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Abstract
Fast Neural Architecture Construction is a method to construct deep network
architectures by pruning and expansion of a base network. The construction
method is, conceivably, analogous to theories of human brain ontogenesis. Instead
of constructing a network architecture based on validation accuracy, a single scalar,
our method directly compares utility of different network blocks and constructs
networks with close to state of the art accuracy, in < 1 GPU day, faster than most
of the current neural architecture search methods.
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Introduction

Neural Architecture Construction (NAC) is a method to design neural network architectures that
mirrors theories on the ontogenesis of neurons in the brain. Brain development is believed to
consist of neurogenesis (29), where the neural structure initially develops, gradually followed by
apoptosis (9), where neural cells are eliminated, introduction of more neurons by hippocampal
neurogenesis (11) and synaptic pruning (17), where synapses are eliminated. The NAC algorithm
consists of analogous steps run in iterations: model initialization with a prior (neurogenesis), a
truncated training cycle, pruning filters (apoptosis), adding new cells (hippocampal neurogenesis)
and pruning of skip connections (synaptic pruning). Artificial neurogenesis (21) has been previously
studied as, among others, a method for continuous learning (7) in neural networks.
In recent years, several architecture search methods have been proposed using techniques such as
evolutionary algorithms and reinforcement learning. These methods have found neural network
architectures that outperform bespoke architectures. However, most of these algorithms iterate
through a number of intermediate networks, comparing their accuracy, before discovering a final
network. The time needed to discover the final network is limited by the need to run a full training
and evaluation cycle on each intermediate network generated, resulting in large search times. Recent work (16) includes network design methods (Neuroevolution (12), network transformation (5)
AmoebaNet (31; 32), Bayesian Optimization (20), MetaQNN (3), Genetic CNN (34; 10)), cell design
methods (NasNet (38; 37; 23), BlockQNN (36), Dutta et. al. (8)) and optimization based methods
(DARTs (25), NAO (26)) Some of the search algorithms address the long search times in different
ways: ENAS (30) and network transformation (5) use parameter sharing across iterations of generation. Others (BlockQNN (36), SMASH (4), Hypernets (14)) avoid full training by using early
stop methods or predictive weight generation. Other methods reduce the search space or use more
efficient search methods (DeepArchitect (27), hierarchical representations (24)).
In contrast, NAC speeds up the construction process because the pruning and expansion can be done
without needing to wait for a full training cycle to complete. A filter’s utility is calculated based on
statistics obtained from their featuremaps obtained during the training. These statistics reach a state
where the utility of different filters within a network can be evaluated. Experimentally, we find that
the time needed for filters to reach this state, is much less than the time needed for the accuracy of
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Figure 1: Neural Architecture Construction (NAC) using EnvelopeNets
a network to converge i.e. the time needed for an accurate comparison of the performance of two
networks, resulting in a speedup in the construction time.
The pruning and expansion algorithm fits in well with intuition from previous work that indicates
different layers of the network play different roles in the overall classification task (35; 28). The
layers closer to the head of the network extract gross features (edges, boundaries, shapes) while deeper
layers compose these into more abstract features (such as facial features). Further, (13) indicates that
each stage of a network iteratively refines its estimates of the same features. In InceptionNet (6), the
3 parallel paths with different filters were shown to extract features at different levels. After training,
it was found that for most layers, one of the paths dominated the others, indicating that one path was
primarily activated at each layer. EnvelopeNet construction exploits these properties in the iterative
construction of a network.
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Construction using EnvelopeNets

ALGORITHM 1: Neural Architecture Construction
// Neurogenesis: Set network prior
network ← hyperparams → envelopenet
while iterations < hyperparams → max_iterations do
// Learning: Truncated training
f ilter_stats ← short_train(network)
for stage in network do
sorted_f ilters ← sort(f ilter_stats, stage)
// Apoptosis: Prune sorted filters per stage, subject to constraints:
Do not prune a cell if it is the last cell in a layer and limit
number of pruned filters per stage
prune_f ilters(stage, sorted_f ilters)
// Synaptic pruning: Prune skip connections
prune_skip_connections(network)
// Hippocampal neurogenesis: Add envelopecell to the tail of stage
network ← add_cell(network, stage, hyperparams → envelopecell)
end
iterations ← iterations + 1
end
return network
The construction algorithm starts from a base network called an EnvelopeNet, composed of several
EnvelopeCells and evolves it to generate the final network as shown in Figure 1. An EnvelopeCell
is a set of M convolution blocks connected in parallel with their output concatenated. E.g. one of
the EnvelopeCells used in this work has 6 convolution blocks connected in parallel: 1x1 , 3x3 , 3x3
separable , 5x5 , 5x5 separable and 7x7 separable convolutions. This is a search space commonly
used in neural architecture search methods. Each block consists of a convolution filter, a Relu unit
and a batch normalization.
The EnvelopeNet consists of several stages, each with several layers. Each layer has a single
EnvelopeCell. The stages are separated by wideners. A widener (also called reduction cell) is
a maxpool unit and 3x3 convolution filter connected in parallel which downsamples the image
dimensions by a factor of two and doubles the number of channel. The EnvelopeNet has DenseNet (15)
style skip connections with depthwise concatenation on all inputs followed by a 1x1 convolution
filter to control the number of output channels. In addition the network has two other types of cells: a
stem (initial cell) for the network that increases the input channel width C for the EnvelopeNet and a
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classification cell consisting of an average pooling block, a fully connected layer with dropout and
softmax. The stem and classification blocks are placed at the head and tail of the network respectively.
We refer to an Envelope network using the notation, C/n1 -n2 -n3 .../M where C is the number of
input channels to the EnvelopeNet (output of the stem cell), ni is the number of layers in stage i and
M is the number of filters.
The algorithm restructures the EnvelopeNet in a series of iterations of pruning and expansion shown in
Algorithm 1. As a result, EnvelopeNet network narrows and deepens and the dense skip connections
get pruned (this also helps reduce the parameter count as the network gets deeper). Pruning of
filters and expansion is done by stage i.e. only filters within a stage are compared, and each stage is
expanded separately. This is motivated by studies that indicate successive layers iteratively refine
their estimates of the same features (13). For skip connections, we assign a scalar weight to all
incoming skip connections for every layer. These weights get trained along with the whole network
and during the pruning phase we halve the number of skip connections by eliminating connections
with lower weight. Although the algorithm searches across different stages in parallel, the overall
time to find the network is lower or comparable with the existing methods which only search for a
single cell. The EnvelopeNet provides a strong prior that helps the algorithm restructure the network
rather than use resources for the discovery of a base network structure.
It can be shown (19) that for a simple single stage network, with some assumptions, the relative MSE
of a pruned network relative to its generating EnvelopeNet is minimized by pruning the filter with the
lowest sum of the squared `2 -norm of a filter featuremap. The algorithm uses the squared `2 norm to
compare filters within a stage (between wideners, where the featuremap dimensions and number of
channels is the same for all filters) and identifies the filters to prune. Note that all filter’s statistics are
compared to design the next candidate network, while other neural architecture search methods use a
single scalar, accuracy, to decide the fitness of a candidate model. This internal view of the candidate
architecture makes the construction faster and more efficient than methods where a controller has to
try different combinations and use a single scalar, accuracy, to select the best.
The improvement in construction time compared to conventional neural architecture search depends
on the ratio of the time needed to extract featuremap statistics to a full training cycle f and the number
of iterations N needed. In our experiments f was 10 epochs/100 epochs = 0.1 and N was between 5
to 10.
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Results

We evaluate the proposed method on the task of image classification using CIFAR-10 (22)
and ImageNet (33) datasets.
The experiments were run using AMLA (18) and all
code/results/hyperparameters are open sourced (1).
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Network

Dataset

Params

Test
error
(%)

Search
time (GPU
days)

NAS-v3
CIFAR10
37.4M
3.65
1800
Block-QNN
CIFAR10
39.8M
3.54
96
AmoebaNet-B
CIFAR-10
34.9M
2.13
3150
PNAS
CIFAR10
3.2M
3.41
225
ENAS
CIFAR-10
4.6M
3.54
0.45
DARTS
CIFAR-10
4.6M
2.76
4
NAO
CIFAR-10
128M
2.07
200
NAC (128/7-6-2/6)
CIFAR10
10M
3.33
0.25
NASNet-A
Imagenet
4.9M
8.4
1800
AmoebaNet-A
ImageNet
6.4M
7.6
3150
DARTS
ImageNet
4.7M
8.7
4
NAC (64/7-6-2/6)
Imagenet
9.9M
15.36
0.25
Table 1: Accuracy, search time and number of parameters for NAC construction using EnvelopeNets
vs. other methods. State of the art numbers are indicated in bold. The NAC experiments were run
using single Nvidia V100 GPU. The search time reported here is the sum of the time required for the
algorithm to output the final architecture, but does not include the time for the training of the final
network. Please note that the ImageNet accuracy for NAC is preliminary. Current number is reported.

Figure 2 shows the running squared `2 norm of a single filter in the EnvelopeNet (other filters
show similar though not identical behavior). After roughly 10 epochs, the squared `2 norms show
a reasonable separation between each other, although they have not yet converged. In comparison
typical training of a network takes > 100 epochs. Note that we do not use parameter sharing across
iterations, which could further reduce generation time, though it could suffer neural brainwashing (2).
Figure 3 shows performance for a 128/15-6-4-4/6 constructed network generated from a 128/10-1-11/16 EnvelopeNet after 5 iterations. 10 equivalent random networks were generated by fixing the
depth of the stages equal to the stages in constructed network and adding the same number of blocks,
chosen randomly at each stage, subject to a minimum of one block per layer.
The worst case network was constructed using the construction algorithm, except it pruned the best
performing filters and did not use skip pruning. The constructed network consistently outperforms
the original EnvelopeNet, the worst case network and the sample average (with standard deviations)
of 10 randomly generated networks. Roughly half of the randomly generated networks had lower
performance than the EnvelopeNet, indicating that structure of the generated network is responsible
for some of the gain, and that the entire gains do not come from deepening or more parameters.
Table 1 shows the performance of a network generated from a 128/2-2-2/6 Envelope with 23.8M
parameters, run for 5 iterations to generate a 128/7-6-2/6 Constructed Network for CIFAR10. We use
the same network to train on ImageNet and compare along with other methods, with state of the art
performance indicated.
The primary limitation of the method is that the gains from structure appear to reduce when the
network parameters increase. When the number of parameters is extremely large, e.g. if we use a
classification block with several fully connected blocks or as the number of stages (number of output
channels) increases. In this regime gain in the accuracy of network comes from a larger number of
parameters rather than intelligent structure design.
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Conclusions

Neural networks exhibit properties that allow simple heuristic based construction techniques using
statistics derived during training. We have exploited one of these properties to design networks faster
than a search method that evaluates the accuracy of networks. The generated networks show close
to state of the art performance and outperform randomly and handcrafted networks with equivalent
number of parameters and blocks.
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