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Function Circular_Multi_Stacked CNNBILSTM(MAX_SEQ_LEN, EMBEDDING_DIM)
1. function Convolution_and_BILSTM _layers(embedding, kernel_sizes, filters, pool_size, Istm_nodes)

2.convs =[]

3. for kernel_size in kernel_sizes

4. 1_conv = create_convld_layer(filters=filters, kernel_size=kernel_size, padding='same’, activation="relu’)(embedding)
5. |_pool = create_maxpoolld_layer(kernel_size)(l_conv)

6. convs.append(l_pool)

7. 1_merge = concatenate(convs, axis=1)

8. |_cov = create_convld_layer(filters=filters, kernel_size=4, activation=relu’)(I_merge)
9. |_pool = create_maxpoolld_layer(pool_size)(l_cov)

10. Istm_layer = create_bidirectional_lIstm_layer(Istm_nodes)(l_pool)

11. return Istm_layer

12. Nodes=64

13. input = create_input_layer(MAX_SEQ_LEN)

14. embedding_matrix = create_matrix(EMBEDDING_DIM)(input)

15. k1=[9,7,5,3]

16. f1 = Convolution_and_BILSTM _layers(embedding, k1, 128, 96, Nodes)

17. k2=[8,6,4,2]

18. f2 = Convolution_and_BILSTM _layers (embedding, k2, 256, 128, Nodes)

19. k3=[8,6,4,2]

20. f3 = Convolution_and_BILSTM _layers (embedding, k3, 64, 20, Nodes)

21. k4=[9,7,5,3]

22. f4 = Convolution_and_BILSTM _layers(embeddingl, k4, 32, 10, Nodes)

23. a0, al, a2, a3, a4, a5 = create_add_layer ([(f1, f2), (f1, f3), (f1, f4), (f2, f3), (f2, f4), (f3, f4)])
24. c0, c1, c2, c3, c4, ¢5 = create_multiply_layers([(a5, a0), (c0, al), (c1, a2), (c2, a3), (c3, a4), (c4, a5)])
25. merge0 = create_average_layer()([c0, c1, c2, ¢3, c4, c5])

26. mergel= create_normalization_layer()(merge0)

27. mergedOut = concatenate([mergel, bil, mergeQ])

28. mergedOut = create_flatten_layer()(mergel)

29. mergel= create_dense_layer(128, activation="relu’)(mergedOut)

30. mergel= create_dense_layer(2, activation="softmax’)( mergel)

31. model = create_model([input], mergel)

32. model.compile(loss="sparse_categorical_crossentropy', optimizer="adam’)

33. return model
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