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Algorithm 1 Compressed Interaction Network with low-rank approximation
(LRCIN)
Require: inputs with shape [None, n, k|, cin_size
Ensure: output with shape [None, 377 field_numli), k|
1= Initialize CIN Layer with cin_size
2 Build method:
3 Set input_shape: |[None, n, k|
1 Set feldnum: [input _shape|1]| + cin_size
5 for i in range(len(feld_num)-1) do
Initialize Wi with
Sield_numli|, field_numl|i +1|)
Initialize Vli| (1, field_num|0]
Sieldnuanli, fieldanumli + 1) (for low-rank approximation)
. end for
. Call method:

(1, field_num|0)

shape +

with shape *

10 Split inputs along last dimension into k parts: X0

11: for each layer i in range(len(field_num|1:])) do

12 Split res_list|-1] along last dimension into k parts: X

13 Perform matrix multiplication between X0 and X4, transpose Xi
before multiplication

14 Reshape the result and transpose it

15 Apply low-rank approximation using Wli| * V]i] and perform 1D
convolution with input =

16 Transpose the result and append it to reslist

17: end for

18: Remove the first element (X0) from res_list

Concatenate res_list along axis 1
Set output as the concatenated result
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Model Criteo MovielLens
PNN 0.7432 0.7210
Wide&Deep 0.7580 0.7643
DeepFM 0.7740 0.7790
xDeepFM 0.8136 0.7970
Our Model 0.8230 0.8078
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