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Abstract
The relentless advancement of deep learning applications, particularly the highly potent

yet computationally intensive deep unsupervised learning models, is pushing the boundaries

of what modern general-purpose CPUs and GPUs can handle in terms of computation, com-

munication, and storage capacities. To meet these burgeoning memory and computational

demands, computing systems based on In-Memory Computing (IMC), are emerging as the

next frontier in computing technology. This thesis delves into my research efforts aimed at

overcoming these obstacles to develop a IMC based computing system tailored for machine

learning tasks, with a focus on employing a hybrid digital/analog design approach.

In the initial part of my work, I introduce a novel concept that leverages hybrid dig-

ital/analog IMC to enhance the efficiency of depth-wise convolution applications. This

approach not only optimizes computational efficiency but also paves the way for more

energy-efficient machine learning operations.

Following this, I expand upon the initial concept by presenting a design methodology

that applies hybrid digital/analog IMC to the processing of sparse attention operators. This

extension significantly improves mapping efficiency, making it a vital enhancement for the

processing capabilities of deep learning models that rely heavily on attention mechanisms.

In my third piece of work, I detail the implementation strategies aimed at augmenting

the power efficiency of IMC macros. By integrating hybrid digital/analog computing con-

cepts, this implementation focuses on general-purpose neural network acceleration, show-

casing a significant step forward in reducing the energy consumption of such computational

processes.

Lastly, I introduce a system-level simulation tool designed for simulating general-purpose

IMC based systems. This tool facilitates versatile architecture exploration, allowing for the

assessment and optimization of various configurations to meet the specific needs of machine

learning workloads. Through these comprehensive research efforts, this thesis contributes

to the advancement of in-memory computing technologies, offering novel solutions to the

challenges posed by the next generation of machine learning applications.
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1. Introduction
In recent years, there has been a significant increase in advanced computing tasks such

as data analytics, machine learning, bioinformatics, and graphics processing. Machine

learning, especially Deep Neural Networks (DNNs), has become particularly popular for

their exceptional ability to surpass human performance in tasks related to video, image,

speech, and natural language processing. This has led to their widespread application

in real-world products and services, including speech recognition systems like Apple Siri,

Google Assistant, and Amazon Alexa, image analysis tools such as Google+ image search

and Facebook DeepFace, and natural language processing technologies like Google Translate

and Facebook DeepText. These applications extend to search engines, recommendation

systems, and more, marking a departure from traditional computing workloads due to their

emphasis on simple computations across large datasets, resulting in high data transfer and

memory access rates.

Traditional Von-Neumann architectures, with their separate processing and memory

units, have long been the cornerstone of computing platforms. However, they struggle

with performance and energy efficiency in handling these data-intensive tasks due to the

significant overhead associated with moving data between the processor and memory. Ad-

dressing the bottleneck between processors and memory, integrating compute and memory

components more closely has emerged as a promising solution. This integration aims to

minimize frequent memory access, thus significantly boosting system performance and en-

ergy efficiency. This concept has spurred numerous academic studies and a few commercial

ventures, exploring approaches such as In-Memory Computing (IMC) or Processing-In-

Memory (PIM).

The adoption of commercialized and emerging memory technologies for IMC/PIM rep-

resents a groundbreaking shift towards addressing the efficiency and performance challenges

posed by traditional computing architectures. These novel memory technologies, such as

Spin Transfer Torque Magnetic RAM (STT-MRAM), Resistive RAM (ReRAM), and Phase

Change Memory (PCM), offer unique advantages including non-volatility, high density,
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and low power consumption. In contrast, the mature memory technology such as SRAM,

DRAM and even storage are also widely used to implement the IMC/PIM scheme. By

integrating computational capabilities directly within memory arrays, IMC/PIM leverages

the inherent characteristics of these technologies to perform data-intensive computations

closer to where data is stored. This architectural innovation significantly reduces the data

movement between memory and processor, mitigating the bandwidth and latency bottle-

necks that hamper conventional systems. As a result, IMC/PIM technologies enables more

energy-efficient computing and higher performance for a wide range of applications, from

machine learning algorithms to real-time data analytics, thereby heralding a new era of

computing paradigms optimized for the data-centric demands of modern workloads.

1.1 Main Challenge

Despite the progress made over 8-10 years of research in this domain, significant chal-

lenges remain, particularly as Deep Neural Networks (DNN) models become larger and

more complex.

1.1.1 Flexibility

One of the enduring challenges in the field of In-Memory Computing (IMC) and Processing-

in-Memory (PIM) is the issue of programming flexibility. Initially designed IMC/PIM ar-

chitectures were largely specialized, tailored to excel at particular computational tasks or

to handle specific data patterns. This design philosophy, while effective for those targeted

applications, significantly narrows the scope of adaptability of these architectures to the

diverse array of algorithms and operations that modern Deep Neural Network (DNN) mod-

els demand. Such a specialized focus can restrict developers’ abilities to tweak or fine-tune

their models to run optimally on IMC/PIM platforms. This limitation not only stifles in-

novation but also prevents the full potential of IMC/PIM technologies from being realized

across a wider range of applications.

For instance, early IMC/PIM systems might have been optimized for matrix multipli-

cation operations, a common requirement in many DNN tasks. However, as DNN models

2



evolve, they increasingly incorporate complex structures such as recurrent neural networks

(RNNs) for natural language processing or convolutional neural networks (CNNs) for image

recognition, which require not just matrix multiplications but also a variety of other com-

putations like convolutions, pooling, and nonlinear activations. A system optimized solely

for efficient matrix multiplication might struggle with or perform suboptimally when tasked

with these other types of operations. This discrepancy highlights the need for IMC/PIM

architectures that are not only high-performing but also versatile and adaptable, capable

of accommodating the full breadth of computational demands presented by cutting-edge

DNN models without compromising on efficiency or effectiveness.

Another example is that, handling of sparse data structures presents a further example

of the programming flexibility issue. Many DNN models, especially those used in natural

language processing (NLP) applications, benefit from sparse data representations to manage

the vast vocabulary sizes efficiently. However, an IMC/PIM system designed primarily for

dense matrix operations may not efficiently support the sparse matrix operations that these

models rely on. This limitation could lead developers to redesign their models around denser

representations, increasing memory and computational requirements and negating some of

the benefits that IMC/PIM technologies offer.

1.1.2 Accuracy

Another significant challenge lies in computation accuracy. The physical operations

performed by IMC/PIM architectures, particularly those involving analog components like

memristors, can introduce variability and imprecision in computational results. As DNN

models grow in size and complexity, the demand for high precision in computations also

increases, especially for tasks requiring fine-grained accuracy such as image classification,

natural language processing, and speech recognition. Ensuring that IMC/PIM systems can

meet these accuracy requirements without incurring prohibitive energy or latency costs is

a complex problem, requiring innovative solutions in architectural design, error correction,

and compensation techniques.
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Addressing these challenges demands a multi-faceted approach, combining advance-

ments in memory technology, architectural innovations, and sophisticated software frame-

works that can optimize computational accuracy while providing the flexibility needed to

support a wide range of DNN models and applications. As the field of IMC/PIM continues

to evolve, overcoming these obstacles will be crucial for realizing the full potential of this

promising computing paradigm.

1.2 Thesis Contribution

This dissertation delves into the utilization of CMOS and emerging memory technolo-

gies to enhance In-Memory Computing (IMC) capabilities, aiming to adeptly manage con-

temporary Deep Neural Network (DNN) computing tasks. It particularly emphasizes on

augmenting the general-purpose processing efficiency of IMC/Processing-in-Memory (PIM)

systems through the innovative application of hybrid digital/analog IMC/PIM techniques.

Such an approach not only broadens the scope of IMC/PIM applications but also addresses

the specific challenges associated with executing complex DNN operations directly within

memory arrays. The thesis meticulously explores several critical optimizations to further

this goal. These include the processing of depth-wise convolution kernels, which are funda-

mental to efficient neural network computations, especially in mobile and edge computing

environments. Additionally, it investigates the optimization of sparse attention mecha-

nisms, crucial for the performance and scalability of transformer models that are central

to many state-of-the-art natural language processing tasks. Lastly, the work targets the

enhancement of high-precision Deep Convolutional Neural Network (DCNN) processing,

aiming to improve the accuracy and reliability of DNN outputs. These focused optimiza-

tions are designed to leverage the unique advantages of IMC/PIM, such as reduced data

movement and increased computational efficiency, thereby pushing the boundaries of what

is possible with current DNN architectures and computational paradigms.
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1.2.1 Optimization for Depth-wise Convolution

Prior works have demonstrated that using depth-wise DCNNs can achieve 90% compu-

tation complexity and model storage reduction than conventional DCNNs. Although the

NVPIM architecture and the DW convolution can improve inference efficiency of DCNNs,

the overall efficiency degrades seriously when mapping a depth-wise DCNN to NVPIM ar-

chitecture. Existing NVPIM architectures are mainly designed for standard convolution,

where the PW convolution layer in Depth-wise DCNN can be efficiently processed. Here the

PW convolution layer can be regarded as a standard convolution with 1 ˆ 1 kernels. How-

ever, the DW convolution can not be executed efficiently due to the extreme low utilization

of the crossbar when mapping a DW convolution layer to a NVPIM architecture as a VMM

data layout. One major problem is that the feature map is only used for computation in

its own channel, leading to large number of unused memory cells.

In order to enable efficient inference for both DW and PW convolution layers, we present

a novel hybrid digital/analog mode NVPIM architecture. The basic idea is to introduce a

digital mode to process DW convolution layers, while keeping equals mode for computation

of PW convolution layers. This is the first work to address the issue of processing DW on

the NVPIM architecture; ce and computation latency. This work to enable both analog

and digital modes effectively on the same crossbar with a moderate overhead (less than

1%), in terms of area and power consumption.

1.2.2 Optimization for Sparse Attention

Attention-based neural networks have shown superior performance in a wide range of

tasks. However, the computational complexity of the attention operation hinders the de-

ployment of attention-based neural networks on resource-constrained devices. From the

algorithm perspective, a better accuracy-computation complexity trade-off can be achieved

by exploiting a dynamic and unstructured sparsity in the attention map matrix, where the

original attention computation is converted to a sampled dense-dense matrix multiplication

(SDDMM) and a sparse-dense matrix multiplication (SpMM). From the hardware per-
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spective, non-volatile processing-in-memory (NVPIM)-based architecture shows its great

potential to accelerate the dense model. However, the unique unstructured and dynamic

sparsity pattern in the sparse attention challenges the mapping efficiency of the NVPIM

architecture, as the conventional NVPIM architecture uses a vector-matrix-multiplication

primitives.

To fill the gap between the NVPIM architecture and the sparse processing, in this paper,

we propose SparseLattice, a NVPIM architecture to accelerate a dynamic and unstructured

sparse computation in the sparse attention. We aim to improve the mapping efficiency for

both SDDMM and SpMM by introducing two vector-based primitives with a reconfigurable

NVPIM bank. Further, based on our reconfigurable NVPIM bank, we propose a hybrid

stationary data flow, a greedy scheduling scheme and a task redistribution scheme to further

improve the mapping efficiency.

1.2.3 Optimization for Lossless Computing

To integrate analog IMC into general purpose NN inference accelerators, one key design

metric is to support lossless MAC operations. To achieve this specific requirement, the ana-

log accumulation process should be robust to PVT variations and enough margin should be

provided for successive sensing, and an ADC with enough effective number of bits (ENOB)

is required to accurately generate the accumulation results. Prior efforts to improve the

robustness include investigating the usage of advanced analog computing schemes such as

capacitive coupling [33]. However, to implement the capacitive coupling scheme, one or

more capacitors are required to be added to each memory cell, and multiple transistors are

required to implement the switches. In addition, the advanced analog computing scheme

scheme only resolves the robustness issue, while the ENOB requirement of the ADC can

not be eliminated. There will still be considerable energy cost of the interface circuits to

convert the analog value into digital domain.

In this chapter, we propose an alternative solution to the lossless SRAM-based analog

IMC macro, instead of focusing on pure circuit level innovation to build up robust com-
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puting schemes. The basic idea is to leverage the sparsity in typical NN workloads, where

the computation results will mainly be small values. Simulation results show that, when 64

rows are activated in parallel, 90% accumulation results are within 8 instead of following

a uniform distribution. Different from the conventional analog IMC design methodology

where all accumulation results in the analog domain are treated equally, we propose an ana-

log computing scheme based on a nonlinear transfer function which only covers an accurate

computation for the low MAC value region. Significant energy efficiency improvement can

be observed as the ENOB requirement for the interface ADC can be reduced.
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2. Hybrid Digital/Analog PIM for Depth-wise CNN
Deep Convolutional Neural Networks (DCNNs) have been successfully applied to various

fields, such as image classification [129]. The success of DCNNs, however, comes at the cost

of high computation intensity and the use of large dataset [60]. Thus, it is generally chal-

lenging to deploy DCNNs on the resource constraint systems, such as mobile devices, edge

computing nodes, smart embedded devices, etc. To overcome this challenge, researchers

have been seeking efficient solutions by leveraging advancements from both hardware and

DCNN algorithms.

On the one hand, researchers have developed various hardware accelerators dedicated

for DCNNs. Among these approaches, Nonvolatile Processing-In-Memory (NVPIM) archi-

tecture has been considered as an attractive solution to provide highly efficient computing

capability and reduce the overhead of memory access simultaneously [45]. First, the NVPIM

can perform the Vector-Matrix-Multiplication (VMM) operations efficiently via analog com-

puting on the crossbar. Second, it can substantially reduce the overhead of data movement,

as the computation happens in-situ inside the memory array. Recent works have proved

that using NVPIM can significantly improve energy efficiency of DCNN inference [134, 139].

On the other hand, researchers have also proposed different lightweight DCNN models

to reduce the computation intensity and the number of model parameters (weights). Depth-

wise DCNN is a representative lightweight design [63, 132, 41]. Its basic idea is to replace

a conventional convolution layer with a combination of the Depth-Wise (DW) convolution

layer and the Point-Wise (PW) convolution layer, which induce much fewer multiplication

and accumulation operations. Prior works have demonstrated that using depth-wise DCNNs

can achieve 90% computation complexity and model storage reduction than conventional

DCNNs [63].

Although the NVPIM architecture and the DW convolution can improve inference ef-

ficiency of DCNNs, the overall efficiency degrades seriously. when mapping a depth-wise

DCNN to NVPIM architecture. Existing NVPIM architectures are mainly designed for

standard convolution, where the PW convolution layer in Depth-wise DCNN can be effi-
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ciently processed. Here the PW convolution layer can be regarded as a standard convolution

with 1 ˆ 1 kernels. However, the DW convolution can not be executed efficiently due to the

extreme low utilization of the crossbar when mapping a DW convolution layer to a NVPIM

architecture as a VMM data layout. One major problem is that the feature map is only

used for computation in its own channel, leading to large number of unused memory cells

(more details are further provided in subsection 2.1.3). In an extreme case, DW convolution

has the same computation latency and memory space as a standard convolution under the

same kernel size.

A straightforward solution is to apply the compression techniques on DW convolution

layers to improve the memory utilization. SRE [176] has proposed an Operation Unit (OU)

row compression approach to process sparse DCNN model. The utilization improvement

depends on the sizes of the crossbar and the OU. However, it induces hardware overhead to

support sparse processing. In addition, the efficiency of ADCs may be decreased. In some

special cases, the processing latency may be longer as the compression approach deforms

the data alignment in conventional approaches.

In order to enable efficient inference for both DW and PW convolution layers, we propose

a novel hybrid digital/analog mode NVPIM architecture. The basic idea is to introduce a

digital mode to process DW convolution layers, while keeping equals mode for computation

of PW convolution layers. The key contributions of this work are listed as follows:

• To the best of our knowledge, this is the first work to address the issue of processing

DW on the NVPIM architecture;

• We propose to enable both analog and digital modes effectively on the same crossbar

with a moderate overhead (less than 1%), in terms of area and power consumption;

• We present comprehensive experimental results to demonstrate that our hybrid mode

NVPIM architecture can achieve up to 30ˆ speedup over traditional NVPIM ap-

proaches.
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2.1 Backgrounds
2.1.1 NVPIM Accelerator

Figure 2.1 illustrates the architecture of an embedded SoC with a NVPIM accelerator.

The NVPIM accelerator is composed of a group of tiles connected by a local bus. Each

tile consists of a set of PIM Blocks to perform vector-matrix multiplications, an in-tile

buffer to store intermediate data, and a Functional Unit (FU) to process computation

other than vector-matrix multiplications. Each PIM block has one or multiple memory

crossbars, input/output registers to buffer input/output data, and peripheral circuit. An

accumulation unit is usually included in each PIM block to accumulate partial sum results.

Without loss of generality, we choose ReRAM as an example to demonstrate the design

of NVPIM architecture [134]. Note that the same design can be extended to other NVM
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FIGURE 2.1: Illustration of NVPIM accelerator.
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technologies, such as STT-MRAM [82], FeFET [30], etc. Logic values are stored as the re-

sistance of the memory cells, which can be switched between two or more levels by applying

electrical excitation with different amplitudes and duration. The NVM cells are arranged

with a structure of crossbar, which has been widely used to perform VMM [65].

The elements of a matrix can be represented as the conductance of the NVM cells

located at every cross-point of a crossbar. The vector can be represented by the voltages

applied as the crossbar’s inputs. The voltages are generated by wordline driver and they

could either be binary or multi-level. Then the bitline currents are collected at the outputs

of the crossbar and represent the VMM result. In this design, ADC is needed to convert

the signal of the analog bitline current to digital values.

Theoretically, the wordline driver could activate all wordlines of a memory crossbar.

And the number of ADCs equals the column number of the memory crossbar. Thus, it

only takes O(1) time complexity to perform the VMM computation. In practice, there

are several limitations to reach such high computing efficiency: Firstly, simultaneously

turning on many wordlines makes it hard to perform computation accurately. High bitline

current would induce significant IR-drop. In addition, cell resistance variations would

induce accumulated error. Thus, only a portion of wordlines could be activated at the same

time. Secondly, the ADC consumes much more power and area than a memory crossbar.

Consequently, one ADC needs to be shared by multiple bitlines and only a limited number

of bitline currents can be sampled in one ADC cycle1.

Assuming 2RADC ´ 1 wordlines can be activated simultaneously and the number of ADC

is NADC. Then, the processing latency of one crossbar with row number Nxb,row and column

number Nxb,col can be calculated as:

Txb =
Nxb,row ˆ Nxb,col

(2RADC ´ 1) ˆ NADC
. (2.1)

1 The ADC cycle is defined as the latency to sample an analog signal.
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2.1.2 Depth-wise and Point-wise Convolutions

In typical depth-wise DCNNs [41, 63, 132], a standard convolution is factorized into a

depth-wise convolution and a 1 ˆ 1 convolution, which is also called point-wise convolution.

Depth-wise convolution applies a filter to each input channel for spatial accumulation.

Point-wise convolution applies a 1 ˆ 1 standard convolution to perform inter-channel feature

maps accumulation. Figure 2.2 illustrates the computation flow of depth-wise and point-

wise convolution in a state-of-the-art light weighted model.

In this example, an NN layer takes a tensor Tin in the dimension of [Ich ˆ Hi ˆ Wi]

as input and produces a tensor Tout in the dimension of [Och ˆ Ho ˆ Wo]. Here, Hi/Ho,

Wi/Wo, Ich, Och represent the spatial height, width, input, and output depth, respectively.

In depth-wise convolution, the kernel tensor Tk is in the dimension of [Ch ˆ K ˆ K], where

K represents the kernel size. The convolution of depth-wise convolution can be written as:

Tout
ch (h, w) =

K´1
ÿ

s=0

K´1
ÿ

t=0

Tin
ch(h + s, w + t) ˆ Tk

ch(s, t). (2.2)
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2.1.3 Depth-wise Convolution on NVPIM

Figure 2.3 illustrates mapping of a depth-wise convolution on the NVPIM architecture.

For simplicity, we assume the weight is 4-bit in this example. And each ReRAM cell can

store a binary value (i.e., cell level equals 2). Then, each channel of the kernel is mapped

to four columns of the crossbar. Each channel is unrolled to 1-D vector along the spatial

dimension and then mapped to different rows of memory array. The crossbar utilization is

quite low for two reasons. Firstly, the row-axis utilization depends on the kernel’s spatial

dimension, which is usually small (3 ˆ 3 in this example). Secondly, the column-axis utiliza-

tion depends on the reuse rate of channel-wise feature maps. The reuse rate of depth-wise

convolution is only one, which is much lower than that of standard convolution. In the case

shown in Figure 2.3(a), mapping a depth-wise convolution with [Ch, K, K] kernel configu-

ration requires at least Ch ˆ K ˆ K rows and Ch columns of memory arrays. This mapping

method would cause significant redundant memory space and unnecessary computation.
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Since depth-wise convolution can be viewed as a sparse convolution, a simple method

to mitigate the redundant memory space is to apply weight compression techniques on

NVPIM, SRE [176] has proposed an Operation Unit (OU) row compression technique to

process sparse DCNN model. OU is a nominal computation unit with a size of N ˆ M,

where N is the maximum number of the wordlines activated in parallel and the M is the

number of ADCs. This OU size ensures that the computation of OU can be done in one

ADC cycle. When applying OU row-compression on a sparse matrix, the original matrix is

divided into many sub-matrices that are mapped into different OUs. If the elements in one

row of an OU are all zero, this row can be eliminated to reduce both memory space and

processing latency.

For the case shown in Figure 2.3(b), only one channel of the kernel with spatial di-

mension of 3 ˆ 3 and 4-bit weight can be mapped into one OU. And Ch OUs are required

to map the depth-wise convolution layer. This method also has some redundant memory

space if the kernel dimension can not be divided exactly by OU row size. In addition, this

method would induce low ADC utilization rate. Since only one channel can be mapped in

one OU, the ADCs cannot be fully utilized for computation. Thus, the maximum ADC

that participate in computation equals the precision of the weights.

2.2 MobiLattice Architecture
2.2.1 Design Overview

Figure 2.4 depicts the tile level of the proposed MobiLattice architecture. In each

tile, MobiLattice is composed of multiple PIM blocks, a functional unit (FU), and buffers.

All the components are connected by a local bus. PIM blocks are the basic processing

elements, operating in either digital mode or analog mode. When a PIM block is configured

into analog mode, it is mapped for standard convolution or point-wise convolution by

performing VMM computation. When a PIM block is configured into digital mode, it

is mapped for depth-wise convolution by performing multiplication and accumulation in

memory peripheral circuits. The functional unit performs miscellaneous functions such as
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pooling, activation, feature maps addition, etc.

For inference task, each tile processes one or several layer(s). The weights of the kernel

are mapped into memory crossbars of the PIM block and the feature maps are stored in in-

tile buffer. Figure 2.4(a) shows a high level computation flow of a representative convolution

block in MobileNet [63]. The convolution block consists of a depth-wise layer and a point-

wise layer. The feature maps data are first loaded into a NVPIM block configured to

digital mode before the depth-wise convolution is performed (1). After the computation,

the output data are fetched into FU for activation or max pooling operation (2). Then,

the new generated intermediate feature maps are sent to a NVPIM block configured to

analog mode for point-wise convolution (3). The output data are then fetched back to FU

to perform activation or max pooling in the point-wise layer (4). As last, the output feature

maps are saved to the buffer in this tile or in the next tile (5).

The computation flow of standard convolution is similar to lightweight convolution, as

shown in Figure 2.4(b). For standard convolution, the feature maps data are loaded into a

NVPIM block configured to analog mode (1) Then, the output data are fetched to FU for
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activation or max pooling operation (2). At last, the output feature maps are directly sent

to the buffer in this tile or in the next tile (3).

2.2.2 Mapping Strategy for Depth-wise Convolution

We first use a simple example to explain our proposed mapping strategy. In this exam-

ple, the weights of the whole depth-wise convolution layer can be mapped into one memory

crossbar. The configuration of kernels can be represented by [Ch,K,K], where Ch is the

number of channels, and K is the kernel size. We still assume each memory cell can only

reliably store a binary value, i.e., ‘0’ or ‘1’, to simplify the discussion. The resolution of

ADC (RADC) is set to 4.

We group RADC adjacent cells located in the same column as a Memory Unit (MU), as

shown in Figure 2.5 (a). The logic value of one MU can be sampled accurately by interface

circuit in an ADC cycle. Let us first discuss the case that the weight precision equals RADC.

In this case, one element of the kernel can be mapped to one MU exactly. The weights in

each kernel are mapped to K ˆ K MUs located in the same column of memory crossbar as

a vector.

Each kernel is mapped into a single column of the memory crossbar. Thus, Ch columns

are required in this case, as illustrated in Figure 2.5 (a).

If the precision of the kernel weights is greater than RADC (for example, 8-bit), then
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one element is divided into 4-bit LSB and 4-bit MSB and mapped into two MUs located

in adjunct columns. If the precision is less than RADC (for example, 2-bit) 2, two elements

in the same locations of two kernels are grouped and then mapped to one MU in memory

crossbar. Thus, this MU based kernel mapping strategy achieves a higher memory utiliza-

tion than conventional approach. In general, the mapping strategy for one layer can be

written in the following equation.

Mem(n + RADC ˆ (i + K ˆ j), ch + n/RADC) = TW
ch (i, j, n). (2.3)

Here, n is the bit index of the weight.

The above strategy can be easily extended to the case when a depth-wise convolution

layer cannot fit into one memory crossbar. The layer requires k ˆ k ˆ Ch MUs to map all

its weights. They can be mapped into multiple crossbars in practice.

2.2.3 Computation flow for Depth-wise Convolution

When processing a depth-wise convolution, the PIM blocks works in digital mode.

Weights are fetched from the crossbar and computed in the memory peripheral logics,

namely, Local PEs. A basic flow is illustrated in Figure 2.5 (b).

We still use the simple example in the last subsection to explain the detailed flow. The

weights have been mapped to the crossbar. The input feature maps are stored in the Input

Reg. We define the number of ADCs in each PIM block as NADC. Thus, we can read out

NADC MUs in each ADC cycle. These weights are sent to Local PEs. The corresponding

feature maps are fetched to Local PEs at the same time to multiply with weights. Then

the output results are sent to the Output Reg.

As shown in Cycle 0 and 1 of Figure 2.5 (b), the weights are read out in the row-major

style. In Cycle N, the second row of MUs are read out and sent to the Local PEs for

multiplication. The partial sums in the Output Reg are also fetched to the Local PEs and

added with the multiplication results. Then, the accumulated results are written back to

the Output Reg.

2 We only consider that the weight precision is a power of 2
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FIGURE 2.6: Working principle for MobiLattice with (a) analog mode and (b) digital mode.
Scheme of (c) ADC circuit, (d) Local PE and (e) wordline driver.

2.2.4 Hybrid Digital/Analog PIM Block

We use the same setup in subsection 2.2.3 to explain our proposed hybrid digital/analog

NVPIM block design. Figure 2.6 depicts the structure of our proposed hybrid NVPIM block,

which consists of several memory crossbars, a Wordline Driver (WD), Input Register (Input

Reg) for buffering input data, Output Register (Output Reg) for buffering intermediate

partial sum, and related Control circuits (Ctrl). Multiple columns share one ADC through

a Column Multiplexer (Col.MUX). The ADC samples the current on each column in a

time-division-multiplexing manner. Here, we use a SAR-ADC [131] to balance the power

and throughput. In SAR ADC, one bit can be sampled in one clock cycle. Thus, an ADC
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cycle is composed of RADC cycles when the resolution of ADC is RADC. Each ADC has its

own Local PE. The Local PE can be configured into either digital or analog mode. When

Local PE is configured into analog mode, it performs shift-add operation to accumulate

partial sum. When local PE is configured into digital mode, it performs multiplication and

accumulation.

Analog Mode: The data path of analog mode is illustrated in Figure 2.6 (a). A bit-vector

is fetched from Input Reg to WD to generate a binary voltage vector (Va for logic value

“1”) applied on each wordline. The bitline accumulated current represents the partial sum

and is sampled by an ADC. The partial sum value is directly sent to Output Reg when the

input bit precision is 1. Otherwise, this partial sum would be sent to the shift-adder in lcal

PE for partial sum accumulation. Figure 2.6 (f) illustrates an example of the computation

in analog mode. Generally, a 1-bit/1-bit vector dot-product with a vector length of 15 can

be performed in one 4-bit ADC cycle.

Digital Mode: The data path of digital mode is illustrated in Figure 2.6 (b). When

perform the computation, the input data are directly fetched into local PE. Different from

analog mode, WD generates a multi-level voltage vector (1.0-8.0Va) to activate one MU.

The circuit illustration of WD is shown in Figure 2.6 (e). It should be noted that this multi-

level voltage reference generator is not a complex circuit module, which is also required in

the ADC, as shown in Figure 2.6 (c), or memory programming circuit. Then the bitline

accumulated current represents a 4-bit logic value. The weights are read out by the ADC

and sent to Local PE to perform multiplication with input feature maps.

One concern is that a bit-parallel multiplier may consume too much area and power.

Here, we use a bit-serial multiplier by reusing the shift-adder and adding an “AND” logic,

as shown in Figure 2.6 (d). Since ADC conversion time is usually longer than the latency of

multiplication using CMOS circuit, a bit-serial multiplier would not limit the computation

performance. The input precision of the Local PE is 8-bit in this example, which is a

common case in embedded systems. Thus eight “AND” gates and 3-bit shift value are

enough for bit-serial multiplier. Since the shift-adder is also required in analog mode for
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multi-bit feature maps/weight computation, the extra overhead in Local PE to support

digital mode is only caused by the “AND” gates and “MUX” circuit. Figure 2.6 (g) shows

a computation example of local PE in digital mode to calculate a multiplication. The first

stage is ADC sampling stage. When the ADC starts, a 4-bit logic value is sampled in a

serialized manner. The second stage is generating “AND” results. After an 1-bit value

is sampled, the sampled bit performs “AND” with 8-bit input value to generate partial

sum. The third stage is using the shift-adder to accumulate the partial sum. Generally, in

one 4-bit ADC cycle, an 8-bit input can be multiplied with one 4-bit weight, or two 2-bit

weights.

It is worth noting that our digital mode also works for Multi-Level Cells (MLC). For

example, if a 2-bit data is stored in each cell, and the resolution of the ADC is unchanged,

the number of wordlines activated in parallel can be reduced to two to read out 4-bit logic

value. The other design metrics in this case remain the same as the original binary cell

designs.

2.2.5 Computation Latency Analysis

Since the operational latency of Local PEs is usually shorter than that of the ADC, the

major time consumed in the NVPIM is the latency of the crossbar and the ADC [134]. In

the baseline design, the computation latency can be written as follows:

T = Nxb ˆ Txb. (2.4)

Here, Nxb is the mapped crossbar numbers and Txb is the total computation latency of one

crossbar and its related ADC. For a depth-wise convolution layer with a kernel configuration

of [Ch,K,K], Nxb can be calculated by:

Nxb = ceil(
Ch

NCh,xb
). (2.5)
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NCh,xb represents the number of kernels which can be mapped on one crossbar, and it can

be expressed as:

NCh,xb = min(
Nxb,row

K2 ,
Nxb,col

Wbit
). (2.6)

Nxb,row, Nxb,col and Wbit represent the row size and the column size of a crossbar and the

precision of weight, respectively. For most cases, Nxb,row
K2 is a small value. Thus, Equation 2.4

can be approximately rewritten as3:

T «
Ch ˆ K2

Nxb,row
ˆ

Nxb,row ˆ Nxb,col

(2RADC ´ 1) ˆ NADC
ˆ IFbit

=
Ch ˆ K2 ˆ Nxb,col

(2RADC ´ 1) ˆ NADC
ˆ IFbit.

(2.7)

Equation 2.7 shows that the computation latency T is roughly proportional to Nxb,col and

IFbit.

For OU based compression techniques, the calculation of T is similar except Nxb,col needs

to be substituted by OU column size, which equals NADC. We have:

T «
Ch ˆ K2 ˆ NADC

(2RADC ´ 1) ˆ NADC
ˆ IFbit

=
Ch ˆ K2

2RADC ´ 1
ˆ IFbit.

(2.8)

Our proposed digital mode design requires K2 ˆ RADC rows and ChˆWbit
RADC

columns to store

the weights, thus, T can be calculated by:

T =
Ch ˆ K2 ˆ Wbit

RADC ˆ NADC
. (2.9)

Note that in our proposed digital mode, the latency is independent to IFbit, as aforemen-

tioned in subsection 2.2.4.

3 We ignore the ceil function for simplicity.
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2.3 Evaluation Methodology

We use ReRAM technology as an example to implement the NVPIM. The low resistance

state (LRS) and the low resistance state (HRS) of the ReRAM cells are set to 10KΩ and

100KΩ, respectively. Only binary states of the ReRAM cells, i.e., ‘0’ (HRS) and ‘1’ (LRS),

are used in our evaluation. We configure the memory crossbar in one PIM block with 256

rows and 256 columns. For reliability consideration, we follow the assumption in [176] that

the maximum number of activated rows in parallel is 15, thus a 4-bit ADC is enough to

serve as interface circuit. We extract parameters of an 8-bit ADC from ISAAC [134]. For

other ADC resolutions, we scale the parameters according to this work [131]. 32 ADCs are

shared in one memory crossbar. The buffer parameters are extracted from ISAAC [134].

For the analysis of overhead induced by digital mode, the digital circuits are synthesized

and evaluated with Synopsys Design Compiler under 40nm process. The obtained power

are scaled down to 32nm process to match the buffer results.

For DCNN model configuration, we evaluate the MobiLattice architecture using typical

layers in a state-of-the-art depth-wise DCNN model, which is summarized in Table 2.1. We

test three cases: for layer A-D, we evaluate a standalone depth-wise convolution layer. For

layer E-G, we evaluate a depth-wise and point-wise block in MobileNet [63] or Xception [41].

Layer H, I are typical blocks chosen in MobileNetV2 [132], which are composed of a PW

+ DW + PW layer structure. The kernel size is 3 ˆ 3, following the configuration in

Table 2.1: Neural Networks Configuration

Layer ID Type Ich Och
A DW 64 64
B DW 128 128
C DW 256 256
D DW 512 512
E DW + PW 64,64 64,128
F DW + PW 128,128 128,128
G DW + PW 256,256 256,512
H PW + DW + PW 16,16,16 16,16,16
I PW + DW + PW 32,192,192 192,192,32
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Table 2.2: NVPIM Block Evaluation Results

Component Params Spec Power

XB Array
number 8

9.6mWsize 256 ˆ 256
bit per cell 1

Local PE number 8 ˆ 32 3.84mW
Input Reg size 2KB 1.24mW

Output Reg size 256B 0.23mW
Col. Mux number 8 ˆ 32 0.14mW

Wordline Driver number 8 ˆ 256 8mW

ADC
resolution 4-bits

7.6mWfrequency 10MHz
number 8 ˆ 32

NVPIM Block – – 30.65mW

MobileNet and MobileNetV2. We also use the whole model of Xception, MobileNet and

MobileNetV2 to evaluate the system level performance. These NN layers capture the main

features of depth-wise convolution with a broad range of model configuration setting. The

data precision of both feature maps and weights are set to 8-bit for baseline evaluation

setting.

In the baseline design, we use the NVPIM block structure which does not support

digital mode mapping for depth-wise convolution layer. The point-wise convolution of

both baseline and our proposed design is mapped into analog mode NVPIM block. In

addition, we compare the performance and energy efficiency of the proposed NVPIM block

and SRE [176]. To better explore the design space, we also evaluate the efficiency of the

proposed digital mode for NVPIM block with various hardware configurations, i.e., different

ADC resolutions and memory crossbar sizes.

2.4 Results and Discussion
2.4.1 Design Overhead of NVPIM Blocks

Table 2.2 shows the design metrics of proposed NVPIM block. Comparing to the original

design that only supports analog mode, the Local PE is redesigned to support multiplica-

tion. The Local PE contributes to 10% power consumption. Note that the shift-adder
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contributes to 83% power of the Local PE. Since crossbar and ADC consume most of the

power, the cost to make the NVPIM block to support digital mode computation is negligi-

ble. As we have discussed in subsection 2.2.4, the bit-serial multiplier only requires several

“AND” gates and shift-adder.

2.4.2 Performance and Memory Usage

The performance results of MobiLattice and the baseline design are compared in Fig-

ure 2.7 (a). With depth-wise convolution in digital mode, the performance speedup ranges

from 64 „ 85ˆ for standalone depth-wise convolution layers A-D. Compared to the com-

pression approach [176], the proposed digital mode NVPIM block can achieve about 13ˆ

acceleration. Considering typical convolution blocks in MobileNet [63], MobiLattice can

achieve 1.6 „ 3.86ˆ speedup to process depth-wise and point-wise convolutions for layer

E-G. The speedup effect is lower than standalone depth-wise convolution since we map the
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FIGURE 2.7: (a) Performance speedup, (b) energy saving and (c) memory space utilization
for baseline settings.
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point-wise convolution into the analog mode PIM block as baseline design. For typical

convolution blocks (i.e., layer H and I) in MobileNetV2 [132], the proposed digital mode

can achieve 5.29 „ 14.9ˆ speedup compared to the baseline design.

Both the proposed digital mode design and the compression approach can significantly

reduce the processing energy. For standalone depth-wise convolution, both methods only

consume 2% energy over baseline design. Considering point-wise convolution, the total

energy saving rate varies between 40% ´ 90%.

Our proposed design can significantly reduce the memory space compared to the base-

line, as shown in Figure 2.7(c): The memory space decreases by 80% on average for com-

pression approach and over 90% by our proposed digital mode design. It is because the data

layout in our proposed method is more compact and no extra memory space is required to

align the kernel.

2.4.3 Impact of Weight Quantization Schemes

State-of-the-art DCNN models utilize quantization technique to balance the inference

accuracy and model size. The weight precision varies between 1-bit and 8-bit in lightweight

models. In the following subsections, we only evaluate Layers E-I from some real DCNN

models.

As shown in Figure 2.8, our proposed digital mode can achieve higher performance

speedup compared to both the baseline design and the compression approach. The perfor-

mance speedup of compression approach keeps almost unchanged when the weight precision

decreases from 8-bit to 1-bit. The maximum speedup of the proposed design is 60.7ˆ for

layer H with 1-bit weight, and the average speedup ranges between 1.2 „ 19.8ˆ for layers E,

F, and G and between 10 „ 26ˆ for layers H and I, respectively. Both baseline design and

compression approach can only compute depth-wise convolution in analog mode NVPIM,

and the lower weight precision would induce more redundant space and lower ADC utiliza-

tion rate. In contrast, our design utilizes a very compact data layout. Therefore, our design

is more friendly to the quantized depth-wise convolution layer.
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2.4.4 Impact of ADC Resolution

In this subsection, we present the performance of NVPIM blocks under different ADC

resolution to explore the design space. We fix the weight precision to 8-bit to exclude the

impact of quantization scheme.

In our baseline model, we use a 4-bit ADC to sample a bitline current which represents

a 4-bit logic value or 1 bit vector inner-product with length of 15. If the resolution of ADC

is higher than 4-bit, more rows can be activated in parallel to achieve a higher throughput.

Figure 2.9 plots performance speedup comparison under different ADC resolution schemes.

As expected, for both the proposed digital mode NVPIM design and the compression ap-

proach, the speedup degrades with the ADC having a higher resolution. For example, the
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speedup decreases by 1.2ˆ when increasing the ADC precision from 4-bit to 8-bit.

However, 8-bit ADC is an over-idealized design as mentioned in SRE [176]. In state-

of-the-art ReRAM-based NVPIM design, 4-bit resolution ADC is preferred to preserve the

computation accuracy. Hence, the digital mode NVPIM design is able to achieve good

speeup in a practical scenario.

It is worth notating that there are other hardware parameters that may affect the

ADC resolution. For example, the ADC resolution is the sum of the precision of multiple

hardware components that participate in the computation, or:

RADC = Rxb + Rin + log2(Nin) ´ 2. (2.10)

Here, RADC, Rxb, Rin and Nin represent the resolution of ADC, the bit levels in ReRAM cells,

input bit levels of voltage and the number of wordlines activated in parallel, respectively.
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If the bit levels of input voltage or the bit levels in ReRAM cells increase, fewer wordlines

can be activated in parallel when the resolution of ADC is fixed.

2.4.5 Impact of Crossbar Sizes

In this subsection, we present the performance speedup under different memory crossbar

sizes. The ADC resolution and weight quantization schemes follow the baseline settings.

Figure 2.10 plots performance speedup comparison under different crossbar sizes. The per-

formance speedup for both the proposed digital mode design and compression approach can

benefit from larger crossbar sizes. The performance speedup can reach 56ˆ for 512 ˆ 512

crossbar configuration. The minimum speedup is 3.5ˆ for 64 ˆ 64 crossbar configuration.

The redundant space of the baseline would increase when the depth-wise convolution layer

is mapped to the crossbars with larger sizes. An extreme case is that if the crossbar config-

uration is only (9 ˆ 8), there would be no redundant space for the baseline; its performance,

hence, would be higher than the proposed digital mode design.
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2.4.6 Comparison to State-of-the-art Design

ISAAC [134] is a representative state-of-the-art NVPIM architecture which only sup-

ports analog mode computation. Figure 2.11 illustrates the performance comparison on

three depth-wise DCNN models. As shown in this figure, MobiLattice can achieve 2.2 ´

3.2ˆ (2.64ˆ on average) speedup on these depth-wise DCNN models than ISAAC. Mobi-

Lattice can achieve 0.14 „ 0.22ˆ energy saving compared to ISAAC.

2.5 Conclusion

In this paper, we propose a NVPIM architecture, called MobiLattice, to improve the

inference efficiency of depth-wise DCNNs. MobiLattice can support both digital mode and

analog mode computation with negligible hardware overhead. The computation of depth-

wise convolution can be processed in digital mode using a unique computation flow to

mitigate the redundant memory space. MobiLattice can speedup the processing of typical

depth-wise DCNNs by 2 ´ 5ˆ on average and up to 30ˆ for some extreme quantization
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schemes, compared to conventional designs with only analog mode, i.e., ISAAC.
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3. Hybrid Digital/Analog IMC for Sparse Attention
With the development of machine learning, attention-based neural networks are being

viewed as the next generation solution for computer vision (CV) [51], natural language

processing (NLP) [47] and other wide range of applications including hardware security

[28, 26, 25]. In a typical attention-based model, for example, transformer [74], each el-

ement of the input sequence (i.e., token) is embedded into a feature vector. Before the

self-attention operation, the input vectors are first projected into query (Q), key (K) and

value (V) matrices through linear transformation. Then, self-attention is operated in two

consecutive stages. In the first stage, attention computation is done, where an attention

map is generated by multiplying Q and K, and goes through the softmax operation for

normalization. In the second stage, the output computation is done, where the normalized

attention map is multiplied by the V matrix to generate the output. The attention opera-

tion has a high computation cost that increases quadratically with the length of the input

sequence. This computational complexity hinders the deployment of attention-based model

to resource-constrained devices like wireless implant [1].

From the algorithm perspective, researchers propose several methods to reduce com-

putation complexity and memory footprint of the attention operation. One representative

method is sparse attention [11, 69], where redundant attention scores are identified and

eliminated, generating a sparse attention map. The computation complexity can be sig-

nificantly reduced by exploring the sparsity in the attention map. Among the sparsity

patterns, the dynamic unstructured sparse attention could achieve an optimal trade-off be-

tween computation savings and accuracy since the sparsity pattern is tailored for each input

sample with no restrictions. The computation complexity can be significantly reduced as

the sparsity level could reach 90%..

From the hardware perspective, researchers have developed various hardware archi-

tectures to support the attention-based models [108, 124, 59, 153]. Among the different

approaches, previous works, such as ReTransformer [178] , reveal the superior advantages of

non-volatile processing-in-memory (NVPIM) based architectures on boosting the through-
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put and energy efficiency of attention-based models. The NVPIM architecture can perform

the vector-matrix multiplication (VMM) operations efficiently via analog computing on the

memory array. Furthermore, it can substantially reduce the overhead of data movement, as

the computation happens in-situ inside the memory array. Although the NVPIM architec-

ture is promising for dense computation, it is difficult to support the dynamic unstructured

sparsity pattern for its irregular and unpredictable nature. Some existing works, such as

ReCom [76], exploit the sparse processing on the NVPIM architecture with a coarse-grain

structured pruning method for convolutional neural networks (CNNs). SRE [176] extends

the method in ReCom by applying a structured pruning method at the bit-level for both

activations and weights. However, no existing work explores the approach to support a

dynamic and unstructured sparsity pattern for attention-based model in the NVPIM archi-

tecture.

As shown in Figure 3.1, directly mapping a transformer model with dynamic and un-

structured sparse patterns to the ReTransformer architecture will only induce about 1.59ˆ

(1.0ˆ) speedup under 95% (67%) sparsity level. Even equipping the baseline with the

method proposed in SRE, the speedup only reaches about 1.84ˆ (1.11ˆ) under the same

sparsity level, which is far from the theoretical savings. As the native processing granularity

of NVPIM is matrix, the utilization rate of the NVPIM banks will drop significantly under

the sparse scenario. Furthermore, there is a significant workload imbalance in both atten-

tion map computation and output computation due to the strong locality of the attention

map. Thus, the bank that finishes earlier has to wait for all banks, further lowering the

overall utilization rate.

To fill this gap and release the potential of the NVPIM architecture to process dynamic

and unstructured sparse patterns, we propose SparseLattice, a NVPIM architecture with

a reconfigurable NVPIM bank to accelerate the sparse attention-based model. To the best

of our knowledge, our design is the first work to address the challenging unstructured and

dynamic sparsity processing on the NVPIM architecture. We use an architecture-circuit co-

design method to improve the intra-bank mapping efficiency of both SDDMM and SpMM.
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FIGURE 3.1: Limited latency reduction of the previous NVPIM architecture with sparse
attention models.

The basic idea is to provide two additional vector-based computation primitives to support

the sparse computation pattern by reusing the interface circuits in the conventional NVPIM

bank. Further, based on our bank-level innovation, we further present a hybrid stationary

dataflow to achieve a pipelined processing to hide the latency of the SDDMM stage and

the SpMM stage. We also present two schemes to further improve the inter-bank mapping

efficiency, including a greedy scheduling scheme for SDDMM, and a task redistribution

scheme for SpMM. The evaluation result shows that our design achieves up to 12.36ˆ

performance improvement compared with the conventional NVPIM architecture with an

up to 3.4ˆ energy efficiency improvement. In addition, our design also achieves up to 8.6ˆ

energy efficiency improvement over the non-PIM design without sacrificing the processing

latency. In summary, the contributions can be summarized as follows:

• We propose SparseLattice, a NVPIM architecture with a reconfigurable NVPIM

bank that features dense processing with conventional matrix-based primitives and

sparse processing with specialized vector-based primitives. By introducing a hybrid

analog/digital computation mode with peripheral circuit reuse, our reconfigurable

PIM bank improves the efficiency of intra-bank mapping with inconsiderable design

overhead (Section. 3.2).

• Based on our innovation at the bank level, we also present a hybrid stationary data
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flow which enables a pipelined processing of different stages while minimizing the data

movement (Section. 3.3).

• We further propose a greedy scheduling scheme and a task redistribution scheme to

improve the efficiency of inter-bank mapping considering the sparse pattern of the

attention map. Based on the proposed scheme, further speedup can be achieved for

large scale NVPIM architecture (Section. 3.4).

3.1 Backgrounds
3.1.1 Sparse Attention in Transformer

Attention-based neural networks, especially Transformers [47, 51], have been used in

CV and NLP tasks thanks to their capability of capturing semantic dependencies among

word tokens. The transformer model utilizes self-attention, where the input sequence of

token embeddings Xin is first converted into a queries (Q), keys (K) and value (V) matrices

by multiplying them with three weight matrices WQ, WK and WV . The output is computed

as a weighted sum of the values, where the weight of each value is computed by a similarity

function of the query with the corresponding key. We compute the matrix of outputs using

Xin
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Approx Attn 
= QlowKlowT

Approx
Attn

Xout = OutWproj

Wproj

XoutV Out

Attn = QK%
Attn

FIGURE 3.2: The computation process of a typical sparse attention block.

34



the scaled dot-product attention layer:

Attention(Q, K, V) = so f tmax(
QKT
a

dk
)V (3.1)

Here, dk is a pre-defined constant and QKT/
a

dk is also called attention map.

Researchers attempted to reduce the computation related to the attention map by ex-

ploiting the sparsity [43, 11, 153]. By eliminating unimportant attention scores, sparse

attention could maintain the important correlation between tokens while significantly re-

ducing computational complexity. With a sparse attention map, matrix multiplication

between Q and KT is converted into sampled dense-dense matrix multiplication (SDDMM)

while the weighted sum of values turns into a sparse-dense matrix multiplication (SpMM).

The computation process of a sparse attention block is illustrated in Figure 3.2. One rep-

resentative approach proposed in [108] adopts a precision gating method to generate the

attention mask. An approximated attention map is computed by performing dense multi-

plication with low-precision Q and K matrices. Then, the attention mask is generated by

comparing the approximated attention map with a predefined threshold. In addition to pre-

cision gating, [124] adopts a low-rank decomposition method to generate the approximated

attention map. In summary, to utilize the attention mask and reduce computational cost,

we need to design specialized hardware units to efficiently support SDDMM and SpMM

operations.

3.1.2 NVPIM Basic

In this paper, we refer processing-in-memory (PIM) as the design where the computation

is performed by the memory array. We select ReRAM as our target device because of its

high density and energy efficiency, as shown in previous designs for other neural networks

[35, 134]. Typically, the memory cells are organized into arrays with the crossbar structure.

The PIM array supports VMM as the computation primitive. The elements of the matrix

are stored in the memory array as the conductance of the memory cells. The vector is first

fed into the input register of the bank. Then, each element of the vector is converted into
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the voltage generated by the wordline driver and applied to the corresponding wordlines of

the array. The accumulation result can be represented as the current on the bitline. The

current is then converted to digital domain by an analog digital converter (ADC) or multi-

bit sense amplifier (MBSA) for the subsequent process at the local PE. The final results

are stored in the output register for further accumulation or external access.

For practical NVPIM designs, the bank-level throughput is limited by some factors in-

cluding area/power budget and processing/programming variations. The input parallelism

is determined by the number of wordlines that can be turned on in parallel. Turning on too

many wordlines may lead to non-negligible errors in the accumulation current, resulting in

the distortion of the output. The output parallelism is bounded by the maximum number of

ADCs that can fit into the area and power budget of the design. Since the ADCs, especially

high-precision variants, are expensive in terms of both area and power, it is impractical to

activate too many columns in parallel. For example, in state-of-the-art designs [71], the

memory array size is 512 ˆ 512. For each cycle, only 8 wordlines are turned on, while only

64 bitlines are sensed in parallel instead of activating the whole array simultaneously.

3.1.3 Challenges

Despite the practical parallelism constraints, prior work SRE [176] founds that the

NVPIM bank with smaller parallelism could deliver similar throughput with the idealized

design in [134]. On the one hand, the smaller parallelism could lead to a smaller area by

eliminating high precision ADC, so more banks could be available under same area budget.

On the other hand, the smaller parallelism of the NVPIM bank enables to use a structural

pruning method to avoid storing and computing the filter with zero weights, instead of

activating the whole memory array, However, the success to support structural sparsity

does not transfer to the sparse operations in the attention-based model, like SpMM and

SDDMM. For one NVPIM bank, the sparse computation pattern leads to low utilization

rate, which originates from rigid input/output dimensions of the VMM primitive. We

can abstract each PIM bank into a M ˆ N PE array which computes the inner product
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（b）（a）

for i in range(0,tokenNum,1):

for j in range(0,tokenNum,N):

for k in range(0,tokenDim,M):

if 1 in attnMask[i][j:j+N]:

#Limited Mapping Efficiency

parafor n in range(0,N):

parafor m in range(0,M):

attnMap[i][j+n] += Q[i][k+m]*

#Vector-Matrix Mult. K[j+n][k+m]

for i in range(0,tokenNum,1):

for j in range(0,tokenNum,N):

for k in range(0,tokenDim,M):

if 1 in attnMask[i][j:j+n]:

#Limited Mapping Efficiency

parafor n in range(0,N): 

parafor m in range(0,M):

output[i][k+m] += attnMap[i][j+n]*

#Vector-Matrix Mult. V[j+n][k+m]

FIGURE 3.3: Illustration the inefficiency to map the (a) attention computation stage and
(b) output computation stage to the conventional analog PIM bank.

between a M ˆ N matrix and a 1 ˆ M vector in each cycle. As shown in Figure 3.3(a), in

the attention map computation stage, the k vectors are stored in the memory array, and

the Q vectors are streamed into the NVPIM bank, where the output attention map matrix

is streamed out. At each cycle, M elements in a Q vector can be computed with N K

vectors. In this case, the NVPIM bank is fully utilized only when N continuous indexes in

the attention map mask is valid (attnMask[i][j:j+N] is all ’1’). In another word, the output

dimension of the NVPIM bank cannot be fully filled, which will reduce the effective output

parallelism. Similarly, for the output computation stage (shown in Figure 3.3(b)), the V

vectors are stored in the memory array and the sparse attention map matrix is streamed into

the NVPIM bank. At each cycle, M elements in a row of the attention map are computed

with N V vectors. We need to ensure N continuous indexes in the attention map mask are

valid (attnMask[i][j:j+N] is all ’1’) to fully utilize the PE array. In another word, the input

37



for i in range(0,tokenNum,1):

for j in range(0,tokenNum,1):

for k in range(0,tokenDim,M*N):

if attnMask[i][j] == 1:

#Good Mapping Efficiency

parafor n in range(0,M*N):

attnMap[i][j] += Q[i][k+n]*

#Vector-Vector IP K[j][k+n]

for i in range(0,tokenNum,1):

for j in range(0,tokenNum,1):

for k in range(0,tokenDim,M*N):

if attnMask[i][j] == 1:

#Good Mapping Efficiency

parafor n in range(0,M*N):

output[i][j+n] += attnMap[i][j]*

#Scalar-Vector Mult. V[k][k+n]

Attention Map Computation Output Computation

FIGURE 3.4: The nested-loop expression of IP and SVM primitives on attention map com-
putation and output computation stage.

W
o
rd

lin
e

D
ri
v
e
r

Col. MUX
MBSA

…

Col. MUX
MBSA

…

Col. MUX
MBSA

…

Col. MUX
MBSA

…

A0,0[7]

A1,0[7]

A2,0[7]

A7,0[7]

A0,0[0]

A1,0[0]

A2,0[0]

A7,0[0]

A0,7[7]

A1,7[7]

A2,7[7]

A7,7[7]

A0,7[0]

A1,7[0]

A2,7[0]

A7,7[0]

IR

+ +
+

+
<<

OR

<< <<

<<<<

…

C
y
c
le

 1
: 
B

0
[7

],
 B

1
[7

],
…

.B
7
[7

]

C
y
c
le

 2
: 
B

0
[6

],
 B

1
[6

],
…

.B
7
[6

]

Local PE

Bit-Parallel 

Multi-bit 

Accumulation

+ +
+

+
<<

OR

<< <<

<<<<

… ΣAi,7[0]Bi[0]ΣAi,7[7]Bi[7]

ΣAi,7[7:0]Bi[7]

Psum7 = ΣAi,7[7:0]Bi[7:0]

Col. MUX
MBSA

Col. MUX
MBSA

Col. MUX
MBSA

Col. MUX
MBSA

IR

+ +
+

+
<<

<< <<

<<<<

… + +
+

+

OR

<< <<

<<<<

… A63[7:0]B63[7]A62[7:0]B62[7]

ΣAi[7:0]Bi[7]

Psum = ΣAi[7:0]Bi[7:0]

Adder Tree

A0[7] A1[7] A62[7] A63[7]A0[0] A1[0] A62[0] A63[0]

<<C
y
c
le

 1
: 
B

0
[7

]

C
y
c
le

 2
: 
B

0
[6

]

…

C
y
c
le

 1
: 
B

6
2
[7

]

C
y
c
le

 2
: 
B

6
2
[6

]

…

Col. MUX
MBSA

Col. MUX
MBSA

Col. MUX
MBSA

Col. MUX
MBSA

IR

C
y
c
le

 1
: 
B

0
[7

]

C
y
c
le

 2
: 
B

0
[6

]

…

+ +

OR

<< <<

Local Shift 

Accumulation

OR

+ +

OR

<< <<

OR

… …

A63[7:0]B 0[7]A62[7:0]B0[7]

A63[7:0]B 0[7:0]Psum62=A62[7:0]B0[7:0]

W
o
rd

lin
e

D
ri
v
e
r

W
o
rd

lin
e

D
ri
v
e
r

A0[7] A1[7] A62[7] A63[7]A0[0] A1[0] A62[0] A63[0]

Analog Mode: VMM Primitive Digital Mode: IP Primitive Digital Mode: SVM Primitive(a) (b) (c)

FIGURE 3.5: Illustration of the computation path of the PIM bank for (a) VMM primitive,
(b) IP primitive and (c) SVM primitive.

dimension is not fully filled with a reduction of the effective input parallelism. In general,

for current NVPIM architecture, the computation primitive provided by the NVPIM bank

is not suitable for sparse processing in the attention model.

3.2 Reconfigurable PIM Bank
3.2.1 Design Principle

In this section, we present the key innovation to address the mapping inefficiency prob-

lem. As discussed before, the conventional NVPIM bank only provides the primitive of

VMM with fixed input and output parallelism. To improve the mapping efficiency, the ba-

sic idea is to collapse the input or output dimensions according to the presence of sparsity.

We still abstract each PIM bank into a M ˆ N PE array. However, we assume that the PE
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array can be dynamically configured to compute the inner product between two 1 ˆ MN

vectors or multiplication between one scalar and one 1 ˆ MN vectors. As shown in Fig-

ure 3.4, in the attention map computation stage, the output dimension is sparse. Instead of

mapping the sparse dimension into the spatial parallelism, we map the sparse dimension in

a temporal loop. For each computation cycle, we compute one non-zero value in the sparse

attention map from the IP between one q and k vectors (attnMask[i][j]==1). The compu-

tation corresponding to the pruned attention scores can be skipped. Since token dimension

is a relatively large value (e.g. 64, 128) and M, N is a small value (e.g. 8), the M ˆ N

PE array can be fully utilized. Similarly, when the input dimension is sparse, the input is

viewed as a scalar and each computation cycle produces one output vector corresponding

to the product of the non-zero attention map and one V vector. For each computation

cycle, we feed one non-zero value in the sparse attention map as a scalar and perform a

SVM between the scalar and one specific v vector. The computation corresponding to the

zero-value attention map can be skipped.

Following this micro-arch design principle, we need to have some requirement of the

NVPIM bank design methodology, where each bank should be reconfigured to support one

of these three primitives. In SVM mode, the PIM bank receives a scalar as the input,

multiplies it by the vector stored in the bank, and produces a vector as the output. In

the IP mode, the PIM bank receives a vector as the input, computes the dot-product of

SA SA SA SA

Iref[0] Iref[1] Iref[2] Iref[3]

BL[0] BL[1] BL[2] BL[3]

Col.MUX

MBSA: Analog Mode

SA SA SA SA

Iref[4] Iref[5] Iref[6] Iref[7]

BL[4] BL[5] BL[6] BL[7]

Thermal To Binary

SA SA SA SA

Iref Iref Iref Iref

BL[0] BL[1] BL[2] BL[3]

A[7:0]*B[i]

Col.MUX

MBSA: Digital Mode

SA SA SA SA

Iref Iref Iref Iref

BL[4] BL[5] BL[6] BL[7]

AND

B[i]ΣA[j]*B[i] （a） （b）

FIGURE 3.6: The data path of Col.MUX and MBSA in (a) analog mode and (b) digital
mode.
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the input vector and the stored vector, and produces a scalar as the output. In addition,

the throughput delivered by each bank should be maintained as it in the original design.

Thus, we need to scale up the vector dimension in these two primitives. For example, if the

original PIM bank provides the VMM primitive of the shape M ˆ N (i.e., input length is M,

output length is N), our reconfigurable PIM bank design will provide the SVM primitive

with the shape of 1 ˆ MN, or the IP primitive with the shape of MN ˆ 1.

3.2.2 Hybrid Digital/Analog PIM Bank

The proposed PIM bank contains an I/O register (IR/OR), wordline drivers (WLD),

one or multiple memory array(s), read out circuit (including column multiplex (Col.MUXs)

and MBSAs), and a local processing element (PE). As aforementioned, the PIM bank

in our design should support three primitives, VMM, SVM, and IP. The VMM is the

primitive provided by conventional PIM designs. Since the accumulation is performed in

the analog domain, we refer to the configuration as analog mode. For SVM and IP, the

accumulation happens outside the memory array in the digital domain. Thus we denote

these configurations as digital modes. The objective of our PIM bank design is to support

the reconfiguration between the analog and two digital modes, and between the SVM and

the IP within the digital modes.

Before discussing how to reconfigure the PIM bank, we discuss the available resources

in the conventional analog PIM bank. Figure 3.5 (a) shows the bank-level architecture and

the detailed computation process of the conventional analog PIM bank. Here, we denote

the M ˆ N matrix stored in the memory array as matrix A, the M ˆ 1 input vector as

vector B, and we assume that the precision of both A and B are 8-bit. Matrix A is assigned

to the corresponding M rows and N ˆ 8 columns in the memory array. The bits for one

element in A is interleaved to different columns with a stride of 8 to ensure the parallel

computation. In each cycle, one bit of each element in B is fetched from the input register

to the wordline driver that activates M wordlines in parallel to take in these M 1-bit inputs.

The current at each bitline will represent a bit-wise multiplication and accumulation (MAC)
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result between B and one column of A. Along each bitline, one MBSA converts the bitline

current to a multi-bit digital value. In total, N ˆ 8 MBSAs are required to generate N ˆ 8

bit-wise MAC results. For every 8 MBSAs, the bit-wise MAC results are further shifted and

accumulated through an 8-to-1 adder tree and then sent to the shift-accumulator collecting

the partial sum. To perform an M ˆ N 8b VMM in 8 MBSA cycles (we denote the MBSA

cycle as the latency of one sensing operation), we need N ˆ 8 MBSAs, N 8-to-1 adder trees

and N shift-accumulators. The total number of adders is N ˆ 8. For the interface circuits,

each MBSA requires M levels to accurately sample the computation results in the analog

domain, thus, each MBSA contains M sense amplifiers (SAs) with M different reference

levels, as shown in Figure 3.6 (a). The Col.Mul is set to select a specific bitline to the

MBSA, to implement the stride-8 bit-interleaved scheme. A thermal-to-binary decoder is

needed to generate a data with binary format for further processing.

The basic idea of our proposed reconfigurable PIM bank is to implement the digital

modes (SVM and IP) with an alternative near-memory computation path. By reusing

the resources available in the conventional analog PIM bank, we are able to minimize the

area overhead incurred by supporting the digital modes. The computing paradigm of the

IP primitive is shown in Figure 3.5 (b). The key to support IP primitive is to configure

the MBSA into multiple SAs by providing same reference voltage to each SA, as shown in

Figure 3.6 (b) (At the same time, the thermal-to-binary decoder is by passed). The Col.Mux

is set to connect 8 bitlines to select multiple bitlines in parallel to multiple SAs. Here, we

denote the vector stored in the memory array as vector A, and the input vector as vector B.

Both vectors have the shape of MN ˆ 1. Each bit in one element of A is directly stored in

8 consecutive bitlines ensure the parallel read. Before the computation starts, the vector A

is first read out by activating one specific wordline. In this case, N ˆ 8 M-level MBSAs can

be used to sense N ˆ 8 ˆ M bitlines in parallel. We could read out vector A with length of

MN, where each element in the memory array is 8 bit. To reuse the adders in the analog

mode, we still feed the vector B bit-by-bit to the MBSA. M ˆ N element-wise multiplication

results can be generated by performing an AND operation between the sensed vector A and
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each bit of vector B. As the length of vector B is MN, we need an MN-to-1 adder tree to

generate the MAC result by accumulating the element-wise multiplication results. We need

one shift-accumulator to accumulate the bit-wise MAC results corresponding to different

input bits. Thus, the total number of the adders is MN.

The computing paradigm of the SVM primitive is similar to the IP primitive, as shown

in Figure 3.5 (c). Here, we denote the vector stored in the memory array as vector A and

the input scalar as B. The MBSA is also configured into multiple SAs and a vector A with

length MN is read out. The scalar B is broadcast bit-by-bit to the all MBSAs, and then

an AND operation is performed to generate MN 8b element-wise multiplication results.

In this case, we require MN shift-accumulators to accumulate the bit-wise MAC results

corresponding to different input bits.

The two digital modes we introduce could maintain the original throughput in the

analog mode, if we ensure that M equals the precision of the operands (N ˆ 8 adders V.S.

M ˆ N adders). Considering the IR-drop, resistance variation problem in the ReRAM

device and interface circuit complexity, M usually equals to 8 [71, 19]. Since we reused

most of the components in the conventional PIM bank, the introduction of digital modes

incurs negligible area overhead while maintaining the original throughput.

3.3 Accelerator Architecture
3.3.1 Architecture Overview

Figure 3.7 depicts the overall architecture of SparseLattice. We organize the aforemen-

tioned reconfigurable PIM bank into tiles. Each tile can communicate with the external

memory or the other tiles through a shared interface. Within each tile, apart from the

reconfigurable PIM banks, we also built a local buffer, a functional unit, and dense/sparse

schedulers. The sparse attention computation can be decomposed into multiple dense and

sparse matrix computation stages. The PIM banks in the tile are used for both dense and

sparse matrix computation. The analog mode is used to perform a VMM for the dense ma-

trix operation, and the digital modes are used to perform IP or SVM for the sparse matrix
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FIGURE 3.7: The overall architecture of SparseLattice.

computation. The functional unit is used to perform softmax and normalization operations.

Intermediate data, such as embeddings (X), are stored in the local buffer. Finally, a dense

and a sparse scheduler are used to orchestrate the computation flow by moving the data

and assigning the computation task to each PIM bank.

Our design features a hybrid stationary dataflow that distributes the computation of

different stages into different PIM banks to fully utilize the computation resources. More-

over, we could enable a dedicated pipelined execution scheme among different stages to

reduce processing latency.
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3.3.2 Computation Flow

We would like to use a simple example to demonstrate how our proposed design executes

both dense and sparse computation in the sparse attention operation. For simplicity, we

assume that there are three banks available.

3.3.2.1 Dense Computation

The dense operation includes the QKV generation layer, the prediction of the attention

map, the projection layer, and the FFN layer (linear layers). Since they share the same

operation (matrix multiplication) with different input/output shapes, we use the QKV

generation layer as an example. Before starting the calculation, we divide the PIM banks

into Q, K, V bank, and the weight matrices (Wq,Wk,Wv) are assigned to the corresponding

bank. The computation is performed in token order. According to the token index, an input

feature vector is fetched from the local buffer and sent to all Q, K, V PIM banks. Then, all

Q, K, V banks are configured into the analog mode to perform a VMM computation. The

dense scheduler triggers Q, K, V banks to perform the VMM between the input feature

vector and the weight matrices, and the results are temporarily stored at the output register

inside each PIM bank. At the end of the dense computation, the results are directly stored

back to the memory array in the PIM bank for further sparse computation. The mapping

and computation flow of the other dense computation are the similar to the QKV generation

layer.
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FIGURE 3.9: Pipelined execution scheme in SparseLattice.

3.3.2.2 Attention Map Computation

As mentioned previously, the attention map computation stage is a SDDMM pattern.

Each output attention score is the result of a dot-product of a pair of query and key vectors.

After the QKV generation layer, the Q and K matrices are stored at the Q banks and K

banks. We use a “Q stationary" dataflow, where the Q banks are used as the computation

bank and the K banks as the memory bank. The mask of the sparse attention map stored at

the sparse scheduler. According to indices of K vectors corresponding to non-zero attention

score, the sparse scheduler issues the memory access requests to the K bank. The K vector

stored in the K bank will be gathered to the sparse scheduler and further scattered to the

corresponding Q banks. Then, the Q banks are configured into the vector-vector IP mode,

and the sparse scheduler triggers the computation of the corresponding Q bank. According

to the Q index, a specific Q vector is selected in the memory array and a vector-vector IP

between the Q vector and the K vector is computed to generate one attention score. The

generated results are further sent back to the function unit for softmax, and temporarily

stored in the attention map buffer in the function unit.

3.3.2.3 Output Computation

Having generated the sparse attention map, the next stage is the output computation

stage. In this stage, we obtain the result of the attention operation by multiplying the

attention map with the V matrix. To reduce the data movement, we use a ‘V stationary’

dataflow. According to the index of V vectors corresponding to non-zero attention scores,

the sparse scheduler fetches the attention map from the function unit to the V banks.
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Then, the V banks are configured into the SVM mode, and the sparse scheduler triggers

the computation. According to the non-zero index of the attention map, a specific V vector

is selected in the memory array, and a scalar-vector multiplication is computed. Then, we

iterate over all attention score to generates the final output features which are further sent

back to the local buffer.

3.3.3 Pipeline Scheme

In the attention map computation stage, the Q and K banks are used for data access

or computation while the V banks are idle. In contrast, in the output computation stage,

only V bank is used for data access or computation. Thus, there is an opportunity to form

a pipeline to hide the latency.

Figure 3.9 shows the pipeline scheme in our design. The pipeline contains 2 stages,

including the attention map computation and the output computation. We group multiple

rows in the attention map into one chunk, and split the attention map into multiple chunks.

We first trigger the attention map computation of the first chunk in the attention map.

When the attention map of the first chunk is generated, we trigger the output computation

of the first chunk and the attention map computation of the second chunk at the same

time. As different chunks may contain different numbers of non-zero indexes, we design a

pipeline that adapts to the varying stage latency. Two individual controllers are designed

inside the sparse scheduler to manage the computation flow for attention map computation

and output computation. The computation of the subsequent stage is triggered only when

both the attention map computation and the output computation of the previous stage

are completed. Other than latency reduction, a chunk level pipeline could also reduce the

attention map storage requirement. Instead of buffering the whole attention map, we only

need to buffer the attention map for two chunks.

We illustrate an example of the proposed pipeline in Figure 3.9. Chunk 2 proceeds to

the attention map computation stage while chunk 1 in the output computation stage. To

avoid the bus conflict, we interleave the memory accesses of the two stages. For example, in
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the first cycle, the bus is used to gather K vectors from K bank and scatter the K vector to

corresponding Q bank. After the gather/scatter operation is completed, the bus is released

for output computation. Then, we could switch the bus to move the data to the V bank

for the output computation stage. The latency of data movement on the shared bus can

be ignored comparing with the computation latency in this pipeline interleaving scheme.

3.4 Architectural Optimization

In the previous section, we discussed the mapping and computation flow with only three

PIM banks. However, the actual workload requires the coordination of more PIM banks.

In this section, we would like to discuss the key innovations to improve the inter-bank

mapping efficiency (i.e., bank-level parallelism). As the sparsity pattern of the attention

mask is unpredictable, it is sub-optimal to directly map the sparse model into multi-banks

due to the workload imbalance problem. Moreover, since the attention map computation

stage and the output computation stage are pipelined, we need to accelerate both stages to

achieve a performance gain. We propose a dedicated scheduling scheme for each stage to

address the imbalanced workload issue caused by sparsity.

3.4.1 Greedy Scheduling Scheme

When we have multiple banks, we split the original Q matrix in the token number

dimension and map the sub-matrix to each Q bank. During the attention map computation

stage, the scheduler would fetch multiple K vectors to different Q banks to exploit a token-

level parallelism. Figure 3.10 (a) shows an example where the token-level parallelism is 4.

Before the computation starts, the attention map mask is stored in the mask buffer. To

reduce the storage requirement, we compress the attention map mask by eliminating the

all-zero columns. We use a customized buffer array to store the attention mask and an

index buffer to store the indices of the key vectors. Prior work [178] uses a serial scheduling

scheme that issues tasks key by key. In each cycle, one index of the key vector in the index

buffer is selected and the corresponding key vector is sent to corresponding Q banks with

non-zero attention map mask. However, since not all Q banks can utilize the selected vector
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FIGURE 3.10: The greedy scheduling scheme, including the schematic of the attention
map mask buffer and the index buffer.

in sparse scenario, this scheme will result in a low utilization rate of Q banks.

Our proposed scheduling scheme aims to explore the possibility of processing multiple

keys in parallel. As shown in Figure 3.10 (a), k2, k3 and k6 can be computed in parallel, since

the Q vectors they used are located in different banks. On the contrary, k1 and k6 cannot be

computed in parallel since they both require q2 for the computation. Generating a global

optimal scheduling result is a dynamic programming problem with high computational cost.

Thus, we use a greedy scheduling method to reduce the hardware cost to generate a near-

optimal scheduling result. In each iteration, we first issue a task to involving the first key in

the index buffer. Then, we traverse all the other keys in the index buffer and check if there

is a bank conflict with the scheduled keys. The computation of new keys can be scheduled

if no bank conflict occurs. The scheduled keys will be removed from the index buffer and

the mask buffer for the next iteration. The pseudo-code representation of the scheduling

scheme is shown in Algorithm 1.

Figure 3.10 (b) and (c) depicts the implementation of our proposed scheduling scheme.
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Algorithm 1 Greedy Scheduling

Require: Q bank parallelism M, a M ˆ N attention map mask and an key index list with
N indices

Ensure: A computation order queue with a set of issued query, key pairs
BusyQbanks Ð zero vector with length of M
while key index list is not empty do

Issue & remove keyIndexList[0]
BusyQbanks Ð attnMapMask[0]
for i<length(keyIndexList) do

if 1 in BusyQbanks & attnMapMask then
continue

else
Issue & remove keyIndexList[i]
BusyQbanks Ð BusyQbanks + attnMapMask[i]

end if
end for

end while

The key component of our scheduler consists of a buffer array and a scheduling logic. The

buffer array is organized by K ˆ N, where N denotes to the number of available Q banks

and K indicates the maximum token number. Each cell in the array contains a 1b DFF

and conflict checking logics, connected with propagation line (PL), selection line (SL) and

conflict line (CL). For each iteration, we propagate a bit vector with length of N horizontally

to the memory array through N PLs. The ith bit of this vector represents the availability

of ith Q bank. A simple ‘AND’ operation is performed between the bit vector in the PLs

and the attention map mask stored at the DFF to check if there is a conflict between the

scheduled keys with the new key. If there is no conflict, the new key vector will be scheduled

and the status vector is updated by performing an ’OR’ operation with the attention map

mask (The data path is shown in Figure 3.11(b). Then, the sparse attention map mask of

this key is reset to zero to indicated that this key has been scheduled. If there is a conflict,

the status vector is directly propagate to the next column of the memory array through PL

without any update (The data path is shown in Figure 3.10 (c). The scheduling process is

repeated when all the tokens in the attention map buffer are scheduled.

When we increase the token-level parallelism N, the size of sparse attention map buffer
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increases linearly. It is worth noting that existing works [124] present an out-of-order

scheduling method, which could result in higher utilization than serial scheduling. However,

the buffer and scheduling cost increase exponentially in the out-of-order scheduling method

when N increases. As shown in [124], the token-level parallelism cannot be greater than 4,

otherwise the scheduling cost will offset its benefit. This method can not be used in the

PIM based architecture, as we may have an opportunity to scale up the number of available

PIM banks with a large token-level parallelism.

3.4.2 Task Redistribution Scheme

Similar to the Q bank-level parallelism, we could also exploit a token-level parallelism by

splitting the original V matrix into multiple sub-matrices and mapping them into different

V banks. During the output computation stage, the scheduler moves the attention map

to different V banks to exploit token-level parallelism. The scheduling process is shown

in Figure 3.11. We design a task queue buffer for each V bank, and then the attention
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map mask is readout row-by-row. The non-zero index for each V bank is sent to the

corresponding task queue buffer, and the attention map is fetched from the function unit

to each V bank for the SVM computation. After the results are generated, the data are

then moved to the buffer for the next layer.

We observe that a specific pattern where multiple elements in the same column of the

attention map dominates the execution time, as we can not execute two SVMs in parallel

if the vectors are in the same PIM Bank. This observation originates from the locality of

the attention map. If one token is important, the sparsity of that attention map column

is relatively lower than the other tokens. An interesting point is that, the pattern which

bottlenecks the execution of PIM-based architecture is more suitable for the conventional

digital accelerator. As the bottleneck pattern is two or more elements multiplied by the

identical token V vector, the token V vector can be reused across multiple attention map

elements.

Based on this observation, our task redistribution scheme is designed by leveraging the

in-memory processing and near-memory processing with a 1-D MAC array in the function

unit. The scheduler estimates the workload cost by calculating the reuse number of each

token vector and determines whether a token should be computed in the V PIM Bank or

MAC array. If the reuse number of one token is greater than a pre-defined threshold (2

in the example), we will send the V vector to the near-memory MAC array for processing,

otherwise the computation remains in the V PIM Bank. For the computation assign to

MAC array, the V vector is read out and feed to the function unit. Otherwise the attention

map elements are sent to the V PIM Bank from the attention map buffer.

The main benefit of this scheme comes from a fact that the MAC array has lower

latency than NVPIM bank. Thus, redistributing a small amount of workload to the MAC

array could reduce the overall latency. Nevertheless, the threshold should be profiled at the

compile time to avoid to schedule to much tasks to the MAC array.
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3.5 Evaluation Methodology
3.5.1 Workload Setup

We evaluate our design on 3 vision Transformer models and 1 NLP Transformer model.

For vision tasks, we use 6 models including DeiT (DeiT Tiny, DeiT Small) [147], PVT (PVT

Tiny, PVT Small) [154] and PiT (PiT Tiny)[56] on ImageNet [46] dataset, where the input

size is 3 ˆ 224 ˆ 224 and the patch size is 16 ˆ 16. For the language tasks, we use BERT [47]

for GLUE [152], SQuAD v1.1 [126], and CLOTH [167] benchmarks. We use the precision

gating method proposed in [108] to generate the attention map mask. The other layer such

as linear layer and FFN layers are quantized to 8 bit for both activation and weights. Each

vision model is re-trained 60 epochs after quantization and sparsification, to recover the

accuracy loss caused by the gating. The language models are fine-tuned on each downstream

task based on pretrained BERT model until converge.

3.5.2 Hardware Setup

For the NVPIM bank, we use the memory array model from [134]. The energy and area

for the adder in local PE is extracted from synthesized results with 28 nm standard cell

library. For the analog component such as MBSA, we implement the circuit in transistor

level and extract the area and energy consumption from the schematics. The NVPIM bank

level area breakdown is shown in Table I. As the MBSA and the memory array consumes

Table 3.1: Area breakdown for our NVPIM bank and the conventional NVPIM bank.

Component Params. Spec. Area(mm2)
Con. Ours

Memory Array Size 512 ˆ 512 0.0128 0.0128Number 4
Local PE No. of Adders 64 0.0078 0.015

Input Register Size 2K Byte 0.0021 0.0021
Output Register Size 256 Byte 0.00077 0.00077

8-level MBSA Number 64 0.01 0.01
Total – – 0.033 0.041
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Table 3.2: Hardware Configurations

Component Params Spec

NVPIM Bank

Throughput 64 MACs/14 ns
Comp.Energy 93 fJ/MAC

Capacity 128 kB
Mem. Energy 2.3 pJ/Byte

Number 72

Function Unit
Throughput 64 MACs/ cycle

Comp.Energy 113 fJ/MAC

Local Buffer
Capacity 512 kB

Mem.Energy 4.5 pJ/Byte
Local Bus Bandwidth 512 Byte/cycle

most of the area, our reconfigurable NVPIM bank design could only introduce about 20%

area overhead.

The hardware configuration is shown in Table 3.2. The results of the function unit is

extracted from [124], and the results of the local buffer is extracted from CACTI [114].

Each PIM Bank could deliver about 9.14 GOPS throughput with 128 kB memory capacity.

We set 72 banks in each tile, which could deliver 658 GOPS and 9 MB memory capacity.

The number of tiles ranges from 1 to 16, depending on the model size. Based on bank-level

results, we further implement a cycle-accurate simulator to capture the total performance

and energy consumption for each workload. The simulator is designed to capture the

features including memory access conflict, bus conflict, PIM bank conflict and pipelined

scheme to guarantee the accuracy of the simulation results.

3.5.3 Baseline Setup

For the baseline NVPIM accelerators, we quantitatively compare our design with Re-

Transformer [178], as implemented with our cycle-accurate simulator. ReTransformer is

designed for dense attention computation, so we apply the method proposed in SRE [176]

to support the sparse attention. To make a fair comparison, we use the same PIM bank level

parameters for the baseline. We also compare our design with two non-PIM based designs.

Generally, it is hard to make a fair comparison between NVPIM based design and non-PIM
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FIGURE 3.12: Speedup and the energy efficiency results on vision and NLP tasks.

based design, since its computation principle is fundamentally different. We make several

assumptions to make a fair comparison. Firstly, we set the memory access energy/latency

and the computation energy/latency to be same as the NVPIM based designs. Secondly, we

select a proper design budget so that both non-PIM and NVPIM designs could deliver the

same peak throughput. Thirdly, we ignore energy and latency cost of communication and

schedule in non-PIM designs. Thus, we could capture the general latency/energy trends

instead of absolute value, and our assumption ensures the results from non-PIM design are

more optimistic.

We choose DOTA [124] and Sanger [108] as they use similar sparse algorithm. For

these non-PIM based designs, we develop a behavior model to evaluate the latency and

energy cost. For DOTA, we scale down the number of lanes in the original design (2TOPS)

to match the peak throughput with our baseline non-PIM accelerator (512GOPS), while

for Sanger, we directly choose the original hardware configuration since it delivers similar

effective throughput (529GOPS). We also scale-down our baseline design to achieve similar

peak throughput to 1 tile (658 GOPS).
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3.6 Results and Discussion
3.6.1 Main Results

We separately depict the sparsity and accuracy result as grey dots in Figure 3.12. For

most of the models, the sparse attention algorithm incurs negligible accuracy loss (ă 1%)

while archiving a relatively high sparsity ratio in attention score (ą 85%). Sparse attention

could even improve the accuracy on simple downstream tasks like SST-2, MNLI, CLOTH,

and QNLI, since the pruning process reduce the overfitting of the baseline model. We

illustrate the improvement of our proposed design over the baseline NVPIM accelerator

in Figure 3.12. The result shows that our proposed design could achieve a speedup rang-

ing from 2.95ˆ to 12.36ˆ over the baseline design. The speedup mainly comes from two

aspects. Our reconfigurable NVPIM bank could improve the intra-bank utilization rate,

while our proposed architectural optimization techniques could improve the inter-bank uti-

lization rate. In terms of energy, our design could achieve a 1.2ˆ to 3.4ˆ energy efficiency

improvement comparing with the baseline accelerator, as shown in Figure 3.12. The en-

ergy efficiency improvement comes from the improvement of the intra-bank utilization rate.

Similar as the speedup, we also observe a larger energy efficiency improvement when the

sparsity level increases.
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3.6.2 Ablation Study

To further understand the source of the performance improvement, we perform several

ablation studies to identify the contribution of each proposed component. We choose DeiT-

Small model with different sparsity levels as a benchmark. Three versions of our proposed

design are further implemented. Here, Base denotes the design that replaces the PIM banks

in the baseline design with our reconfigurable PIM bank. Base+SCHD further adds the

greedy scheduling scheme. Base+TRD adds the task redistribution scheme to the Base

design. Base+All denotes our finalized version with all the architectural optimization. The

latency results are shown in Figure 3.13. The reconfigurable NVPIM bank design could

bring about 2.2 to 3.3ˆ latency reduction to the baseline design (ReTransformer to Base).

The speedup increases with the sparsity level. For the model with a sparsity level of 78%,

we could achieve 2.2ˆ speedup, while the speed up increases to 3.3ˆ as the sparsity level

reaches 90%. This latency reduction comes from the improved PIM bank utilization rate.

ReTransformer fails to convert the sparsity into the reduction of computation. In other

words, with a higher sparsity level, the bank utilization rate of ReTransformer decreases

while the overall latency almost remains the same. In contrast, in our design, the processing

latency can be reduced nearly linearly scaled with the sparsity level.

Considering the architectural optimization to improve the inter-banks utilization rate,

the greedy scheduling scheme could further provide a near 1.8ˆ speedup (Base to BaseSCHD)

by reducing the latency of attention map computation stage. The task redistribution scheme

could provide around 1.5ˆ speedup (BaseSCHD to BaseAll) from output computation

stage. When we combine both techniques, the effective throughput could be further im-

proved to 2.75ˆ (Base to BaseAll). This is because the output computation stages becomes

the bottleneck when the attention map computation stage latency has been reduced by the

greedy-based scheduling techniques.
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3.6.3 Scalability Analysis

We investigate the bank-level scalability when we have more available banks to improve

the token-level parallelism for both attention map computation stage and output compu-

tation stage. The result is shown in Figure 3.14. The processing latency can be reduced

about 50% when we increase the bank-level parallelism from 8 to 24, while the latency re-

duction is only 30% for the baseline design. Moreover, the gap between output design and

baseline expands with more banks. The results also show a reduction of energy consump-

tion when we use more banks in the proposed design, while the baseline design consumes

more energy. When we increase the token-level parallelism, the token reuse rate can be

increased by reusing the K vector for different Q vectors. Thus, we could achieve a lower

energy consumption in terms of memory access cost. In contrast, the baseline accelerator

consumes more energy in the computation as the inter-bank efficiency is further reduced

by mapping the Q, K, V matrices into more banks.

3.6.4 Comparison with Non-PIM Accelerators

The energy-latency trade-off of both PIM and non-PIM accelerator is shown in Fig-

ure 3.15 (a). Generally, the non-PIM designs could achieve lower latency than ReTrans-

former, while the NVPIM-based designs could achieve a higher energy efficiency. In con-
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trast, our proposed design could achieve a better energy-latency trade-off, where both

energy consumption and latency is relatively low. For example, our design could achieve up

to 3.8ˆ and 8.6ˆ energy reduction comparing with Sanger and DOTA, respectively, while

the processing latency is in the same level. However, Retransformer could deliver 3.71ˆ

and 8.5ˆ energy reduction at the cost of 4.8ˆ and 3.3ˆ latency overhead, respectively.

To further understand the energy efficiency improvement, we present an energy con-

sumption breakdown of our design, ReTransformer and non-PIM designs. Figure 3.15 (b)

shows the energy breakdown of four designs to process a DeiT-Small model with different

sparsity levels. For all sparsity levels, our design consumes less energy on computation.

The lower computation energy comes from a higher array utilization rate. However, our

design requires higher memory access energy due to smaller data reuse opportunities while

using a vector-based processing scheme.

Comparing with Sanger, our design could achieve both computation and memory access

energy reduction. Sanger uses a systolic-array-based processing scheme and its mapping

efficiency is relatively low for unstructured sparse processing. The computation energy

reduction comes from the higher utilization rate in our design. The memory access energy

reduction comes from our hybrid stationary dataflow, where the data movement of Q and

V is reduced. In contrast, Sanger uses an attention map stationary dataflow, thus, during

the computation, all the Q, K, V vectors should be fed to the systolic array multiple times.

Comparing with DOTA, our design achieves a similar computation energy with a large

reduction of memory access energy. DOTA uses 1-D SIMD-based processing scheme and

all the Q, K, V vectors require to be fetched multiple times during the computation. In

addition, the limited token parallelism in DOTA reduces the reuse opportunity of K vectors.

3.7 Conclusion

In this work, we propose SparseLattice, which aims at solving the challenge of the sparse

attention on NVPIM architecture with a dynamic and unstructured pattern. We first pro-

pose a reconfigurable NVPIM bank with vector-based primitives to improve the intra-bank
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utilization rate for the SDDMM and SpMM computation. Based on our bank-level innova-

tion, we design a hybrid stationary dataflow which enables a pipelined processing scheme

to hide the computation latency of the SDDMM stage and SpMM stage. Furthermore,

we propose a greedy scheduling scheme and a task redistribution scheme to accelerate the

SDDMM stage and the SpMM stage by improving the inter-bank utilization rate. Our

proposed design could achieve up to 12.36ˆ performance improvement over conventional

NVPIM architecture (ReTransformer), while delivering a up to 3.4ˆ energy efficiency im-

provement on a range of representative benchmarks. In addition, SparseLattice could also
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achieve up to 8.6ˆ energy efficiency improvement over non-PIM design without sacrificing

the processing latency.
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4. Hybrid Digital/Analog IMC for lossless computing
In-memory-computing (IMC) technology has attracted a lot of attention in recent years

as a solution for low power neural network processing [189, 193, 172, 150, 62, 97, 187, 159].

In particular, static random access memory (SRAM) based analog in-memory computing

schemes are showing great potential to improve the energy efficiency by moving the key

operation, multiplication and accumulation (MAC) into analog domain [137, 13, 33, 39,

135, 80, 40]. Typically, the IMC macro supports vector-matrix multiplication (VMM) as the

computation primitive. The elements of the matrix are stored in the memory array as logical

values, and two or more transistors are added to the memory cell to convert the logical values

to the analog currents in the SRAM array. Then, each element of the vector is converted

into the voltage generated by the wordline driver and applied to the corresponding wordline

of the array. The accumulation result can be represented as the accumulated current on the

bitlines or other customized accumulation lines. The current is then converted to digital

domain by an analog-to-digital converter (ADC) for the subsequent process. Since multiple

wordlines are activated in parallel, the normalized throughput and energy efficiency can

be extremely improved comparing with conventional digital MAC unit. However, the high

efficiency of the analog IMC computing scheme sacrifices the computation accuracy, due to

non-ideal effect of the analog computing units and interface ADCs. Consequently, existing

analog IMC macros are usually used for highly customized neural networks [177, 188], such

as binary, ternary neural networks. The extreme quantization scheme in these networks

reduces the accuracy of the workloads, which challenges the utilization of analog IMC in

the general purpose neural networks (NN) inference accelerators.

To integrate analog IMC into general purpose NN inference accelerators, one key design

metric is to support lossless MAC operations. To achieve this specific requirement, the ana-

log accumulation process should be robust to PVT variations and enough margin should be

provided for successive sensing, and an ADC with enough effective number of bits (ENOB)

is required to accurately generate the accumulation results. Prior efforts to improve the

robustness include investigating the usage of advanced analog computing schemes such as
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capacitive coupling [33, 92]. However, to implement the capacitive coupling scheme, one or

more capacitors are required to be added to each memory cell, and multiple transistors are

required to implement the switches. For example, [92] uses 10T-1C SRAM cell to imple-

ment the in-memory charge sharing scheme. The computation accuracy is improved at the

expense of memory density. In addition, the advanced analog computing scheme scheme

only resolves the robustness issue, while the ENOB requirement of the ADC can not be

eliminated. There will still be considerable energy cost of the interface circuits to convert

the analog value into digital domain.

An alternative approach to solve the problem is to design a fully-digital IMC macro. The

basic digital IMC implementations is based on local AND computation and a in-memory

adder trees. The local AND is implemented by a NOR gate with two reversed inputs to

improve the area efficiency. A 4T-NOR gate is added to each memory cell, and the output

of the NOR gate is connected to a local adder tree, which counts the bits "1" of the 4T-NOR

gate and generate a bit-wise accumulation results. The results are sent to the same local

PE for successive post processing, which is same as the analog IMC macro. Since all the

computation is in the digital domain, the proposed IMC scheme is robust to PVT variations

with arbitrary bitwidth. However, this specific scheme has large hardware overhead due to

additional digital circuits, where the local adder tree consumes about 10ˆ area compared

to the memory cell, so the memory density will be extremely degraded. In summary, to

achieve higher energy and area efficiency of analog IMC macros, we need to find a solution

that can improve the sensing margin and reduce the ENOB requirements of the ADC at

the same time.

In this paper, we propose an alternative solution to the lossless SRAM-based analog

IMC macro, instead of focusing on pure circuit level innovation to build up robust com-

puting schemes. The basic idea is to leverage the sparsity in typical NN workloads, where

the computation results will mainly be small values. Simulation results show that, when 64

rows are activated in parallel, 90% accumulation results are within 8 instead of following

a uniform distribution. Different from the conventional analog IMC design methodology
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where all accumulation results in the analog domain are treated equally, we propose an ana-

log computing scheme based on a nonlinear transfer function which only covers an accurate

computation for the low MAC value region. Significant energy efficiency improvement can

be observed as the ENOB requirement for the interface ADC can be reduced. Our contri-

butions can be summarized as follows:

• We propose a partial sum distribution aware computation scheme with a nonlinear

transfer function to improve the sensing margin by 7ˆ as well as a 3bit ENOB reduc-

tion for the interface ADC.

• We further propose a hybrid digital/analog computation scheme with an additional

digital data path to provide lossless computation capability with only 13% area over-

head.

• We verify our ideas on a fabricated silicon in 65nm technology. The result show

that the energy efficiency can be improved by 2.92ˆ higher than conventional current

domain IMC macros.

4.1 Background
4.1.1 Analog IMC

Analog IMC is characterized by the use of specific memory technology to perform MAC

operations. It leverages the values stored in memory to directly modulate analog input

signals into weighted analog output signals. A typical analog IMC macro contains a wordline

driver, one or multiple memory arrays, readout circuitry (including column multiplexers

(Col. MUXs) and ADC), and a shift adder for multi-bit accumulation. Depending on the

computing scheme, the design methodology of the interface circuits and memory cells may

vary slightly. Here, we review two representative approaches to implement analog domain

computation.

4.1.1.1 Current Domain

One representative approach to implement the analog computation is based on 8T

memory cell [137]. The logical value is stored in the conventional 6T cells and two additional
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transistor is used as a current source. We first present the basic computation scheme where

the input and weights are both 1 bit. Before the computation is performed, each RBL is

first pre-charged to the supply voltage VDD. When the computation starts, the input vector

is encoded as a binary value and a pulse will be applied on the read wordline (RWL) in the

macro. When the logical value stored in the memory array is 1 and the RWL is driven to

high voltage for a short period (T0), 2 serial-connected NMOS will form a current source

to discharge the RBL (assume the current is IDS). The final voltage at RBL depends on

the number of activated 2T current-sources which represents the bit-wise multiplication
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FIGURE 4.1: Illustration of analog IMC macro, digital IMC macro and related cell design.
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and accumulation results. The voltage at RBL will then be sampled and held on a column

capacitor (CRBL), and then converted by ADCs located in each column. The relationship

between voltage at RBL and desired output (transfer function between analog output and

input vector) can be written as follows:

VRBL = VDD ´

ż T0

0

ř

WiXi ˚ IDS ˚ dt
CRBL

(4.1)

If VRBL is large enough to keep IDS as a constant, the equation can be reformulated as

follows:

VRBL = VDD ´

ř

WiXi ˚ IDS ˚ T0

CRBL
. (4.2)

Here Wi and Xi represent the logical values of weights and inputs. To deal with the multi-

bit operands, the input vector and weight matrices are stored as a 2’s complementary value.

Consequently, we need to further perform a post accumulation to add the ADC output from

different column. A shift-adder is used to add the results at different column for multi-bit

accumulation purpose.

Psum =
ÿ ÿ

Douti,j2i+j ˚ (´1)i==7|j==7 (4.3)

The -1 term is used to implement negative weights or input.

Assume the analog computing results are represented as voltage with a full range of

VFull, the vector length to be accumulated in the analog domain is 2N, and the bitwidth of

the input vector is 1. In this case, the possible analog accumulation results would range from

0 ´ 2N, and the sensing margin will be VFull/2N. As shown in the transfer function, two

terms will significantly generate variations to affect the sensing margin. The first term is the

current generated by each cell (IDS), which will be affected by threshold voltage variations.

The second term is the pulse period T0, which will be affected by the pullup/pulldown

drivability of the driver in the RWL. In a practical design example, VFull is about 0.7V

and N is 6. The sensing margin will be around 10mV and an ADC with 6-bit ENOB is

required. To achieve this sensing margin, the 3σ variation of IDS and T0 should be less than
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2%, However, simulation results show that the 3σ IDS variation can reach 20% under 1.0V

voltage supply at 65nm with W/L=240n/120n. Despite the current domain accumulation

scheme is simple, it is generally challenging to implement lossless computation based on

current domain accumulation.

4.1.1.2 Charge Domain

Another representative approach is based on capacitive coupling scheme [92]. The mem-

ory cell is shown in Figure 4.1. Before the computation is performed, each CBL is first

pre-discharged to the ground. When the computation start, the input vector is encoded as

a binary value and a DC voltage will be applied on the read wordline (CWL) in the macro.

When the logical value stored in the memory array is 1 and the CWL is driven to high

voltage, charges VCWL/Ci will be accumulated on the CBL, while there will be zero charge

if CWL is 0 or logical value stored in the memory cell is 0. The final voltage at CBL will

depend on the total charge which represents the bit-wise multiplication and accumulation

results. The successive conversion and post processing is similar as current domain. The

relationship between voltage at CBL and desired output (transfer function analog output

and input vector) can be written as follows:

VCBL =

ř

QiVCWLi ˚ Ci
ř

Ci
. (4.4)

Here, the major term that affects the computing accuracy is the capacitance of Ci, and VCWL

can be designed with an accurate voltage reference. As pointed out in [33], the capacitance

variance can be reduced to 1% with a 2fF customized metal-oxide-metal capacitor. The

charge domain design provides some potential to implement lossless analog domain IMC.

However, the area and energy efficiency is relatively lower than current domain as multiple

capacitors are added to each CWL to ignore the parasitic capacitance, and the complexity

of the cell structure is large due to the presence of switches.
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FIGURE 4.2: Psum value distribution of Resnet-20 on CIFAR-10 dataset.

4.1.2 Digital IMC

To overcome the ADC overhead and inaccurate computation of analog IMCs, researchers

also presented multiple digital implementation of the IMC macro [36, 172]. In the literature,

one representative approach of digital IMC implementations is based on local adder trees.

The local AND operation is implemented by a NOR gate with two reversed inputs to

improve the area efficiency. As shown in Figure 4.1, in the digital IMC, a 4T-NOR gate

is added to each memory cell, and the output of the NOR gate is connected to a local

adder tree. Each local adder tree counts the bits "1" of the 4T-NOR gate and generate

a bit-wise accumulation results. The results are sent to the same local PE for successive

post processing, which is same as the analog IMC macro. Since all the computation is in

the digital domain, the proposed IMC scheme is robust to PVT variations with arbitrary

bitwidth. However, this scheme has one main drawback. The local adder tree consumes

about 10ˆ area overhead compared to the memory cell, so the memory density will be

reduced extremely.
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4.2 Design Methodology
4.2.1 Partial Sum Aware Accumulation

In a typical neural network model, the activations and weights are naturally sparse.

Thus, the bit-wise accumulation results are usually small due to the sparsity. To under-

stand the partial sum distribution, we choose ResNet-20 model on CIFAR-10 dataset, and

calculate the partial sum value distribution under an assumption that 64 rows are activated

in parallel. As shown in Figure 4.2, over 90% MAC results at each bitline are within 8 when

64 rows are activated in parallel. Based on this observation, we are motivated to design

two different data paths for the low MAC value results (less than a specific threshold value)

and high MAC value results (higher than a specific threshold value). Here, we choose the

Low/High threshold as 8 to achieve a better trade-off between efficiency and implementa-

tion cost. For the low MAC value case, we can directly use the conventional analog IMC

design method to implement the MAC operation in current domain. Since the low MAC

value is less than 8, we only need to differentiate 8 possible states instead of 64 states in

conventional analog IMC design. The sensing margin can be increased to 100mV when the

full range is 0.7V, and the ENOB requirement of the ADC will be reduced to 3 bits. For

the high MAC value case, we can design an additional data path based on digital IMC.

Since only less than 10% MAC value is high, we can minimize the area overhead by sharing

the digital path among a number of columns.

4.2.2 Macro Overview

Figure 4.3 shows the overall architecture of the proposed macro. Our macro is based

on conventional analog current domain IMC design, with several moderate modifications.

The proposed macro contains a wordline decoder and drivers, read/write interface (R/W

Interface), several multi-bit sense amplifiers (MBSAs), one RWL driver and one or multi-

ple memory array(s). Beyond the standard macro components, our macro has three key

modifications to support the hybrid analog-digital computing mode. Firstly, we add an

additional digital data path for high MAC value computing, motivated by the digital IMC
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FIGURE 4.3: The overall architecture of our proposed macro.

computing scheme [191], to provide a simple and robust digital accumulation for high MAC

value. The InMemPE is composed of several AND gates, a digital bitcounter, which is

used to perform a lossless bit-wise MAC no matter what the MAC value is. One input for

the InMemPE is the input vector and the other input is directly connected to BL/BLB.

Secondly, the memory cell in the proposed design is implemented as a transposed 8T cell,

where the RWL(RBL) is vertical to the standard WL(BL/BLB). This transposing design

enables two separated data paths for both analog and digital computing. Thirdly, the

IMC controller (IMC Ctrl) circuit is designed with additional functionalities to switch the

analog-digital computing mode. The ADCMSB signal connected to the IMC Ctrl is used

to indicate whether a specific MBSA detects a high MAC value. The NearMemPE is still a

shift-adder to receive the low MAC results from the MBSAs, with an additional data path

to receive the high MAC output from the InMemPE.
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4.2.3 Nonlinear Transfer Function

Instead of forcing the desired output and analog voltages at RBL to be linear, we make

the transfer function into two regions, as shown in the following equations:

VRBL =

$

’

’

&

’

’

%

VDD ´

ř

WiXi ˚ IDS ˚ T0

CRBL
,

ÿ

WiXi ă N

0,
ÿ

WiXi ą= N

(4.5)

Here, N is a pre-defined threshold value to differentiate low and high MAC regions. For the

low MAC region, we keep the original linear transfer function, where the desired computing

results are linear to the voltage generated at RBL. For the high MAC region, we make the

output voltage to a near zero value. Figure 4.4 shows the simulated transfer function of

our proposed IMC macro and conventional IMC macro. Since we only need to convert the

MAC results in the low MAC region accurately, the sensing margin can be improved by up

to 7 ˆ comparing with conventional design with linear transfer function.

It is worth noting that the nonlinear transfer function of the analog computation scheme

is naturally supported. The only modification is to reduce the value of CRBL or increase

the value of IDS and T0. In this case, the IDS can be designed as a constant only less than

N current sources are activated, denote to the low MAC value region. Otherwise, the IDS
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will naturally goes to near zero as the current source turns to the linear region.

4.2.4 MAC in Analog Domain

Before the computing starts, the RBL is pre-charged to VDD. A input bit vector is sent

to the RWL driver, and the trigger clock will generate a short pulse on each RWL if the

corresponding input bit is 1. The current at each RBL will discharge the capacitor CRBL to

a certain voltage level, following the nonlinear transfer function we implemented. After the

voltage at CRBL is stable, a positive edge of the sense-enabling signal (SAEN) will trigger

the interface circuits to sense the VRBL. we use a MBSA with 7 different voltage reference

to differentiate 8 different voltage level generated by the analog current summation. An

additional comparator with another voltage reference adjusted to differentiate whether the

output voltage crosses the ranges of low MAC value. If the output is within the low MAC
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region, the converted digital output will be directly sent to the NearMemPE to perform

the bit-wise accumulation. Otherwise, the column index will be sent to the IMC Ctrl for

successive MAC in digital domain.

The first cycle in Figure 4.5 shows a simulated timing diagram of proposed analog

computing scheme when the computation results fall into a high MAC value region. After

SAEN is triggered, the digital components (BUSY) will be activated due to a high MAC

value is detected. In this case, the computation of the next cycle will goes to digital domain

for high MAC value. Otherwise, the next cycle will be used for analog computation for the

other columns or input bit vector, and there will be no throughput loss.

4.2.5 MAC in Digital Domain

When a high MAC value is detected, the IMC Ctrl circuit will store the column index of

the high MAC value column and switch the macro into the digital mode. The second cycle

in Figure 4.5 illustrates the timing diagram of the digital computing scheme. A specific

address will be generated in the IMC Ctrl to activate the wordline driver based on the

column index detected to compute a high MAC value. Once the wordline is activated, the

weight data stored in one column of the memory array will be read out through BL/BLB

discharging process. The input vector is directly sent to the InMemPE to the weight data at

BL/BLB will be sent to the InMemPE to perform a local digital computing with the input

vector. At the same time, the NearMemPE is configured to receive the 7-bit output from

the InMemPE. IMC Ctrl also generates the shift value for this accumulation depending on

the column index.

4.3 Experiments
4.3.1 Circuit-Level Measurement Results

To evaluate the proposed methodology, we fabricated the SRAM IMC macro in GP

65nm technology node. The die photo and the detailed layout of the macro are shown in

Figure 4.6. The proposed macro occupies 0.025 mm2, with a 2.4 ˆ 0.9um2 8T SRAM bitcell.

Most of the area is the memory array (51%), and the digital/analog interface only occupies
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0.002 mm2, and it takes about 8% of the whole macro, since we reduced the ENOB to only

3bit. Both of the InMemPE and the NearMemPE occupy 13% of the whole macro.

4.3.1.1 Energy Consumption

Figure 4.7 depicts the measured energy consumption for both digital mode and analog

mode. The average energy consumption of the digital mode is higher than the analog mode.

When the supply voltage is 1.0V, the digital mode requires about 450fJ to execute an 8-bit

MAC, where it will be reduced to 154 fJ when the supply voltage is 0.7V. The effective

energy efficiency is 2.22-6.89 TOPS/W for the digital mode computation. In contrast, the

analog mode can provide significant energy reduction comparing with the digital mode.

The energy consumption is 101 and 39.2 fJ when the supply voltage is 1.0 and 0.7 V,

73



0.7 0.75 0.8 0.85 0.9 0.95 1
Supply Voltage (V)

10 2

10 3
E

ne
rg

y/
M

A
C

 (
fJ

)
Digital Mode
Analog Mode

FIGURE 4.7: Measured energy consumption for digital mode and analog mode.

Table 4.1: Comparison with State-of-the-art IMC Design

Work This work JSSC19 [137] JSSC21 [136] ISSCC22 [172] JSSC19 [13]
Technology Node 65 55 28 28 65

Speed (ns) 4 10.2 8.4 3.3 150
Area Efficiency (GOPS/mm2) 160 572 120 200 126

8b Lossless Yes No Yes Yes No
Energy Efficiency (TOPS/W) 25.5 (8b-8b) 18.37 (4b-5b) 16.63 (8b-8b) 27.4 (8b-8b) 28.1 (8b-1b)

Cell Structure 8T T8T 6T+LCC 6T+LCC 10T-1C
Computing Scheme hybrid current-digital current current digital charge

respectively. In this case, the effective energy efficiency in this mode is around 9.9-25.5

TOPS/W.

4.3.1.2 Speed

Figure 4.8 presents the measured shmoo plot for the proposed macro. The digital mode

computation could achieve up to 2.3ns access time without any computation loss under

1.0V voltage supply. Even with the supply voltage at 0.6V, the access time could still

achieve 4.9 ns to provide an accurate computing results. For the analog mode, the macro

can reach 3.7ns under 1.0V supply voltage and 6ns under 0.7V supply voltage.

4.3.1.3 Comparative Results

Table 4.1 shows the comparative results with state-of-the-art IMC design. We first

comparing our design with similar technology node. [137] is a conventional current domain
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FIGURE 4.8: Measured Shmoo plot for the proposed macro for the digital mode and ana-
log mode.

design with a linear transfer function. Our design can achieve higher energy efficiency be-

cause our design does not require an ADC with large ENOB. The design in [137] shows

higher area efficiency, which sacrifices the capability to provide a 8b lossless computation.

Comparing with charge domain design in [13], our design also achieves higher energy effi-

ciency and higher area efficiency due to the current-domain computation scheme.

Other than comparing with similar technology node, we also compare our design with

some designs implemented in advanced nodes, [136] and [172]. [136] is an extended version

of [137] and their computing scheme is similar. The After normalized to 65nm technology

node, our design can achieve 2.65 ˆ higher energy efficiency and 5.33ˆ area area efficiency

than this scheme. The current domain implementation has a low energy and area efficiency

as a result of an interface ADC with a 6bit ENOB to support lossless computation. [172]

is one representative work of digital IMC. All the analog IMC macro can achieve higher

energy efficiency and memory density, as the local adder tree extremely increases the area

overhead. In particular, our design could reach around 2ˆ energy efficiency improvement
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over the fully digital design.

4.3.2 Architecture-Level Simulation Results

To understand the performance/energy consumption of the proposed macro in real

neural networks accelerator, we further perform several architecture-level evaluation based

on our circuit-level evaluation results. The computation flow and weight mapping scheme

follows the principle shown in [189] and [193] for convolution neural networks and mobile

convolution neural networks. We use an event-driven simulation framework in [190] to

generate the area normalized throughput (denote to area efficiency) and energy efficiency

for running 6 different models trained on CIFAR-10 and ImageNet datasets, based on

the circuit-level evaluation results. To make a fair comparison, we a fully analog IMC

macro in current domain in [136], and a fully digital IMC macro in [172] to build the

same architecture, and scale our area efficiency and energy efficiency results into the same

technology node.

The architecture-level simulation results are shown in Figure 4.9. The architecture

based on our proposed IMC macro could achieve 2.52ˆ to 3.84ˆ improvement of the area

efficiency comparing with the architecture based on a fully analog IMC macro. In terms

of the energy efficiency, the architecture based on our proposed IMC macro could achieve

2.14ˆ to 2.92ˆ improvement comparing with the architecture based on a fully analog IMC

macro.

4.4 Conclusion

In this paper, we propose a new design methodology to implement lossless 8b MAC

operation with a hybrid digital/analog computing scheme. Considering the sparsity in

machine learning workloads, we first propose a nonlinear transfer function of the analog

accumulation to reduce the ENOB and improve the sensing margin of the conventional

current domain IMC scheme for low MAC values. To deal with high MAC values, we

further propose a in memory digital computing scheme to compensate the error generated

by analog computing. Chip measurement results show that the proposed macro could
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FIGURE 4.9: Architecture simulation results for area efficiency and energy efficiency on
various machine learning model.

achieve 160 GOPS/mm2 area efficiency and 25.5 TOPS/W for 8b/8b matrix computation.

The architectural-level evaluation for real workloads shows that the proposed macro can

achieve up to 2.92ˆ higher energy efficiency than conventional analog IMC designs.
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5. Simulation Framework
For large-scale PIM-based accelerators, massive factors may affect the performance,

energy consumption and chip area. In order to generate an optimized design, it is critical to

perform an accurate early-stage end-to-end simulation. Harmonica [106] is a framework to

simulate small-scale memristor-based PIM engines for very simple neuromorphic algorithms.

NeuroSIM [24] and RxNN [75] focus on circuit-level simulation and provide technologies

for sub-array modeling. These three frameworks are accurate for macro-level simulation by

configuring the detailed physical parameters of transistors and memory devices. However,

they lack some architectural level design description and they cannot accurately model the

memory access and data communication patterns. MNSIM [163] and DNN+NeuroSIM [121]

are behaviour-level frameworks to simulate large-scale PIM based DNN accelerators. In

these two frameworks, accelerator architecture is pre-defined with a dedicated performance

model. Both frameworks cannot provide a flexible architecture description and a precise

architecture model. Thus, if the users want to change the architecture, they should rewrite

the source code and build up their own performance model.

In this paper, we present PIMulator-NN, an end-to-end framework to evaluate a PIM-

based accelerator for DNN applications. PIMulator-NN uses an event-driven simulation

mechanism, and extracts the common features of accelerator modules as templates. Thus,

it enables users to define the inter-module connections and customized execution flow of

an architecture. PIMulator-NN also provides a front-end to convert the DNN models into

software control flow to enable software/hardware co-simulation. In addition, PIMulator-

NN integrates some mainstream circuit-level simulators (e.g., NeuroSim [24], CACTI [114],

etc.) to generate more accurate timing, energy and area results. Compared to existing

frameworks, PIMulator-NN is the first framework which enables users to flexibly define the

architectural design details, such as module parameters, pipeline schemes, and parallelism

schemes, to cover most state-of-the-art PIM architectures. The contributions of PIMulator-

NN are summarized as follows:

• To the best of our knowledge, PIMulator-NN is the first event-driven framework to
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allow users to perform cross-level simulation for PIM-based DNN accelerators.

• By modeling some existing PIM designs, we find that some architectural optimization

is sensitive to interconnection configuration. These details are hard to be captured by

prior performance model based estimations. PIMulator-NN’s event-driven simulation

mechanism is able to generate important trace results such as throughput traces and

power traces.

• As most mainstream simulators face the challenge to model the PIM-based accel-

erators flexibly, we provide an architecture template based event-driven simulation

mechanism to model the design details of PIM-based accelerators. This feature would

enable users to simulate their own architecture quickly.

It is worth noticing that researchers from different areas may benefit from PIMulator-NN.

First, PIMulator-NN provides software/hardware interfaces to allow algorithm researchers

to investigate the performance of their DNN models on PIM-based accelerators. Second,

architecture researchers can use PIMulator-NN to build up their customized PIM-based

accelerators and evaluate the performance. Third, for circuit designers, PIMulator-NN is

suitable for them to benchmark high-level performance results by customizing the back-end

circuit simulators.

5.1 PIMulator-NN
5.1.1 Framework Overview

Figure 5.1 shows the overview of PIMulator-NN. The framework is composed of (1) a

front-end to parse the user-defined DNN model and generate the software configurations,

(2) an architecture description file to define the modules, interconnection and dataflow, (3)

an Event-Driven Simulation Core (EDSC) to perform event-driven simulation and (4) a

back-end to provide detailed estimations on latency, energy, and area.

Before the simulation, the user should provide back-end configurations, DNN models

and their architectures. Back-end configurations include several physical parameters to

set up the back-end simulation tool. The key components that users should provide to
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FIGURE 5.1: Overview of PIMulator-NN framework.

PIMulator-NN are the architecture description files. The details of architecture descriptions

are presented in Section 5.1.3. Then the user can import their DNN models and feed the

models into front-end. After that, a start event is generated, and the simulation starts.

During the simulation, the EDSC would generate a set of new events by analyzing the

current event being processed. The event response method is predefined in the architec-

ture description files. This event response method determines the dataflow and execution

schedule of the accelerator. To generate accurate latency and energy results, the EDSC

would call the back-end simulator for reference. Once an event that the user are interested

in has been processed, or all events have been processed, the simulation terminates and the

latency/energy results would be recorded.
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FIGURE 5.2: Illustration of simulation process for PIMulator-NN

5.1.2 Event-Driven Simulation Core

We use the concept of event to accurately model the behaviour of each architecture.

Similar to GEM5 [12], event is used to drive the execution of a module function and orches-

trate the execution flow. Each event is composed of (1) time representing the timestamp

that the event should be processed, (2) proc representing the module function that the

event should call, (3) caller to record the module process which raises the event and (4)

action to record the state. Additionally, one event may contain several parameters as the

arguments of an execution.

The EDSC has a global event queue to store all the events. Figure 5.2 shows the

execution flow of EDSC in PIMulator-NN. At each timestamp that has related events, all

events related to this timestamp in the global event queue would be processed one by one.

During the processing of one event, several new events would be added to the global event

queue, and these events would be processed at later timestamps. The simulation flow can

be described as follows:

5.1.2.1 CheckAction

The first step of EDSC is to check the action of the event. The action carries the

communication information among procs, and it is also responsible to control the state of

each proc. Action has four types: START, STOP, FINISH, and RECEIVED. When the
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action is START, the proc defined in the event is called for execution. When the action

is STOP, the proc is forced to stop by setting the state of proc to IDLE. By default,

other actions are not required by EDSC. Users can extend CheckAction function by adding

responses to RECEIVED, FINISH or other user defined actions.

5.1.2.2 CheckProcState

Once an action is START, the next step is to check the state of the proc. EDSC can

further process the event when the state of proc is IDLE, and the state of the proc changes

to BUSY. Otherwise, the event would be rescheduled to next timestamp and processed

later. This “IDLE-BUSY” mechanism is used to model the conflicts (e.g., bus conflicts,

port conflicts during memory access, etc.) in the hardware system.

5.1.2.3 AddReceived

An event with RECEIVED action is added to the global event queue. Then the caller

is informed that this event has been received. The goal of this “START-RECEIVED”

mechanism is to model the communication between procs (e.g., hands-shaking protocols).

5.1.2.4 Execution

The execution function of one proc is the the key part for users to define an architecture.

Execution function is in charge of performing operations of the module, such as, vector-

matrix multiplication of a sub-array and data copy of a memory. In addition, the data flow

management is also defined in the execution function by adding some new events to the

global event queue. To generate accurate energy and latency results, back-end simulator is

called. The argument of the operation (e.g. length for data access) is passed to back-end

simulator, then the energy and latency results are calculated and passed back to execution

function. It is essential for PIM to model the non-ideal effects in analog circuits. In this

case, the input data can also be passed to back-end simulator as an argument, and the non-

ideal effects would be added in the circuit-level evaluation in the back-end simulator. For

customized modules without back-end simulator, users can define virtual results of energy

82



and latency to support EDSC. To model architecture dataflow, users could also define some

event generation methods to call other procs according to the current operation and state

of the hardware. All these events are added to the global event queue, and will be processed

in later simulation steps.

5.1.2.5 AddStop

Once the execution is done, EDSC would automatically generate a new event to set

the state of proc to IDLE. The action of this event is STOP, and the time is obtained

by adding current timestamp and the latency generated from back-end simulator. This

“START-STOP” mechanism could also be used to evaluate the module utilization during

the event-driven simulation.

5.1.3 Architecture Description

In this subsection, we would like to introduce the architecture description method-

ology to support arbitrary PIM architecture in PIMulator-NN. The basic component of

PIMulator-NN is a module (refer to “SimObj" in the source code). Module is composed of

a set of sub-modules, the interconnection definition among submodules, a set of ports and

several processes. Different from the modeling philosophy in MNSIM [163], the intercon-
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FIGURE 5.3: Illustration of architecture description in PIMulator-NN. (a) General module
description. (b) Code organization. (c) Subarry module description.
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nection definition in PIMulator-NN is much more flexible, to support arbitrary user-defined

interconnection schemes.

To model the architecture details like dataflow and pipeline scheme, we would like

to introduce a concept called process in PIMulator-NN. Process is used for event-driven

simulation, and one module has at least one process to model its function. In one module,

one process is independent to the others. Thus, several processes can run in parallel. The

content of one process is the execution function mentioned in Section 5.1.2, and a wrapper

to support EDSC simulation. According to the execution function, one process would

perform a certain function, and generate a set of new events to call other processes in the

same module or other modules. The details of the architecture description are described as

follows:

5.1.3.1 Port

Port class is used to model the inter-module data communication and interconnection.

Port is automatically generated while binding two modules. Users can also define ports in

the module definition, and assign memory space to this port.

5.1.3.2 Sub-modules

The building of sub-modules are defined in buildHW function. As shown in Fig-

ure 5.3 (b), users can define arbitrary modules by instantiating sub-module class. After

instantiation, the user should bind the sub-modules to form the interconnection.

5.1.3.3 Process

The content of one process that needs user definitions is the execution function men-

tioned in Section. 5.1.2. The other functions (e.g., checkAction) are wrapped and packaged

in EDSC. As shown in Figure 5.3 (a), each module has two types of processes. Io_process

is used to model inter-module data communication behaviours, and func_process is em-

ployed to model inner-module functional behaviours or data communication behaviours.

Figure 5.3 (b) shows an example to model an architecture. Users are expected to define the
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execution flow of START action. In this example, once the example proc is called, func_0

is executed, and related energy/latency are calculated. If there are some sub-modules in the

module, an event with START action can be generated to call the processes of sub-modules.

In this case, users are expected to define the execution flow of FINISH action. FINISH ac-

tion is called from sub-modules to inform the top module that the sub-module process just

called has finished. In the example, once the submodule.proc_0 is done, func_1 would be

executed.

5.1.4 Example: Computational Sub-array

Figure 5.3 (c) illustrates the architectural description of a computational sub-array. By

default, each sub-array is composed of an input buffer (InDFF), an output buffer (OutDFF),

and a memory array with corresponding port to perform data interaction outside the mod-

ule. The data of input buffer and output buffer can be read out or written in through local

connections.

The sub-array can be configured into either a master module or a slave module. The

data in InDFF and OutDFF can be directly accessed through local connections by calling

the ioslave process. While serving as a master module, a sub-array can raise a load/save

request to read/write data through local connections.

The computation behavior is defined in compute process. Before the computation starts,

the input vector should be loaded into the InDFF by raising an iomaster process. When the

computation process starts, DAC converts the digital values in InDFF into voltages applied

to each word-line. After summing up the current of each bit-line, ADC converts the analog

currents into digital values, and saves the results in the OutDFF. At the same time, the

computation process finishes. The latency and energy results can be generated from the

back-end simulator. In current version, the sub-array model does not support partially-

activated design. All word-lines should be activated in parallel, and all the weights stored

in the array need to participate in computation. This follows the assumptions in NeuroSIM,

which serves as the back-end simulator in current PIMulator-NN.
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In addition, PIMulator-NN only supports matrix-matrix multiplication function of a

sub-array. The modeling of on-chip weight updating is not considered in current version.

We assume that weights are pre-mapped into the memory arrays before running simulation,

and we avoid modeling the read/write behaviours of memory array. Thus, sub-arrays only

serve as computation modules. The ioslave process can not perform data access inside the

array as a standard memory module.

5.1.5 Discussion: Accuracy-Related Simulation

An advantage of PIMulator-NN is the fast event-driven simulation. Instead of simulat-

ing the hardware behaviour cycle by cycle as previous works, it can quickly produce energy,

latency, and area results. Besides these metrics, PIMulator-NN also supports accuracy-

related simulation, e.g., it can evaluate the inference accuracy when considering non-ideal

effects of devices. Such simulation requires sacrifice of simulation speed, because the con-

crete calculation should be conducted. We introduce how to do accuracy-related simulation

with PIMulator-NN as follows.

Recall that each module has functions called proc to simulate its behaviours. Usually,

it only calculates the latency and energy to conduct this behaviour. However, if the user

wants to simulate accuracy, proc can also simulate the concrete calculation, instead of only

producing latency and energy results. The inputs and outputs for the simulation can be

transfered using the events in PIMulator-NN. Recall that each event has a parameter proc,

which represents the proc of a module this event should call. The event also contains

parameters as the arguments of the proc, which can include the inputs and outputs of the

proc. When executing the proc to simulate real calculations, any backend can be used to

simulate the non-ideal effects.

5.1.6 Limitations of PIMulator-NN

PIMulator-NN could provide a detailed architecture description and a flexible interface

for SW/HW co-design. However, there are still several limitations that should be addressed

in the future version, as follows.
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5.1.6.1 Compiler

PIMulator-NN does not support automatic mapping of a DNN model to an arbitrary

architecture. The front-end is only available for users who are using our architecture tem-

plates integrated in PIMulator-NN. For a customized architecture, the user should define

the mapping function and control flow manually to perform an end-to-end simulation.

5.1.6.2 Modeling Control Logic

For power and area evaluation, the overhead of control logic could not be modeled at

current version. As user can define an arbitrary architecture, it is hard to calculate the

accurate results of control logic without RTL implementation. Thus, all control logics are

virtually implemented, and PIMulator-NN evaluates the functional modules and intercon-

nection only.

5.1.6.3 Modeling of Interconnect Scheme

For current version, we ony support bus modeling of the PIM based accelerator. Due to

the difficulties of NoC modeling, we did not cover this part of simulation. The user should

customize the NoC function based on PIMulator template for interconnection if they would

like to model the impact of NoC for large scale PIM Accelerator simulation.

5.2 Case Study

In this section, we present several examples to demonstrate the architectural details

of a PIM based NN Accelerator design. We first present a simple Multi-Layer Perceptron

(MLP) to demonstrate the interconnection schemes and data flow schemes. These examples

show the usage of PIMulator-NN as an architecture/circuit co-simulation platform.

5.2.1 Small-Scale DNN Accelerators

In this section, we present several simple PIM-based designs to illustrate the flexibility

of PIMulator-NN. Figure 5.4 illustrates three design examples of an accelerator for simple

DNN Model. In this example, we choose a Multi-Layer Perceptron (MLP) with one hidden

layer and one output layer. To simplify the case, we assume the weights of each layer
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FIGURE 5.4: The illustration for MLP with (a) naive scheme, (b) intermediate data reuse
scheme and (c) scheme with interconnection.

can fit into one sub-array exactly. All the three designs are composed of one memory to

store intermediate data, two sub-arrays to compute matrix multiplications, and one FU

for activation functions. In (a) and (b), all modules are connected by a local bus, and

sub-arrays have their local connections with FU in (c). Input vector is pre-loaded into the

memory and fetched into sub-arrays to perform matrix multiplication. Then the results are

fed into FU to perform activation. The final results are written back to the memory.

For the naive scheme, all intermediate results are stored in the memory without any

data reuse. The corresponding data flow is presented in Figure 5.4 (a). Input vector is

directly fetched into the sub-array where the weights of the first layer are stored (1). Then

the sub-array performs computation and writes the results back to the memory (2). Since
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activations are computed in FU, the matrix multiplication results are fetched from memory

to FU (3). Then FU writes the results back to memory after computing activations (4).

The successive matrix multiplication and activation for next layers are similar as the first

layer (5-8).

To achieve a lower latency and energy cost, we show two designs incorporating execution

flow optimization and interconnect optimization as follows.

5.2.1.1 Execution Flow Optimization

The goals of execution flow optimization are to fuse some operations together and to

reuse some intermediate results. Figure 5.4 (b) presents a scheme with a shorter execution

flow. In this scheme, matrix multiplication results are directly fetched to FU (2). After that,

the activation results are fetched to sub-array for processing the following layers (3). Similar

operations are performed to generate the final results (4-5). Compared to scheme (a), this

scheme would reduce memory access and data communication overheads on local bus.

5.2.1.2 Interconnect Optimization

The goal of interconnect optimization is to reduce the communication overheads. As

shown in Figure 5.4 (c), this scheme decreases the communication overheads further by

increasing the inner bandwidth. There are two sub-arrays and one FU in one tile, and

these modules are connected with memory through a local bus. Inside one tile, an internal
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bus between sub-arrays and FU is added, which makes the local bus free of intermediate

data transmission.

5.2.2 Modeling Large-Scale DCNN Accelerator

In this section, we present several PIM-based designs for accelerating convolution layers.

The architectures are shown in Figure5.5 (a). The overall architecture follows the design

principles in ISAAC [134]. The accelerator contains several tiles, connected with a global

bus. In each tile, there are multiple IMAs, max-pooling unit, activation unit, a vector

adder, and I/O buffers. The IMA contains several memory sub-arrays, and related local

I/O buffers.

We first present the baseline scheme. In the baseline scheme, one CNN layer is operated

at a time, and one layer of the model is mapped to one tile. The 4-D kernels with dimensions

of (Kh, Kw, Ich, Och) are flattened into a 2-D matrix with dimensions of (KhˆKwˆIch,

Och). Then the 2-D matrix is split into several sub-matrices, according to the maximum size

of one IMA. Each sub-matrix is mapped into one IMA, and the partial results generated by

the IMA are added together in the vector adder. In the baseline scheme, we do not explore

the sub-array level data reuse. Thus, there is no inter sub-array data communication during

the matrix multiplication.

To further boost the performance and energy efficiency, we present three unique tech-

niques for PIM based accelerator in existing works by exploring data parallelism and data

reuse, and pipeline.

5.2.2.1 Data Parallelism

Data parallelism is employed in ISAAC [134] to perform the convolution in parallel.

In PIM-based architecture, weights of a layer are duplicated multiple times and mapped

into different IMAs. Feature maps are split spatially and fed into different IMAs to per-

form convolution in parallel. We define the degree of data parallelism as the number of

replications of the weights. Figure 5.5 (b) shows an example to illustrate the concept of

data parallelism. In this example, FU is omitted for simplicity. We assume the kernels of
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this layer can be exactly mapped into one IMA. For the case without data parallelism, all

kernels are mapped into one IMA. Input feature maps and output feature maps are trans-

ferred between this IMA and the buffer. When data parallelism is 2, the weight kernel is

duplicated for two times and mapped into 2 IMAs. Input feature maps are also partitioned

into two parts, and processed by two IMAs in parallel.

5.2.2.2 Data Reuse

The goal of applying data reuse is to reduce the memory access cost by exploring the

opportunity to fetch the data from low cost memory directly. In CMOS-based accelerators,

input feature maps, weights, and partial sums are stored in the main memory. Thus, the

design space to explore is pretty large. Input reuse, weight reuse, and output reuse are all

possible for CMOS-based accelerators. However, in PIM-based architectures, all the weights

are pre-mapped into the sub-arrays, which makes weights naturally reused. To the best of

our knowledge, few PIM-based design employs output reuse. The major data reuse scheme

applied in PIM-based designs is input reuse, which is presented in previous works [189].

Figure 5.5 (a) shows the IMA level design principle to handle the input reuse scheme. The

sub-array in IMA forms a 2-D array, with interconnect with adjunct sub-arrays. Data can be

directly fetched into the InDFF in each sub-array from input register (IR), or be streamed

into the InDFF from adjunct sub-array. With this unique interconnection, sub-array level

data reuse is achieved to reduce the memory access overheads.

Figure 5.5 (c) shows an example to compute a conv2x2 with such sub-array level data

reuse. The 4-D kernels with dimension of (Kh, Kw, Ich, Och) are split into a Kh ˆ Kw

2-D matrix with dimension of (Ich, Och) and mapped into each sub-array. If the ma-

trix dimension (Ich, Och) is greater than the maximum matrix size provided by a sub-

array, the matrix would be further split and mapped to different sub-arrays according to

the principles of baseline scheme. The elements of input feature maps would be fetched

into corresponding sub-array before the computation starts (IFM[:][0][0]„IFM[:][1][1] are

mapped into XB[0][0]„XB[1][1]). Each sub-array would generate a partial sum with size
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of 1 ˆ 1 ˆ Och, and these partial sums are summed up together. At the next cycle, input

feature maps can be reused by streaming the input feature maps located into the InDFF

of subarray (IFM[:][0][1]„IFM[:][1][2] are mapped into XB[0][0]4„XB[1][1]). In this way,

only 1/2 input data are accessed from IR, and the other 1/2 input data are reused from

adjunct sub-arrays. With input reuse, the number of memory accesses required by each

input element decreases from Kh ˆ Kw to min(Kh, Kw).

5.2.2.3 Pipeline

The goal of inter-layer pipeline is to reduce the overall processing latency and the

memory footprint. The example in Figure5.5 (d) shows an example for this inter-layer

pipeline. In non-pipeline scheme, each convolution layer is executed when the previous layer

finishes. Considering the data dependency, the convolution layer could be early executed

when all input data is ready. Thus, there would be some overlap between layers. In

addition, the capacity of data buffer could also be reduced. Once the feature map data

of previous layer has been processed for Kh ˆ Kw times, it could be threw away since this

data is no longer used. Generally, in a conv2x2, the minimum data buffer for each layer

is (H + 2) ˚ Ich, and when this data buffer is fulfilled, the execution could start without

waiting all the input feature maps are ready.

5.3 Experiment Setup

We implement the architecture mentioned in Section 5.2 with PIMulator-NN. For small

scale architecture, there are two sub-arrays, one memory buffer and one FU. The width of

local bus and inner bus is 8 bytes and 128 bytes, respectively. The size of each sub-array

is 256 ˆ256, and the size of memory buffer is 512 bytes. The NN model is a simple MLP,

which consists of one input layer with a 256ˆ256 weight matrix and one output layer with a

256ˆ256 weight matrix. For activation functions, we implement a ReLU activation module

in FU.

For large scale architecture, there are 16 tiles in the accelerator. In each tile, there

are 18 IMAs, one input buffer, one output buffer, and one FU. The size of input buffer
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and output buffer is 64KB and 32KB, respectively. FU can perform max pooling, vector

accumulation and ReLU activation. In each IMA, there are 16 sub-arrays (each 256ˆ256),

one input register and one output register. The input register and output register are both

1KB. For the architecture with sub-array level data reuse, a VPE is added to each IMA

to perform vector accumulation across sub-arrays. We choose a simple VGG-13 model as

the benchmark for CIFAR-10 dataset. In this case study, we only consider the convolution

layer because convolution consumes the most time during DCNN inference.

We build the SRAM and sub-array with NVSIM and NeuroSIM to generate circuit-level

results. The technology node is set to 32nm, and the clock frequency of the system is set

to 1GHz. Note that the area of sub-array generated from NeuroSIM is greater than the

original results in ISAAC (13083 µm2). The reason is that NeuroSIM uses 1T1R structure

as memory cell, but ISAAC uses 1R structure. Since 1R structure is not mature currently,

our estimation results are more practical.

5.4 Validation

To ensure the simulation results are reasonable, we validates the simulation output

based on low level simulation results. Generally, it is hard to validate the simulator as

there are limited resources for real large scale IMC/PIM based chips. Thus, we mainly

relies on RTL and power simulation to generate the performance, latency results and the

power results, while the area is directly achieved from RTL synthesis process.

For the performance and latency validation, we implement the architecture mentioned

above in RTL and simulate the proposed workloads. The performance and latency comes

from the total cycle count and the clock frequency. The non-digital blocks, such as IM-

C/PIM macro, are implemented as a behaviour function which is parameterized of the

computing latency.

The power validation is based on post-synthesis power simulation based on Design

Compiler and PrimePower. The non-digital blocks are implemented as a behaviour function

which is parameterized of several power states depends on whether the macro is activated.
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FIGURE 5.6: Power, performance and area results of three design schemes on MLP.

5.5 Key Observations

In this section, we would like to present some key observations from simulation results of

PIMulator-NN. These results are generated by this event-driven simulation framework, and

these results can not be accurately modeled by prior performance model estimation. These

key observations are beneficial to help the architects to design PIM-based NN accelerators

with higher performance and lower power consumption.

5.5.1 Results for Small-Scale DNN Accelerator
5.5.1.1 Impacts of Execution Flow

For PIM-based architecture, the execution flow impacts the results, even when ar-

chitecture is the same. Figure 5.6 shows the area, energy and latency results for three

designs. As expected, the processing latency of scheme (a) without operation fusion is the

highest (379 ns). The energy for this scheme is also the highest (884 pJ). This is because

that all the intermediate data would be saved to memory. These saving operations would

induce multiple memory accesses. Since scheme (b) with operation fusion benefits from the

memory access reduction, both processing latency and energy are lower.

5.5.1.2 Impacts of Interconnect

High bandwidth on local bus would significantly improve the performance with incon-

siderable area overheads. Scheme (c) achieves the lowest processing latency (133 ns) among
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FIGURE 5.7: Extracted power traces of the baseline system during processing convolution
layers of VGG-13.

the three schemes. The latency reduction mainly comes from the high-bandwidth inner bus.

Since the system bus would route long distance, its width is usually smaller than inner bus.

However, a high-bandwidth inner bus usually consumes larger energy and takes extra area.

Thus, the energy and area of scheme (c) are slightly greater (less than 1%) than those of

scheme (b).

5.5.2 Results for Large-Scale DCNN Accelerator
5.5.2.1 Power

The power results should be carefully simulated for different layer configurations. We

found that it is not accurate to estimate the power by applying a simple power model,

and power results would be overestimated. In simple power models, established in ISAAC,

the overall power is accumulated among all sub-modules. Thus, it is hard to analyze the

power traces for different model configurations. Power traces are critical to analyze the

energy consumption of PIM-based architecture. Though sub-array computation dominates

the overall energy consumption, not all the sub-arrays are activated in parallel due to data

dependency and memory access latency. This case gets worse for smaller models. Figure 5.7
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FIGURE 5.8: The latency and energy results for baseline design to process layer0 in VGG-
13 with different degrees of parallelism and interconnect width.

shows a power trace generated from the event-driven simulation of PIMulator-NN. For layer

0, the average power consumption is about 10mW, and it could reach 650mW to process

layer 8 and layer 9. However, in ISAAC, the power consumption in simple power model is

fixed to 330mW for each tile. For layers with smaller kernel size, the power consumption

is over estimated sine not all the sub-arrays are activated at the same time. In conclusion,

PIMulator-NN could offer users with detailed trace results to estimate power.

We also observed that, pipeline scheme could increase the peak power consumption.

As shown in Figure 5.7, the pipeline scheme in ISAAC could achieve lower processing

latency (reduction) than non-pipeline scheme. However, this benefit comes from a large

peak power. The peak power increases by about 3ˆ over non-pipeline scheme.

5.5.2.2 Data Parallelism

The benefit of data parallelism is highly related to memory access and interconnect

bandwidth. Figure 5.8 shows the latency results of processing layer 0. Theoretically, per-

formance benefit is proportional to the data parallelism. When we increase the parallelism

degree from 1 to 8, the processing latency decreases from 17.57us to 6.69us for bus width

equaling to 64. This performance benefit is lower than theoretical ones because the data

communication and memory access need to be serial. When we increase the degree of par-

allelism, we copy the kernels and map them into different IMAs to process feature maps in

parallel. In this case, multiple IMAs would issue a memory access command to load data

from in-tile buffer, and this access command would be processed in serial. As expected,
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when we increase the width of the local bus, the benefit of data parallelism would also

increase. The performance gain is 2.62x, 3.42x, 3.66x and 3.84x for bus width equaling to

64, 128, 256 and 512, respectively.

In conclusion, the data parallelism for PIM-based architecture should be co-designed

with buffer and interconnection. For some embedded PIM-based designs, the memory

bandwidth and bus width is relatively small. In these cases, increasing data parallelism

cannot actually improve the performance. Even worse, it may increase the peak power as

IMAs are running concurrently. Thus, data parallelism is not very applicable in embedded

PIM-based designs.

5.5.2.3 Data Reuse

Data reuse scheme is not always useful for providing a low-cost processing. The benefit

highly depends on layer configurations and hardware configurations. Figure 5.9 shows

the comparative results of data reuse scheme and baseline for several layer configurations.

For layer 0, 1, and 2, the kernel configuration is 3 ˆ 3 ˆ 3 ˆ 64, 3 ˆ 3 ˆ 128 ˆ 128 and

3 ˆ 3 ˆ 128 ˆ 128, respectively. The results are against common senses: the latency and

energy for these layers become larger when data reuse scheme is applied. The reason is that

the mapping efficiency of data reuse scheme is smaller than the design without data reuse.

For layer 3 and 4, the energy and latency results would benefit from data reuse scheme. By

reducing memory access from higher level memory, energy and latency could be reduced by
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12%, 4% and 16%, 7% for layer 3 and 4, respectively.

The benefit of sub-array level data reuse is quite small for PIM -based design targeting

high performance applications. This is because that PIM-based architecture is not commu-

nication bounded. For most designs, the on-chip interconnection bandwidth is large, and an

in-tile buffer is designed to avoid off-chip memory accesses. As a result, data reuse scheme

would contributes inconsiderable improvements. However, for some low-power PIM-based

designs, both memory bandwidth and bus width are small. This would increase the over-

heads of memory access from higher level buffer. In this case, data reuse scheme would

benefit the system performance and energy efficiency. We made an additional experiment

and the results show that, up to 50% energy and latency could be saved when bus width is

1 byte, which is common for embedded PIM-based design.

In conclusion, the data reuse scheme is only applicable for specific model configurations.

For layers with small sizes, the data reuse scheme provides negative effects to latency and

energy, as the mapping efficiency of these layers are quite low. The benefits reach the

highest level when the number of input channels exactly matches the row size of sub-array.

For layers with larger sizes, the benefits of data reuse degenerate since the inter-module

communication induces a great amount of costs. Data reuse is unable to mitigate these

costs.

5.5.2.4 Pipeline Scheme and Data Parallelism

PIMulator-NN could present the trade-off between resources requirement and latency

under pipeline scheme. We tried different parallelism of different layers and different number

of IMA in each tile. One interesting findings is that, when the pipeline scheme is used,

increasing the data parallelism could not greatly reduced the processing latency. As shown

in Figure 5.10, the baseline parallelism setting (each layer has parallelism degree of 1), the

latency is about 135 µs. For this setting, 18 IMAs is needed to support very deep layers in

each tile. Free speed up could be achieved by increasing the parallelism degree of shallow

layer from 1 to 4. This free speed up comes at the effect that, shallow layers consumes less
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crossbar than deep layers but they consumes significant latency. Increasing the parallelism

degree of these layers does not contribute area overhead of the whole system as 18 IMAs

could support maximum parallelism of these layers to be 4. The lowest processing latency

comes at ISAAC’s scheme (The parallelism degree of the final layer is 1, and increases by 2

when feature map spatial size increases by 2). However, this scheme significantly increases

the area since it need more crossbar in each Tile. Increasing the parallelism degree of

medium and very deep layer (layer 4-9) could significant increase the area overhead. By

using PIMulator-NN, the user could also find some sub-optimal configuration with different

degree of parallelism and number of IMAs in each tile.

5.6 Conclusion

In this paper, we present PIMulator-NN, an event-driven, cross-level simulation frame-

work for PIM-based NN accelerators. The features, usage and limitations of current version

are detailed described. The major feature of PIMulator-NN is that it could model very de-

tailed architecture information, including interconnection scheme, pipeline scheme and data

reuse scheme. With well-designed event-driven simulation core and well-defined architecture
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templates, users could easily implement their own PIM-based architecture in PIMulator-

NN. Furthermore, we demonstrate the usage of PIMulator-NN in small-scale MLP models

and large-scale CNN models. By applying several architectural optimization techniques,

the impacts of memory access and interconnect could be accurately modeled. These sim-

ulation results could enable user to explore their design space efficiently. In the future,

we would like to contribute more architecture templates and integrate PIMulator-NN with

other simulators for system-level simulations.
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6. Conclusion

6.1 Summary of Contributions

This thesis explores the development of IMC/PIM based computing systems for ML

applications, focusing on solving the micro-architecture and circuit level challenges. More

specifically, we observed that, conventional IMC/PIM based computing systems are opti-

mized for conventional ML workloads, which is converted to matrix-multiplication prim-

itives. In addition, we observed that, conventional IMC/PIM design methodology, based

on fully-analog implementation, suffers from low computing precision issue. The computa-

tion primitives challenge and the precision challenge is a big bottleneck to enable utilizing

IMC/PIM techniques to build an efficient IMC/PIM based computing system for ML ap-

plications.

To address these challenges, we present a unified solution, a hybrid digital/analog de-

sign approach to provide both computation pattern flexibility and computation precision

flexibility. Firstly, we introduces a novel concept for enhancing the efficiency of mobile

applications through hybrid digital/analog in-memory computing, where the digital mode

can deliver a vector-wise multiplication and accumulation primitives for the depth-wise

convolution with low data reuse opportunities. Then, the work extends this concept to im-

prove the processing of sparse attention operators, thereby enhancing mapping efficiency,

where the digital mode is used to provide a vector-vector inner-product and scalar-vector

multiplication primitives for fine-grained structural sparsity. Additionally, we also presents

a circuit-level implementation to use the proposed primitives and a data-aware datapath

selection computing method to increase the power efficiency of IMC/PIM macro for loss-

less computation. The proposed data-aware data path selection computing method is also

based on the concept of hybrid digital/analog computing, where a data-aware mechanism

is established to choose the high throughput analog mode or high precision digital mode.

The proposed method could reduce the interface complexity of the analog mode with an

enhanced energy efficiency while maintaining the computation throughput and accuracy.
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Finally, a cross-level simulation tool for versatile architecture exploration in IMC/PIM

based systems is introduced, to justify the idea of both circuit-level innovations and micro

architecture level innovations. This research contributes to advancing in-memory comput-

ing technologies, offering solutions to meet the computational challenges of next-generation

ML applications.

6.2 Future Work

At a broader perspective of my research, I have concentrated on enhancing the micro-

architecture and circuit-level optimizations to boost both efficiency and flexibility for ma-

chine learning acceleration. As the landscape of ML models continues to evolve, a myriad

of research opportunities emerges, particularly at the micro-architecture and circuit levels.

6.2.1 Micro architecture level

Within the realm of micro-architecture, a significant challenge lies in addressing the

interconnect issues present in current IMC/PIM computing systems. Traditional mem-

ory organization does not necessitate highly optimized internal bandwidth, as there lacks

a need for bank-to-bank communication to facilitate memory operations. However, in-

tegrating computational functionalities within memory demands meticulous optimization

of on-chip interconnects to ensure seamless data communication between different banks,

thereby preventing computational bottlenecks in IMC/PIM banks. The extent to which

such modifications adhere to traditional memory chip design principles, without compro-

mising memory capacity, remains an area underexplored by comprehensive studies.

6.2.2 Circuit level

On the circuit level, the incorporation of floating-point computation capabilities is cru-

cial for contemporary ML training systems. For example, the design methodology of the

hybrid digital/analog IMC can be further extended to support floating-point computing

with the modification of the digital components in the IMC macro. Moreover, the adapta-

tion to new, complex computation patterns introduced by versatile operators in emerging
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ML workloads necessitates further support from IMC/PIM systems.

Reliability issue is another consideration when implements the IMC/PIM based macro.

By incorporating the design methodology of hybrid digital/analog, we are able to find

an optimal way to enhance the efficiency of the computing circuits without reducing the

computing robustness with a multi-supply voltage for digital and analog domain, and some

timing borrowing scheme, or digital assisted error correction scheme for the analog data

path.

6.2.3 Architecture level

Despite these advancements, focusing solely on circuit and micro-architecture levels

is insufficient for realizing a state-of-the-art computing system capable of deploying real-

world ML models. Two overarching issues at the system architecture level have yet to be

thoroughly addressed by the research community. Firstly, the scalability of IMC/PIM com-

puting systems poses a challenge as ML models expand, with existing memory technologies

struggling to meet the demands for model and intermediate result storage. This scalability

concern raises questions about the continued viability of overcoming the "memory wall"

when inter-chip data communication becomes a necessity.

Secondly, system programmability presents a significant hurdle. The stringent require-

ments for data layout and alignment in current IMC/PIM systems vastly differ from those

of conventional computing systems, complicating compiler design. Integrating IMC/PIM

technology into real-world systems would require compilers to manage not only compile-

time data layout but also run-time data reorganization. This complexity could potentially

negate the advantages offered by IMC/PIM systems, emphasizing the need for innovative

solutions to these systemic challenges.

6.3 From Academia To Industry

In this section, we would like to discuss several possible applications to deploy my re-

search outcome, especially the design for IMC/PIM technology into real worlds. The most

promising application emerges in delivering edge intelligence to biomedical devices and In-
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ternet of Things (IoT) devices, as evidenced by recent studies such as [2]. The primary

rationale for this is the critical nature of power in biomedical and IoT devices, coupled

with their workloads that are characterized by simplicity, compact model sizes, and in-

termediate results. For common applications like keyword spotting and human activity

detection, models typically require less than 1MB. This scenario makes it cost-effective to

construct medium-sized IMC/PIM circuits capable of accommodating the entire model.

Essentially, IMC/PIM memory could serve as the last level memory in the system architec-

ture, highlighting its significance in this application domain. From a hardware perspective,

the advantage of IMC/PIM is profound as it significantly reduces on-chip data movement,

especially between the weight buffer and the processing elements. On the software side, the

algorithms intended for deployment on such devices are generally stable, negating the need

for a complex software stack. Moreover, these algorithms can be intricately tailored to the

hardware, allowing for aggressive optimization of quantization or network architecture.

In conclusion, for IoT devices, the IMC/PIM approach addresses the critical challenge

of data movement between on-chip memory and processing elements effectively. Although

the IMC/PIM scheme has its limitations, including lower precision and a fixed computation

pattern, these drawbacks are mitigated by the potential for co-designing the algorithm with

the hardware, underscoring its viability and effectiveness.
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