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 چکیده

حال، ساختار  نیاست. با ا (DNN) قیعم یشبکه عصب یهادهندهباند در شتاب یپهنا لوگاهگ و یا تخفیف دادن حل یبرا موثرترین روش (PIM) ردازش در حافظهپ 

 یو پارامترها یورود یهاادهحافظه است تا د تراشهداخل  در هابانک بین ها از داده یادیمقدار ز ییجابجا ازمندیهمچنان ن شبکه های عصبی یهاداده انیو جر یتمیالگور

 یدرون حافظه منتقل کند. برا یهاداده یارتباط یهارساختیبه زباند را  یاز گلوگاه پهنا یبخش: این امرقرار دهد در کنار همبرای انجام پردازش ها را مدل متناظر آن

 یحافظه با پهناداخل شبکه  کیکه از ارایه می دهیم  یسه بعد یهافظهدر حابدهی شبکه های عصبی شتا یبرا یمواز اریحافظه بسمعماری در کی ، ماگلوگاه نیکاهش ا

 یسازادهیپ نیریز یبعدحافظه سه یمنطق لایه یتراشه را بر رو یو شبکه رو یمحاسبات یموجود واحدها PIM یهاکه طرح ی. در حالبردیبهره م ریپذاسیمقو باند بالا 

واحد پردازش  کی( 1هر بانک حافظه مجهز به ) منظور، نیا ی. براشوندیم عیحافظه توز یهابانک رها دو انتقال داده یمحاسبات فی، وظاروش پیشنهادیدر  کنند،یم

انتظار این است که استفاده از حافظه است.  یرو یشبکه سه بعد کیحافظه توسط  یاتصال بانک ها یبراروتر  کی( 2و ) ،یعصب یشبکه ها یاجرا یساده برا اریبس

 .خل حافظه شده و کارآیی را بهبود بخشدباعث افزایش پهنای باند بین بانکها در دا این معماری موازی

Abstract 

Processing-in-memory (PIM) is the most promising paradigm to address the bandwidth bottleneck in deep neural network 

(DNN) accelerators. However, the algorithmic and dataflow structure of DNNs still necessitates moving a large amount of data 

across banks inside the memory device to bring input data and their corresponding model parameters together, negatively 

shifting part of the bandwidth bottleneck to the in-memory data communication infrastructure. To alleviate this bottleneck, we 

present a highly parallel in-memory DNN accelerator for 3D memories that benefits from a scalable high-bandwidth in-memory 

network. Whereas the existing PIM designs implement the compute units and network-on-chip on the logic die of the underlying 

3D memory, in our proposed architecture the computation and data transmission tasks are distributed across the memory banks. 

To this end, each memory bank is equipped with (1) a very simple processing unit to run neural networks, and (2) a circuit-

switched router to interconnect memory banks by a 3D network-on-memory. By providing a highly parallel architecture and 

higher inter-bank bandwidth, we expect to get considerable performance improvement over state-of-the-art in-memory DNN 

accelerators. 

  



 

1 INTRODUCTION 

 
Convolutional Neural Networks (CNNs) have a wide range of applications due to their superior performance in image and 

pattern classification. However, the performance of CNNs comes at the price of high computational load and memory 

bandwidth usage. Hardware acceleration has become the primary way to tackle this ever-increasing complexity of CNNs. 

However, acceleration puts more stress on the already saturated memory bandwidth, since CNNs are now run faster and need 

to fetch the model parameters and data in a shorter amount of time, hence more bandwidth is needed. As a result, CNN 

accelerators are typically bottlenecked by memory, primarily due to the need to move large amounts of model parameters and 

data between memory and processing units [1][2]. The processing-in-memory (PIM) paradigm is generally known as the most 

promising way to alleviate this bottleneck. PIM suggests moving computation into/near the memory subsystem [3,4]. Most 

existing DRAM-based PIM proposals target the emerging 3D memory devices, where multiple DRAM layers are stacked on 

top of a logic layer. Commercial 3D memory products use the logic layer to implement local memory controller, host interface 

unit, and simple in-memory arithmetic/logic functional units [3]. PIM leverages the logic layer to implement compute units, 

often in the form of accelerator cores, hence the computation benefits from the high internal bandwidth available within memory 

devices.  

Although PIM significantly reduce data movement between the memory and computation host, CNN accelerators still need to 

move large amount of data inside the memory between banks [1,3,5]. Most of this data movement is generated when the output 

feature map of a layer is sent as input feature map to some remote bank, where the weights of the next layer are stored.   

In the existing PIM designs, the data is first moved to the logic layer at the source column and traverses the inter-column 

network-on-chip (NoC) on the logic layer to reach the destination column. There, the data can be either placed in temporal 

buffers or written to the memory bank by the local memory controller. Although a good data mapping strategy can cut down 

part of the traffic on the logic die’s NoC, the algorithmic and dataflow structure of CNNs still necessitates transferring large 

data sizes across different DRAM banks on the logic die to bring together the required operands (input feature map and weights) 

of different layers. This shifts part of the memory bandwidth bottleneck inside the memory device and to the logic die’s NoC. 

Our observations show that the collective throughput of a PIM-based CNN accelerator is highly sensitive to the bandwidth of 

this NoC.    

To achieve peak performance, this proposal presents a 3D PIM architecture that integrates very simple CNN processing logic 

to each memory bank and directly connects the banks via a network-on-memory (NoM). NoM implements a scalable and high 

bandwidth topology to directly transfer data within the memory across DRAM banks, effectively alleviating the internal memory 

bandwidth bottleneck. In our previous work [6], we showed that a circuit-switched inter-bank network-on-memory improves the 

performance of data copy-intensive applications (e.g. operating system routines) considerably. This research will show that PIM-

based CNN accelerators can also take advantage of NoM to alleviating the internal bandwidth bottleneck of conventional designs.  

We base the architecture of the processing units of the proposed architecture on the Eyriss accelerator [7]. It uses a row-

stationary dataflow design to maximize data reuse.  

 

2   PRELIMINARIES 

This section introduces the Eyeriss and Network-on-Memory architectures that are used as the base of the proposed accelerator 

design.   

Eyeriss. We base the architecture of proposed accelerator on the Eyeriss design presented in [7]. Eyeriss uses an array of PEs 

as functional units and an off-chip DRAM for storing CNN weights and input activations. To minimize input image and weight 

movement, Eyeriss minimizes three types of data movement such as convolutional reuse, filter reuse, and weight reuse. Eyeriss 

uses a CNN dataflow called Row Stationary (RS). In RS dataflow each row remains stationary in PEs. In RS dataflow, Filter 

rows in each line of PE array are the same, and input image rows moving diagonally in PE array. In Eyeriss architecture, one 

row of the filter is multiplied by one row of the input image. This multiplication is the multiplication of peer-to-peer elements. 

After multiplying the peer-to-peer elements, the product obtained is multiplied by the input partial sum obtained and then added 

by the product of the partial sum stored from the previous step to obtain the partial sum of the output of the processing element. 

Eyeriss minimizes off-chip DRAM accesses. It uses a network-on-chip architecture with multicast and point-to-point support. 

To support Multi-cast and Point-to-Point, Eyeriss uses a flat multicast NoC. Each PE in Eyeriss consists of a scratchpad, a 

multiply and Accumulate unit, and a control unit. The main problem of Eyeriss is the PE utilization problem especially when 

there are multiple PE sets in the PE array. In this case, some PEs remain Idle during CNN computations. Eyeriss benefits from 

compression and zero data gating techniques for energy efficiency. Figure 1 shows how filter rows are reused in a PE set in 

Eyeriss (green arrows). All PEs in a row have the same filter row. Figure 1 also shows data reuse of Input image in a PE set in 

Eyeriss. Each row of the input image is reused across PEs diagonally. Partial sums accumulate vertically across PEs. Psum of 

each row finally will ready on PEs on the top side of the PE set. 
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Figure 1. Eyeriss dataflow 

 

Eyeriss v2 is a new version of the original Eyeriss. It has a new NoC architecture in comparison to the original Eyeriss. A 

Hierarchical Mesh network is used for supporting a wide range of bandwidth requirements. Three types of convolutional layers 

can be supported by Eyeriss v2. First Conventional layers with high data reuse, depth-wise convolutional layers with no reuse 

for iacts and only reuse for weights, and finally fully connected layers that have little reuse. For each data type such as iacts, 

Psum, and weights a separate hierarchical mesh NoC is created. Eyeriss v2 optimized for compact DNNs. When required data 

reuse is low then its network provides high bandwidth via unicast. In cases in which data reuse is high, it uses spatial data reuse 

by using Multicast or Broadcast. Eyeriss v2 uses router clusters arranged as a mesh network. Each router cluster is connected 

to a GLB cluster and PE cluster. Each router cluster consists of four Psum routers, three weight routers, and 3 iact routers. Each 

PE cluster consists of 12 PEs arranged in a 3×4 manner. Eyeriss v2 has a Global buffer for adding an extra level memory 

hierarchy. There are two control mechanisms in Eyeriss v2 similar to original Eyeriss. First is a top-level control mechanism 

controlling off-chip data accesses and traffic between Global Buffer and PEs and second is a control mechanism in each PE 

that controls the processing process in PE. Input activations read from off-chip into the GLB cluster. Partial sums always store 

in the GLB cluster. Eyeriss v2 can be scaled with more PEs but the performance may not be scaled due to PE utilization issues. 

Hierarchical Mesh NoC in Eyeriss v2 uses a circuit-switched routing with only the use of multiplexers. 

 

Network-on-Memory (NoM). We use NoM to interconnect memory banks [6]. NoM is a 3D mesh in which, each memory 

bank is connected to four adjacent banks in its layer, as well as to the vertically adjacent banks in the upper and lower layers. 

In [6], a NoM-light design is introduced that uses the already existing vertical links (made by TSV links) of the memory 

columns to transfer NoM data in the third dimension, effectively eliminating the need for extra vertical links. NoM adopts a 

circuit-switching scheme with time-division multiplexing (TDM). TDM shares the link bandwidth among multiple packets in 

time: it divides link bandwidth into some time slots and allocates slots to different circuits. Network switches keep a time slot 

table for each output link, through which the circuit paths are kept in a distributed way. The content of each slot table entry of 

an output link is the input port that should be connected to that output at that time slot. Circuit-switched switches are actually 

simple logic that read the slot table entries at each cycle to make input-output connections. Time slot allocation is a complex 

task, since it should guarantee that (1) each time slot on a link is not allocated to more than one circuit, and (2) circuits must 

use increasingly numbered slots in successive switches to avoid the need for buffering along the circuit’s path. 

In NoM, the memory banks are the network nodes. A centralized circuit setup unit (CSU) on the logic layer receives circuit 

setup requests and reserves a circuit between the source and destination nodes. CSU is a hardware unit that implements a fast 

parallel circuit setup algorithm. It explores all shortest paths between the source and destination nodes of the circuit and finds 

a consecutive sequence of time slots along one of the paths with the earliest starting time. It then (1) returns the starting time 

of the circuit to the node, when it should deliver its data to the first switch of the circuit, and (2) fills the slot table entries of 

the switches along the circuit path to set up the circuit. This is done through direct narrow links that connect CSU to each 

individual NoM switch. CSU needs two cycles to reserve a circuit; one cycle to find a path and one cycle for configuring the 

slot tables along the path. If NoM adopts B-bit links, the circuit is kept reserved for V/B time windows. The details of SCU 

circuit setup algorithm is as follows. 

The NoM circuit setup is done in the CCU in a centralized manner. The CCU keeps the state of all reserved time slots across 

the network and services a new request by finding a sequence of time slots along one of the paths between the source and 

destination banks. The TDM slot allocation is a complex task, as it should guarantee collision-free movement of data. 

Specifically, the allocation must guarantee that (1) no time slot of a link is shared by multiple circuits, and (2) a circuit must 

use increasingly numbered slots in consecutive routers to avoid data buffering. For example, if time slot m is allocated to a 

circuit in a router, time slot m+1 should be allocated to it in the next router to have the data advance one hop per cycle without 

any need for buffering, arbitration, and hop-by-hop flow control. 

NoM utilizes the fast and efficient centralized circuit setup mechanism presented in prior work [10]. NoM relies on a hard-

ware accelerator to explore all the possible paths from the source to the destination in parallel. This hardware accelerator is 

com-posed of a matrix of simple processing elements (PEs), each associated with a network node. Assuming that the circuit 

reservation is done on n-slot windows and each router has p output ports, each accelerator PE keeps the occupancy state of its 

corresponding network node in a 2-D matrix V of size p×n. V[i][j]=1 indicates that the jth slot of the ith output port of the 



corresponding network router is reserved. To find a path, the source PE (associated with the source node of the circuit) uses an 

n-bit vector with all elements initialized to zero. This bit vector keeps track of the empty time slots of different paths and is 

propagated through all the shortest paths to the destination. If time slot x is free in this router, we need time slot x+1 to be free 

in the next router. Hence, in each PE, the bit vector is first rotated right and then ORed with the vectors corresponding to the 

output ports along the shortest path (to mask busy slots). It is then passed to the next PE towards the destination cell. Available 

circuit paths (sequence of time slots) appear as zero bits in the vector at the destination PE. The circuit path and time slots can 

be reserved by tracing back the path towards the source PE.    

With B-bit links, B bits of data is transferred on NoM link in each cycle. If a circuit has V bits to transfer, the time-slots re-

main reserved for V/B time windows. The data transfer can be accelerated by reserving multiple slots, provided that the algo-

rithm returns more than one free slot. After that, the algorithm is allowed to use the time-slot for the next requests.   

 

3   THE PROPOSED DESIGN 

The proposed design equips the baseline 3D memory with (1) one circuit setup unit (CSU) in the logic layer, (2) one column 

controller unit in each logic layer slice, (3) one neural network processing unit in each memory bank, and (4) one Network-on-

Memory (NoM) switch in each memory bank.  

In this design, each DRAM bank comes with a Neural Processing Unit (NPU) that runs part of the CNN mapped to the bank. 

The banks are interconnected by the circuit-switched NoM, with each bank is a NoM node. In the logic layer, each column has 

(1) a conventional local memory controller, which generates the required signalling to read/write memory for the banks of its 

column, and (2) a Column Controller Unit (CCU), which controls the NPUs of the memory slices of the column. This column 

controller, together with a program at the host and a sequencer at each bank, comprise the control plane of the proposed 

architecture.  

Local memory controllers serve three types of requests: regular memory accesses and DRAM refresh requests, memory 

accesses made by CCU to fetch data for NPUs, and write requests made by CSU. In contrary with the regular memory accesses, 

memory accesses made by CCU will not transfer data between the bank and logic layer, rather CCU appropriately configures 

the target bank to direct the data to its local NPU.  

NPU implements the architecture of the Eyriss [7]. Datapath is an array of functional units. Each functional unit consists of a 

multiplier, register, and accumulator. The functional units process an array of input pixels in parallel. Input Buffer (IB) and 

Weight Buffer (WB) keep the input and filter elements. Output Buffer (OB) is a temporal buffer that keeps the results. 

The calculated results should be sent over the network to be written to the right memory bank. To this end, each block of OB 

has a counter to keep track of the accumulated partial sums. Once this counter indicates that the accumulation is completed, 

the index of the OB is sent to the CCU. The block is then written to a temporary buffer to be sent over the network when its 

circuit is set up. CCU maps the output buffer index to the memory address (bank number and the address inside the bank) and 

sends a circuit setup request to the circuit setup unit (CSU).  

CSU queues the data transfer requests coming from all columns and takes the following sequence of actions for each request. 

(1) CSU invokes the circuit setup algorithm to find a path (in the form of a sequence of time slots in a chain of switches) 

between the source and destination banks. CSU fills the slot tables along the path using dedicated links to set up the circuit. It 

also returns the starting time of the circuit to CCU. Starting time is the cycle at which the circuit is available to the source node 

and data should be delivered to the first switch of the circuit. (2) On the starting time, the NoM switch of the bank read the data 

and injects it to the network. (3) The data traverses the pre-established circuit one hop per cycle to reach and get buffered at 

the destination. CSU knows when the data arrives at the destination bank because circuit-switching has deterministic 

transmission time. (4) Finally, the CSU sends a write request to the destination memory controller to write the received block 

to the right address at the destination bank. The memory controllers prioritize CSU write requests over other requests, since the 

read/write operation of the data traveling on the network is predetermined and the corresponding signals should be generated 

according to the CSU’s schedule made during circuit setup. 

 

4   Research Plan 

In this research, we will answer to two questions: (1) how much performance improvement will be achieved by using a network-

on-memory to interconnect banks and functional units inside the memory device and (2) how much overhead does the  proposed 

architecture impose and how feasible is the circuit-level implementation of the proposed accelerator architecture inside the 

memory.  

To evaluate the performance of proposed architecture, we will implement it on Ramulator [8] by adding the required functions 

for circuit-switching and Eyeriss-based computation to memory banks. Circuit-level parameters and memory timing parameters 

will be set based on DDR4 DRAM. Then, the impact of network-on-memory on pushing the bandwidth bottleneck inside the 

memory device will be evaluated.  

We expect to get considerable performance improvement, mainly due to providing more parallelism in data communication 

inside the memory device. Note that the proposed architecture adopts large 3D mesh that directly connect memory banks and 

associated NPUs. However, conventional PIM designs, like NeuroCube, adopts an 2D mesh network that only connect the 

NPUs which are implemented on the logic layer. This reduces the traffic load on the proposed architecture links, thereby the 

blocking latency is reduced. Although the smaller network of Neurocube can cut off the network diameter, the potential latency 



reduction is expected to be nullified and overcome by the higher traffic on NoC links and injection ports. Note that in 

NeuroCube, all data (input feature map, output feature map, and filter elements) may potentially be sent over the net-work to 

reach to the column where they should be processed. However, in our design, most read transactions are performed locally 

from the local memory bank and only writing calculated output feature map elements are sent over NoM to be written in the 

right destination memory bank. 

The required tasks to complete this research are as follows. 

1- Implementing the NPU architecture based on the Eyeriss architecture 

2- Designing a data mapping and scheduling for data movement and computation based on the data flow of Eyeriss. Mapping 

deals with placing input image, intermediate feature maps, and CNN filter weights into the physical address space of the 

memory. Scheduling algorithm specifies where and when the computation of a CNN layer is carried out and how the data is 

transferred between the banks.  

3- implementing the design at the circuit level to measure the circuit-level specifications, namely power consumption, area, 

temperature, and critical path. If the design violates the timing of the 3D memories or the temperature constraint of the logic 

or memory layers, the architecture must be revised. For the timing, many prior work, set the working frequency of the logic 

layer of 3D memories to 1.25GHz [3,5]. In order for our design to keep pace with this speed, NoM, circuit setup unit, and NPUs 

should have critical paths below 0.8ns. 
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