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3:262 2023-04-28 10:58:31,013 [nnabla]: ConvolutionCudaCudnn

2023-04-28 10:58:31,013 [nnabla]: BatchNormalizationCudaCudnn
2023-04-28 10:58:31,013 [nnabla]: BatchNormalizationCudaCudnn
2023-04-28 10:58:31,013 [nnabla]: BatchNormalizationCudaCudnn
2023-04-28 10:58:31,013 [nnabla]: Add2CudaCudnn

2023-04-28 10:58:31,013 [nnabla]: Add2CudaCudnn

2023-04-28 10:58:31,013 [nnabla]: Add2Cudacudnn

2023-04-28 10:58:31,013 [nnabla]: ReLUCuda

2023-04-28 10:58:31,012 [nnabla]: ReLUCuda

2023-04-28 10:58:31,013 [nnabla]: ReLUCuda

2023-04-28 10°58:31,013 [nnabla]: AveragePoalingCudaCudnn
2023-04-28 10°58:31,013 [nnabla]: AveragePoalingCudaCudnn
2023-04-28 10:58:31,014 [nnabla]: AveragePoolingCudaCudnn
2023-04-28 10:58:31,014 [nnabla]: ConvolutionCudaCudnn
2023-04-28 10:58:31,014 [nnabla]: ConvalutionCudaCudnn
2023-04-28 10:58:31,014 [nnabla]: ConvalutionCudaCudnn
2023-04-28 10:58:31,014 [nnabla]: ReshapeCuda

2023-04-28 10:58:31,014 [nnabla]: ReshapeCuda

2023-04-28 10:58:31,014 [nnabla]: ReshapeCuda

2023-04-28 10:58:31,086 [nnabla]: Use (25, 56, 56) of the output of ReLUCuda of shape (56, 56, 256) as layer 1
2023-04-28 10°58:31,086 [nnabla]: Use {51, 28, 28) of the output of ReLUCuda of shape (28, 28, 512) as layer 2
2023-04-28 10°58:31,086 [nnabla]: Use {102, 14, 14) of the output of ReLUCuda of shape (14, 14, 1024) as layer 3
2023-04-28 10°58:31,002 [nnabla]: Preparing training dataset

2023-04-28 10:58:31,092 [nnabla]: Calculating features.

2023-04-28 10:59:33,957 [nnabla]: Creating anomary detection model...

2023-04-28 11:00:30,341 [nnabla]: Saving anomary detaction model..

2023-04-28 11-00°48 894 [nnabla]: Training Campleted.

2023-04-28 11:00:59,064 [warker ] [INFO] create result_train_best nnp

2023-04-28 11:01:06,031 [worker]: [INFO]: create result_train_last.nnp

2023-04-28 11:02:18,984 [worker]: [INFO]: failed to create result_v1.nnb. NNP with only a
2023-04-28 11.02:58,670 [werkar]: \umpc!e\e resmlmx
2023-04-28 11.04:40,028 [workerpWFo] failed to create oy b
2023-04-28 12:04.46,506 [warkes [INFO]: worker done .
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2023-04-27 07:41:49,863 [worker]: [INFO]: download: 87125/configurations/302636/data.sdcproj to

O CPU %1
work/data.sdcproj

1 |
2023-04-27 07:42:27,903 [worker]: [INFO]: download: 87125/results/302636/result.nnp to results/result.nnp
L 2023-04-27 07:42:32,574 [worker]: [INFO|: download: 87125/results/302636/result_evaluate nnp to I T
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2023-04-27 07:42:37.684 [worker]: [INFO|: download: 87125/results/302636/results nnp to results/results nnp
2023-04-27 07:42:39,050 [worker]: [INFO]: Use config file: 87125/results/302636/results.nnp, instead of config I CSV
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