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Abstract—Hardware implementation methods for 
Artificial Neural Network (ANN) have been researched 
for a long time to achieve high performance. We have 
proposed a Network on Chip (NoC) for ANN, and 
this architecture can reduce communication load and 
increase performance when an implemented ANN is 
small. In this paper, a multiple NoC models are 
proposed for ANN, which can implement both a small 
size ANN and a large size one. The simulation result 
shows that the proposed multiple NoC models can 
reduce communication load, increase system perfor-
mance of connection-per-second (CPS), and reduce 
system running time compared with the existing 
hardware ANN. Furthermore, this architecture is 
reconfigurable and reparable. It can be used to 
implement different applications of ANN. 

 
Index Terms—Artificial Neural Network (ANN), Net-
work on Chip (NoC), multiple NoC models, low  
communication load, high performance, Connection-
Per-Second (CPS) 

I. INTRODUCTION 

Hardware implementation methods for high performance 
Artificial Neural Network (ANN) have been an active 
field of research since 1990 [1]. Feedforward Neural 
Network (FF-ANN) is one of widely used ANN to solve 
a lot of real problems, such as pattern recognition, 
prediction, optimization, and so on [2-4]. The existing 
hardware implementation method is widely used for 
mapping FF-ANN. The hardware implementation method 

could be classified into digital one and analog one. The 
digital hardware implementation method was discussed 
deeply due to high precision, good expansibility and a 
good design support by EDA tools [5]. The common 
digital implementation architectures include systolic 
array architecture, slice architecture, Single Instruction 
Multiple Data (SIMD), and so on [6-8]. A Point-To-Point 
(P2P) data transmission is usually used by the digital 
implementation method. Whereas, some drawbacks exist: 
1. Not reconfigurable (only one application can be 
implemented by the special hardware architecture); 2. 
Higher performance is required (real time control and 
other high performance applications are required); 3. 
Complex interconnection problem should be solved 
(communication load with P2P data transmission method 
is too heavy); 4. Not flexible (when one of neurons or 
one of link is wrong, the whole network may be useless). 
Thus, a new architecture with data transmission method 
is required to solve or relieve these problems.  

The Network on Chip (NoC) architecture with a 
packet based data transmission method [9, 10] could be 
expected as a good way out. NoC is a new approach to 
design the communication subsystem of System-on-Chip 
(SoC). It is always considered by researchers to solve 
communication and performance problem for the P2P 
bus connection based MPSoC [11, 12].  

In this work, a multiple NoC Model with 5-port 2-
virtual channel wormhole-switched router is proposed 
for high performance Neural Network. The multiple 
NoC Models include two models: model-1 is based on 
the former work [13, 14], all the layers of ANN can be 
implemented with it in one time, thus it can be suitable 
for ANN with small network size. Model-2 will use the 
same NoC architecture, whereas the implementation 
method is different. In this model, different layers of 
ANN will be implemented with NoC architecture one by 
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one, so that it is appropriate for ANN with large network 
size. We forecast that the following drawbacks can be 
overcame by the proposed system: 1. Complex 
interconnection problem could be relieved by replacing 
P2P connection method by packet based data 
transmission method; 2. Performance could by increased 
by the proposed new NoC implementation method; 3. 
Limited application problem could be solved by the 
proposed multiple NoC Models (model-1 for ANN with 
small network size and model-2 for ANN with large 
network size). Furthermore, both of two models are 
reconfigurable; 4. Not flexible problem could be solved 
due to reconfigurable NoC architecture which the 
placement of neurons and links are not fixed, so that the 
faulty one can be replaced by others. These 
improvements of hardware ANN are owed to high level 
parallelism of the NoC architecture and the packet based 
data transmission method [15]. 

The rest of this paper is organized as follows. Section 
II shows the architecture of multiple NoC models and a 
switch control in this work. Section III shows the 
measurement results for supporting the low power 
design method of NoC. Section IV shows the 
measurement results which compared with existing 
hardware FF-ANN. Section V shows the conclusion. 

II. ARCHITECTURE OF MULTIPLE NOC 

MODELS IMPLEMENT FOR FF-ANN 

Fig. 1 shows the general structure of FF-ANN. As 
shown in Fig. 1, neurons in different layers have the 
same architecture. Therefore, different applications of 
FF-ANNs consist of different numbers of layers and 
neurons. For implementing FF-ANN, the design steps of 
proposed multiple NoC models are as follows: 1. one 
neuron is designed; 2. four neurons are aggregated as 

one PE; 3. one router is designed; 4. proposed multiple 
NoC models are designed by connecting PEs and routers. 
The step one and the step two are almost same as our 
previous work [13, 14], and they will be described 
briefly, while the step 3 and the step 4 will be described 
in details. 

 
1. Structure of a single neuron 

 
Neuron computing need to contain four operations: 

addition, multiplication, multiplier-accumulator, and 
function [16]. Thus one single neuron consists of MUX 
(Multiplexer), MAC (Multiply Accumulate Circuit), 
RAM (Random Access Memory) and LUT (Look-up 
Table) as shown in Fig. 2 

In Fig. 2, inputs were chosen by MUX; multiplication 
and accumulation were realized by MAC; weight values 
were stored in RAM; activation function was expressed 
by LUT. At least, 16 bits fixed point representation was 
required by FF-ANN [17], therefore the 16 bits data for 
neuron computing in this work consists of one sign bit, 
three integer bits and twelve fraction bits. It can cover 
the range of (-8.0, 8.0) with a quantization error of 
2.44140625E-4. 

 

 
Fig. 2. Single neuron architecture. 

 
2. Four neurons aggregated in one Processing Element 
(PE) 

 
Each of 4 neurons in the same layer are aggregated in 

one Processing Element (PE) and connected to one router 
for reducing total transmission packet, communication load 
and cost. A decoder and a control logic are also required 
to be consisted of the PE. When the data is transmitted 
from a router, a decoder decodes the 4-bit neuron 
address for choosing the neurons which will be used. For 
example, “1100” means the fourth neuron and the third 
neuron will be used. This design can make system 
flexible, and it is easy for users to choose the neuron 
which they want. Control logic consists of counters and 
flag registers for controlling the RAM using virtual  

Fig. 1. General structure of FF-ANN. 
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address. Weights are stored in RAM. When each neuron 
in the same PE completes its calculation task, the outputs 
of them hold output data as one single packet, and then 
the packet is sent to a router. 

 
3. 5-port 2-virtual channel router architecture 
 

One packet consists of two 18-bit header flits and 
some 18-bit payloads flits for data transmission. The first 
two bits of each flit are used for decoding the type of 
flits which “00” for header, “01” for payload and “11” 
for null. Header contains the control information, routing 
information, physical and virtual addresses. Payload 
contains the computing result of each neuron. 

For implementing the architecture of FF-ANN and 
managing the data transmission of the FF-ANN, a new 1 
GHz 5-port 2-virtual channel wormhole switched router 
with 18 GB/s bandwidth is designed for our proposed 
system. For reducing the time management of data in the 
router, a “multi-port chosen” design idea is proposed. 
The “multi-port chosen” means multiple output ports can 
be chosen at the same time by just one input header 
packet. The router architecture is shown in Fig. 3, where 
five input ports and five output ports are connected with 
routers of four directions and one PE. This proposed 

router consists of buffers, MUXs, allocators, shifters and 
registers. i0, i1, i2 and i3 mean input ports of four 
directions which are connected with this router. i4 means 
input port for PE. The virtual channel consists by 5 First-
In First-Out (FIFO) buffers. When packets arrive at this 
router via one of five input ports, it is transmitted via the 
selected virtual channel, and then it is transmitted to 5-1 
MUX to decide the proper output port by Switch 
Allocator (SA). Each SA checks three bits of input 
packet which will be introduced later in detail. The 
selected packets are then transmitted to a shifter. The 
shifter shifts 5 bits of header which is controlled by SA, 
while payload is not shifted. 

The architecture of SA0 is shown in Fig. 4. Each SA 
will check three bits of input phits. The first two bits 
come from upper two bits (the seventeenth bit and the 
sixteenth bit) of input phits, and then control the shifter. 
It is used for deciding the type of phits. The last one bit 
of different SAs are different which SA0 checks the 
fifteenth bit, SA1 checks the fourteenth bit, SA2 checks 
the thirteenth bit, SA3 checks the twelfth bit, and SA4 
checks the eleventh bit. In Fig. 4, the SA consists of 
three parts: decoder, arbiter and hold logic. In the 

Fig. 3. Block diagram of a router for FF-ANN. Fig. 4. Block diagram of a  Switch Allocator 0 for FF-ANN. 
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decoder part, three bits of each input phit is decoded. 
Two bits are used for partition the phits type, and one bit 
for choosing output port. The hold logic part is designed 
to hold the selected port for the payload. 

 
4. Design for multiple NoC models 

 
The architecture of multiple NoC model is shown in 

Fig. 5. It consists of routers and PEs. One router is 
attached to one PE, and routers are connected with each 
other. PEs are communicated via routers. In the NoC 
design, topology is very important. Different topology 
can be suitable for different applications which make the 
system lower latency and higher bandwidth requirement 
[10]. At the same time, the power consumption may also 
be reduced. The torus topology has one more direct 
communication channel between the first router and the 
last router in each line. It is proper for the complex 
communication applications, such as FF-ANN. (The 
comparison will be discussed later.) According to [23], at 
most 64 neurons in one layer are used by common 
hardware ANN. Thus a 4x4 2D torus topology is 
proposed for our system design.  

The multiple NoC models are listed as follows: 
• Model-1: the whole FF-ANN (all the layers) will be 

implemented by the proposed 4x4 2D torus NoC 
architecture in one time. 

• Model-2: the FF-ANN will be implemented by the 
proposed 4x4 2D torus NoC architecture layer by layer. 
Assumed that ai is the total neurons in layer i, thus n 

layers FF-ANN can be implemented by the proposed 

multiple NoC models as follows: 
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It means that if the number of total neurons is not 

larger than 64 (decided by the structure in Fig. 5), the 
model-1 is used. While the total number of neurons is 
larger than 64, the model-2 is used. Whereas, the 
proposed multiple NoC model can not suit for the case 
which one of the layers has the number of neuron larger 
than 64. One general application of FF-ANN (n layers 
and each layer has neuron number of ai) is implemented 
by Multiple NoC models as shown in the flow chart of 
Fig. 6. 

Two real applications, prediction and pattern 
recognition problems, are introduced to discuss these 
two models in detail. The first application is a prediction 
problem with the topology of 4-12-1 [18]. It has four 
input neurons, twelve hidden neurons and one output 
neuron. The number of total neurons is 17 and less than 
64, so the model-1 is used. The real application is 
implemented by multiple NoC models as shown in Fig. 7. 
For model-1 this system is configured one time which 
contains the following work: 

 
Fig. 5. Block diagram of a multiple NoC models  for FF-
ANN. 

64≤

64≤

 
Fig. 6. Flow chart of FF-ANN implemented by multiple NoC 
models. 
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• Each neuron of each layer need to be implemented to 
the proposed system; 

• Load weight value of each neuron to RAM; 
• Load activation function to ROM for each PE; 
• Load packet header for each PE to RAM. 

In Fig. 7, the first layer of FF-ANN consists of one PE 
which is connected with one router; the second layer of 
FF-ANN consist of three PEs which is connected with 
three routers; the third layer of FF-ANN consists of one 
PE which is connected with one router, and just one 
neuron in this PE is used. Then, this implemented system 
can be used for computing. 

The second application is a pattern recognition 
problem with the topology of 20-50-1 [2]. It has twenty 
input neurons, fifty hidden neurons and one output 
neuron. The total number of neurons is 71 and bigger 
than 64, so the model-2 is used. The real application will 
be implemented by multiple NoC models as shown in 
Fig. 8. The whole process is as follows:  
1. Load weight value, activation function and packet 

header of each layer of FF-ANN;  
2. The first layer of FF-ANN is implemented by NoC as 

Fig. 8(a), do the computing work and store these 
results to RAMs of each PE;  

3. The second layer of FF-ANN is implemented by NoC 
as Fig. 8(b), input of this layer is the output of former 
layer, thus read the data from the RAMs which store 
the results of first layer. Then do the computing work 
and store these results to RAMs of each PE;  

4. The third layer of FF-ANN is implemented by NoC as 
Fig. 8(c), and read the data from the RAMs which 
store the results of second layer. Then do the 

computing work and this result is final result of FF-
ANN. 

III. EXPERIMENT FOR SUPPORT LOW POWER 

NOC DESIGN METHOD 

The proposed Multiple NoC models with mesh 
topology and torus topology are designed by VerilogHDL 
and implemented on FPGA Stratix II EP2S60F1020C3 
[19] using Alter Quartus II to get the performance 
metrics of power consumption. The comparison between 
mesh topology and torus topology is shown in Table 1. 
The proposed NoC architecture with torus topology can 
reduce 28.6% of the dynamic power dissipation 
compared with the NoC with mesh topology. The static 
power dissipation of NoC with torus topology is a little 
larger than that with mesh topology, because of the 
additional hardware for routers. While the total power 
dissipation of NoC with torus topology is less than the 
mesh one, so that the total power dissipation is reduced 
while static powers are almost same.  

As shown in Fig. 7 and Fig. 8, when different appli-
cations are implemented by the proposed architecture, 
only the work neurons are changed, while the rests do 
not. This design will not consume the redundant power. 

Fig. 7. Application of FF-ANN to prediction by model-1. 

Fig. 8. Application of FF-ANN to pattern recognition by 
model-2. 



JOURNAL OF SEMICONDUCTOR TECHNOLOGY AND SCIENCE, VOL.10, NO.1, MARCH, 2010 33 

 

IV. EVALUATION AND DISCUSSION 

 
The proposed Multiple NoC models is evaluated and 

discussed from the following point of view: 
reconfigurability, reparability, communication load, and 
system performance of CPS. 

 
1. Reconfigurability of the proposed system 

 
The proposed system is reconfigurable. Different 

applications of FF-ANNs just have difference in weight 
value of each neuron, activation function of each layer, 
the number of neurons and layers, and so on. These 
differences can be easily implemented in the proposed 
multiple NoC models. Because those values are stored in 
RAM. Furthermore, the topology and routing algorithm 
of NoC can be changed easily. 

 
2. Reparabilit of the proposed system 

 
The reparability of the proposed system in this work is 

shown as follows: 
• Neurons are reparable: each neuron has the same 

architecture, thus the faulty neurons can be replaced 
by others. 

• Channels or routers are reparable: the routing paths of 
the data transmit from layer to layer is not fixed, and it 
can be changed by sending new packets. The cases are 
shown in Fig. 9. 
 

 3. Communication load reducation 
 
 The communication load of the proposed NoC data 

transmission architecture is reduced compared with 
existing Point to Point (P2P) data transmission 
architecture. Point to Point (P2P) architecture is always 
used by existing digital FF-ANNs for their data 
transmission, while the proposed NoC data transmission 
architecture is packet based.  

Three applications of ANN with topology of 4-12-1, 
4-5-5-1 and 20-50-1 [18, 20, 2] are simulated to compare 
these two types of data transmission architectures. Let’s 
suppose that the ANN with topology of 4-12-1 is 
implemented by P2P data transmission architecture, and 
assume one packet will be transmitted to all neurons of 

next layer by each neuron. As a result, 60 packets are 
transmitted and each packet size is 16 bits. Thus the total 
packet size is 960 bits. When the same ANN is 
implemented by the proposed NoC packet based data 
transmission architecture, it includes one PE with 4 
neurons for input layer; hidden layer consists of three 
PEs and each with four neurons; and one PE with one 
neuron for output layer. Each PE will transmit one 
packet to the next layer's PE. The packet size of PE is 
decided by the number of attached neurons. When four 
neurons are attached to PE, the packet size is 90 bits 
which includes one 18 bits header and four 18 bits 
payloads. When three neurons are attached to PE, the 
packet size is 72 bits which includes one 18 bits header 
and three 18 bits payloads. When two neurons are 
attached to PE, the packet size is 54 bits which includes 
one 18 bits header and two 18 bits payloads. When one 
neuron is attached to PE, the packet size is 36 bits which 
includes one 18 bits header and one 18 bits payload. 
Thus, in total, 6 packets are transmitted and total packet 
size is 540 bits. Other two applications of FF-ANNs are 
also compared between P2P data transmission method 
and NoC data transmission method as shown in Table 2. 

 

Table 1. The comparison of power dissipation between 
mesh topology and torus topology 

 Mesh (mw) Torus (mw) 
Dynamic power 

dissipation 
76.25 54.44 

Static power dissipation 612.89 620.49 
I/O power dissipation 47.69 47.90 

Total power dissipation 736.83 722.83 

Fig. 9. Reparability of the proposed system. 
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Consequently the proposed NoC method can reduce the 
communication load of total packet size about 30.25%-

58.4%. 
 

4. High Performance of Connection-Per-Second (CPS) 
 
Three real applications of FF-ANN [18, 20, 2] are 

implemented by the proposed multiple NoC models and 
simulated by NIRGAM NoC simulator [21]. The first 
one is a prediction problem [18], and the topology of it is 
4-12-1. The second one is an optimization problem [20], 
and the topology of it is 4-5-5-1. The third one is a 
pattern recognition problem [2], and the topology of it is 
20-50-1. The input of them is one thousand 16-bit data. 
We call them application-1, application-2, and application-
3 respectively. The simulation result is shown in Fig. 10. 
The frequency of proposed system is 100 MHz, thus the 
worst latency of first two applications is 20 ns, and the 
worst latency of each stage of third application is 56ns 
and 56.6 ns. 

The most common measure of performance is the 
Connection-Per-Second (CPS), which is defined as the 
rate of multiplication and accumulates operations. For 
the fixed type of hardware ANN, the value of CPS is 
different when implementing different applications. For 
fair comparison between the existing hardware ANN and 
the proposed one, we need to implement the same 
application and then compare the CPS of different 
hardware ANN. Three real applications of FF-ANN are 
also implemented by existing hardware ANN [22, 23] to 

get the CPS. Experimental results are shown in Table 3. 
In this table, the symbol “N.A.” means this type of 
hardware neural network can not execute the application 
due to the limitation of the hardware architecture. This 
table shows that the proposed multiple NoC models can 
increase CPS about 47.1%, 25%, and 44.9% for the 
application-1, application-2 and application-3 respectively.  

How to get a good balance between performance and 
cost has been researched for a long time. The slice 
architecture and systolic array architecture show the high 
performance and good balance when implement the 
ANN with small size; SIMD architecture has a good 
reconfigurability, low cost and high performance when 
implement the ANN with large size. Model-1 of the 
proposed NoC architecture has a similar implement 
method as slice architecture, thus it is appropriate for the 
ANN with small size; while model-2 of the proposed 

Table 2. Comparison of communication load between P2P 
method and NoC method 
Topology Method Packet 

number
Packet 

size (bit) 
Total size 

(bit) 
P2P 60 16 960 4-12-1 NoC 6 90 540 
P2P 50 16 800 4-5-5-1 NoC 8 36,90 558 
P2P 1050 16 16800 

20-50-1 NoC 78 54,90 6984 

Routers along x direction

Routers along x direction

Routers along x direction

Routers along x direction

R
outers along x direction

Fig. 10. Average latency per flit of three applications. 

Table 3. Comparison of performance between existing hardware ANN and the proposed NoC architecture  
Connection-per-second (CPS) 

Name Architecture Learn Precision Neurons or PEs Application 1 Application 2 Application 3
NeuraLogix NLX-420 Slice Off-chip 1-16b 16 N.A. 300CPS N.A. 

Philips Lneuro-2.3 Slice Off-chip 16,32b 12PE 340MCPS 225MCPS N.A. 
Siemens MA-16 Systolic array Off-chip 16b 16PE N.A. 400MCPS N.A. 

Hitachi WSI SIMD BP 9x8b 144 N.A. N.A. N.A. 
Inova N64000 SIMD Program 1-16b 64PE 76.9MCPS 50.9MCPS 127MCPS 

Multiple NoC models NoC Off-chip 1-16b 64,16PE 500MCPS 500MCPS 184MCPS 
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NoC architecture has a similar implement method as 
SIMD architecture, so that, it is fit for the ANN with 
large size. Furthermore, the NoC architecture has a smart 
packet based data transmission method. These 
advantages make NoC architecture much more suitable 
for hardware ANN. 

V. CONCLUSIONS 

A multiple NoC models are designed based on low 
power and implemented for hardware ANN. This NoC 
architecture can implement both the small size ANN and 
the large size ANN. The proposed architecture is 
reconfigurable to suit for different applications of FF-
ANN, by changing the weight value, activation function, 
and the number of neurons and layers. The hardware of it 
is reparable which the faulty neurons and channels can 
be replaced by good one. Compared to the traditional 
P2P data transmission method, it can reduce the 
communication load about 30.25%-58.4%, and it can 
increase system performance of CPS about 25%-47.1% 
compared with the existing hardware ANN. The number 
of PE in the proposed multiple NoC model is 16. But it 
is not fixed and could be other number, such as 9, 25, 36, 
and so on.  
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