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Abstract

With the development of artificial intelligence (AI) technology, Al applications have entered a period of rapid
popularization, facing the rapidly growing market demand, it is necessary for Al platforms to use automated methods
to improve development efficiency. Based on the analysis of the research progress of generation technology, the status
quo and challenges of Al platform, based on generation technology, the automation of Al platform’s front and rear end
adaptation, performance optimization, and model security enhancement were realized, which can generate data or code
according to the needs of the context and to meet the requirements in a more flexible way. It can also avoid a lot of manual

work and can effectively improve development efficiency and reduce development cost.
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2 fn (%Decodelpeg/contents: Tensor[(299, 299, 3), uint8], %conv/conv2d_params:

%0 = cast(%Decodelpeg/contents, dtype="float32");

%1 = expand_dims(%@, axis=8);

%2 = image.resize(%1, size=[299, 299], layout="NHWC", align_corners=False);
%3 = subtract(%2, meta[relay.Constant][e]);

%4 = multiply (%3, meta[relay.Constant][1]);

%5 = transpose(%4, axes=[@, 3, 1, 2]);

%6 = transpose(%conv/conv2d_params, axes=[3, 2, @, 1]);

%7 = nn.conv2d(%5, %6, strides=[2, 2], channels=32, kernel_size=[3, 3]);
%8 = transpose(%7, axes=[0, 2, 3, 1]);

%9 = nn.batch_norm(%8, %conv/batchnorm/gamma, %conv/batchnorm/beta, %conv/
%10 = %9.8;

%11 = nn.relu(%10);

%12 = transpose(%11, axes=[@, 3, 1, 2]);

%13 = transpose(%conv_1/conv2d_params, axes=[3, 2, @, 1]);

%14 = nn.conv2d(%12, %13, channels=32, kernel_size=[3, 3]);

%15 = transpose(%14, axes=[0, 2, 3, 1]1);

%16 = nn.batch_norm(%15, %conv_1/batchnorm/gamma, %conv_1/batchnorm/beta,

%17 = %16.9;
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