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Training a deep neural network (DNN) involves selecting a set of hyperparameters that define the network
topology and influence the accuracy of the resulting network. Often, the goal is to maximize prediction ac-
curacy on a given dataset. However, non-functional requirements of the trained network — such as inference
speed, size, and energy consumption — can be very important as well. In this article, we aim to automate
the process of selecting an appropriate DNN topology that fulfills both functional and non-functional re-
quirements of the application. Specifically, we focus on tuning two important hyperparameters, depth and
width, which together define the shape of the resulting network and directly affect its accuracy, speed, size,
and energy consumption. To reduce the time needed to search the design space, we train a fraction of DNNs
and build a model to predict the performances of the remaining ones. We are able to produce tuned ResNets,
which are up to 4.22 times faster than original depth-scaled ResNets on a batch of 128 images while matching
their accuracy.
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1 INTRODUCTION

Deep neural networks (DNNs) represent effective solutions to problems across several different
domains, including computer vision. One of the most popular tasks in this field is object classifica-
tion, in which a given input image must be assigned to the class best representing what is displayed
on that image. The best results for this task have been achieved by convolutional neural networks,
with LeNet [18] being the first to recognize handwritten digits from the MNIST dataset with low
error in 1998 and AlexNet [15] substantially outperforming the state of the art in the large-scale
image classification task ImageNet [13] in 2012. Since then, several prominent DNN architectures
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have emerged, including residual networks — ResNets [9] and densely connected convolutional
networks — DenseNets [11], with current state-of-the-art results shown by machine-engineered
NASNets [31]. We take inspiration from wide residual networks [28], which introduced the pa-
rameter of width in their work and demonstrated the potential of scaling ResNets by increasing
their width as opposed to their depth. We are specifically interested in wide and shallow architec-
tures, since they introduce opportunities to exploit layer-wide parallelism and reduce the number
of sequential computational steps required to process any given input. While our work concen-
trates on exploring the design space of residual DNNs (i.e., ResNets), we believe that it is possible
to achieve similar results using other DNN architectures, such as DenseNets and NASNets.

Even for a fixed neural network architecture, the design space consisting of networks of different
width and depth can be quite large. For a given application with requirements not only on accuracy
but also size, speed, and energy consumption of a neural network, the choice of the optimal DNN
topology is far from trivial. We tackle this problem by developing a library of tools under the
umbrella name of Shape_DNN that automates the process of choosing the optimal pair of values for
depth and width for a given classification problem. Shape_DNN can measure the speed and energy
consumption of DNNs and predict their accuracy based on the classification performance of a
subset of shapes in the design space. DNNs in the design space are initialized with random weights
to measure their speed and energy. Shape_DNN trains a subset of DNNs in the design space and
models their accuracy, employing one of several predefined modeling strategies, to predict the
accuracy of the rest. Hence, it becomes possible to answer the following questions:

e Which is the most accurate shape for a DNN that does not exceed a given maximum size?

e Which is the fastest shape for a DNN that meets a certain minimum accuracy?

e Which shape is the most energy efficient that does not fall below a given minimum accuracy
and does not exceed a given maximum size?

e Which shapes meet the requirements on speed and size while performing with accuracy
above a certain threshold?

Our experiments show that Shape_ DNN can produce DNNs that are smaller, faster, and more
energy efficient than the original depth-scaled ResNet implementations introduced by He et al. [10]
without sacrificing accuracy. For example, we have produced a DNN that is 4.22 times faster than
the baseline defined by He et al. on a batch of 128 images while achieving the same level of test-set
accuracy with the CIFAR-10 dataset.

The structure of the article is as follows. In Section 2, we discuss related work and highlight
differences to ours. In Section 3, we explain the relationship between the shape of a neural net-
work and its non-functional requirements and present our approach to measuring the energy con-
sumption of DNNs on NVIDIA GPUs. Then, we present and motivate the strategies employed by
Shape_DNN for searching the design space of DNNs in Section 4. We evaluate our approach us-
ing four datasets in Section 5. We conclude with Section 6, in which we review our approach and
consider possible future work.

2 RELATED WORK

In practice, the process of hyperparameter optimization of DNNs is often done manually or by us-
ing grid search [17]. Training a DNN is a time-consuming task and a scientist with expert knowl-
edge can help narrow the search space. On the other hand, grid search is attractive because of its
ease of parallel implementation, which makes it possible for many DNN architectures to be trained
simultaneously. Random search, as opposed to grid search, was shown to be more efficient when
searching large design spaces [3].
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In recent years, several hyperparameter-optimization methods have been proposed that com-
pete with random search on this task. In general, the difference between Shape_DNN and these
approaches is the scope of the target problem. Shape_DNN tunes a given DNN architecture, while
the other methods that we discuss below try to design a new DNN architecture. Another differ-
ence in Shape_DNN is that it considers size, speed, and energy efficiency of the DNN along with
its accuracy.

Miikkulainen et al. [20] propose an automated method for optimizing a DNN architecture us-
ing evolutional algorithms. They define a pool of hyperparameters that produce an exponentially
larger design space than the one considered by Shape_DNN. Therefore, the amount of training
performed by Shape_DNN and its computational demands are much smaller. To reduce the com-
putational complexity of their approach, Miikkulainen et al. [20] train the population of DNNs
for only a few epochs, which, as mentioned by the authors, results in a bias toward fast-learning
architectures. Indeed, in our experiments wider shapes tend to learn much faster than their deeper
alternatives of the same size. However, deeper shapes tend to learn more in later epochs. We there-
fore train DNNs to convergence and then use their test-set accuracy to build Shape_ DNN’s model
for predicting accuracy. Since the two approaches focus on solving different problems, they can
be used together: one to produce an architecture and the other to tune it to meet the application
requirements on a given hardware.

Zoph and Le [30] use a controller recurrent neural network (RNN) architecture to predict
variable-sized specifications of designs of DNN architectures that have the best validation-set ac-
curacy. In contrast to the work of Miikkulainen et al. [20], which uses a neuroevolution algorithm
to search for the best-performing architecture, Zoph and Le use reinforcement learning to train the
RNN, which allows the use of gradient-based optimization of the predicting model. As in the work
discussed previously, the goal is to design an architecture, although the design spaces considered
are smaller; for example, the authors use predefined values for the learning rate, weight decay,
momentum, and so on, instead of learning them. Nevertheless, this design space is still exponen-
tially larger than the one explored in our work. Since the authors’ goal is training a controller
RNN, the accuracy of which depends largely on the amount of training data, and since the design
space explored is very large, their computational requirements are demanding. Specifically, the
authors used a distributed setting with 100 nodes, each equipped with 8 GPUs, to train a total of
12,800 different DNN architectures on a CIFAR-10 classification task. In contrast, in our experi-
ments with the same dataset, we used a single desktop with one GPU. The biggest design space
that we considered consisted of 180 different shapes; we trained only 45 and used our model to
predict the performances of the remaining ones. Given that our linear regression model is much
simpler than the RNN employed by the authors, it also requires a much smaller amount of train-
ing data to achieve good prediction accuracy. Nevertheless, we considered shape sets with a larger
variety of widths than the authors (20 vs. 4). This allowed us to fine-tune a ResNet architecture to
produce models that fit various constraints.

Inspired by the success of recent scalable architectures, such as ResNet and DenseNet, Zoph
et al. [31] use reinforcement learning to produce two types of cells used to build a DNN architec-
ture with the goal of maximizing validation-set accuracy on CIFAR-10. Normal cells preserve the
size of the input channels and reduction cells reduce their width and depth. The size of the design
space explored by the authors, although smaller than the one in the previous work, is still exponen-
tially larger than the space considered by Shape_DNN. The experiments on CIFAR-10 were run in
parallel on 500 GPUs for 4 days to determine the most accurate cells. The result of their work is the
NAS cell, which is used to build the NASNet architecture, showing state-of-the-art results on both
CIFAR-10 and ImageNet classification tasks. The authors parameterize the NASNet architecture
with the number of cell repeats, whose effect is similar to the depth parameter of wide ResNets, and
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the number of filters in the first layer of the network, which also determines the number of filters
in subsequent layers of the network and whose effect is similar to the width parameter of wide
ResNets. However, the authors use exhaustive grid search instead of accuracy models to search this
space, which is very expensive and not practical for many real-life applications of DNNs. There-
fore, our approach to modeling accuracy—based on the shape of the network—can significantly
speed up this stage of architecture search by estimating the accuracy of the networks, rather than
training all of them. In the future, we plan to add support for NASNets to Shape_DNN.

Negrinho and Gordon [21] propose a language for defining the design space of DNNs and a
framework for efficiently searching this space. The results obtained on CIFAR-10 show that their
approach outperforms random search. However, the DNNs produced are less accurate than other
state-of-the-art models. Similar to Zoph and Le [30], Baker et al. [2] use reinforcement learning to
produce DNN architectures. However, the design spaces that they consider are smaller when com-
pared to the ones explored by Zoph and Le. They build DNNs using only standard convolutional,
fully connected, and pooling layers. Therefore, the DNNs that they produce are less accurate than
architectures such as ResNet, which use skip connections and identity mappings.

Zagoruyko and Komodakis [28] trained residual networks of various widths and compared their
accuracy when applied to several datasets. We extend their work by modeling the accuracy, mea-
suring the speed and energy consumption, and calculating the size of DNNs of various shapes
and use this information to efficiently navigate the design space. There exists a body of research
on performance modeling of DNNs. For example, PALEO [22] is an analytical performance model
that estimates training and inference times of a DNN based on its declarative specification. As
opposed to PALEO, we focus on tuning the DNN shapes with the aim of minimizing inference
times rather than training times. However, we also consider other characteristics, most notably
accuracy, because we believe that both speed and accuracy of the resulting network must be con-
sidered together for production of fine-tuned DNNs. Hashemi et al. [8] analyze the scalability of
training DNNs using the CNTK framework on various configurations of a cluster. However, they
do not model the accuracy of DNNs. To the best of our knowledge, there has been no research so
far considering all of the abovementioned properties of a DNN at the same time.

Several approaches related to designing energy-efficient DNNs have been proposed in recent
years. There is a substantial amount of literature on achieving energy efficiency by reducing the
size of a DNN. The proposed methods include reducing the number of parameters of a DNN
by using a different architecture [12], compressing the network [7], and using low-precision
weights [29], including binary weights [6] and activations [23]. Binarization techniques offer ad-
ditional advantages. Using binary weights and activations, it is possible to implement most of
the computation in a DNN with accumulate [6] or even XNOR [23] instructions, which are faster
and more energy efficient than regular multiply-accumulate instructions. Yang et al. use hardware
measurements for the energy-aware pruning of parameters [27]. We ran our experiments and mea-
sured energy on NVIDIA GPUs rather than resorting to a specialized hardware, as Yang et al. do.
However, our results confirm their findings that estimating energy based only on the number of
parameters of a DNN is inaccurate, as it ignores other important properties, such as the network

topology.

3 DESIGN SPACE OF DNN SHAPES

In this section, we explore the relationship between depth and width of a DNN on the one hand and
its non-functional properties on the other, including inference speed, memory requirements, and
energy consumption. In contrast to purely theoretical considerations [12, 24], we illustrate these
relationships experimentally under the constraints of actual and finite GPU hardware. Our aim is
to provide the reader with intuition about dependence between the non-functional requirements
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Fig. 1. Example of a ResNet architecture (adapted from He et al. [9] with permission). Curved lines represent
addition operations within residual blocks.

and the shape of a DNN and to illustrate the kinds of computations performed by Shape_ DNN for
the networks in the design space. First, we briefly describe the ResNet architecture and our training
datasets, followed by the setup of our test environment, before we introduce the terminology used
throughout this article and analyze each non-functional requirement in detail.

3.1 ResNet Architecture

The main contribution of the ResNet architecture is the introduction of a residual block consisting
of several convolutional layers. Each block adds its inputs to the output of the last convolutional
layer. This technique makes it possible to train very deep architectures and prevents accuracy
degradation caused by the increased depth of the network. Figure 1 displays an example of a
ResNet architecture. Zagoruyko and Komodakis [28] showed with wide residual networks that,
in certain scenarios, scaling networks by increasing their width instead of depth can more easily
reach higher prediction accuracy. The measurements presented in this section stem from wide
ResNet topologies. However, the dependences are valid for other types of convolutional neural
networks as well.

3.2 Datasets

We trained various ResNet topologies on four different datasets: MNIST [19], CIFAR-10, CIFAR-
100 [14] and ImageNet32x32 [5]. MNIST contains gray-scale images of dimension 28 X 28 X 1
with training and test sets consisting of 60,000 and 10,000 images, respectively. CIFAR-10 and
CIFAR-100 consist of 60,000 labeled images of dimensions 32 X 32 X 3, of which 50,000 were used
for training and 10,000 for testing. The images are divided into 10 and 100 classes, respectively.
ImageNet32x32 is a downsampled version of the ImageNet [13] dataset and consists of the same
images but reduced to dimensions 32 X 32 X 3. Because downsampling eliminates information,
it presents a harder classification task than the original ImageNet but is at the same time com-
putationally less demanding and, therefore, more amenable to experimental studies. The dataset
consists of 1,281,167 training and 50,000 test images from 1000 classes.

3.3 Test Environment

Our measurements and training for MNIST and CIFAR datasets have been performed using the
PyTorch [25] framework on a single desktop computer with an Intel(R) Core(TM) i7-4770 CPU,
32GB of main memory, and two GPUs, one NVIDIA TITAN Xp and one NVIDIA GeForce GTX
TITAN X, and the Ubuntu 16.04 LTS operating system. The results presented for these datasets
were collected using the NVIDIA Titan Xp; the second GPU was used only for cross-checking the
results and measurements. To speed up the design space exploration of ImageNet32x32, we trained
our models on accelerator-equipped nodes of Lichtenberg, an HPC cluster at TU Darmstadt. Each
of the nodes contains two NVIDIA Tesla K20 GPUs. The experiments on this dataset, including
measurements of energy consumption and speed of DNNs, were performed on two servers: one
with a single NVIDIA Tesla K20 GPU and another with a single NVIDIA Tesla K20Xm GPU.
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3.4 Terminology

We will further refer to the amount of time it takes to process an input by a DNN as its inference
time or latency. For the sake of consistency, we adopt the definitions of width and depth from
Zagoruyko and Komodakis [28]. Depth is defined as the number of convolutional layers and width
is the factor used to multiply the number of channels in each convolutional layer of the network.
The width of 1 corresponds to the original ResNet implementation by He et al. [9]. We refer to a
combination of depth and width as the shape of a DNN architecture and will be referring to various
shapes in a (<depth>, <width>) format. We extend the work of Zagoruyko and Komodakis [28]
by including thin residual networks into the design spaces that we consider, which, as opposed to
being widened, are shrunk to reduce the size of the network.

3.5 Size of the DNN

The size of a wide ResNet topology, which determines its memory consumption, can be calculated
based on four parameters:

e the size of an input

e the number of output classes
e depth

e width

The first two parameters are defined by the classification problem and are therefore not considered
for tuning. The relation between the size and the depth of the network is linear, whereas the size
grows proportionally with the square of the width. This is because convolutional layers are four-
dimensional and increasing the width increases both the number of input and output channels
equally for each convolutional layer.

3.6 Latency

The architectural specification of a DNN also defines its computational graph. For convolutional
neural networks, which are the state of the art for object classification tasks, most of the compu-
tation resides in convolutional blocks. Although deeper neural network architectures have been
shown to be able to approximate more complex functions than shallow ones, they come with an
increased computational cost. Specifically, the increase in the number of convolutional blocks re-
sults in higher network latency. Latency requirements, for example, in real-time scenarios, might
limit the applicability of such deep architectures in practice.

Considering that the majority of the state-of-the-art DNNs are being trained and run on GPUs,
which are designed to handle embarrassingly parallel computations while not being equally well
suited for the execution of sequential code, shallow and wide DNN architectures have the potential
to yield faster inference and training times as opposed to their deep and thin alternatives.

The amount of work required to feed-forward an input through a DNN increases quadratically
with the width and linearly with the depth. However, despite the work being asymptotically dom-
inated by the width, the amount of concurrency per layer might still be less than what a GPU can
provide. For example, if we compare the two Shapes A and B displayed in Figure 2, we can ob-
serve that A is wider and shallower than B and requires more work to forward propagate an input.
However, despite this, it has a lower latency because it can exploit a higher degree of parallelism.

To demonstrate this relationship, we have constructed and measured the latencies of various
shapes of ResNets with batch sizes from 1 up to 128. As expected, the latency increases linearly
with depth, as can be seen in Figure 3(a).
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Fig. 2. Shape A has less latency than shape B, despite requiring more work (area = size of the shape), because
it can use parallel hardware more efficiently.
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Fig. 3. From left to right, relation between latency (ms) and the depth, width, and batch size of the network.
Batch sizes are on a logarithmic scale.

Wider shapes, however, despite having quadratically more parameters and hence overall com-
putation, result in a quadratic increase in latency only after a certain threshold is reached. This is
likely because, up to this point, they can exploit layer-wide parallelism, letting increasing width
result in higher GPU utilization but not in higher latency. Only after the potential parallelism ex-
ceeds what the hardware can support, grows the latency with the square of the width. Figure 3(b)
shows very slight changes in latency for the shapes of different widths and a batch size of 8. As
can be seen after a certain threshold, a width of 4 in this case, latency starts increasing quadrati-
cally. The quadratic relationship between latency and the width of the network also explains why
the latency scales less dramatically for shapes of width 1.0, 1.5, and 2.0 than for others, as can be
seen in Figure 3(a). Once the GPU is fully utilized, all the parallelism of the hardware available to
speed up the computation of individual layers is exhausted and any additional computation will
introduce serialization within the layer.

Similarly, increasing the batch size for thinner topologies results in higher GPU utilization and,
after a certain threshold, increases the latency linearly, as can be observed in Figure 3(c). This is
because processing larger batches also results in an increase of the amount of work per layer.

GPU utilization can be viewed as a function of width and batch size. By tuning these values
together, it is possible to ensure efficient use of GPU resources.

3.7 Power Use and Energy Consumption

Most modern NVIDIA GPUs have on-chip sensors measuring power use, which are accessible
through the NVIDIA Management Library (NVML) interface. Our approach to measuring en-
ergy consumption of various DNN topologies is based on recording actual power measurements
provided by these sensors. Similar approaches [4, 16] have been used to calculate the energy
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Fig. 4. The figure on the left and the figure in the center display the relation between power usage and the
depth and width of a DNN, respectively. On the right is the dependence between energy consumption per

parameter and width.
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Fig. 5. From left to right, relation between energy consumption and the depth, width, and the batch size.
Batch sizes are on a logarithmic scale.

consumption of various kernels. To measure the energy consumption of a set of topologies, we
spawn two processes, one of which performs forward-propagation and the other records power
draw until the point when it stabilizes or a time-out is reached. The mean power draw and latency
values are used to calculate the energy consumption for each topology.

We measured the power use and energy consumption of ResNets with various shapes. As is
evident from Figure 4(b), the power use increases linearly with the width until the power limit
of the device is reached. This is because wider networks with their higher degree of layer-wider
parallelism use the GPU to a larger extent. Increasing the depth, however, has no effect on the
amount of parallelism per layer and, therefore, has a very small impact on power use, as shown in
Figure 4(a).

Increasing the depth of a DNN will linearly increase the energy consumption, as shown in
Figure 5(a). The reason is that deeper topologies have the same amount of work per layer and
use as much power but for a longer period of time. Increasing width, on the other hand, initially
expands the network into previously unused regions of the GPU, which, however, had to be pow-
ered anyway — albeit statically. After the GPU is fully occupied and no more hardware concurrency
can be exploited, energy grows proportionally with the amount of work, which raises quadratically
with increasing width, as can be seen in Figure 5(b).

As a consequence of this relationship, the amount of energy consumed per parameter is higher
when the GPU is underutilized, as can be observed in Figure 4(c). Once the GPU is fully utilized,
the extra energy consumed for every additional parameter is the same. For this reason, wider
shapes can sometimes be more energy efficient than their thinner deeper alternatives while being
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bigger in size. For example, DNN shape (16, 5) needs 2.1 times less energy to feed forward a single
image than (58, 1) while being 5 times larger. As stated earlier, our observations agree with the
results achieved by Yang et al. [27] in that reducing the number of parameters of a DNN does
not always improve energy efficiency. Similarly, increasing the batch size will linearly increase
energy consumption after no more batch-level parallelism can be exploited, which can be seen in
Figure 5(c). Note that the batch size in the figure is scaled logarithmically.

4 SEARCHING THE DESIGN SPACE

In this section, we describe the search algorithm of Shape_ DNN. As input, Shape_DNN expects the
specification of the design space, training, and test datasets for a given classification task, a set of
constraints, and, optionally, an optimization objective. Moreover, the user can choose among three
modeling strategies, which will be discussed below. Constraints can be imposed on any combina-
tion of size, latency, energy consumption, and accuracy. The optimization objective can be chosen
among these four criteria. It is also possible to modify the default values for other hyperparam-
eters, such as the learning rate, and so on. The output of the algorithm is the set of DNN shapes
complying with the provided constraints or, if the optimization goal is present, the best shape out
of this set with respect to the optimization objective.

First, the design space of DNNs is defined based on user-supplied ranges of values for depth and
width, specified in terms of minimum, maximum, and step size. The space is then filtered based
on the chosen constraints, starting with size, followed by latency, energy, and, finally, test-set
accuracy in that order. DNNss are first filtered based on their size because the size of a DNN can be
derived quickly as a function of the shape without instantiating the network. Next, Shape_ DNN
measures the latency of the remaining shapes after initializing them with random weights and
eliminates those exceeding the desired latency limit, if there is one. The survivors are subjected to
energy tests and possibly filtered based on energy constraints.

After all non-functional criteria have been applied, Shape_DNN selects a subset of the DNNs
left in the design space and trains them on the provided dataset. The performance results of this
subset are then used to create a function that approximates the test-set accuracy for all DNNs in
the space. Using this function, the design space is filtered further based on the required accuracy.
If the optimization goal corresponding to one of the requirements above is provided, Shape_ DNN
proceeds to find the best shape in the design space according to the given goal. Pseudocode for
the described process can be found in Algorithm 1.

4.1 Modeling Accuracy

Filtering the design space based on the required size, latency, and energy consumption of a DNN
is much less time-consuming when compared to the time spent on filtering by accuracy. This is
because, to measure the latency or energy consumption of a DNN, it is sufficient to initialize it
with random weights and use the techniques presented in the previous section. To measure the
test-set accuracy of a given topology, on the other hand, it is required to train it first, which is a
much longer process. Therefore, we reduce the time spent training the shapes in the design space
by modeling their accuracy.

Despite the recent trend toward deeper DNN architectures, they come with a penalty of an
increased network latency, as demonstrated earlier. The question of the importance of depth in
neural networks was raised before [1] and it was empirically shown [26] that having multiple
hidden layers with non-linearities is crucial to obtaining high accuracy on an image classification
task. However, selecting the optimal value for depth is not trivial. Shape_DNN can help the user
choose optimal values for depth and width.
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ALGORITHM 1: Tuning Width and Depth Using Shape DNN

Input: Design space specification.

Input: Classification problem.

Input: Constraints.

Input: OptimizationGoal[optional].

Input: ModelingStrategy[optional].

Input: Training hyperparameters [optional].

Output: A set of shapes complying with Constraints or the best shape out of this set with respect to

OptimizationGoal if one is provided.
begin
Shapes «— InitializeDesignSpace()
if MaxSize € Constraints then
L Shapes.RemoveLargerThan(MaxSize)

if MaxLatency € Constraints then
Shapes.BenchmarkLatencies()
Shapes.RemoveSlowerThan(MaxLatency)

if MaxEnergy € Constraints then
Shapes.MeasureEnergyConsumption()
Shapes.RemoveLessGreenThan(MaxEnergy)

ChosenShapes «— ModelingStrategy.Select(Shapes)
RealAccuracies «— ChosenShapes.Train()
AccuracyModel «— BuildModel(Real Accuracies)
Shapes.PredictAccuracy(AccuracyModel)
if MinAccuracy € Constraints then

L Shapes.RemoveLessAccurateT han(MinAccuracy)
if no OptimizationGoal then

| return Shapes
else
Shapes.OrderBy(OptimizationGoal)
for BestShape € Shapes do
Accuracy «— BestShape.Train()

else
Found the optimal shape.
return BestShape

if MinAccuracy € Constraints and Accuracy < MinAccuracy then
L Accuracy below expected, continue with the next best shape.

Although bigger ResNet architectures are more prone to overfitting the training set, the lowest
achieved test-set error during training tends to be in inverse relationship with the number of
parameters of a DNN [5]. To select the base features of our model, we created a dataset with the
highest achieved percentages of test-set accuracy on the CIFAR-10 classification task for different
shapes of ResNets. We split this dataset into training and test sets and experimented with the
various base features for our model drawn out of a set shown in Equation (1), where d stands for
the depth and w for the width. The base features shown in Equation (2) were selected because they
had the lowest absolute values of s and t while the trained model produced a score of R? > 0.96 on
the training and test sets. We define the function predicting the accuracy as in Equation (3) and
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Fig. 6. Relationship between test-set accuracy and the number of parameters for CIFAR-10 and CIFAR-100.
Different colors represent topologies of different width.

use linear regression to find the vector of coefficients v and bias b. The accuracy of this model and
the choice of the trained shapes is analyzed in detail in Sections 4.2 and 4.3.

{d*w|s,t € Z| =5 < s,t <0} (1)

(1o 1y o
wd w? dw d? w3 w?d wd? &3

yp(x) = v x+b (3)

Figure 6 shows the relation between the accuracy predicted by the fitted function and the pa-
rameter count for CIFAR-10 and CIFAR-100; each color line represents a topology of a different
width. We present the results of achieved test-set accuracy alongside parameter count, since the
number of parameters can be interpreted as a cost of increasing both width and depth. As can be
observed from the chart, the choice of the best-performing topology in terms of accuracy depends
on the number of parameters available for construction of a DNN. Since the number of parame-
ters determines the size of the DNN, given a maximum size, it is possible to predict the choice of
a best-performing topology.

4.2 Choosing DNN Shapes to Train

Modeling accuracy is an effective tool for reducing the time spent searching and navigating the
design space of DNNGs. It requires training a subset of DNNs in the design space; thus, it is important
to train a sufficient number of DNNs and to choose the shapes to train such that the prediction
accuracy of the fitted function is maximized while the training time is minimized.

We tested three strategies for choosing the shapes to train from the design space: random sam-
pling, wider-shape sampling, and interval sampling from the list of shapes ordered lexicograph-
ically by width and depth. Wider-shape sampling means ordering samples by width and depth
in ascending order and choosing the first m shapes. The advantage of this strategy over the oth-
ers is that, on average, it results in less training time because small wider shapes are faster to
train, and for every distinct width in the design space there is at least one sample trained provided
that the number m of trainings performed is sufficiently large. Interval sampling showed the best
results on all datasets in terms of prediction accuracy, followed by random sampling and wider-
shape sampling. We attribute the superiority of interval sampling to the amount of noise present
in the training data, that is, topologies of similar shape tend to perform relatively similarly, and
stating the superiority of one shape over the other in terms of prediction accuracy with any sort
of confidence requires a number of trainings of both to be performed with various initialization
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Table 1. The Level of Noise (2 std. dev.) in MNIST, CIFAR-10, and CIFAR-100 and the
Minimum Number of Shapes That is Required to Train for Design Spaces of Various Sizes
So That the Mean Prediction Errors Fall Below the Amount of Noise for the Dataset

Dataset Noise | Shapes Trained Total Shapes Mean Prediction Error
16 16 N/A
10 20 0.10
MNIST 0.1 20 40 0.09
19 60 0.06
26 80 0.09
17 17 N/A
10 21 0.38
CIFAR-10 0.4 21 43 0.20
12 64 0.16
17 86 0.13
8 17 0.42
10 21 0.28
CIFAR-100 0.6 13 42 0.35
12 63 0.36
17 85 0.38

The noise refers to the size of the probable range of values of prediction accuracy that a given DNN
shape is likely to achieve when trained with various initialization parameters.

parameters. Since the training time of any given shape is high, training a single shape many times
is infeasible for design space exploration. Interval sampling is advantageous because it covers the
whole design space. This results in the effect of noise being less pronounced, which makes it pos-
sible to fit the function more accurately.

4.3 The Number of Trained DNNs

To judge the effectiveness of modeling test-set accuracy with any given number of training sam-
ples, we first calculated the level of noise in the training data. For each dataset, with the exception
of ImageNet32x32, we selected multiple shapes and performed 10 trainings of each with different
initialization parameters. The variance in the final prediction accuracy of these shapes on the test
data was used as an indicator of noise, that is, tolerable level of error for our linear regression
model. To simulate a task of modeling accuracy, we trained up to 86 different shapes from each
dataset and created samples of various sizes from these shapes to mimic DNN design spaces. For
each design space, we used various percentages of the total number of shapes as training data for
our linear regression model. Comparing the mean prediction error of our model with the level of
noise, we were able to choose the minimum number of shapes that needs to be trained to achieve
a prediction accuracy within the tolerance level defined by the noise for each data set. The results
can be found in Table 1. Notably, although the level of noise increases with the complexity of the
classification task, the required minimum number of training changes only slightly. For example,
the numbers for CIFAR-100 are close to those of CIFAR-10 in similar design spaces. For MNIST,
we explored the design space with a lower step size between values of width because of the lower
complexity of the classification problem. As can be observed, decreasing the step size requires
training more samples, because the amount of noise in the training data also increases.

Training less shapes from each dataset would accelerate design space traversal at the ex-
pense of accuracy of the fitted function. Hence, to avoid compromising accuracy, we refrain from
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further reducing the number of trained DNNSs. Table 1 also shows that, for larger design spaces, less
training may be required to achieve acceptable prediction accuracy. For example, when increasing
the size of the design space for CIFAR-10 from 43 to 64 and training less shapes — 12 instead of
21 - the linear regression model has lower prediction error, which might seem counter-intuitive.
However, the important difference between these two cases is the choice of the trained shapes.
Interval sampling diminishes the effect of noise in the training data for a larger design space, even
though the number of trained shapes is low. We believe that there are several factors that need to
be taken into account when selecting the appropriate number of shapes to train:

e complexity of the classification problem
e size of the design space
e step size

While the implementation of accurate decision making based on all of the aforementioned fac-
tors is out of the scope of this article, the user of Shape_ DNN can choose among three modeling
strategies: thorough, standard, and optimistic. The strategies are listed in descending order of the
number of training samples. Depending on the selected strategy, the time spent traversing the de-
sign space can be reduced up to 3, 4, or 5 times in comparison to exhaustive grid search. For each
strategy, we have defined a set of threshold values reflecting the size of the design space. Once
the number of shapes in the design space crosses the threshold value, the percentage of shapes
to be trained drops. To find suitable threshold values and percentages for each strategy, we first
calculated the optimal number of shapes that is required to train for the three studied datasets
with different levels of complexity of classification task and various step sizes in the design space,
as shown in Table 1. Then, we roughly divided anticipated real-life design spaces into three cate-
gories of varying complexity of the classification task and expected step size: low-complexity tasks,
which are similar to our simulations with MNIST, where a smaller step size is likely to be used;
medium, covering the range of problems similar to CIFAR-10 and CIFAR-100; and high, intended
for classification problems with complexity similar to ImageNet [13]. The standard strategy is the
default and should be sufficient for most scenarios. The optimistic strategy can be advantageous
for more complex classification tasks and large design spaces. In contrast, smaller design spaces
with a small step size might demand the thorough modeling strategy to achieve higher prediction
accuracy.

5 EVALUATION

We performed multiple experiments with different constraints and optimization goals. Since the
classification of images in MNIST is relatively simple in comparison to CIFAR and ImageNet32x32,
we focused on exploring the design space of thinner ResNet topologies for this dataset. In to-
tal, we performed experiments across five design spaces, which were initialized with the values
provided in Table 2. The remaining hyperparameters followed the selection of Zagoruyko and
Komodakis [28].

Because the narrow step size of the width in design space A, which we chose for MNIST, makes
accuracy modeling more susceptible to noise, we followed our thorough modeling strategy for
this dataset. For CIFAR-10 and CIFAR-100, we chose our standard modeling strategy. Lastly, for
ImageNet32x32, we applied the optimistic modeling strategy because this classification task is
more complex than the others. To test the robustness of Shape_DNN in scenarios where models
overfit the training data, we also experimented with reducing the L2 regularization coefficient for
ImageNet32x32. For the sake of presentation, we refer to this design space as D2, even though
the shapes it contains are identical to D1. The results for MNIST, CIFAR-10, and CIFAR-100 are
presented in Table 3, while the results for ImageNet32x32 can be found in Tables 4 and 5. Each
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Table 2. The Shape Design Spaces for the ResNets Used in Our Experiments

Depth Width
Design Space  Size | Min Max Step | Min Max  Step | L2 regularization coefficient
A 135 10 60 6 1/16 1 1/16 0.0005
B 45 10 60 6 1 6 1 0.0005
C 180 10 60 6 1 6 1/4 0.0005
D1 119 16 53 6 2 21/2 1/2 0.0005
D2 119 16 53 6 2 2172 1/2 0.0001

row shows the speedup achieved by our accuracy modeling strategy over the default exhaustive
grid search as well as the percentage of shapes trained. Whereas the speedup indicates the effort
relative to training the full set of shapes meeting the non-functional requirements, the percentage
of shapes trained roughly indicates the effort relative to the other tasks in the same unfiltered
design space.

As the last step of its workflow, Shape_DNN automatically trains the selected shape and ver-
ifies that its accuracy is above the required level if one is provided. If the prediction accuracy of
the trained shape is not sufficient, Shape_DNN proceeds to train the next shape expected to per-
form above the required accuracy level, following the order defined by the optimization goal. In our
experiments with MNIST, CIFAR-10, and CIFAR-100, the accuracy of the initial selection was suffi-
ciently high in the majority of cases. In the remaining cases, the second choice always achieved the
necessary level of accuracy. The overhead of training the underperforming shape was taken into
account when calculating the speedup in Table 3. Because training networks for ImageNet32x32
is way more expensive than for the others, limited access to computational resources did not allow
us to execute our workflow in its entirety for this dataset. For both design spaces D1 and D2, we
were able to train all the initially chosen shapes and show the actual accuracy next to the predic-
tion (Tables 4 and 5). In the minority of cases, the actual accuracy is below the required one. Those
are highlighted. If this happens, Shape_ DNN normally continues searching the design space for
the network shape complying with the accuracy requirements. However, lacking time to compute,
this part of the design space exploration was not performed for ImageNet32x32. Consequently,
the speedup shown in Tables 4 and 5 does not include the time required to perform additional
training.

In our analysis of CIFAR-10, we compare our results to depth-scaled ResNets of width 1 as
baseline, equivalent to those introduced by He et al. [10]. While the concentration on this dataset
as a showcase was economically motivated, we believe that it already demonstrates the significant
optimization potential of tuning ResNets with Shape_DNN.

5.1 MNIST

To explore the trade-off between DNN model size and its accuracy, we selected several constraints
on the maximum DNN size and for each size we used Shape_DNN to find the most accurate shape
in design space A. We also put an upper bound on the maximum amount of energy consumption
to mimic the scenario of deployment on a battery-powered device. A larger allowed maximum
DNN size results in less shapes being eliminated based on their size. However, the bigger number
of remaining shapes reduces the fraction of shapes that need to be trained among them, leading
to greater speedup achieved via accuracy modeling vs. exhaustive grid search. In spite of a tight
size threshold of 20KB, Shape_DNN was still able to identify a ResNet architecture that achieved
prediction accuracy of 99%, consuming just 19KB of memory and carrying 4668 parameters.
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Table 3. Results of Shape_ DNN Applied to MNIST, CIFAR-10, and CIFAR-100

Constraints Results
Shape
Batch Size Latency Energy Acc. (depth, Acc. Latency Energy Trained
Dataset | Space [ Goal size (MB) (ms) (kK)) (%) width) (%) (ms) (k) Speedup (%)
<0.02 - <3 - (22, 2/16) 99.00 - - 1x 10
<0.04 - <3 - (40, 2/16) 99.26 - - 1x 14
2 <0.06 - <3 - (58, 2/16) 99.25 - - 2x 10
<
A E 1024 <0.10 - <3 - (52, 2/16) 99.51 - - 2x 12
54
<
<0.16 - <3 - (28, 5/16) 99.54 - - 2x 17
= <0.40 - <3 - (34, 7/16) 99.60 - - 3x 17
j22]
z <1.00 - <6 - (28,13/16)  99.67 - - 3x 24
<2 - <3 >95.0 (10, 2/16) 97.28 - 304.04 3x 33
<2 - <3 >98.0 (10, 3/16) 98.49 - 378.77 3x 33
‘E‘S <2 - <3 >99.0 (10, 5/16) 99.09 - 519.00 3x 33
A ] 1024
=) <2 - <3 >99.2 (16, 3/16) 99.21 - 608.52 3x 33
<2 - <3 >99.4 (16, 5/16) 99.42 - 900.75 3x 33
<2 - <3 >99.6 (34, 7/16) 99.60 - 2921.41 3x 33
<2 <4 - - (34,1) 93.41 - - 1x 13
<4 <4 - - (16, 2) 94.15 - - 1x 20
>
3 <8 <4 - - (16,3) 94.75 - - 1x 31
B g 1
2 <16 <4 - - (28,3) 9555 - - 1x 40
<32 <4 - - (22,5) 95.88 - - 2x 29
<64 <4 - - (40, 5) 95.74 - - 2x 33
o - <4 - - (22,1) 92.55 - - 1x 9
&
£ 2 - <6 - - (16,2) 94.15 - - Ix 17
[9) g
B g 128 - <8 - - (16,3) 94.75 - - 1x 27
<
- <12 - - (22,3) 95.30 - - 2x 27
- <24 - - (28, 4) 95.75 - - 2x 36
<128 <24 - >94.0 (22,7/4) 94.32 5.3 - 4x 25
>
i <128 <24 - >94.5 (16, 11/4) 94.67 6.8 - 4x 25
c g 128
=) <128 <24 - >95.0 (16, 15/4) 95.39 9.6 - 4x 25
<128 <24 - >95.5 (22, 16/4) 95.80 14.8 - 4x 25
<2 <4 - - (34,1) 70.93 - - 1x 13
<4 <4 - - (16, 2) 72.76 - - 1x 20
>
g <8 <4 - - (34, 2) 75.36 - - 1x 23
B g 1
2 <16 <4 - - (28,3) 77.51 - - 1x 42
<32 <4 - - (34, 4) 79.02 - - 2x 29
o
S
z <64 <4 - - (28,5) 79.83 - - 2x 36
=
E - - - >77.5 (16, 5) 77.86 15.01 - 3x 33
- - - >78.0 (28, 4) 78.70 21.21 - 3x 33
>
E] - - - >78.5 (28, 4) 78.70 21.21 - 3x 33
B g 128
3 - - - >79.0 (22,5) 79.46 23.20 - 3x 33
- - - >79.5 (28, 5) 79.83 30.87 - 3x 33
- - - >80.0 (46, 5) 80.20 54.43 - 3x 33

Design spaces A, B and C are defined in Table 2. The batch size refers to the one used to measure latency and energy rather
than the one used to train the neural network.
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Table 4. Results of Shape_DNN Applied to ImageNet32x32 in Design Space D1, as Defined in Table 2

Constraints Results
Shape Acc. Ex- Acc.
Data Batch Accuracy (depth, pected Real Latency Energy Size Trained
Set Space Goal size (%) width) (%) (%) (ms) X)) (MB) Speedup (%)
>55.5 (22, 6.5) 55.95 55.83 6.11 - - 5x 20
>56.0 (28,5.5) 56.02 55.94 6.44 - - 5% 20
=56.5 (22,7.0) 56.58 56.75 6.51 - - 5x 20
=57.0 (16, 10.0) 57.05 56.63 7.27 - - 5x 20
>57.5 (34, 6.0) 57.74 57.69 8.56 - - 5x 20
z >58.0 (22, 8.5) 58.06 57.67 9.36 - - 5x 20
g 1 >58.5 (22,9.5) 58.81 58.33 10.26 - - 5x 20
- =59.0 (22,10.0) 59.13 58.76 10.72 - - 5x 20
259.5 (28,9.5) 59.85 59.75 13.50 - - 5x 20
>60.0 (28, 10.0) 60.13 59.92 14.28 - - 5x 20
>60.5 (34,9.5) 60.52 60.52 16.92 - - 5x 20
>61.0 (40, 10.0) 61.23 61.23 21.33 - - 5x 20
=615 (46, 9.5) 61.74 61.74 23.59 - - 5x 20
>55.5 (16, 8.5) 55.76 55.64 - 671.21 - 5x 20
>56.0 (28,5.5) 56.02 55.94 - 685.58 - 5x 20
>56.5 (22,7.0) 56.58 56.75 - 743.67 - 5% 20
=57.0 (34,5.5) 57.09 57.16 - 850.61 - 5x 20
“ 257.5 (22, 8.0) 57.64 57.64 - 904.81 - 5x 20
§ % >58.0 (22,8.5) 58.06 57.67 - 1003.01 - 5x 20
%ﬂ D1 g 1 >58.5 (22,9.5) 58.81 58.33 - 1141.33 - 5x 20
g >59.0 (46, 6.0) 50.03 58.94 - 1313.57 - 5x 20
=59.5 (34, 8.0) 59.60 59.21 - 1502.64 - 5% 20
260.0 (34,9.0) 60.24 59.93 - 1761.47 - 5x 20
>60.5 (34,9.5) 60.52 60.52 - 1900.55 - 5x 20
>61.0 (46, 9.0) 61.14 61.10 - 2462.69 - 5x 20
>61.5 (46, 9.5) 61.74 61.74 - 2656.40 - 5x 20
255.5 (52,3.5) 55.54 55.95 - - 38.0 5x 20
>56.0 (46, 4.0) 56.07 56.20 - - 43.2 5x 20
>56.5 (52, 4.0) 56.69 56.98 - - 49.4 5x 20
>57.0 (46, 4.5) 57.23 57.23 - - 54.5 5% 20
=57.5 (52, 4.5) 57.59 57.67 - - 62.3 5% 20
=58.0 (52,5.0) 58.33 58.46 - - 76.8 5x 20
é 1 >58.5 (34,7.0) 58.79 58.52 - - 92.8 5x 20
>59.0 (46, 6.0) 59.03 59.11 - - 96.3 5x 20
>59.5 (46, 6.5) 59.50 59.16 - - 112.9 5% 20
260.0 (40, 8.0) 60.17 60.03 - - 145.6 5% 20
260.5 (40, 8.5) 60.55 60.55 - - 164.3 5x 20
>61.0 (46, 9.0) 61.14 61.10 - - 2154 5% 20
>61.5 (46, 9.5) 61.74 61.74 - - 239.8 5x 20

The batch size refers to the one used to measure latency and energy rather than the one used to train the neural network.
Real accuracies that are lower than required are highlighted with gray background.
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Table 5. Results of Shape_DNN Applied to ImageNet32x32 in Design Space D2, as Defined in Table 2

Constraints Results
Shape Acc. Ex-
Data Batch Accuracy (dep., pected Acc. Latency Energy Size Trained
Set Space Goal size (%) wid.) (%) Real (%) (ms) (k) (MB) Speedup (%)
>50.0 (16, 5.5) 50.49 50.54 4.26 - - 5x 20
>50.5 (16, 6.0) 51.23 51.24 4.60 - - 5x 20
>51.0 (16, 6.0) 51.23 51.24 4.60 - - 5x 20
>51.5 (16,7.0) 52.61 52.61 5.39 - - 5% 20
5 >52.0 (16, 7.0) 52.61 52.61 5.39 - - 5x 20
g 1 >52.5 (16, 7.0) 52.61 52.61 5.39 - - 5x 20
- >53.0 (16, 8.0) 53.33 53.56 6.27 - - 5x 20
>53.5 (16, 8.5) 53.71 53.65 6.76 - - 5x 20
>54.0 (16, 9.0) 54.05 53.93 7.09 - - 5x 20
>54.5 (16, 10.0) 54.64 54.56 7.67 - - 5x 20
>55.0 (22, 8.0) 55.07 55.07 9.40 - - 5x 20
>50.0 (22, 4.0) 50.10 50.04 - 353.25 - 5x 20
>50.5 (16, 6.0) 51.23 51.24 - 390.44 - 5x 20
>51.0 (16, 6.0) 51.23 51.24 - 390.44 - 5x 20
- >51.5 (28, 4.0) 51.77 51.77 - 461.03 - 5x 20
g % >52.0 (22,5.0) 52.05 52.31 - 464.07 - 5x 20
%D D2 g 1 >52.5 (16, 7.0) 52.61 52.61 - 500.94 - 5x 20
E >53.0 (22, 6.0) 53.38 53.63 - 574.86 - 5x 20
>53.5 (34, 4.5) 53.55 53.55 - 669.19 - 5x 20
>54.0 (28,5.5) 54.01 53.95 - 685.58 - 5x 20
>54.5 (28, 6.0) 54.54 54.50 - 759.92 - 5x 20
>55.0 (22, 8.0) 55.07 55.07 - 904.81 - 5x 20
>50.0 (34,3.0) 50.07 49.85 - - 17.5 5x 20
>50.5 (40, 3.0) 50.96 50.92 - - 21.0 5x 20
>51.0 (22,4.5) 51.18 51.30 - - 23.0 5x 20
>51.5 (34, 3.5) 51.56 51.66 - - 23.7 5x 20
>52.0 (52, 3.0) 52.10 52.10 - - 28.0 5x 20
ﬁ 1 >52.5 (34, 4.0) 52.68 52.68 - - 30.8 5x 20
>53.0 (40, 4.0) 53.43 53.47 - - 37.0 5x 20
>53.5 (34, 4.5) 53.55 53.81 - - 38.8 5x 20
>54.0 (28, 5.5) 54.01 53.95 - - 45.9 5x 20
>54.5 (28, 6.0) 54.54 54.50 - - 54.4 5% 20
>55.0 (46, 4.5) 55.22 55.22 - - 54.5 5x 20

The batch size refers to the one used to measure latency and energy rather than the one used to train the neural network.
Real accuracies that are lower than required are highlighted with gray background.

Surprisingly, the size of the smallest model is 50 times less than that of the biggest one while
the difference in test-set accuracy is less than 0.7%. This type of design space exploration can be
useful for deployment on small devices with limited memory and for various applications with
different levels of error tolerance.

Another useful application is the minimization of energy consumption while preserving a de-
sired level of prediction accuracy. We defined several constraints on the minimum DNN accuracy
and used Shape_DNN to find the most energy-efficient shapes in design space A for processing a
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Fig. 7. Comparison between shapes produced by Shape_DNN in two different experiments and default
depth-scaled ResNets. Latencies are measured for a batch size of 128.

batch of 1024 images. The requirement on minimum accuracy is a functional requirement, as op-
posed to size, as in the previous scenario, which means that none of the shapes was filtered based
on non-functional requirements and all 135 are considered for the accuracy modeling phase; thus,
the speedup achieved in each experiment is the same. It can be observed that higher accuracy re-
quirements drastically increase energy consumption. For example, the shape (16, 3/16) is nearly five
times more energy efficient than (34, 7/16), while decreasing the test-set accuracy only by 0.39%.

5.2 CIFAR-10

For CIFAR-10, we performed similar tests with the goal of optimizing accuracy under various
constraints on the size of a DNN and the same maximum latency of 4ms for a single input image.
This kind of constraint can be advantageous for real-time applications; another benefit of a small
latency is the reduced training time, which means that the time spent on searching the design space
is also reduced. The attentive reader might notice that the prediction accuracy of the produced
DNN degrades when increasing the maximum DNN size from 32MB to 64MB. For example, shape
(22, 5) is more accurate than its deeper alternative (40, 5) while being smaller in size; however,
Shape_DNN chooses the latter. This is because only a part of the shapes in the design space is
trained and our model wrongly predicted (40, 5) to be more accurate than (22, 5). Nevertheless, the
architecture chosen by Shape_DNN is still near optimal.

Moreover, we maximized test-set accuracy under various latency constraints on a batch of 128
images in design space B. Figure 7(a) compares the results obtained by Shape_DNN with depth-
scaled shapes of width 1, which were selected manually from a set of 544-layer-deep, pretrained
shapes to satisfy the latency requirement. Obviously, tuned shapes substantially outperform their
deeper counterparts with the default width of 1 in the majority of cases. The advantage of wider
shapes in these types of scenarios can be partly attributed to their ability to hold more parameters
than their thinner alternatives without exceeding a given latency threshold.

To further illustrate the advantage of using Shape_DNN, we selected several values for the min-
imum test-set accuracy and searched for the fastest shapes fulfilling those requirements in design
space C. We compared the latencies of these shapes on a batch of 128 images with the fastest of
the default depth-scaled implementations of ResNets complying with the same requirements. The
results are shown in Figure 7(b). As can be observed, DNNs produced by Shape_ DNN are con-
siderably faster than the default depth-scaled implementations. For example, shape (22, 4), which
satisfies the minimum test-set accuracy of 95.5%, is 4.22 times faster than the default depth-scaled
shape (364, 1) on a batch of 128 images.
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5.3 CIFAR-100

As with the other datasets, we used Shape_DNN to find the most accurate topologies under dif-
ferent constraints on the model size in design space B. CIFAR-100 is a considerably harder classi-
fication task compared to CIFAR-10 and MNIST, with the number of output classes being 10 times
higher. Therefore, increasing the size of a DNN results in a bigger improvement of its prediction
accuracy in comparison to CIFAR-10 and MNIST.

We also performed several experiments with various constraints on test-set accuracy and the
goal of minimizing latency on a batch of 128 images in the same design space. As is evident from
the results, wider shapes succeed better in reconciling accuracy with speed.

5.4 ImageNet32x32

For our experiments with ImageNet32x32, we set the learning rate to 0.01, as suggested by
Chrabaszcz et al. [5]. Input normalization was also performed in the same manner. However, dif-
ferent from Chrabaszcz et al., who dropped the learning rate in epochs 10, 20, and 30, we reduced
it to a fifth of its value upon reaching epochs 20, 40, and 60 because, as opposed to them, we did
not double the size of the training data using horizontal image flips but rather incorporated that
preprocessing step into our data augmentation procedure during training. We trained the shapes
in design spaces D1 and D2 for 60 and 40 epochs, respectively. All other hyperparameters equaled
those used in our experiments with CIFAR-10 and CIFAR-100. Because of varying resource avail-
ability, the latencies reported for design space D1 were obtained on a Tesla K20X GPU. All other
experiments were performed on a Tesla K20 GPU.

In all of our experiments with ImageNet32x32, we constrain accuracy only while trying to mini-
mize either latency, energy consumption, or the size of the DNNs. Thanks to the optimistic model-
ing strategy employed in all of our experiments, we had to train only 20% of all the shapes. As can
be observed in Tables 4 and 5, in the majority of cases the first shape chosen by Shape_DNN satis-
fies the accuracy requirement. Those cases where the real accuracy is below the required level are
highlighted with a gray background. However, even in these cases, the real accuracy is remarkably
close to the expected one. We attribute the majority of mispredictions to the noise in the dataset,
because in many of the experiments, in order to maximize the optimization objective, Shape_ DNN
chooses the shape that is expected to perform just above the required level of accuracy.

When optimizing latency in design space D1, the chosen shapes are deeper for higher val-
ues of the minimum accuracy. In contrast, with the same optimization goal in design space D2,
Shape_DNN tends to choose wider shapes as the required minimum accuracy increases. The rea-
son is that the accuracy requirements for our experiments in design space D2 are lower than in
D1, and the accuracy model of Shape_DNN expects even the shallowest shapes to satisfy the con-
straints.

As the constraint on the minimum test-set accuracy increases so does the energy consumption
of complying shapes, for example, the last 1% improvement in accuracy costs 40% more energy
in design space D1 and 32% more in design space D2. For experiments with the same value of
minimum accuracy, the smallest, most energy-efficient and fastest shapes are usually different.
Therefore, choosing the DNN shape randomly or testing only a small amount of different shapes
without modeling their accuracy is likely to yield suboptimal architectures.

6 CONCLUSION AND OUTLOOK

In this article, we presented our approach to navigating the design space of various ResNet topolo-
gies defined by the two parameters of width and depth. We have shown how these parameters
affect the size, energy consumption, latency, and accuracy of the resulting DNN. Based on our
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observations, we have constructed a set of tools that can be used to efficiently search the design
space of DNN and meet functional as well as non-functional requirements, including size, speed,
and energy consumption.

There are several shortcomings of our approach, which we will address in the future. First, the
DNN training time is by far its most time-consuming part. We believe it can be further reduced us-
ing various methods in addition to training several shapes in parallel on a multi-server cluster. For
example, by modeling the learning progress, it could be possible to abruptly terminate the training
of underperforming topologies so that time is not wasted on the whole training process. Instead of
training each shape from scratch, knowledge transfer techniques can be used to accelerate design-
space exploration, and the like. In some scenarios, it might be necessary to produce a DNN that
is optimal with respect to more than one property; for example, both size and energy might be
equally important when running on a mobile device. For these scenarios, Shape_DNN could be
easily extended to support a custom scoring function, so that a combination of several properties
is considered for tuning. Also, we plan to integrate recently developed DNN architectures such as
DenseNet and NASNet into Shape_ DNN. We believe that support for the aforementioned features
will make Shape_DNN more useful for real-life applications.
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