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Abstract; Network architecture is an important factor affecting the performance of convolutional neural networks.
Due to the low efficiency of the traditional manual design of network architecture, the method of automatically
designing network architecture through algorithms has attracted more and more attention. Although the approach of
differentiable architecture search ( DARTS) has the capacity of designing networks automatically and efficiently,
there are still problems owing to its super network construction and derivation strategy. An improved algorithm was
proposed to overcome these shortcomings. First, the coupling problem caused by sharing architecture parameters in
the super network was disclosed by quantifying the changes in the number of the skip candidate operations during
the algorithm search process. Next, aiming at the coupling problem of the super network, a super network with
multi-level cells was designed to avoid the mutual influence of cells at different levels. Then, in view of the “gap”
between the super network and the derived architecture, the entropy of architecture parameters was introduced as
the loss term of the objective function to inspire the training of the super network. Finally, architecture search
experiments were conducted on CIFAR-10 dataset, and architecture evaluation experiments were conducted on
CIFAR-10 and ImageNet respectively. Experimental results on CIFAR-10 show that the proposed algorithm removed
the coupling problem between cells at different levels and improved the performance of the automatically designed
architecture, which achieved classification error rate of only 2. 69% . The architecture had the classification error
rate of 25.9% on ImageNet, which proved its transferability.
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