S1 to S9 illustrated in Fig. 5. 

[0088] When the evaluation value does not satisfy the predetermined value (step S26: No), the 

encoding unit 235 encodes data for processing for causing the server device 220 to execute the 

inference processing (step S30) and transmits the coded data to the server device 220 via the 

communication unit 34 (steps S31 and S32). In the server device 220, the decoding unit 223 

decodes the coded data (step S33) and outputs the decoded data for processing to the inference 

unit 22 (step S34). Steps S35 to S40 are the same as steps S11 to S16 illustrated in Fig. 5. 

[0089] Effects of Embodiment 2 

Thus, in Embodiment 2, the edge device 230 encodes the data for processing and then transmits 

the data for processing to the server device 220, thereby enabling transmission of the processing 

data with security, transmission of the processing data in a data format with less distortion in the 

inference result, or efficient transmission of the processing data. 

[0090] In Embodiment 2, the configuration in which the edge device 230 includes the encoding 

unit 236 and the server device 220 includes the decoding unit 223 has been described, but the 

present disclosure is not limited to thereto. Fig. 12 is a diagram schematically illustrating another 

example of the configuration of the processing system according to Embodiment 2. As illustrated 

in Fig. 12, the encoding unit 235 may be provided in a NW device 240A proximate to the edge 

device 230A between the edge device 230A and the server device 220A, and the decoding unit 

223 may be provided in a NW device 250A proximate to the server device 220A. 

[0091] Further, in Embodiment 2, there may be a plurality of the edge devices 230 or a 

plurality of the server devices 220, and there may be both the plurality of edge devices 230 and 

the plurality of server devices 220. 

[0092] Embodiment 3 

Next, Embodiment 3 will be described. Fig. 13 is a diagram schematically illustrating an 

example of a configuration of a processing system according to Embodiment 3. As illustrated in 
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Fig. 13, a processing system 300 according to Embodiment 3 has a configuration in which a 

plurality of edge devices 330-1 and 330-2 are connected to one server device 320 via a network 

N. The number of edge devices illustrated is an example, and may be three or more. When the 

edge devices 330-1 and 330-2 are collectively referred to, the edge devices 330-1 and 330-2 are 

referred to as edge devices 330. 

[0093] Fig. 14 is a diagram schematically illustrating an example of the edge device 330-1 

illustrated in Fig. 13. As illustrated in Fig. 14, the edge device 330-1 includes an addition unit 

336 as compared with the edge device 30. The addition unit 336 adds a code for identifying the 

edge device to the data for processing. The communication unit 34 transmits the code for 

identifying the edge device to the server device 320 together with the intermediate output value 

that is the data for processing. 

[0094] The edge device 330-2 also has the same configuration as the edge device 330-1. In this 

case, DNN1 included in the respective edge devices 330 may be the same models. 

[0095] Further, DNN1 included in each edge device 330 may be a model formed by multi-task 

training that is common up to the predetermined intermediate layer due to consensus between the 

models. The consensus between models means that, for example, training is performed while 

consensus is being formed between intermediate layers that are the same-level layers of a 

plurality of models. That is, it may be said that two terms including a cost term related to a 

problem set for itself in a case in which different pieces of training data are given to respective 

models, and a cost term for forming consensus between intermediate layers that are the same-

level layer of another model have been optimized at the same time. As a result, DNN1 included 

in each edge device 330 may be a model trained so that weights from the input layer up to the 

predetermined intermediate layer are the same. For example, DNN1 included in each edge 

device 330 is common up to a feature extraction layer for an acoustic signal, and subsequent 

layers perform different processing. In this case, the intermediate output value output by each 

edge device 330 is set to be an output value from a common layer. Of course, the edge device 

330 may transmit different output values of the intermediate layers to the server device 320. 

[0096] Fig. 15 is a diagram schematically illustrating an example of the server device 320 

illustrated in Fig. 13. As illustrated in Fig. 15, the server device 320 includes a storage unit 324 

and an inference result database (DB) 325 as compared with the server device 20. The storage 

unit 324 stores a result (inference result) obtained by the inference unit 22 analyzing the 

intermediate output value and a code for identifying the edge device 330 that has transmitted the 

data for processing in the inference result DB 325 in association with each other. 

[0097] In the processing system 300, processing that is performed by the edge device 330 and 

processing that is performed by the server device 320 are optimized, so that the inference 

processing is performed on data transmitted from any one of the plurality of edge devices 330. 



 

 19

For example, DNN2 of the server device 320 is optimized to be able to handle any data for 

processing transmitted from any one of the edge devices 330. 

[0098] Processing Procedure of Processing System 

Fig. 16 is a sequence diagram illustrating processing of the processing system according to 

Embodiment 3. Steps S41 to S49 illustrated in Fig. 16 are the same processing operations as 

steps S1 to S9 illustrated in Fig. 5. 

[0099] When the evaluation value does not satisfy the predetermined value (step S46: No), the 

addition unit 336 adds the code for identifying the edge device to the data for processing (step 

S50). The communication unit 34 transmits the code for identifying the edge device to the server 

device 320 together with the intermediate output value that is the data for processing (steps S51 

and S52). 

[0100] Steps S53 to S58 illustrated in Fig. 16 are the same as steps S11 to S16 illustrated in 

Fig. 5. In the server device 320, the storage unit 324 stores the inference result and the code for 

identifying the edge device 330 that has transmitted the data for processing in the inference result 

DB 325 in association with each other (steps S59 to S61). 

[0101] Effects of Embodiment 3 

Thus, in Embodiment 3, even when the plurality of edge devices 330 are connected, DNN2 of 

the server device 320 is optimized to be able to handle any data for processing transmitted from 

any one of the edge devices 330. The edge device 330 transmits the code for identifying the own 

device together with the intermediate output value that is the data for processing to the server 

device 320. Thus, DNN2 of the server device 320 can appropriately execute the inference 

processing using the processing data by recognizing the data for processing transmitted from any 

one of the edge devices 330. 

[0102] The processing system 300 may include the encoding unit 235 and the decoding unit 

223 described in Embodiment 2. 

[0103] Embodiment 4 

Next, Embodiment 4 will be described. Fig. 17 is a diagram schematically illustrating an 

example of a configuration of a processing system according to Embodiment 4. As illustrated in 

Fig. 14, a processing system 300 according to Embodiment 4 has a configuration in which an 

edge device 430 is connected to a plurality of server devices 420-1 and 420-2 via a network N. 

The number of server devices illustrated is an example, and may be three or more. When the 

server devices 420-1 and 420-2 are collectively referred to, the server devices 420-1 and 420-2 

are referred to as server devices 420. 

[0104] The DNN2 included in each server device 420 performs a different task, for example. 

For example, DNN2 of the server device 420-1 classifies a type (an image or an acoustic signal) 

of the target data. DNN2 of the server device 420-2 classifies nature (for example, a human or a 

vehicle in the case of a subject recognition task) of the target data. Further, DNN2 of the other 
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server device 420 classifies processing content (a subject recognition task or a sound 

enhancement task) for processing of the target data. For example, when DNN1 of the edge 

device 430 is a model that performs data feature extraction, DNN2 of each server device 420 is 

specialized for a corresponding task given to the server device 420. When different tasks are to 

be performed, so-called multi-task training may be used. Specifically, layers including up to the 

predetermined intermediate layer trained so that the weights from the input layer up to the 

predetermined intermediate layer are common for task 1 and task 2 may be disposed in the edge 

device 430, and layers subsequent to the predetermined intermediate layer may be disposed in 

the server device 420. This makes it possible to achieve a configuration in which, for any task, 

processing can be performed by a model disposed in any server device while a model disposed in 

the edge device 430 is used in common. Further, the different tasks may be used for the same 

purpose and have different estimation accuracy. For example, the estimation accuracy may have 

the relationship: the estimation accuracy of the edge device 430 < the estimation accuracy of the 

server device 420-1 < the estimation accuracy of the server device 420-2. 

[0105] Fig. 18 is a diagram schematically illustrating an example of the edge device 330-1 

illustrated in Fig. 17. As illustrated in Fig. 18, the edge device 430 includes a selection unit 437 

as compared with the edge device 30. The selection unit 437 selects the server device 420 that 

transmits the data for processing from among the plurality of server devices 420 according to the 

purpose of processing of the data for inference. 

[0106] Processing Procedure of Processing System 

Fig. 19 is a sequence diagram illustrating processing of the processing system according to 

Embodiment 4. Steps S71 to S79 illustrated in Fig. 19 are the same processing operations as 

steps S1 to S9 illustrated in Fig. 5. 

[0107] When the evaluation value does not satisfy the predetermined value (step S76: No), the 

selection unit 437 selects the server device 420 serving as a transmission destination according to 

the purpose or accuracy of processing of the data for inference (step S80). The communication 

unit 34 transmits the data for processing to the server device 420 (for example, the server device 

420-1) selected by the selection unit 437 (steps S81 and S82). Steps S83 to S88 illustrated in Fig. 

19 are the same processing operations as steps S11 to S16 illustrated in Fig. 5. The selection unit 

437 that selects a transmission destination (step S80) may be physically and/or logically disposed 

in the edge device or in the server device. Further, the selection unit 437 may be on the network 

(a position that cannot be distinguished from the server and the edge). 

[0108] Effects of Embodiment 4 

Thus, in Embodiment 4, even in a case in which the edge device 430 is connected to the plurality 

of server devices 420, it is possible to appropriately execute the inference processing by selecting 

the server device 420 serving as a transmission destination according to the purpose of 

processing of the data for inference. 
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[0109] In Embodiment 4, there may be a plurality of the edge devices 430. Further, the 

processing system 400 may include a selection unit 437 in a NW device between the edge device 

and the server device. Further, the processing system 400 may include the encoding unit 235 and 

the decoding unit 223 described in Embodiment 2. In this case, a place at which the selection 

unit 237 is disposed may be a front stage of the code unit 235 or may be a rear stage of the code 

unit 235. 

[0110] Modification Example 

Next, a modification example of Embodiments 1 to 4 will be described. Fig. 20 is a diagram 

illustrating an overview of a processing system in the modification example of Embodiments 1 

to 4. Hereinafter, variations of functions of DNN1, DNN2, the determination unit 33, the 

encoding unit 235, the decoding unit 223, and DNN2 illustrated in Fig. 20 and variations of 

communication contents will be described with reference to Fig. 21. 

[0111] Fig. 21 is a diagram illustrating the variations of the functions of DNN1, DNN2, the 

determination unit 33, the encoding unit 235, and the decoding unit 223, and the variations of the 

communication contents. Among columns illustrated in Fig. 21, (1-A) to (1-H) indicate 

variations in functions of DNN1 and DNN2. Further, (2-A) to (2-G) indicate variations in the 

functions of the determination unit 33. Further, (3 ^ A) to (3-F) indicate variations of the 

encoding unit 235, the decoding unit 223, and the communication contents between the edge 

device and the server device. Each functional unit and communication content may be shown in 

each of these columns. 

[0112] Further, each functional unit and communication content can also be operated in 

combination. For example, when independent DNN1a and DNN2a are used (see Fig. 2), it is 

possible to combine functions and communication contents of (1-D), (2-C), and (3-A) with each 

other. Further, when DNN1b and DNN2b obtained by dividing the integrated DNN3 are used 

(see Fig. 3), it is possible to combine any one of (1-D) and (1-G), any one of (2-C) and (2-D), 

and any of (3-B), (3-C), (3-D-1), (3-D-2), and (3-D-3) with each other. 

[0113] The present disclosure can be applied to various cases in which there are various 

requests from users. Some specific examples will be described. 

[0114] Automated Driving 

An example will be described in which a computation device such as a digital signal processor 

(DSP) disposed in a vehicle is set as an edge and cooperates with a cloud. For example, 

processing in which both an amount of computation and an amount of transfer tend to increase, 

but a response is slow, such as navigation in consideration of traffic congestion, may be 

processed by the server device, and event detection or a determination of control of a vehicle 

according to the detected event related to direct control of the vehicle, for example, may be 

processed by the edge device because a certain degree of accuracy and speed of response are 

required. 
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[0115] Change Detection 

When a time-series image signal is a target, the presence or absence of a change compared by the 

edge device with a normal time or a previous frame may be detected by the edge device, and 

estimation of a type of change may be performed by the server device. 

[0116] The time-series image signal may be a surveillance camera data or may be a satellite 

image or an aerial photograph. In the case of the surveillance camera, the edge device may detect 

a person passing in front of the surveillance camera as a change, and the server device may 

estimate what kind of person has passed. In the case of the satellite image, the edge device may 

detect a change in edges or texture of a building, or passage of a ship or a vehicle as the change, 

and the server device may estimate what kind of building has been built, a construction situation, 

what kind of ship has passed, or the like. In this case, a computation device disposed on an 

airplane or satellite may be treated as an edge. 

[0117] Crime Prevention 

Relatively simple and lightweight inference (counting of the number of people, estimation of 

sex, age, and the like, rough determination of clothing, and the like) is performed by an edge 

device, and more burdensome and complicated inference (person identification, posture 

estimation, suspicious person detection, and the like) is performed in a cloud (a server device). 

[0118] Further, detection of known people requiring attention, such as a virtual IP (VIP), a 

repeater, or a complainer, which requires a quick response, is performed by the edge device, and 

detection of more general people, feature extraction for the people, conversion to a DB, and the 

like, which do not require a quick response, are performed in the cloud. 

[0119] Agriculture 

For an unmanned control tractor, confirmation that there are no obstacles in front is performed 

by an edge device (the tractor alone), and inference and planning including how to deal with the 

obstacles are performed in a cloud. 

[0120] Inference-based Vision 

A video from a camera is received at a station building, and video processing (normal two-layer 

inference) is performed, and a processing result is sent to a cloud, and more advanced processing 

or aggregate processing (multi-stage inference) is performed. In a case in which resources of a 

certain station building A are exhausted, and resources are available in an adjacent station 

building B, partially processed data of the station building A is sent to the station building B 

under the control of the cloud, and the rest of the processing is performed. This enables resources 

to be efficiently used (service robustness, efficient use of resources). This means that a 

computation device or the like disposed in a station building may be controlled as a so-called 

edge cloud. 

[0121] Control of Drone Camera Group 
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Arrangement of individual drone cameras or recovery support between the cameras according to 

situations under an overall photographing plan of a plurality of drone camera groups, for 

example, is controlled and instructed on the cloud, and an inference and determination related to 

a response to a situation unique to each drone camera or the like (for example, avoidance in a 

case in which an obstacle suddenly appears in front of the camera) is performed on the drone 

(edge device). In this example, Embodiment 3 is applied in which the large number of edge 

devices and the one server device are provided. 

[0122] Further, an application example of Embodiment 4 will be described in which the one 

edge device and the large number of server devices are provided. A feature of one camera image 

is obtained in an edge (DNN1), and the feature is passed to a plurality of clouds in parallel and 

used in common to perform various task processing (counting the number of people, identifying 

a person, class classification, posture estimation, or the like). This is a case in which the one edge 

device and the large number of server devices are provided, and encoding processing is applied 

for privacy protection. 

[0123] System Configuration and The Like 

Each component of each illustrated device is a functionally conceptual component and does not 

necessarily need to be physically configured as illustrated in the drawings. That is, a specific 

form of distribution and integration of the respective devices is not limited to the form illustrated 

in the drawings, and all or some of the devices can be distributed or integrated functionally or 

physically in any units according to various loads, use situations, and the like. Further, all or 

some of processing functions to be performed in each of the devices can be implemented by a 

CPU and a program analyzed and executed by the CPU, or can be achieved as hardware using 

wired logic. 

[0124] Further, all or some of the processing described as being performed automatically 

among the processing described in the present embodiment can be performed manually, and 

alternatively, all or some of the processing described as being performed manually can be 

performed automatically using a known method. In addition, information including the 

processing procedures, control procedures, specific names, and various types of data or 

parameters illustrated in the above literature or drawings can be freely changed unless otherwise 

described. 

[0125] Program 

Fig. 22 is a diagram illustrating an example of a computer in which the edge devices 30, 230, 

330, and 430 and the server devices 20, 220, 320, and 420 are achieved by a program being 

executed. The computer 1000 includes, for example, a memory 1010 and a CPU 1020. Further, 

the accelerator described above may be included to assist computation. Further, the computer 

1000 includes a hard disk drive interface 1030, a disc drive interface 1040, a serial port interface 
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1050, a video adapter 1060, and a network interface 1070. Each of these units is connected by a 

bus 1080. 

[0126] The memory 1010 includes a read only memory (ROM) 1011 and a RAM 1012. The 

ROM 1011 stores, for example, a boot program such as a basic input output system (BIOS). The 

hard disk drive interface 1030 is connected to a hard disk drive 1090. The disc drive interface 

1040 is connected to a disc drive 1100. For example, a removable storage medium such as a 

magnetic disk or an optical disc is inserted into the disc drive 1100. The serial port interface 

1050 is connected to, for example, a mouse 1110 and a keyboard 1120. The video adapter 1060 

is connected to, for example, a display 1130. 

[0127] The hard disk drive 1090 stores, for example, an operating system (OS) 1091, an 

application program 1092, a program module 1093, and program data 1094. That is, a program 

defining the processing of the edge devices 30, 230, 330, and 430 and the server devices 20, 220, 

320, and 420 is implemented as the program module 1093 in which a code that can be executed 

by the computer has been described. The program module 1093 is stored in, for example, the 

hard disk drive 1090. For example, the program module 1093 for executing the same processing 

as functional configurations in the edge devices 30, 230, 330, and 430 and the server devices 20, 

220, 320, and 420 is stored in the hard disk drive 1090. The hard disk drive 1090 may be 

replaced with a solid state drive (SSD). 

[0128] Further, configuration data to be used in the processing of the embodiments described 

above is stored as the program data 1094 in, for example, the memory 1010 or the hard disk 

drive 1090. The CPU 1020 reads the program module 1093 or the program data 1094 stored in 

the memory 1010 or the hard disk drive 1090 into the RAM 1012 as necessary, and executes the 

program module 1093 or the program data 1094. 

[0129] The program module 1093 or the program data 1094 is not limited to being stored in the 

hard disk drive 1090, and may be stored, for example, in a detachable storage medium and read 

by the CPU 1020 via the disc drive 1100 or the like. Alternatively, the program module 1093 and 

the program data 1094 may be stored in another computer connected via a network (a local area 

network (LAN), a wide area network (WAN), or the like). The program module 1093 and the 

program data 1094 may be read from another computer via the network interface 1070 by the 

CPU 1020. 

[0130] Although the embodiments to which the invention made by the present inventors has 

been applied have been described above, the present disclosure is not limited by the description 

and the drawings forming a part of the present disclosure according to the present embodiment. 

That is, all of other embodiments, examples, operation technologies, and the like made by those 

skilled in the art based on the present embodiment are within the scope of the present disclosure. 

 

Reference Signs List 
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[0131] 10 Training device 

11 High-precision model training unit 

12 Lightweight model training unit 

30, 230, 230A, 330, 430 Edge device 

20, 220, 220A, 320, 420 Server device 

100, 200, 300, 400 Processing system 

111, 121 Estimation unit 

112, 122 Loss calculation unit 

113, 123 Update unit 

114 High-precision model information 

124 Lightweight model information 

22,32 Inference unit 

33 Determination unit 

34 Communication unit 

223 Decoding unit 

235 Encoding unit 

240A, 250A NW device 

324 Storage unit 

325 Inference result database (DB) 

336 Addition unit 

437 Selection unit  
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Claims 

 

[Claim 1] A processing system performed using an edge device and a server device, 

wherein 

 the edge device includes 

  an edge processing unit configured to process processing target data and output 

a processing result of the processing target data; 

  a determination unit configured to determine that the server device is to execute 

processing related to the processing target data when an evaluation value for evaluating which of 

the edge device and the server device is to process the processing target data satisfies a 

condition, determine that the evaluation value is included in a range for determining that 

processing is to be executed by the edge device when the processing result of the processing 

target data satisfies a predetermined evaluation, and output the processing result of the 

processing target data processed by the edge processing unit; and 

  a transmission unit configured to transmit data that causes the server device to 

execute the processing related to the processing target data when the determination unit 

determines that the server device is to execute the processing related to the processing target 

data. 

 

[Claim 2] The processing system according to claim 1, wherein 

 the evaluation value has a stronger tendency to fall in a range for determining that 

evaluation is to be executed by the server device when the processing for the processing target 

data becomes more difficult. 

 

[Claim 3] The processing system according to claim 1, wherein 

 the evaluation value is a value indicating a degree of certainty of whether a result of 

processing the processing target data in the edge device is a correct answer. 

 

[Claim 4] The processing system according to claim 1, wherein 

 the evaluation value is determined based on any one of a time taken to obtain the 

processing result of the processing target data, an acquisition deadline of the processing result of 

the processing target data, a use situation of resources of the edge device at a time of the 

determination in the determination unit, and whether the processing target data is data where an 

event occurs as compared with other data. 

 

[Claim 5] The processing system according to any one of claims 1 to 4, wherein 
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 the evaluation value is calculated based on an intermediate output value of processing of 

outputting the processing result of the processing target data, the processing being performed by 

the edge processing unit, and 

 the transmission unit transmits the intermediate output value to the server device. 

 

[Claim 6] The processing system according to claim 5, further including: 

 an encoding unit configured to encode data to be transmitted by the transmission unit to 

the server device, wherein 

 as the intermediate output value, a value that is easier to encode than other intermediate 

output values is selected from among a plurality of the intermediate output values output in the 

processing of outputting the processing result of the processing target data. 

 

[Claim 7] The processing system according to claim 5, wherein 

 there are a plurality of edge devices, and 

 processing performed by each edge device and processing performed by the server 

device are optimized such that the server device performs the processing related to the 

processing target data on data transmitted from at least one of the plurality of edge devices. 

 

[Claim 8] The processing system according to any one of claims 5 to 7, wherein 

 the processing of outputting the processing result of the processing target data is 

inference using a trained neural network, and 

 the intermediate output value is an output value of an intermediate layer of the trained 

neural network. 

 

[Claim 9] The processing system according to any one of claims 5 to 8, wherein 

 there are a plurality of server devices, and 

 the edge device further includes a selection unit configured to select one of the plurality 

of server devices to which data that causes the server device to execute the processing related to 

the processing target data is to be transmitted according to a purpose of processing the 

processing target data. 

 

[Claim 10] The processing system according to claim 7, wherein 

 the intermediate output value is irreversible with respect to the processing target data, 

 the edge device transmits the intermediate output value together with a code for 

identifying the edge device, and 

 the server device stores a result of analyzing the intermediate output value and the code 

for identifying the edge device in association with each other. 
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[Claim 11] A processing method executed by a processing system performed using an edge 

device and a server device, the processing method comprising: 

 by the edge device, processing processing target data and outputting a processing result 

of the processing target data; 

 by the edge device, determining that the server device is to execute processing related to 

the processing target data when an evaluation value for evaluating which of the edge device and 

the server device is to process the processing target data satisfies a condition, determining that 

the evaluation value is included in a range for determining that processing is to be executed by 

the edge device when the processing result of the processing target data satisfies a predetermined 

evaluation, and outputting the processing result of the processing target data processed in the 

processing; and 

 by the edge device, transmitting data that causes the server device to execute the 

processing related to the processing target data when it is determined in the determining that the 

server device is to execute the processing related to the processing target data.  


