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Abstract
Neural architecture search (NAS) has recently shown promising results for automatically finding cost-efficient and accurate predictors. However, most recent work
exclusively study the small search space of repeatable network modules (cells),
instead of the more general overall network (macro), partially because the models
found by macro-search typically require an order of magnitude more parameters
compared to cell-search to have the same accuracy. In this work, we show through
ablation study that this gap mainly exists due to the difference in initial models. In
fact, by starting with the same condition as cell-search, the proposed macro-search
can find a CIFAR-10 model that has 2.93% test error rate and uses 3.1 million
parameters. Our macro-search algorithm has the advantage of being simple and fast.
The search procedure randomly and incrementally grows the most cost-efficient
models on the Pareto frontier. The proposed search takes only 6 GPU-days, which
is much smaller than those of many existing methods, while achieving comparable
or better results.
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Introduction and Background

There has been keen interest in automated neural architecture search (NAS), ever since Zoph & Le
(2017) showed that it is possible to find models that are more accurate and less computationally
expensive than the best human designed models. While early NAS work (Zoph & Le, 2017; Real et al.,
2017) consider macro-search, where each layer in the network can take inputs from any previous
layer independent of how other layers choose their inputs, the most recent work (Liu et al., 2018b;
Luo et al., 2018; Cai et al., 2018) only consider cell-search, where the algorithm only searches over
how a few layers (typically 5 ∼ 8) are connected to each other, and use the found connection pattern,
called a cell, as a repeatable module in a human designed skeleton network that consists of a sequence
of cells. Macro-search and cell-search are compared in (Zoph et al., 2018; Liu et al., 2017; Pham
et al., 2018; Elsken et al., 2018), which find that in comparison to macro-search, cell-search can find
models that are more accurate with an order of magnitude fewer parameters. Zoph et al. (2018) also
demonstrate that cells found on CIFAR-10 can be composed with larger skeleton outer networks to
become state-of-the-art models on ImageNet (Russakovsky et al., 2015). Thereafter, no attempts
have been made to reconcile the gap between macro and cell-search in terms of the performance of
the found models, despite the fact that macro-search is more general and may be the only option on
novel tasks and data-sets where expert knowledge about the outer skeleton does not exist.
In this work, we investigate why macro-search has been outperformed by cell-search, and find that the
discrepancy in the initial model to be a dominating factor. In particular, when we start macro-search
with the outer skeleton of Zoph et al. (2018) composed with one of the simplest cells in their search
space, our macro-search found models for CIFAR-10 that takes 3.1 million parameters to reach
2.93% test error (averaged over 5 trials). This is close to the state-of-the-art, which is previously
only achievable by cell-search, and to the best of our knowledge, it is the best macro-search result
at the time of writing. The search is also much faster than many existing methods, taking only 6
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GPU-days. Our ablation study then shows that macro-search actually finds slightly better models
than cell-search if they start with the same model. Furthermore, if we reduce the starting model
complexity by half, then our macro-search result is degraded to 3.44% even when we triple the search
resource. This sheds light on the current macro-cell gap: though macro-search can potentially utilize
the extra freedom to find better models than cell-search, the benefits are overshadowed currently,
because cell-search methods uses better initial models.
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Search via Random Growth from Promising Models

We propose a simple algorithm, RandGrow, to grow networks in search of cost-efficient models. The
search is defined by five components: the choice of parent models, the incremental model changes, the
training procedure during search, the initial model, and the procedure for training the final model. The
first three components are repeatedly looped over by parallel workers. The best model in validation
goes through the final training procedure to report test error. We give a brief overview below:
Choice of Parent models. The goal of our algorithm is to find
cost-efficient predictors. For simplicity, we take a greedy approach.
Whenever we need to choose a parent model, we first plot the
computational cost versus validation error of existing models, and
then compute the lower convex hull of this curve. We stop the
hull when it starts increasing. We then choose a model on the
hull as the parent with probability defined as the following. If m1
and m2 are two adjacent models on the hull, with computational
costs c1 and c2 (c1 < c2 ), then we set the probability weight
of m1 to be proportional to c2 − c1 . The most accurate model
(which has no following model on the curve) is always chosen
with probability 0.5. This greedy approach is most similar to multiobjective architecture search (Elsken et al., 2018; Hsu et al., 2018)
that focuses on models on the pareto-frontier of the performance
scatter plot. Both methods modify the most cost-efficient models
and convex hull is a subset of the pareto-frontier.
Incremental Model Change. Fig. 1 illustrates a single incremen- Figure 1: Incremental model
tal model change, xc . Every iteration we randomly generate many change. Blue indicates existing
of them. The number of changes at each iteration depends on the layers, orange indicates increinitial network, and we detail the relation later. To form xc , we ments. opi are considered part
first randomly sample the target layer xout from layers that were in of xc .
the initial network. Then three input layers xin,i for i = 1, 2, 3 are
chosen. To ensure that xc has access to local layers, xin,1 always
chooses the deepest input of xout that was in the initial network. xin,2 and xin,3 are sampled with
replacement uniformly at random from all layers that are topologically earlier than xout . Each input
layer then uniformly randomly choose one of the five operations: 3x3 and 5x5 separable convolution,
3x3 max and average pooling, and identity. Following (Zoph et al., 2018; Real et al., 2018; Pham
et al., 2018), separable convolutions are applied twice. The processed inputs are concatenated together
and then projected to the same shape as the target layer xout using a 1x1 convolution. The result is
the incremental change xc , which is added to xout .
In our cell-search, our baseline, we use the same sampling procedure to form the incremental changes,
except that we follow (Zoph et al., 2018) and choose inputs within the same cell or from the outputs
of the previous two cells in cell-search.
Training During Search on CIFAR-10. The incremental changes have randomly initialized parameters while the parameters of the parent model are reused. We train the new network (parent network
+ incremental changes) with a batch size of 32 using SGDR (Loshchilov & Hutter, 2017) that starts
at 0.025 and ends at 0 in 80 epochs for two cycles (160 epochs). Following (Elsken et al., 2018),
we apply standard data augmentations of cropping-after-padding, left-right flipping, and pixel-wise
normalization, along with cutout (DeVries & Taylor, 2017).
Initial Network. Since we aim to compare cell and macro-search, we start with a network that is
compatible with both. Following common baselines (Zoph et al., 2018), we start on a network that
has 3 blocks. Each block has N = 6 regular cells and there is a reduction cell in between blocks. The
2

Table 1: Comparison against state-of-the-art recognition results on CIFAR-10. Results marked with
† are not trained with cutout. The first block represents approaches for macro-search. The second
block represents approaches for cell-search.
# params
Search
Test Error
Method
(mil.)
(GPU-Days)
(%)
Zoph & Le (2017)†
7.1
1680+
4.47
Zoph & Le (2017) + more filters†
37.4
1680+
3.65
Real et al. (2017)†
5.4
2500
5.4
ENAS macro (Pham et al., 2018)†
21.3
0.32
4.23
ENAS macro + more filters†
38
0.32
3.87
Lemonade I (Elsken et al., 2018)
8.9
56
3.37
RandGrow initial model (N = 6, F = 32)
0.4
–
4.6
RandGrow macro without DropPath
3.1
6
3.38
RandGrow macro
3.1
6
2.93
RandGrow macro (start at N =3, F =32)
2.7
18
3.44
NasNet-A (Zoph et al., 2018)
3.3
1800
2.65
3.2
3150
3.3
AmoebaNet-A (Real et al., 2018)
AmoebaNet-B (Real et al., 2018)
2.8
3150
2.55
PNAS (Liu et al., 2017)†
3.2
225
3.41
Heirarchical NAS (Liu et al., 2018a)†
15.7
300
3.75
ENAS cell (Pham et al., 2018)
4.6
0.45
2.89
ENAS cell (Pham et al., 2018)†
4.6
0.45
3.54
Lemonade II (Elsken et al., 2018)
3.98
56
3.50
3.4
4
2.83
Darts (Liu et al., 2018b)
Darts random (Liu et al., 2018b)
3.1
–
3.49
Cai et al. (2018)
5.7
8
2.49
Luo et al. (2018)†
3.3
0.4
3.53
RandGrow cell
2.0
6
3.21
RandGrow cell + more filters
3.5
6
3.05

initial channel size is F = 32. Our initial cell is inspired by ResNet’s (He et al., 2016) residual unit:
given an input x, it produces h(x) + x, where h is the 3x3 separable convolution operation in our
search space. This cell is also the smallest non-trivial cell in the search space of (Zoph et al., 2018).
At the start of each search, the initial model is trained from scratch as if it is a final model (more
details below). The initial model has around 4.6% error rate on CIFAR-10. We recognize that this
initial model for macro-search is more complex than early pioneering work (Zoph & Le, 2017; Real
et al., 2017). Hence, we also conduct an ablation study using N = 3 for macro-search, and we find
that this discrepancy in initial models is a crucial reason for macro-search to be outperformed by
cell-search in current literature.
We choose one increment for each of normal and reduction cells in cell-search. Since there are
(N × 3 + 2 =)20 cells, we choose 20 increments for macro-search, so that the overall number of
structural increments is kept the same at each iteration for comparing macro and cell-search fairly.
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Experiments

Our experiments first showcase that macro-search can indeed find state-of-the-art models on CIFAR10 that are currently only obtained via cell-search. Then we show that RandGrow macro-search can
outperform RandGrow cell-search if they start from the same model. Finally, we use ablation study
on the initial model to show how dominating initial model effects are on the search results.
Final training of the best models obtained. Following (Zoph & Le, 2017; Zoph et al., 2018; Real
et al., 2018), we train from scratch the best models obtained via the search procedure (in terms
of validation error), with batch size 32 using cosine learning rate that shrinks from 0.025 to 0 in
600 epochs. We apply path drop-out (Larsson et al., 2017) for the final training. Both training and
validation data are used. We report the average test error of five independent training runs.
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Table 2: Comparison against recognition results on CIFAR-100. RandGrow models are the ones
found in CIFAR-10 search. The first block represents the best human designed models. The second
represents models found through automated macro-search on CIFAR100.
# params Test Error
Method
(mil.)
(%)
DenseNet-BC (k=40) (Gao Huang, 2017)
25.6
17.18
26.2
15.85
Shake-Shake (Gastaldi, 2017)
SMASHv2 (Brock et al., 2017)
16
20.6
Real et al. (2017)
40.4
23.7
22.3
23.4
Elsken et al. (2017)
Block-QNN-S (Zhong et al., 2018)
6.1
20.65
RandGrow macro
3.1
18.74

CIFAR-10 macro-search. RandGrow macro-search is run on 4 GPUs for 1.5 days for a total of 6
GPU-days. Table 1 displays for each automated search method the number of parameters in the final
obtained model, search cost in GPU-days, and the test error on CIFAR-10. RandGrow macro-search
achieves much lower error rate (2.93%) than all previous macro-search based methods (first block of
Table 1), and only requires a fraction of parameters. In fact, the final obtained model is close to the
state-of-the-art that is currently only achieved by cell-search based methods, which are listed in the
second block of Table 1.
Comparison to cell-search. RandGrow macro and cell-searches start with the same model and are
constrained to make the same amount of change to the overall model at each step. In Table 1, our
macro-search outperforms cell-search by finding a more accurate and less expensive model (2.93%
vs. 3.05%), indicating that the extra freedom of macro-search can indeed help find better models.
The importance of initial model. RandGrow is the closest to (Elsken et al., 2018), since both
work warm start from existing models that are the most cost-efficient, and incrementally modify the
networks at random. One major difference is the starting model. Elsken et al. (2018) starts at shallow
models with three conv layers. RandGrow starts at one of the simplest model that the cell-search can
start with, but it is still vastly more complex than the starting models of previous macro-search. In
fact, when we set N = 3 instead of N = 6 in the initial model, we observe in Table 1 that the found
model only achieves 3.44% error rate, even if we increase the search resource to 18 GPU-days. This
suggests that the effect of initial model far outweighs the difference between macro and cell-searches,
which only causes a change of 0.1% in error rates. We can further infer the impact of initial models
from other existing works. For instance, (Zoph et al., 2018; Real et al., 2018; Pham et al., 2018; Liu
et al., 2018b; Luo et al., 2018) all use the same or similar skeletons, and their results are similar. 2 By
starting from a more complex skeleton and a more complex starting cell3 , (Cai et al., 2018) finds a
more accurate model using only 8 GPU-days.
Transfer to other data-sets. We also display in Table 2 the performance of human designed and
macro-search models on CIFAR-100. Our model found in macro-search on CIFAR-10 achieves better
accuracy than published macro-search results on CIFAR-100. We also transfer the macro-search
model to ILSVRC2012 (Russakovsky et al., 2015) (more detail in appendix), and achieves 27.2%
top-1 error rate using 6.88 million parameters and 830 million multi-add operations.
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Discussion and Ongoing Work

The ablation study on initial models shows that they are extremely impactful to search speed and final
model accuracy, we encourage future work to report initial model performances for fair evaluation of
search algorithms. The successful macro-search on CIFAR-10 through RandGrow and ablation study
on macro and cell-search together point future work to reconsider macro-search, because it is more
general, and it may be the only viable option on novel data-sets and tasks where a reasonable outer
skeleton architecture may not be available.
2
(Zoph et al., 2018; Real et al., 2018) have similar performance, but are better than the others partially due
to the thousands of GPU-days spent. (Pham et al., 2018; Liu et al., 2018b; Luo et al., 2018) have fast search,
because of parameter sharing during search, a topic outside the scope of this work.
3
(Cai et al., 2018) sets N = 8, and the starting cell is PyramidNet (Han et al., 2017)
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