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Abstract. To control strong neuron-to-neuron traffic, Many processing nodes form a high-level neural network (NN), which can be used 

as a spinal or multi-core tool and built using network-on-chip (NoC). Chip-to-chip communication networks bring together many NN-

based processors based on NoC to improve complete neural acceleration. A large amount of multicast-based traffic passes through a chip 
or between chips, making it difficult to network communication design and NN system performance and power impact. We recommend 

NeuronLink for NN accelerators in this study, which combines intrachip and interchip communication methods. With virtual-channel 

intrachip communication, we provide cross-cutting solution, troubleshooting, and compatible route calculation methods, resulting in the 

best NoC with reduced hardware cost based on multiple streams. For interchip communications, we propose a chip-to-chip 
communication system with NoC-aware that allows for efficient communication of NN-based NN devices. We have also put the 

proposed methods to the test on DNN-based NoC chips with four flexible gate frames (FPGAs). Test results show that the proposed 

communication network can better manage data flow within DNNs with higher output and less overhead compared to modern 

connections. 
INDEX TERMS :  Neural Network Accelerator, Deep Neural Network, Nodes 

 

1. INTRODUCTION 

To handle the heavy neurons, large-scale neural networks are implemented on multi-core processors and arranged via network 

on chip. Chip-to-chip interconnection networks connect these neural network devices to improve neuron processing efficiency. 

This paper proposes interchip and intrachip communication mechanisms for neural network processors in this study. We used four 

circuits connected to the NoC-based deep neural network and four FPGAs to evaluate the proposed strategies. According to the 

findings, the proposed communication networks can effectively control the flow of data within deep neural networks. 

To make their goods intelligent, almost every industry is turning to highly efficient deep neural networks. These DNNs can be 

used for a range of tasks that require machine intelligence, such as image recognition, object detection, and speech recognition. 

These DNNs feature an excessive number of stacked layers of neurons, which necessitates a lot of processing power.  

When it comes to deploying on hardware, it becomes more difficult. To operate these DNNs, a lot of tuning is required. The 

processing of these DNNs can be sped up using GPUs, CPUs, ASICs, and FPGAs. 

However, because these platforms provide high speed at the expense of significant resource utilisation, they may be energy 

inefficient. Network-on-chips (NoCs) provide a low-power method for processing DNNs. Multiple neurons can be processed in 

parallel by NoCs, and data can be efficiently transferred from one neuron to another. 

The NoC-based design paradigm offers the following benefits:  

1. Energy efficiency – Off-chip memory access is reduced.                                                                                       

 2. Scalability – Computational resources are unaffected by the flow of data.                                                          

 3.    Flexibility — Handles a variety of data flows by allowing for flexible connections. 
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1.1 Neuronlink 

It's a chip-to-chip interconnect scheme that comprises both interchip and intrachip connections. Figure 1 shows the architecture 

of NeuronLink. Uses a virtual layer, a data link layer, and a transaction layer to use NoCs. 

                               

                                                        Fig. 1. Architecture of NeuronLink 

The data connection layer receives the original packages from the activity layer. Packet important, multitasking type, and 

location address are all located in the top part of the package. Packet body navigation is stored in virtual reality channels (VCs). 

The Credit Management (CRM) aspect then determines which VC should be used in order to continue operating. The package then 

takes the path to the visible layer. He is the one who receives the data and instructions. The expandable bathtub can be used to sync 

data from the recovery clock. The CRM unit in the data connection layer analyzes the command, and the data is transmitted to VCs 

based on address and importance. 

 

1.2 Implementation of Neuronlink in DNN Accelerator 

 
The DNN accelerator is made up of four chips, each of which has 16 processing nodes and is linked together using the 

NeuronLink interconnect technique. Each chip has a PCIe interface for high-bandwidth data transmission off-board.  

1. eDRAM buffers are present in every processing node. — Saves input characteristics.                                       

2. Four Digital Processing Units - To modify and add integration and activation functions performed by these units.                                                                                                                                                                     

3. 8 analogue processing units — Executes MAC operations in situ.                                                          

Different crossbar arrays, ADCs, and DACs make up each analogue processing unit (ALU). 

                        

Fig.2. DNN Accelerator 

The Resnet18 model should be mapped as illustrated to speed it up. Other models can be mapped in the same way to speed up 

the network using the proposed DNN accelerator. 
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                                                            Fig.3. DNN Accelerator Mapping 

 

Routers are represented by the circular box, whereas processing nodes are represented by the square box. In the resnet18 model, 

the number inside the boxes reflects the number of layers. The transfer direction or movement of the data is indicated by arrows on 

the map. The flow of data from the local processing area to the DRAM is indicated by a green circle.  

In comparison to previous interconnects, the suggested interconnect technique, NeuronLink, has low power consumption and 

simple circuit complexity. In addition, NeuronLink has a minimal implementation cost and simplifies data flow. DNN accelerators 

based on NeuronLink have higher power and area efficiency than NoC-based DNN accelerators like Eyeriss-v2 and DaDianNao. 

 

2. DESIGN METHODOLOGY 

In the current architecture, Network On Chip coupling incorporates intrachip and interchip communication agreements for NN 

accelerators known as Neuron-Link. Large amounts of traffic based on multicast on-chip or between chips, making network design 

extremely complex and a bottleneck of NN system performance and power. 

2.1 Existing Design                                                                     

 
Fig.4. Existing Neural Network Design 

 

2.2 Proposed System 
 

The proposed neuron link is a complete chip-to-chip connection that includes both intrachip and interchip components, as well 

as arbitration interception and a strobe crossbar switch to alleviate congestion. Activity layer sends packets to the data connection 

layer (i.e., NoCs) by bus on the transfer side. Request, data, and consent signs form the bus. If the packets are received by the data 

connection layer, the acknowledge signal indicates it. The header portion of the received packet is examined first, and the header 

contains information such as packet value, multi-channel type, and location address. Package bodies are then embedded similar to 

VCs based on their importance. If the critical channel from the same input port fails to continue using the terminal bar argument, 

the terminal bar will transmit a disconnect signal to the VC component. Data transmission is prioritized, and a route controller and 

switch are assigned to modify and improve the speed of data transmission and manipulation, as well as to provide ideal 

performance. This approach also eliminates the problem where larger, higher-priority packets must wait in the queue until the 

remaining packets are transferred to the next router or IP core. In terms of power, area utilisation, logical utilisation, and speed, the 

suggested architecture is compared to the existing design. Modelsim 6.3 software is used to simulate the proposed design, and 

XILINX ISE 12.5 is used for power analysis. 
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2.3 Proposed Design 
 

Fig.5. Proposed  Neural Network Design 

 

3. RESULTS 

 
ModelSim-Altera Starter Edition is a simulation app for small sections of adjustable gates. The free version of Altera's 

ModelSim software, therefore, is limited in what it can do: limited to 10,000 usable lines and has a simulation of 1.5 times (or 

speed) simulation of a comparable programming gateway system on the market.ModelSim6.3G (Fig. 6) is a Mentor Graphics 

multilingual HDL simulation platform that incorporates a built-in C error modulator for hardware rendering hardware such as 

VHDL, Verilog, and SystemC. ModelSim (Fig. 7) can be used alone or in conjunction with Intel Quartus Prime, Xilinx ISE, or any 

other file-type source- and software-related information. 

 

 

                                         Fig.6. Simulation MODELSIM 6.3G 

 

Fig.7.Simulated Design 

 

 The whole interconnect architecture is displayed. One of the key benefits of NeuronLink is that we use the transfer value to reduce 

congestion on chip-to-chip connections in large NN applications. 
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4. CONCLUSION 

We have developed a full chip-to-chip communication network for NN's major accelerators in this paper, which combines 

intrachip and interchip communication methods.. Inside DNN accelerators, the interconnect aims to efficiently manage the massive 

volume of multicast-based traffic. The cycle-accuracy C++ and RTL models are used to properly assess the link. A hardware 

platform based on four FPGAs is also used to implement the link. Compared to modern communications, the findings of the 

experiment suggest that the proposed network, NeuronLink, can achieve higher throughput and lower error rate with lower 

overhead.. In addition, our NeuronLink-based DNN Speed beats previous NoC-based DNN speeds in terms of power efficiency 

and local efficiency, at 1.27–1.34 and 2.01–9.12, respectively. 
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