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Abstract  Synchrotron radiation facilities generate ultra-high-speed diffraction image data streams, which require data
screening to reduce the pressure on data transmission and storage. However, competing research groups are reluctant to
share such data, and existing deep learning-based screening methods cannot easily achieve effective training under privacy
protection. Therefore, for the first time, this study applies the federated learning technology to the screening of radiation
source diffraction images, and training data augmentation under privacy protection is realized by separating the data and the
model. The Federated Kullback-Leibler (FedKL) screening method is also proposed to improve the global model update
based on Kullback-Leibler divergence and data volume weights, thus reducing the complexity of the algorithm while
obtaining high accuracy; further, this satisfies the high-precision processing requirements for high-speed data streams. To
address the difficulties encountered in data synchronization training for multiple centers of remote light sources, this paper
also proposes a hybrid training method that combines the synchronous and asynchronous approaches; this significantly
improves the training speed of the model without reducing the recognition accuracy. Experiments on the light source CXIDB-
76 public dataset reveal that FedKL can improve the accuracy and F1 score by 25.2 percentage points and 0.419,
respectively, compared with FedAvg.
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Fig. 1 Federated learning model
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Fig. 2 Crystal diffraction images. (a) Including a lot of Bragg
spots; (b) including a few Bragg spots
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Fig. 3 FedKL model
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FedKL: algorithm based on hybrid training strategy

Initialize the global model

For client i=1,2,..., m do
Ci_ Slag=0 « initialize the client to 0

For communication round ¢=1,2,... do
C,, g, < receive gradient information g, of client C,
C,_flag=1 « set the flag of client C, to 1

It ] Cj_ Slag=1 « if all clients are updated at least once
j=1
1 m
gM:EZ [((p+®;)xg,] < update the global model with the
i=1

synchronization strategy
For client i=1,2,...,m do

Ci_ flag=0 « set the client to 0
else

&= %(&»* ©)%g+ [1—%(171‘+w,)]xgS «— update the global
model with an asynchronous strategy
B4 R A N0 0
Fig.4 Process of mixed training method
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Table 1 1498 data distribution

Label Number of images Proportion / %
Hit 148 7.4
Miss 1355 67.76

Maybe 498 24.9
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Fig. 5 Client data distribution
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Table 2 Test set data distribution

Label Number of images Proportion /%
Hit 66 16.5
Miss 190 47.5

Maybe 144 36.0
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Fig. 6 Comparison of accuracy of different models under
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Table 3 Classification results on the test set (e.g. DenseNet121)

Predict
Model } .
Hit or Maybe  Miss

FedAvg- Hit or Maybe 30.0% 70.0%
Label

DenseNet121 Miss 5.3% 94.7%

FedKL- Hit or Maybe 84.8% 15.2%
Label

DenseNet121 Miss 12.6% 87.4%
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Fig. 8 Comparison of precision of different models under
FedAvg and FedKL
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Fig. 10 Comparison of F1 score of different models under
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Fig. 11 Time comparison between synchronized training and

mixed training under FedAvg (e. g. DenseNet121)
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