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Figure 2: Example of a genotype and a phenotype. The genotype (left) defines the CNN architecture (right). In this case, node
No. 5 on the left side is an inactive node. The summation node performs max pooling to the first input so as to get the same
input tensor sizes.
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Figure 3: ResBlock architecture.

The fitness evaluation of the CNN architectures is so expensive
because it requires the training of CNN. To efficiently use the com-
putational resource, we want to evaluate some candidate solutions
in parallel at each generation. Therefore, we apply the mutation
operator until at least one active node changes for reproducing
the candidate solution. We call this mutation a forced mutation.
Moreover, to maintain a neutral drift, which is effective for CGP
evolution [21, 22], we modify a parent by the neutral mutation if
the fitnesses of the offsprings do not improve. Here, the neutral
mutation changes only the genes of the inactive nodes without the
modification of the phenotype.

We use the modified (1 + λ) evolutionary strategy (with λ = 2
in our experiments) in the above artifice. The procedure of our
modified algorithm is as follows:

(1) Generate an initial individual at random as parent P , and
train the CNN represented by P followed by assigning the
validation accuracy as the fitness.

Table 1: The node functions and abbreviated symbols used
in the experiments.

Node type Symbol Variation
ConvBlock CB (C ′, k) C ′ ∈ {32, 64, 128}

k ∈ {3 × 3, 5 × 5}
ResBlock RB (C ′, k) C ′ ∈ {32, 64, 128}

k ∈ {3 × 3, 5 × 5}
Max pooling MP –
Average pooling AP –
Summation Sum –
Concatenation Concat –
C ′: Number of output channels
k : Receptive field size (kernel size)

(2) Generate a set of λ offsprings C by applying the forced
mutation to P .

(3) Train the λ CNNs represented by offsprings C in parallel,
and assign the validation accuracies as the fitness.

(4) Apply the neutral mutation to parent P .
(5) Select an elite individual from the set of P andC , and then

replace P with the elite individual.
(6) Return to step 2 until a stopping criterion is satisfied.

4 EXPERIMENTS AND RESULTS
4.1 Dataset
We test ourmethod on the image classification task using the CIFAR-
10 dataset in which the number of classes is 10. The numbers of
training and test images are 50, 000 and 10, 000, respectively, and
the size of images is 32 × 32.

We consider two experimental scenarios: the default scenario
and the small-data scenario. The default scenario uses the default
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Model Error rate
Maxout[8] 9.38
Network in Network[9] 8.81
VGG[10] 7.94
ResNet[11] 6.61
CGP-CNN (ConvSet) 6.34
CGP-CNN (ResSet) 6.05
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Our methods outperform all hand-crafted architectures
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