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Abstract— Computing-In Memory (CIM) has been widely used to 

accelerate the inferencing speed of deep learning. Network-on-

Chips (NoCs) are usually used together with CIM to enable the 

versatile ability of the hardware. This paper proposes a bandwidth 

aware mapping scheme to minimize both hops and bandwidth 

requirement. The simulation results show that the proposed 

scheme could reduce the hops and bandwidth requirements by 

more than 33.57% and 46.13%, respectively. 
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I.  INTRODUCTION 

The Computing In-Memory (CIM) is one of the most 
promising techniques in the post Moore’s Law era to break the 
power and memory walls. The Resistive Non-Volatile Memory 
(RNVM) like RRAM has shown great potential in low power 
massive parallel in-memory computing. However, most of the 
existing works only focus on the core level design. The load-
store scheme will be inefficient for CIM, because of the high 
write power and slow write speed of the emerging RNVM. 
Therefore, new flexible interconnecting architectures and 
mapping strategies should be developed to meet the various 
requirements of neural networks. Adopting Network-on-Chip 
(NoC) in CIM for high parallelism and scalability has attracted 
wide interests from both industry and academia [1]. 

In this paper, we propose a novel scheme to automatically 
map a Convolutional Neural Network (CNN) to a 2-D mesh 
NoC. The processing node is based on the RRAM-based N × N 
CIM array. To reduce the latency, power consumption, and 
bandwidth of routers, and maximize the parallelism, the weights 
of each layer are duplicated, partitioned, and placed to simplify 
the dataflow in NoC. The results show that our scheme could 
greatly the number of hops and the bandwidth requirement. 

II. FRAMEWORK 

NoC has been widely proposed for versatile interconnect for 
CIM [4]. As shown in Fig. 1, RRAM based Processing Elements 
(PEs) taken from [2-3] are adopted as the processing node in 
NoC which consists of an N × N  MAC array. PEs are 
interconnected by the routers to enable various neural network 
connections. In this section, we describe the mapping strategies, 
mainly about how to compute CNN based on NoC and the 
mapping algorithm. In our scheme, the weights and connections 
of CNN are mapped to PEs and the paths of routers, respectively. 

 

Figure 1.   The architecture of NoC 

A. The mapping strategies 

1) Weight copy: The duplication of weights is to maximize the 
parallel computing, and reduces the delay caused by the 
synchronization between layers. According to the input data 
amount of each layer, the number of copies of the weights 
𝑚𝑛 can be determined by:  

𝑡𝑖

𝑚𝑖
=

𝑡𝑗

𝑚𝑗
                                             (1) 

where 𝑡𝑖 is the computing time, which is positively correlated to 
the amount of input data. 

2) Mapping order: As shown in Fig. 2, the weights mapping 
to PEs in one layer can be expressed as the longitudinal-direction 
expansion and the horizontal expansion, representing the partial 
sum and other situations, respectively. This is to simplify the PE 
splitting and merging.  

 

Figure 2.   Mapping the weights to PEs 

Supposing the input of the nth layer in the network is 
𝑊𝑛 × 𝐻𝑛 × 𝑐𝑛 , the output is 𝑊𝑛

,  × 𝐻𝑛
,  × 𝑐𝑛

,
, and the size of the 

kernel is 𝑘𝑛 × 𝑘𝑛 × 𝑐𝑛 × 𝑛𝑛 . The number of PEs is 𝑏𝑛 × 𝑏𝑛
,
, 

where 𝑏𝑛  and 𝑏𝑛
,

 are the required PEs in horizontal and the 
longitudinal direction, respectively. They are defined as: 
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