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The astonishing development in the field of artificial neural networks (ANN) has brought significant ad-
vancement in many application domains, such as pattern recognition, image classification, and computer
vision. ANN imitates neuron behaviors and makes a decision or prediction by learning patterns and fea-
tures from the given data set. To reach higher accuracies, neural networks are getting deeper, and conse-
quently, the computation and storage demands on hardware platforms are steadily increasing. In addition,
the massive data communication among neurons makes the interconnection more complex and challeng-
ing. To overcome these challenges, ASIC-based DNN accelerators are being designed which usually incor-
porate customized processing elements, fixed interconnection, and large off-chip memory storage. As a
result, DNN computation involves large memory accesses due to frequent load/off-loading data, which
significantly increases the energy consumption and latency. Also, the rigid architecture and interconnec-
tion among processing elements limit the efficiency of the platform to specific applications. In recent
years, Network-on-Chip-based (NoC-based) DNN becomes an emerging design paradigm because the NoC
interconnection can help to reduce the off-chip memory accesses while offers better scalability and flexi-
bility. To evaluate the NoC-based DNN in the early design stage, we introduce a cycle-accurate NoC-based
DNN simulator, called DNNoC-sim. To support various operations such as convolution and pooling in the
modern DNN models, we first propose a DNN flattening technique to convert diverse DNN operation
into MAC-like operations. In addition, we propose a DNN slicing method to evaluate the large-scale DNN
models on a resource-constraint NoC platform. The evaluation results show a significant reduction in the
off-chip memory accesses compared to the state-of-the-art DNN model. We also analyze the performance
and discuss the trade-off between different design parameters.
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1. Introduction works must get deeper, so-called Deep Neural Networks (DNN).

On the other hand, the massive deployment of DNN-enabled ap-

The notable benefits of artificial neural networks (ANNs) have
led to the advancement in many real-world applications, such as
speech recognition and image classification [1]. The accuracy in
several of these applications has reached those of humans. ANN
is composed of a large number of neurons which are arranged in
layers, called input layer, hidden layers, and output layer. A neuron
performs a simple multiply-accumulation (MAC) operation, and it
is connected to all/part of the neurons in the next layer. Through
these connections, the outputs of one layer become the inputs of
the next layer, until the result is obtained in the output layer. To
reach high accuracies in more complex applications, neural net-
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plications on edge devices (e.g., mobile devices) depends on power-
ful hardware platforms to execute extensive DNN operations. Cur-
rent large-scale DNNs, however, involve complex communication,
extensive computations, and storage requirements which are be-
yond the capability of current resource-constraint embedded de-
vices. This has led to recent growing popularity on developing
resource-constraint platforms for DNN computation [1].

Currently, the most common hardware platforms to execute
DNN operations are CPU, GPU, FPGA, and ASIC. Advanced CPUs
(such as 48-core Qualcomm Centriq 2400 [2] and 72-core Intel
Xenon Phi [3]) with an impressive many-core computing power
has enabled a faster execution of DNN operations. GPUs are an-
other popular general-purpose computing platforms for DNN com-
putation. This is because their intrinsic parallel computing features
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are well-matched with parallel operations in DNN computing. Al-
though CPUs and GPUs provide general-purpose and high parallel
computing capability to speed up the DNN computation, a general
concern is that the offered high performance comes at the cost of
high power consumption [4]. ASIC-based designs can offer higher
throughput and power efficiency while suffering from lower flexi-
bility and higher design cost. To exploit parallelism, the ASIC-based
DNN designs are usually composed of many DNN processing ele-
ments (PEs), which are arranged in a 2D array [5]. FPGAs, based
on programmable attributes, are also popular choices for running
DNN computation [6]. They can reduce the design time and power
consumption while enabling a fast prototype of the DNN acceler-
ator. Compared with the ASIC-based designs, the FPGA-based de-
signs are more flexible in the sense they are re-programmable.
However, FPGAs usually come with limited logic and storage re-
sources, which restricts the advantage of reconfigurability. In ad-
dition, to map a DNN model to the FPGA platform, it is necessary
to handle the PE design as well as the data communication de-
sign, which makes the FPGA-based design still suffer from low de-
sign flexibility. Both ASIC-based or FPGA-based designs tend to op-
timize the DNN model for a particular DNN application (e.g., pat-
tern recognition). In other words, the efficiency of the optimized
models drops significantly when running a different application on
the same platform. In sum, despite the benefit of high power effi-
ciency in the ASIC-based and FPGA-based designs, they suffer from
low computational flexibility as they are configured for a specific
DNN model or application.

One solution to improve the computational flexibility of DNN
accelerators is to decouple the data communication and computa-
tion, and that would be possible through employing Network-on-
Chip (NoC) interconnection. NoC is a modular packet-switched net-
work, which enables a large number of PEs to communicate with
each other through links and routers. NoC is proven as an efficient
way to manage complex interconnection in many-core systems and
thus to achieve high energy efficiency and performance [7]. The
NoC-based design also comes with scalability, reliability, and paral-
lelism features, which makes it even more attractive in DNN com-
putation. Several NoC-based DNN accelerators have been presented
so far [8-13]. Several aspects have to be considered when integrat-
ing NoC into DNN accelerators, which are the mapping algorithm,
topology, and routing algorithm. The mapping algorithms decide
how neurons should be clustered and mapped to the processing
elements. Topology decides the number and location of routers
in the platform and how PEs are interconnected. Routing algo-
rithm defines the routes that data transfers between PEs. Thereby,
based on a specific mapping approach, neurons are mapped to PEs
where the neuron computation takes place, then the results are
sent to other PEs following the involved routing algorithm. Since
NoC-based designs decouple communication and computation, it
is not necessary to create a specific dataflow to adapt the target
DNN model, which substantially increases the computational flex-
ibility. Due to these features, unlike other ASIC-based and FPGA-
based platforms, NoC-based DNN accelerators can run different
workloads while keeping high performance and power efficiency.

Fig. 1 summarizes the aforementioned platforms for DNN com-
putation. CPUs and GPUs are general-purpose platforms which of-
fer very high reconfigurability at runtime, and thus they support
various DNN applications. However, they suffer from huge power
consumption and high data transference latency between PEs and
off-chip memory. In the contrary, ASIC-based and FPGA-based de-
signs can be optimized for a specific DNN model, and thus they
could reach an optimal power efficiency. In return, such optimiza-
tion limits the platform reconfigurability, and as a result, a single
platform is unable to support various DNN models efficiently. NoC-
based DNN accelerators, on the other hand, are reconfigurable at
runtime and have the benefit of higher power efficiency. Thereby,
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Fig. 1. Attributes of different DNN accelerator design paradigms.

diverse DNN applications can be easily mapped and executed on
the platform.

As mentioned before, NoC is a proper platform to provide flex-
ibility and adaptability to support various types of neural network
model on a single chip [9,14,15]. To leverage the NoC-based DNN
platform, it is necessary to develop a NoC-based hardware simu-
lator. The simulator should support not only the neural network
operations (e.g.,, MAC and pooling) but also the NoC operations
(e.g., mapping and routing). In addition, the platform should pro-
vide hardware analysis such as power, throughput, transmission la-
tency, as well as the software result (e.g., classification precision).
A NoC-based neural network simulator, called NN-Noxim, has been
proposed by Chen et al. in [16]. This simulator reports classification
precision, power consumption, and transmission latency based on
the given DNN model and the NoC primary parameters (e.g., NoC
size, XY routing algorithm, and dimension-order mapping). How-
ever, this simulator can only simulate the neuron operation and
data communication in the fully-connected layers. Other conven-
tional DNN models that are composed of several convolution lay-
ers, pooling layers, and fully-connected layers, are not supported
by this simulator. This simulator has been extended in [17] to sup-
port modern DNN models and various DNN operations (e.g., con-
volution and pooling). However, this simulator assumes that the
target DNN model should be small enough to fit the total PE com-
puting capacity that is offered by the platform. In other words, the
model should be mapped to the NoC platform at once, which is
not practically viable. In addition, both mentioned simulators in
[16] and [17] only support the mesh topology.

To simulate the large-scale DNN, in this paper we propose a
cycle-accurate high-level NoC-based DNN simulator, called DNNoC-
Sim. The simulation flow is shown in Fig. 2. As shown in this
figure, first, the target DNN model is flattened into a MAC-like
DNN model. For this purpose, the convolutional and pooling op-
erations are converted into simple multiply-accumulate (MAC) op-
erations. Afterward, the Flattened DNN is mapped to the generated
NoC platform based on the selected NoC design parameters. As was
stated, previous simulators are unable to map a large-scale DNN to
the target NoC platform at once. To solve this problem, we pro-
pose a dynamic DNN slicing and mapping algorithm that performs
the mapping task (a large-scale DNN into a small-sized NoC plat-
form) in several mapping iterations. When the partial DNN model
is mapped to the target NoC platform, DNNoC-Sim starts the DNN
simulation until the whole DNN is simulated. The contributions of
this paper are summarized as follows:

1. We have provided a pre-processing flow, which includes an al-
gorithm to flatten various DNN operations into a MAC-like op-
eration and a slicing algorithm to map the target model into
the NoC-based platform.
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Fig. 2. The simulation flow of the proposed NoC-based DNN simulator, called DNNoC-Sim.

2. We extend a cycle-accurate high-level NoC simulator to support
different types of DNN models. This simulator provides accurate
hardware results, such as power consumption, throughput, and
latency. The simulator reports the classification precision and
verifies the result by Keras framework [18]. Using this tool, per-
formance and memory access latency are also evaluated.

3. We make an extensive comparison between conventional and
NoC-based DNN accelerators. We also analyze the trade-off be-
tween different design parameters in the NoC-based DNN plat-
form.

The remainder of this paper is organized as follows. Section II
reviews the background and analyzes current popular neural net-
work simulators. The proposed NoC-based DNN simulator, DNNoC-
Sim, which supports the proposed DNN flattening technique and
DNN slicing method, are introduced in Section IIl. In Section IV,
we compare different configurations and analyze the experimental
results. Finally, Section V concludes this paper.

2. Background and related works

DNNs have been widely used to solve many complex real-
world problems and achieve stunning performance in solving these
problems. To execute the DNN models on edge devices, efficient
resource-constraint hardware platforms are needed. NoC-based de-
signs not only reduce the design complexity of the large-scale DNN
hardware implementation but also provide high-performance and
low-latency communication for DNN applications. In this section,
we first investigate the conventional DNN simulators and the tools
for the NoC simulation. Afterward, the NoC-based DNN simulators
will be discussed.

2.1. Conventional neural network simulators

Deep Playground [19] is a neural network simulator based on
the Tensorflow neural network framework. The simulator visual-
izes the operation of the neural network and the training pro-
cess. Using this simulator, users can train the neural network at
real-time, observe the training process, and get insight on how
the training process works. The Deep Playground simulator, on the

other hand, only simulates fully-connected neural networks (such
as ANN [20]) and does not support convolutional neural networks
such as AlexNet and VGG-net. Therefore, the flexibility and scala-
bility of this tool is limited and not sufficient to run modern DNN
models. In addition, Deep Playground does not give any hardware
analysis report such as power consumption and latency.

NNtool [21] is a MATLAB toolbox to develop neural network
models with straightforward commands. There are many neural
network models provided in NNtool that can be examined and
evaluated. Besides, MATLAB supports various mathematical calcu-
lations to analyze the results in detail. Hence, NNtool provides con-
figurable parameters to facilitate the simulation of neural network
models with different architectures. However, NNtool is a software-
based simulator that does not support hardware behavior simula-
tion. NNtool does not also support the NoC-based neural network
model.

2.2. NoC platform simulators

Noxim is a SystemC-based NoC simulator proposed by Cataniz
et al. [22]. Noxim became a widely used tool to simulate NoC traf-
fic behavior. Based on the user-defined design parameters, such as
NoC size and buffer size, Noxim first generates the correspond-
ing NoC system and determines the overall transmission dataflow.
Then, the packet transmission on the generated NoC platform can
be simulated. Noxim reports different results such as throughput,
latency, and power consumption, which can be leveraged to ana-
lyze the NoC design cost at the hardware level. Although Noxim is
a helpful simulator to analyze the NoC behavior, it cannot be uti-
lized in DNN computing as it does not support neuron operations
in PEs and related clustering and mapping algorithms.

ATLAS [23] is a java-based software simulator to evaluate the
NoC system. Based on the user-defined design parameters, AT-
LAS can perform DC, AC, and transient analysis for silicon, binary,
ternary, and quaternary material-based devices. ATLAS not only can
provide a comprehensive power analysis but also detailed evalua-
tion results on the NoC transmission behavior. Although ATLAS is a
powerful tool for the detailed NoC analysis, it does not support any
function for the neural network computation. Consequently, ATLAS
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is still not an appropriate simulator to perform the relevant analy-
sis and evaluation of NoC-based neural network hardware designs.

VisualNoC [24] is an open-source cycle-accurate full-system
simulator for many-core embedded systems. This visualization
simulator supports both network simulation and task mapping and
helps to observe the system behavior and identify the system bot-
tlenecks and deadlocks. VisualNoC records all events in the net-
work happening in routers, links, and processing elements, and all
these events can be reproduced for further analyses. In addition,
the visualization feature of VisualNoC offers an intuitive way of an-
alyzing the efficiency of different routing and mapping algorithms.
This simulator, however, does not support DNN computation.

Booksim is an alternative and popular cycle-accurate NoC sim-
ulator, which is built in C++ and capable of supporting NoC hard-
ware simulation [25]. Booksim comes with various topologies,
routing algorithms, and other design parameters. By using this
simulator, designers can optimize the traffic dataflow and analyze
the overall system performance. Similar to other mentioned NoC
simulators, Booksim does not support the required functions to
perform neuron computing.

2.3. NoC-based neural network simulators

NN-Noxim is a nonproprietary cycle-accurate NoC-based neu-
ral network hardware simulator [22]. NN-Noxim has extended the
functions of Noxim and is the first NoC simulator that simulates
the neural network behavior. It is based on the mesh topology
with user-defined parameters. After mapping all neurons to PEs,
NN-Noxim processes the neural network on the generated NoC
platform. Although the neural network operations in the fully-
connected layers are implemented in NN-Noxim, it does not still
support the common operations in well-known CNN models, such
as convolution and pooling.

NN-Noxim has been further extended in CNN-Noxim [17] to
implement NoC-based convolutional neural networks. Since CNN-
Noxim supports several complicated operations such as convolu-
tion and pooling, it can simulate various CNN models on the mesh-
based NoC platform. However, this simulator assumes that the tar-
get CNN model should be mapped to the NoC platform at once,
which depends on the available on-chip resources and memory
storage. As a result, CNN-Noxim needs to generate a very large NoC
to simulate the large-scale CNN models. Although this approach
works for small-sized DNN networks, it is not a practical simulator
for current large-scale DNN models. Also, CNN-Noxim is limited to
the mesh topology, which lacks design flexibility.

3. Proposed NoC-based DNN simulation platform for DNN
model evaluation

In this section, we explain a complete process of execut-
ing a DNN network on the NoC-based simulation platform. First,
in Section 3.1 we overview the Noxim simulator and then in
Section 3.2 we introduce an enhanced simulator, called DNNoC-Sim
capable of computing DNN operations. Then, we start by flattening
the DNN network to reach a Flattened DNN model in Section 3.2.1.
This step is achieved by converting all operations in the convo-
lution, pooling, and fully-connected layers to the MAC-like oper-
ations. Afterward, in Section 3.2.2, we explain a proper clustering
approach to cluster the Flattened DNN model. Each cluster is then
mapped to a PE for execution. In Section 3.2.3, we introduce the
dynamic DNN slicing and mapping algorithm to slice and map the
DNN model to fit the resource-constraint NoC platform at runtime.
Finally, in Section 3.2.4, we explain the computing flow and the
control mechanism in a PE.

3.1. Overview of noxim

Noxim [22] is a SystemC-based simulator which supports mesh-
based NoC simulation. Fig. 3 shows the transaction-level model
(TLM) of Noxim, which describes a 3 x 3 mesh-based NoC plat-
form. Based on the user-defined design parameters such as the
mesh size and the input buffer size, Noxim can generate a top
module of the target NoC platform. The top module is composed of
several tile modules where the tile modules are connected through
channels. The channel behavior depends on the design parameters
such as the input buffer size, the number of virtual channels, and
the network topology. Based on this hierarchical SystemC module
design, Noxim provides detailed information about the power con-
sumption, throughput, and latency, which helps the designers to
analyze the NoC system. Although the TLM model in Noxim pro-
vides a flexible way to construct NoC in the system level, the sim-
ulator is limited to the mesh-based topology and lacks design flex-
ibility.

Each tile module is composed of a router module and a PE mod-
ule. The router module is used to simulate the behavior of packet
delivery. Based on a particular routing algorithm (such as XY rout-
ing or west-first routing), the router assigns an appropriate output
channel to a packet stored in the input buffer. The switching con-
gestion happens if multiple packets request the same output chan-
nel. Usually, the switching congestion can be mitigated or even re-
solved by using virtual channels, a proper arbitration mechanism,
or an advanced routing algorithm that provides higher path di-
versity for routing packets. Noxim supports many mature routing
mechanisms such as X-Y routing, west-first adaptive routing and
odd-even adaptive routing.

The PE module in Noxim is used to generate packets based on
the underlying mapping and routing algorithm. A generated packet
is composed of several flits as header, body, and tail. The header
flit keeps the packet routing information such as the source and
destination addresses and the cycle in which the packet is gener-
ated. The tail flit indicates the end of the packet, which leverages
packet routing and packet switching. Finally, the body flits store
the data that is going to be transferred from the PE. Since Noxim is
a network-level simulator, the generated body flits do not carry any
specific information and are empty. Thereby, Noxim cannot support
any computation, such as those in DNN computing.

3.2. DNNoC-Sim: A cycle-accurate high-level NoC-based DNN
simulator

Most of the current simulators support either neural network
operations or traffic behavior on the NoC platform. Therefore, they
are not proper choices to simulate the NoC-based DNN opera-
tions. Although the two recent NoC-based ANN simulators (i.e.,
NN-Noxim [16] and CNN-Noxim [17]) can be used to execute DNN
computing on the NoC platform, they generate a very large NoC
size to simulate a large-scale DNN model, which is not practically
feasible. Moreover, some operations in recent DNN models, such
as convolution and pooling, cannot be efficiently computed. To ad-
dress these issues, in this work, we propose a cycle-accurate high-
level NoC-based DNN simulator, called DNNoC-Sim, which is an ex-
tension of Noxim [22]. DNNoC-Sim supports

1. DNN Flattening: To increase the computing flexibility of the
NoC platform, various DNN operations in the convolution, pool-
ing, and fully-connected layers are converted into MAC-like op-
erations. After this process, the DNN model is flattened into the
Flattened DNN model.

2. Neuron Clustering: To facilitate the neuron mapping on the
NoC platform and to reduce the NoC traffic, the neurons in Flat-
tened DNN are clustered where each cluster is called big neuron.
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After this process, the Flattened DNN will be changed to Clus-
tered DNN.

3. Dynamic DNN Slicing and Mapping: To map a large-scale DNN
to a small-sized NoC platform, the Clustered DNN is dynamically
divided into several slices, and then each slice is mapped to the
NoC platform within one mapping iteration.

4. Generic Neuron Computing and PE Micro-Architecture: To
compute different types of DNN operations in a shared-resource
NoC platform, each PE supports generic neuron computing. The
computing flow and the control mechanism of a generic PE are
presented.

In this section, we introduce the aforementioned novel NoC-
based DNN evaluation flow with a realization of the proposed
DNNoC-Sim tool.

3.2.1. DNN flattening process

As shown in Fig. 4, the original DNN is usually composed of
several convolution layers, pooling layers and fully-connected lay-
ers. In the convolution layer, a pre-defined kernel is convoluted
with the input to extract some features from the input. The ker-

nel size depends on the image size as well as the user experience.
The pooling layer usually accepts the output of the convolution
layer and is used to reduce the data dimensionality (i.e., downsize
a group of data to a single data). The maximum and average pool-
ing are the most popular pooling methods employed in the con-
ventional DNN models [26]. Finally, in the fully-connected layer, a
neuron in one layer is connected to all neurons in the next layer.
The fully-connected layer is used to classify its inputs based on the
extracted features from the upstream convolution and pooling lay-
ers.

Conventional DNN models involve various computing types,
such as convolution, pooling, and MAC. To facilitate the execution
of different DNN models on the same homogeneous NoC platform,
it is necessary to unify the computing types. For this purpose, we
investigate the computing behavior of these operations. First, we
formulate the two-dimensional convolution operation by:

n n
Ocijy =Y > (Kimpy * lisk-1,j+1-1) ) (1)

k=1 I=1
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where K represents the pre-defined kernel; n represents the tar-
get kernel size; and I and O represent the input and output of the
convolution layer, respectively. If the convolution is three dimen-
sional, the kernel remains the same while the inputs come from
other dimensions, such as the R, G, B dimensions in the applica-
tion of image recognition. As a general rule, the input should be
extended into additional dimensions, and the same operation in
Equation (1) should be expanded with identical K.

As illustrated in Fig. 4(a), the two dimensional MAC operation
in Equation (1) can be flattened into multiple one dimensional
MAC operations. This forms the basic operation of each neuron
that can be expressed by:

O =Ky xI +K; x L + K3 x Ig + K4 x I,
O =K xL+K, xI3+K; xI; +K4 x Ig,
O3 =K x I +K) xI4+ K3 x Ig+ Ky x I,
OC4 =K x4 +K; x 15 + K3 X Ig + K4 x 110,
O =K xIg+ Ky xI7 +K3 x I11 + Ky x I12,
O =Ky xI; + K3 x Ig + K3 x I13 + K4 x I3,
O =K xIg+K; xIg+ K3 x I13 + Ky x I14,
Oig =Ky xIg + Ky x I1g + K3 x I14 + K4 x I15,
O =K xIt1 + K x 1y + K3 x I1ig + K4 x 117,
Ocio0 =Ky x 1 + K5 x 13+ K3 x 17 + K4 x I3,
Ocll =K; x 113 + Ky x I14 + K3 X I]g + Ky x I]g,
Oc2 =Ky x I14 + K5 x I15 + K3 x I19 + K4 x Iy,
O3 =Ky x 1 + K3 x I17 + K3 x Iy + K4 x Iy,
Ocis =Ky xI17 + I x Iig + K3 x Iy + K4 x I3,
Ocs =Ky x I1g + Ky x Iig + K3 x Ir3 + Ky x Iy,
OC]G =K x I]g + K5 x 120 +K3 x g + Ky x 125.

Thereby, to compute the outputs of the convolution layer, 16 neu-
rons (i.e., 64 MAC operations in this example) should be calculated
using the same weights (W, W5, W3, and W,). This operation par-
tially connects the I layer to the O, layer, shown in Fig. 4(a)).

For the pooling layer, we utilize the maximum pooling opera-
tion as an efficient way to capture the most important features in
the sub-sampling operations [27]. The behavior of the maximum
pooling operation is to divide the input map into several sub-maps
and then capture the maximum of each sub-map as the output.
Based on the definition of the maximum pooling, the outputs Oy,
Op2, Op3, and Op4 can be computed by:

Op1 = Max(F,E, F, F),

Op2 :MaX(F3vF4’ FVng)’ (3)
Op3 = Max(Fy, F. Fi3. Fa),

Ops = Max(Fyy, F2, Fis, Fs),

Fig. 4(b) demonstrates the maximum pooling operation. To unify
different DNN computations, we need to convert the operations in
Eq. (3) to the MAC-like operations. Each pooling layer output can
also be represented by:

Opirs) = PP (W X i1 s41-1)) (4)

where I and O, represent the input and output of the pooling
layer; m represents the pooling size; W is equal to 1; and P]I'V=1Ij
is defined as:

P, I; = argmax(I;). (5)

In this way, the pooling operation can also be expressed with MAC-
like operations. By flattening Eq. (4), we reach to 4 neurons to ob-
tain the whole pooling results. As shown in Fig. 4(b), similar to the
convolution layer, the F layer and the O, layer are partially con-
nected.

In the fully-connected layer, each neuron in one layer is fully-
connected to all neurons in the next layer. Each partial output can
be calculated by the matrix multiplication. For example, as shown

Keep the information of
neuron interconnection |+

(i.e., Eq.(7))

Fully-connected
layer?

No Expand the pooling
operation with the results
of convolution (i.e., Eq.(4))

Convolution layer?

Yes

Expand the convolution operation
with the information of Kernel size [
and stride (i.e., Eq.(1))

A

Next layer?

Fig. 5. The flowchart of the DNN flattening process.

in Fig. 4(c), the final output of O; and O, can be presented as:

Or| _[wi Wo W] 8“ (6)
O 7 [Wy Ws W f2 ]
Besides, the general representation of the operation in the fully-
connected layer can be expressed by:

nxv

Oy =Y Wi x Opgestnst)-v-1))- (7)
k=1

where n is the number of neurons in a layer, and i is the number
of outputs after neuron computation in this layer.

The DNN expansion has been described by a flowchart in Fig. 5.
The computations in the fully-connected layer are naturally de-
scribed by MAC-type operations. As was also explained, the com-
putations in the convolution and pooling layers should be con-
verted to MAC-like operations, given in Egs. (1) and (4), respec-
tively. In this way, different layers in the DNN model can be con-
verted to a fully-connected or partially-connected neural network,
that is called Flattened DNN in this paper. As it will be explained in
Section 3.2.4, the reason for converting the operations to MAC-like
operation is to share resources in hardware.

3.2.2. Clustering strategy

After a PE completes its execution, the results are packaged and
delivered to the next PE. As a DNN network involves thousands to
millions of neuron computations, heavy traffic load will be gen-
erated if one packet is delivered per single neuron computation.
Therefore, to reduce the network traffic load and to improve com-
putational efficiency, the computation of multiple neurons can be
assigned to one PE [9,14,15]. For this purpose, the neurons in the
Flattened DNN model are divided into several groups where each
group is called big neuron. The maximum number of neurons in a
group (i.e., the big neuron size) depends on the computing capacity
of a PE. The DNN model after this grouping is called Clustered DNN.

The clustering strategy directly affects the communication load
in the NoC platform. For example, the Flattened DNN model in
Fig. 6(a) contains 4 layers and 13 neurons. By using the specific
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Fig. 6. The (a) original Flattened DNN and the Clustered DNN by using (b) proposed clustering algorithm.

clustering strategy, the neurons in different layer will be divided
into different groups based on the group-size constraint (i.e., the
number of neurons in a clustering neuron group,) as shown in
Fig. 6(b). Each big neuron is then mapped to one PE where the
location of a PE on the NoC platform depends on the underlying
mapping strategy. The computing results of a PE should be deliv-
ered to other PEs in which the big neuron has connectivity with. In
this way, the output of a big neuron becomes the input of several
other big neurons in the next layer, which simplifies the comput-
ing flow. For example, In Fig. 6(b), the result of G1 should be sent
to the corresponding PEs in G2 and G3.

To select a proper clustering strategy, we analyze the character-
istics of the common neural network computing flow. Because of
the feed-forward computing flow in the common neural network
operation, the input of each neuron layer usually reuses the out-
put results (i.e., partial sum) from the previous neuron layer. There-
fore, it has been proven that the output reuse computing strategy
benefit to the neural network computation [28]. By following this
computing behavior, the inter-layer clustering strategy is adopted
in this work to leverage the output reuse computing strategy. In
this way, the feed-forward computing flow of the DNN model can
be reserved, which mitigates the traffic load on the NoC platform.

3.2.3. Dynamic DNN slicing and mapping

After clustering the Flattened DNN, each big neuron of the Clus-
tered DNN should be mapped to the target NoC platform. In re-
cent years, many kinds of large-scale DNN models, such as VGG-
16 or AlexNet, are proposed to solve more complex problems and
achieve higher accuracy. To map the whole large-scale DNN model
to the NoC platform, either the NoC size should be enlarged or
the PE computing capacity should be increased. By enlarging the
NoC size, more big neurons can be mapped to the platform. On
the other hand, by increasing the PE computing capacity, each PE
can handle larger big neuron sizes. Both solutions are not practi-
cally feasible when dealing with large-scale DNN models. Thereby,
a design challenge is to map a large-scale DNN model to the size-
limited NoC platform.

To address the mentioned problem, we propose a DNN slic-
ing method. The minimum requirement of the proposed method is
that the largest layer of the Clustered DNN (i.e., the layer that con-
tains the largest number of big neurons) should fit the NoC plat-
form at once. In this way, we can guarantee that at least one layer

Map one layer of
the Clustered DNN

store
Big Neurons computing and >Temporary

| store the temporary results |¢ space
load

Fig. 7. The flowchart of the proposed Dynamic DNN Slicing method.

can be mapped to the NoC platform at a time. Fig. 7 shows the
simulation flow of the proposed dynamic DNN slicing and mapping
method. As shown in the flowchart, the proposed slicing method is
performed layer-by-layer and time-by-time to ensure that at least
one layer is fully mapped to the NoC platform at a time.

Fig. 8 illustrates an example to map the big neurons of the Clus-
tered DNN to a 2 x 2 mesh-based NoC platform. In this example,
we apply the aforementioned clustering strategy to group the neu-
rons in the Flattened DNN and generate its corresponding Clustered
DNN, as shown in Fig. 6(b). Besides, the group size is three, which
is aligned with the computing capability of the involved PE (i.e.,
a PE can support at most three neuron operations). By following
the rules of the proposed method, we first slice the Clustered DNN
layer-wisely, as shown in Fig. 8(a). The slicing decision is made
considering the total computing resources on the NoC platform. Af-
ter slicing the Clustered DNN, we map each slice to the NoC plat-
form. As shown in Fig. 8(b), at the first mapping iteration, Slice-1
(i.e., the big neurons in the first two layers containing G1, G2, and
G3) is mapped to the NoC platform. The PE4 is idle because its
computing resources are not enough to support all computations
in layer 3. After completing the computations in Slice-1, temporary
results will be stored in the off-chip memory. At Time-2 (i.e., the
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Fig. 8. (a) The Clustered DNN is sliced into four slices, and (b) map each slice to the small-sized NoC within two mapping iterations.

second mapping iteration), the big neurons in layer 3 and 4 (i.e.,
G4, G5, and G6) are mapped to the platform. G4 and G5 require
the temporary results of G2 and G3, and these results can be read
from the off-chip memory. By this approach, a large-scale DNN can
be mapped to a small-sized NoC platform.

Along with the dynamic DNN slicing method at runtime, a
mapping algorithm should be applied to map each big neuron to a
PE of the NoC platform. The simplest mapping way is to map each
big neuron to the NoC platform along with the dimension order,
as shown the mapping results in Fig. 8(b). Although this kinds of
dimension-order mapping algorithms are easy to realize, the NoC
platform may suffer from severe traffic congestion as the adjacent
big neurons are mapped too densely [16]. To alleviate this problem
and to keep simplicity, in this work, we apply the NN-aware map-
ping algorithm [9] where the traffic condition of the NoC-based
DNN design can be guarantee along with a proper routing algo-
rithm. Because of the similarity between the mesh and torus topol-
ogy, all the mapping algorithms for the mesh-based NoC platform
can also be applied to the torus-based NoC platform.

3.2.4. Generic PE computing flow and control mechanism

In the proposed DNNoC-Sim, a PE should be able to perform
different types of computations in convolution, pooling, and fully-
connected layers. Thereby, the PE computing flow should be de-
signed in such a way that to support different computations and
to control them at runtime. Fig. 9 shows the computing flow of
a PE receiving all the necessary data from the big neurons in the
previous layer. If the big neuron size is N, all active PEs perform N
neuron computations in parallel (i.e., all PEs follow the same com-
puting flow). After processing the data, PEs package the data and
deliver it to the next destination for further computing or produc-
ing the final output. Note that the destination assignment depends
on the underlying mapping algorithm.

As mentioned before, each neuron computation requires spe-
cific weights. For example, the weights are equal to one when per-
forming the pooling operation. The weights for the convolution op-
eration depend on the adopted kernel. Finally, the weights for the
fully-connected layer are obtained through the DNN training pro-
cess. As shown in Fig. 10(a), we employ the SystemC model to dis-
tinguish different neuron computations and to control the behavior
of the PE operation. The weight memory in Fig. 10 is used to store
all the involved weights in the current computing iteration of this
PE. In case of the DNN mapping with several iterations, the weight
memory should be updated after each mapping iteration, and the

.| Receive the data
”| from the last layer

v

Multiply-accumulate the
received data with the
corresponding weight

All data is
received?

| Activation function |

v
Package the processing
data and deliver to the
corresponding destination

End

Fig. 9. The computing flow of the PE computing model in the proposed DNNoC-
Sim.

proposed DNNoC-Sim also simulates the behavior of the weight
memory updating in abstract level. On the other hand, to support
different computing flow, the PE is controlled by a FSM control
flow, as shown in Fig. 11. The the output control signal from the
FSM will further control the involved multiplexers in Fig. 10. Obvi-
ously, the FSM control flow is determined by the Op and DataTail
input signals, and the corresponding output control signal is shown
in TABLE 1. Op indicates the current neuron operation (i.e., convo-
lution (Conv.), pooling (Pool), or fully-connected (FC) operations).
On the other hand, the DataTail is triggered to one when all input
data has been received (i.e., all the necessary partial results from
the big neurons in the previous layer). When DataTail is set to one,
the result of the last MAC operation becomes the output of this
PE. After applying the activation function, the output becomes the
input of the next PE.
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Fig. 11. The finite state machine of the PE computing model in the proposed
DNNoC-Sim.

Table 1
The control signal assignment for the PE computing.
DataTail = 0 DataTail = 1

OP = Conv. Pool  FC Conv. Pool  FC
WeightEnable 1 0 1 X X X
WeightMode CONV  x FC X X X
ALUop ADD SUB ADD X X X
OutputSrc 1 0 1 X X X
OutputWrite 0 0 0 1 1 1

The ALUop signal is used to select between the add or subtrac-
tion operation. Since the operations in the convolution and fully-
connected layers are MAC-type operations, the addition will be se-
lected by the ALUop signal. On the other hand, in the pooling op-
eration, the input data should be compared with each other to

whether the weight should be 1 or read from weight memory. As
was already discussed, weights are set to 1 in the pooling opera-
tion while for the operations in the convolution or fully-connected
layers, the weights are fetched from weight memory. PE can pro-
duce accumulation and subtraction results. The OutputSrc signal is
used to select which of them should be written into the output
memory. Finally, the OutputWrite signal is used to latch the com-
puting results until the final result is obtained.

Fig. 10 (b) and (c) illustrate two examples to demonstrate the
data paths using the control signals in TABLE 1. As shown in
Fig. 10(b), if Op is Conv. or FC, the MAC operations in the convolu-
tion or fully-connected layer will be performed. First, the Weight-
Mode signal is adjusted to select the corresponding weight in the
weight memory. Afterward, the MAC operation is performed by
setting the WeightEnable to 1 and ALUop to ADD. As long as the
PE receives the input data, the result of the MAC operation will
be latched in the output memory and reused as one of the in-
puts of the next MAC operation (i.e., OutputSrc is set to 1 and Out-
putWrite is set to 0). As shown in Fig. 10(c), if the Op is set to Pool,
the operation in the pooling layer will be performed (i.e., maxi-
mal data determination). In this case, WeightEnable will be set to
0, and WeightMode becomes a dondt-care signal. Since the compar-
ison operation can be implemented using subtraction, the ALUOp
will be set to SUB, and the temporary result is selected by setting
the OutputSrc to 0. Finally, the OutputWrite will be set to 1 as long
as the DataTail becomes 1 (i.e., the current input data is the tail of
the series input data).

In addition to a reliable flow control, the parameters required
for operation also need to be ensured. In other words, the size of
the memory that implemented in the PE must be able to accom-
modate at least larger than the group size. Besides, the accuracy
of the application is also one of the factors that affect the mem-
ory size. The designer should give the proper memory resources
based on the computing requirement after evaluation with the
proposed simulator. Follow the FSM in Fig. 11, memory will reload
the weight data after all output been transmitted. It is worth
mentioning that all PEs in the NoC operate independently, which
means that the weight update time of each PE is not synchronized.
Staggering time of on-off-chip memory transmission and minimiz-
ing the use of transmission bandwidth is another benefit of NoC
systems.

4. Evaluation results and analysis
4.1. Simulation setup

To validate the proposed DNNoC-Sim, we simulate small,
medium, and large-scale DNN models, which are LeNet [29], Mo-
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Table 2
Comparison between conventional and NoC-based designs regard-
ing the number of off-chip memory accesses.

Conventional [10] NoC-based Design

LeNet [29] 884,736 47,938 (-94.6%)
MobileNet [30]  1,061,047,296 4,360,616 (-99.6%)
VGG-16 [31] 1,165,128,192 138,508,072 (-88.1%)

bileNet [30], and VGG-16 [31], respectively. Besides, the NN-aware
mapping algorithm is employed in this work to map the target
DNN models to the NoC platform because it has been proven as
an efficient mapping algorithm to achieve near-optimal solution
[9]. In addition to the mapping algorithm, the involved routing
algorithm and the network topology may affect the NoC system
performance significantly. To investigate the effect bringing from
the employed routing algorithm and network topology, we select
XY routing algorithm and west-first adaptive routing algorithm in
the experiments under two different network topologies (i.e., mesh
and torus.) To ensure the correctness of the proposed DNNoC-Sim,
we validate the results of classification precision from DNNoC-Sim
with the one of the Keras framework [18] under 32-bit, 16-bit, and
8-bit width data. Therefore, the correctness of the proposed simu-
lator can be ensured.

After validating the DNNoC-Sim, we have evaluated the NoC-
based DNN platform. In the following evaluations, we have first
reported the number of off-chip memory accesses in the conven-
tional DNN design and the NoC-based DNN design. Afterward, we
have analyzed the performance of the NoC-based DNN design un-
der different design parameters. Considering the conventional DNN
design, we have selected UNPU [10] as the baseline of this work.
Compared with Eyeriss [28], UNPU can support various computa-
tions in the common DNN networks due to the flexible computing
flow. For the fair comparison, in DNNoC-Sim, each PE runs at 86.4
GPOS peak performance under 200MHz,(i.e., similar to the UNPU
design.) Besides, the frequency of the router in DNNoC-Sim is 1GHz
(ie., similar to the settings in Noxim [22].)

4.2. Analysis of memory accesses

In conventional DNN accelerator, the system performance is
dominated by the massive off-chip memory accesses [12]. Be-
cause the total off-chip memory latency depends on the number
of memory accesses, in this section, we first compare the num-
ber of memory accesses in the conventional ASIC-based DNN de-
sign with the NoC-based designs. We consider two different NoC-
based DNN design implementations: with and without dynamic
DNN slicing. The former assumes that all parameters of the DNN
model can fit the NoC platform at once (i.e., the off-chip memory
is accessed only at the beginning of the simulation). This assump-
tion is aligned with some other NoC-based architectures, such as
Intelas Skylake [32] where the local memory size in each PE is en-
larged, and the global memory size is decreased. However, this as-
sumption may not seem realistic as in the large DNN networks,
millions of parameters should fit the local on-chip memory blocks.
Hence, in the latter case, dynamic DNN slicing is applied where
part of the DNN model is mapped to the NoC platform at a time.
It should be noted that in all designs, we have assumed that the
memory bandwidth is enough to access one data within one cycle
for the high-level analysis. For different memory bandwidths, the
memory access latency can be changed proportionally.

Table 2 shows the number of off-chip memory accesses in the
conventional DNN accelerator and the NoC-based design without
DNN slicing. The number of local memory accesses is not counted
in the table as the latency of on-chip memory access is much
lower than an off-chip memory access. Besides, the number of on-

chip memory access by using the two kinds of design paradigms
are identical. The reason is that the involved PE model in the pro-
posed simulation tool is the same as the UNPU PE model. There-
fore, the computing behavior is the same as the UNPU PE as well.
The NoC-based DNN design read from off-chip memory only at
the beginning of the DNN computation to load all parameters of
the DNN model. Then, all partial results are propagated by packets
between PEs, and no more off-chip memory access is needed. In
the conventional DNN design, however, regular accesses to the off-
chip memory are needed to read and write partial results during
DNN computation. The table shows that the new NoC-based design
paradigm can reduce off-chip memory accesses by 88.1% to 99.6%
under different DNN models.

As mentioned before, in practice, we cannot map a large-scale
DNN model to a small-sized NoC platform. To address this issue,
we proposed a dynamic DNN slicing method where the number
of mapping iterations depends on the big neuron size as well as
the NoC size. In each mapping iteration, one or more layers are
mapped to the NoC platform at a time. Partial results are stored in
the off-chip memory and reloaded to the NoC platform in the next
mapping iteration.

Fig. 12 (a), (b), and (c) show the number of off-chip mem-
ory accesses in the LeNet, MobileNet, and VGG-16 model, respec-
tively. Each network is evaluated under five different NoC sizes (i.e.,
4 x 4,6 x 6,8 x 8, 10 x 10, and 12 x 12) and three big neu-
ron sizes. In parallel with each configuration, we also report the
necessary number of DNN slicing (i.e., mapping iteration.) Now,
let us consider the LeNet model in Fig. 12(a) where the network
size is 4 x 4 and the maximum computational capacity of a PE is
846 neuron computations. As shown in this figure, the number of
memory accesses increases when the computation capacity of a PE
reduces (i.e., each PE handles a lower number of neurons). This is
due to the fact that with lowering the PE computation capacity, a
large-scale DNN model may not be mapped to the NoC platform at
once. Thereby, the DNN model should be sliced and mapped to the
platform, which demands to access the off-chip memory for read-
ing/writing the partial results. As shown in Fig. 12(a), two mapping
iterations are needed when the network size is 4 x 4, and the big
neuron sizes are 384 or 216. In other cases, the whole DNN net-
work can be mapped at once.

Similarly, in the VGG-16 model, it is impossible to map the
whole model to a 4 x 4 NoC platform when the group size is
200,704. In this case, six mapping iterations are needed to execute
the whole VGG-16 model, which leads to a large number of off-
chip memory accesses (i.e., 156,370,728). However, the number of
off-chip memory accesses are still much lower than 1,165,128,192
accesses in the conventional DNN design. The number of mapping
iterations can be reduced by employing larger group sizes (i.e., in-
creasing the computational capacity of the PEs) or larger NoC size.
In the best case, the whole DNN model can fit the platform at
once and thereby, the minimum number of off-chip memory ac-
cesses is obtained (i.e.,, Table 2). The larger size of cluster or NoC
size results in higher hardware cost, so it is a design trade-off in
the NoC-based DNN accelerator design.

4.3. Performance analysis under different design parameters

In this section, we evaluate the performance of the NoC-based
DNN accelerator under different design parameters such as NoC
size, NoC topology, routing algorithm and group size. We analyze
the PE computational latency, the NoC data delivery latency, and
the overall latency (i.e., the sum of both). Because all PEs work in
parallel, the PE computational latency dominates by the PE, which
spends the longest time to compute. Hence, the total PE comput-
ing latency is calculated by summing up the longest PE computa-
tion time in each mapping iteration. On the other hand, the NoC
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Fig. 12. The off-chip memory accesses and the corresponding number of mapping iterations under (a) LeNet (b) MobileNet, and (c) VGG-16 models.

data delivery latency reflects the data transmission time on the
NoC platform. Note that, the delay of off-chip memory accesses is
not considered in this set of analyses. For the evaluations, we con-
sider three DNN models, five different NoC sizes, and three various
neuron group sizes. The evaluation is performed on two different
NoC topologies: mesh (Fig. 13) and torus (Fig. 14).

We evaluated various NoC sizes from 2 x 2 to 12 x 12 and re-
ported the results for five different sizes, as shown in Fig. 13 and
Fig. 14. Although the neural network scale seems different in
LeNet, MobileNet, and VGG-16, they follow the same setting in the
experiments of (Fig. 13 and Fig. 14. The first group size setting
is chosen based on the assumption that the largest layer of the
Flattened DNN can be mapped to the 2 x 2 NoC size within one
mapping iteration. Similarly, the second and third group size set-
tings are selected by the assumption that the largest layer can be
mapped to the 3 x 3 and 4 x 4 NoC size, respectively. We then
adopted these group size settings for larger NoC sizes. For exam-
ple, in the LetNet model, the largest neuron layer can be mapped
to the 2 x 2 NoC in one mapping iteration when a group con-
tains 846 neurons (or less). It may take several mapping iterations
to compute the whole DNN model. On the other hand, the largest

neuron layer can be mapped to the 3 x 3 and 4 x 4 NoC when
the group size is 384 and 216, respectively. Let us first analyze the
performance of the mesh-based platform. The first observation is
that the PE computational latency increases as the neuron group
enlarges. This is because of the heavier PE computational load. In
turn, as was discussed, a larger neuron group size leads to a lower
number of off-chip memory accesses due to lower mapping itera-
tions, as shown in Fig. 12.

The NoC data delivery is another important metric to evalu-
ate the performance of the NoC-based DNN accelerator. A smaller
neuron group size means a lower PE computation load and a
shorter packet length. Furthermore, since the whole DNN model
may not fit the NoC platform at once, several mapping iterations
should take place. Each mapping iteration means offloading the
traffic from NoC and transferring data through access to the off-
chip memory. By this assumption, the traffic load on the NoC is
low, and the latency is mostly dominated by the packet length.
Therefore, the NoC data delivery latency is generally shorter when
employing smaller group sizes. In contrary, the NoC data delivery
latency becomes longer concerning the larger neuron group sizes.
According to the performance analysis with different routing algo-
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Fig. 14. The performance evaluation of three DNN models under different Torus-based NoC and neuron group sizes.

rithms, the adaptive routing algorithm does not improve the per-
formance significantly. The reason is that the DNN operation is a
kind of feed-forwarding layer-wise operation (i.e., the neuron oper-
ations are performed layer-by-layer.) Therefore, the traffic load on
the NoC platform is usually lite, which reduces the benefit bringing
from the adaptive routing. It can also be observed that the over-
all latency is dominated by the NoC communication latency. Re-
sults show that the performance under the torus topology is sim-
ilar to that of the mesh-based platform. This is because the larger
path diversity in the torus topology is diminished by employing
XY-routing and westfirst routing with OBL. In a short summary,
the design parameters of neuron group size and the NoC scale are
more important than the one of routing algorithm selection for the
NoC-based DNN computing efficiency.

4.4. Analysis of design trade-offs between design parameters

According to Fig. 12, Fig. 13, and Fig. 14, we observe that the
larger neuron group size and larger NoC size lead to lower off-
chip memory accesses but longer NoC data delivery latency and PE
computational latency. In the contrary, although the smaller group
size and smaller NoC size lead to lower NoC data delivery latency,
off-chip memory accesses are increased due to more remapping it-
erations. Thereby we investigate a trade-off between different de-
sign parameters to reach a high-performance NoC-based DNN ac-
celerator.

As mentioned before, the bandwidth limitation between the
off-chip memory and processing elements affects the overall per-
formance. To simplify the problem, we assume that the 64-bit
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bandwidth that max-transmission rate is 6.4 GiB per cycle as
[10] (DDR3 SDRAM memory). Fig. 15 and Fig. 16 show the design
trade-off between different design parameters. Please note that in
this set of analyses, the total latency is the sum of the PEs com-
puting latency, NoC data delivery latency, and the data transfer la-
tency to/from the off-chip memory. As illustrated in this figure, the
NoC data delivery latency and the off-chip memory access latency
dominate the total latency of the NoC-based DNN design. As an ex-
ample, let us look at MobileNet execution on the mesh-based plat-
form. The lowest total latency is obtained under the NoC size of
8 x 8 and the neuron group size of 50k. Furthermore, we can find
that better performance can be achieved under small group size as
well as small or medium NoC size to map the medium or large-
scale DNN models (e.g., MobileNet or VGG-16). The reason is that
the large NoC size or large group size may lead to longer NoC data
delivery latency. On the other hand, if the target DNN model is
small (such as LeNet), it is cost-efficient to employ larger NoC size
or larger group size to map whole DNN model to the NoC platform.
In summary, it is not that the larger the PE number or the memory
resources, the better the performance will be.For NoC-based DNN
accelerator, each application scale has its best hardware configu-
ration. Designers must evaluate carefully before they can create a
highly efficient and cost-effective NoC-based hardware Al design,
which is also our biggest intention to the proposed simulator.

5. Conclusion

The NoC-based DNN design paradigm can mitigate the DNN
accelerator design complexity significantly. In this paper, we ex-
plained a complete evaluation flow to execute a DNN model on
the cycle-accurate NoC-based simulation platform, called DNNoC-
Sim. We first propose a DNN flattening method to convert var-
ious DNN operations into MAC-based operations. The flatten-
ing method improves the computing flexibility and enable map-
ping of various DNN models to the NoC platform. Furthermore,
we proposed a dynamic DNN slicing and mapping algorithm to
map a large-scale DNN model to a small-sized NoC platform.
With the proposed simulation platform simulator, we compare
the number of off-chip memory accesses between the conven-
tional DNN accelerator and the NoC-based DNN accelerator. Af-
terward, we investigated the performance of the NoC-based DNN
accelerator under different design parameters. The experiments
showed that the NoC-based DNN accelerator could reduce 87%
to 99% off-chip memory accesses compared with the conven-
tional DNN design. It was also proven that the size of neuron
group size and the NoC size are two critical design parameters
to keep the system performance high in the NoC-based DNN
accelerators.
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