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Processing-in-Memory based CNN Acceleration: Application Characterization and
Simulation

Lexuan Tang

Department of Computer Science and Engineering

Chalmers University of Technology and University of Gothenburg

Abstract

Convolutional neural networks (CNN) are widely used in different machine learning
tasks, especially computer vision. Large amounts of computation in CNN cause
intensive data movement, which makes traditional compute-centric architectures
(CPU and GPU) less capable. There is a demand for new memory-centric
architecture, such as processing-in-memory (PIM).

Two subcategories of PIM, processing near memory (PNM) and processing using
memory (PUM) are discussed in this report. Starting from the application level, we
characterize the layers. Then we use the PNM simulator, ramulator-pim, to simulate
CPU and PNM architecture and use the PUM simulator, DNN-+NeuroSim, to
simulate PUM architecture. The CNN models we use are VGGS8, UNet, ResNet18
and MobileNetV3. Based on the characteristics of software and advantages of
hardware, we aim to accelerate CNN with PIM technologies and estimate the
performance improvement by using PIM technologies.

By observing the behavior of different layers on CPU and PNM architecture,
we find the correlation between application characteristics and the performance
improvement we can get from PNM. The characteristics are memory footprints,
number of floating point operations and arithmetic intensity. PUM is another
promising technology that provides high speedup compared to CPU with a cost
of energy.

Keywords:  Processing-in-memory, processing near memory, processing using
memory, CNN accelerator
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Introduction

Machine learning models have become an important part of our daily lives. We
can find them in products including intelligent robots [1, 2], recommendation
systems [3, 4], automotive assistant systems [5, 6], etc. Neural networks are one
of the commonly used machine learning models. The first neural network model
was first proposed in 1958 as a prototype of a simple two-layer network [7]. Modern
neural networks, especially convolutional neural networks (CNNs), become more
complex. Complexity brings not only higher accuracy and more capability but
also large amounts of parameters and computations [8]. The demand for compute
resources is beyond those that traditional central processing units (CPUs) can
provide [9]. This demand advances the development of another type of hardware,
namely graphic processing units (GPUs).

As specialized hardware for accelerating image processing, GPUs provide more
compute resources and architectures optimized for higher parallelism and higher
throughput than CPU [10]. These features give GPUs advantages in complex
applications with high computation demand, such as neural networks [11]. In 2011,
GPUs were first used to accelerate neural network training in ImageNet Large Scale
Visual Recognition Challenge [12]. The training time was approximately 5 times
faster than on a quad-core CPU [13]. In 2012, an efficient GPU implementation
to accelerate convolution, the most important operation in neural networks,
was proposed [14]. To exploit the potential of GPUs, programming language
(CUDA [15]) and software libraries (cuDNN [16] and RAPIDS [17]) were developed
for GPU-based machine learning acceleration [10]. Although GPUs have been proven
to be powerful, limited memory bandwidth and intensive data movement restrict
their development as machine learning accelerators [18]. While the performance
of computation units grows approximately 45% per year, the increase in memory
bandwidth cannot keep up with this trend [19]. Due to this gap between computation
units and memory, the computation units become underutilized. This causes a
decrease in throughput [20]. To do a computation, the data must be brought from
main memory, through levels of caches, to register files of computation units. This
results in high cost in latency, energy and memory bandwidth [18]. In 2013, an
experiment proved that the energy cost of data movement accounts for 18% to
40% of the total dynamic energy, depending on applications [21]. In 2014, another
experiment showed that mobile applications spend 34.6% of dynamic energy on data
movement on average [22].

Under this circumstance, processing-in-memory (PIM) [18] has gained the attention
of the researchers. PIM aims to shorten the distance between computation units
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and memory units by enabling computation near memory array or using memory
cells [23]. In this way, the latency and energy to move data from memory to
processors in traditional systems can be alleviated or even eliminated [18]. There
have been decades between PIM being proposed as a concept and its implementation
as a commercial product. The development of memory technologies such as 3D-stack
memory (HMC [24] and HBM [25]) and non-volatile memory (NVM), extend the
possibility of PIM. Processing near memory (PNM) and processing using memory
(PUM) are two approaches to implement PIM. There are existing commercial
products based on PNM [26, 27, 28]. Some of them are specially designed hardware
for machine learning acceleration. In addition, CNN accelerator based on PUM is a
popular research topic [29, 30].

1.1 Aim and goals

From all the machine learning models, we choose convolutional neural network
(CNN) as our object of research for three reasons: (1) Characteristics of convolution
(2) Clear structure and (3) Existing theory support.

First, CNN contains large amounts of convolutions. Substantial computation and
memory operations in convolutions consume both time and energy [31]. Thus, they
are ideal objects for PIM acceleration. Secondly, CNN models have a clear layer
structure so it is easy to observe and analyze the behavior of each layer. Finally,
research has shown the feasibility of PIM-based CNN acceleration [32].

To accelerate applications efficiently, software and hardware co-design is necessary.
In this report, we aim to understand how to apply PIM technologies, PNM and
PUM, to CNN acceleration according to the characteristics of the CNN models. All
the experiments are based on simulators. The more specific goals are listed below:

o Characterize the CNN models and the layers in the models.
o Identify the benefits and challenges of using PNM for CNN acceleration.
o Identify the benefits and challenges of using PUM for CNN acceleration.

e Find a method to run the model across different hardware to improve the
performance (latency).

o Use simulators to evaluate performance improvement.

1.2 Research questions

By completing the goals above, we would like to answer

e Question 1 What characteristics make applications more suitable for PNM
and PUM?

e Question 2 What are the advantages and disadvantages of PNM and PUM?
e Question 3 How can we apply PNM and PUM processing to accelerate CNN?
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1.3 Scope and limitation

Our study can provide a high-level understanding of PIM technologies. We focus on
the simulation of PIM architectures. The implementation is out of our scope. There
are deviations between simulated results and data measured from real hardware.
Besides, the accuracy depends on the simulators. The results can vary even if we
simulate the same architecture with other simulators. Thus, the conclusions we get
in our report are not definite. But we still provide insights into PIM technologies
and a simulation flow for future work.

1.4 Organization of the report

The report include five chapters: Introduction, Theory, Method, Results and
Conclusion.

In the Introduction chapter, we have motivated our study and listed the research
questions we want to explore.

In the Theory chapter, we will explain the concept of CNN and review existing
CNN accelerators. Then we will describe typical paradigms of PNM and PUM
implementations, show examples of PIM-based CNN accelerators and list common
PIM simulators.

In the Methods chapter, we will introduce the simulator tools, simulation flows and
the metrics we use for application characterization and performance evaluation.

In the Results chapter, we will present the simulation results and provide the
estimated performance improvement by using PIM technologies.

In the conclusion chapter, we will summarize our findings and achievements during
the study and answer the research questions.
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Theory

In this chapter, we will first introduce the concepts of convolutional neural
network (CNN) and summarize the advantages and disadvantages of existing CNN
accelerators. Then we will explain processing near memory (PNM) and processing
using memory (PUM) in detail and present examples of CNN accelerators based on
these technologies. Finally, we will list potential choices of PIM simulators.

2.1 Convolutional neural network (CNN)

As shown in figure 2.1, CNN is a subdomain of machine learning.

Artificial Intelligence

Machine Learning

Deep Learning

Convolutional
neural network

Figure 2.1: The domain of convolution neural network

Machine learning models are compute models with parameters. When machine
learning models learn from input data, the parameters are determined to maximize
the accuracy of the output. As shown in figure 2.2, this process is called training.
The process of a trained model computing output based on input data is called
inference. The output can be a prediction, a classification or decisions.

A neural network is a typical machine learning model. It imitates the process of
neurons perceiving the environment and passing the signal to connected neurons [33].
Since the input from the environment is not a single value, multiple neurons are
needed [7]. These neurons form a layer as shown in figure 2.3. One layer takes input
from the previous layer, computes the output and passes the output to the next
layer. The number of layers determines the depth of the network and the number
of neurons in a layer determines the width.
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train

[
__| , | Machine learning model
1 (untrained)
dataset |
: s>
— e
Machine learning model I
— ) —— (_ classification
i (trained)

inference

Figure 2.2: Diagram of machine learning model

width

layer 1 Q Q Q Q
Iayer2§ O O @

Iayerng O O O O

Figure 2.3: Layers in neural networks

depth

As neural networks become deeper and wider [8], a new subdomain of machine
learning deep learning based on deep neural networks (DNNs) becomes popular.
Typical deep learning models include CNNs [34], recurrent neural networks
(RNNs) [35] and transformers [36]. These network models with various structures
have advantages in different tasks. CNNs contain multiple convolution layers that
are good at extracting features from images. They are widely used in image
classification, object detection and image segmentation [8]. RNNs have memory
cells storing the previous states. They have advantages in processing sequences, such
as speech recognition and natural language translation [37]. Transformers introduce
the attention mechanism that allows the model to find dependency between elements
in sequence regardless of distance [36]. They have good performance in both natural
language processing and computer vision [38].

CNN is a subdomain of deep learning that is good at processing images. CNNs can
also be applied to other input data. Depending on the dimension of input data, CNN
can be categorized as one-dimensional (1-D) CNN, two-dimensional (2-D) CNN and
three-dimensional (3-D) CNN [8]. 1-D CNNs can be applied to natural language
processing [39]. 2-D CNNs are the mainstream model for computer vision [40, 41]
and image processing [42, 43]. 3-D CNN can be used for video processing [44] or
3-D image processing [45]. These CNN models have similar layer structures.

Convolution layers

Convolution layers are the most important layers in CNN models. The convolution
operation is similar to the filtering that can extract the features including
high-frequency components (edge) or low-frequency components (continuous area).
A 2-D convolution can be expressed as equation (2.1). (O is output of i*j, F' is filter

6
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of n*m, I is input.)

O(i,7) =>_ Y F(n,m)* I(n+i,m+ j) (2.1)

n m

The difference between convolution in CNN and 2-D convolution is that the output
is the sum of the convolution results of all inputs, as shown in figure 2.4. In this
way, the feature can be fully extracted. The parameters in the filter are weights.

=

[~
i~

\ _J/

v

-

filter input output

Figure 2.4: Convolution layer

Activation layers, pooling, batch normalization, fully connected layers
and blocks

Except for convolution layers, CNN can contain activation layers, pooling layers and
fully connected layers. The activation functions following the convolution operations
form the activation layers that add non-linearity to the model. Figure 2.5 shows
two common activation functions Rectified Linear Unit (ReLU) [46] and Sigmoid
function. After the features are extracted by the convolution layers and non-linearity
is added by activation layers, pooling layers are used to get higher-level features.
The pooling operation is similar to downsampling. Common pooling layers include
max pooling and average sampling. Batch normalization layers normalize the input
value to enhance the stability of the model. Fully connected layers are usually the
final layers in the CNN models. They act as the classifier that converts the features
from convolution layers to the output. Another characteristic is that the input and
the output for a fully connected layer are all one-dimensional.

(a) ReLU (b) Sigmoid

Figure 2.5: Example of activation functions.

Early CNN models have simple layered structures. As the complexity of the model
increases, block becomes a new unit that is larger than layer and smaller than model.

7



2. Theory

It can improve the effectiveness of model design and training. The block structure
is used in both ResNet and MobileNet. Figure 2.6 shows the residual block of
ResNet18 [47] and the Squeeze-and-Excitation (SE) block of MobileNetV3 [48].

input

adaptive average pooling

l 1x1 matrix

input
P 1x1 conv layer

lbatch normalization, ReLU

conv layer

1x1 conv layer

lReLU

lbatch normalization, Sigmoid

conv layer

1

Sigmoid

output output
(a) Residual block as (b) SE Module as described as
described as in [47] in [49]

Figure 2.6: Example of blocks in CNNs.

Table 2.1 lists typical CNNs. LeNet-5 is one of the oldest and simplest CNNs for
handwriting recognition [50]. AlexNet is the winner of 2012 ImageNet Large Scale
Visual Recognition Challenge. Besides improving image classification accuracy, it
also caused attention to the depth of neural network models [51]. As the 2014
ImageNet Large Scale Visual Recognition Challenge winner, VGGNet has a deeper
architecture (up to 19 layers) and uses small kernels [52]. Problems such as gradient
vanishing and gradient exploding become unavoidable when neural networks become
deeper [53]. ResNet introduces the concept of residual learning to solve these
problems in conventional deep CNNs [47]. The fast development of CNNs pushed
the models forward to different application scenarios including large data centers
and small mobile devices. Models such as MobileNet are specially optimized for
mobile applications. Benefiting from its lightness and efficiency, it can be embedded
with mobile and complete tasks including objection detection, face recognition, large
scale geolocalization, etc [54].

2.2 CNN accelerator

The acceleration of convolution is the most important part of the acceleration of
CNN. Approximately 90% of the operations in models are contributed by convolution
layers [55]. To avoid the data movement problem, new dataflows, such as output
stationary, weight stationary and row stationary, are proposed. ShiDianNao uses an
output stationary dataflow that allows computation units to communicate with each

8
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Table 2.1: Typical CNNs

CNN # Layers(Convolution layers) # Parameters
LeNet-5 [50] 702) GM
AlexNet [51] 8 (5) 60M
VGGNet8 [50] 12 (6) 13M
ResNet18 [47] 20 (16) 1M
MobileNetV1 [54] 30 (13) 4M

other [56]. In this way, the output of one computation unit can be directly fetched
through registers by other units. Weight stationary dataflow used by nn-X [57]
and row stationery used by Eyeriss [58] are similar. The nn-X reuses the weights
and Eyeriss reuses parameters including weights, inputs and temporary outputs.
Although the on-chip data movement can be alleviated by well-designed dataflow,
the data movement from off-chip memory to on-chip buffer still makes the design
less efficient [58].

Besides dataflow, the hardware platform is another design choice. Besides CPUs and
GPUs, field programmable gate array (FPGA) and application-specific integrated
circuit (ASIC) are other two choices. Accelerators based on field programmable
gate array (FPGA) can get higher speed with less energy consumption than CPUs
and GPUs [59]. They have been applied to CNN acceleration [60] and RNN
acceleration [61]. But the limited computation resources (DSPs) are the challenge
for FPGA-based accelerators [59]. ASIC-based accelerators include energy-efficiency
research chips such as Eyeriss to high-performance chips in data centers such as
TPU [62]. But the optimization of data flow to the design of computation units
still doesn’t change the fact that all CPUs, CPUs, FPGAs and ASICs centralize the
computation units instead of the memory. Thus they still suffer from intensive data
movement and limited memory bandwidth [63]. Under this circumstance, PIM is
seen as a powerful candidate for future accelerators.

2.3 Processing-in-memory (PIM)

Under the circumstance that the existing accelerators suffer memory bottleneck or
data movement, more attention is turned to PIM.

The earliest prototype of PIM, logic-in-memory, was proposed in 1970 [64]. It
suggested that intelligent caches that can do comparison and addition operations
can save costs in both computation and data movement. Due to the limitations
of manufacture and technologies, PIM stayed in the theoretical stage. With the
support of new memory technologies such as non-volatile memory, PIM has been
applied to domains, including graph processing [65, 66, 67|, databases [68, 69, 70],
and machine learning [71, 72, 73].
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2.3.1 Processing near memory (PNM)

The common paradigm of PNM is integrating processing units in different types of
memory [74] including traditional double data rate synchronous dynamic random
access memory (DDR) and emerging 3D stack memory. The processing units are
usually integrated at the bank level. The memory banks in DDR and 3D stack
memory consist of many memory cells as shown in figure 2.7.

wordline

bitline

Figure 2.7: DRAM cells

New technologies including through silicon via (TSV) and die stacking technology
advance the development of 3D stacked memory.

DRAM layers

..
==

| logic

Logic layer

Figure 2.8: The structure of HMC as described in [24]

Hybrid memory cube (HMC) [24] and stacked dies based on high bandwidth memory
(HBM) standard [75, 76] are produced and tested. The structure of HMC is shown
in figure 2.8. A HMC stack can be divided into several vaults. A vault contains some
logic including a memory controller and refresh management, and memory arrays
connected together with TSVs. The processing elements can be integrated into the
logic layer. This is a great progress for implementing PNM.

There are examples of PNM products and their application on machine learning
acceleration: UPMEM announced its first commercial PNM system based on DDR4
in 2021 [26]. Tt integrates a simple processor, DRAM processing unit (DPU), into
the DDR memory arrays. Figure 2.9 shows the architecture of PIM-enable memory,
PIM chip. One PIM chip contains the 8 DPUs with instruction and working RAM
(similar to instruction and data caches), a direct memory access (DMA) engine
and a 64MB DRAM bank. It is proven that this hardware can accelerate sparse
matrix-multiplication [77] and weightless neural network (WNN) [78].

In the same year, Samsung proposed their FIMDRAM architecture, which adds a
single-instruction-multi-data (SIMD) processor into HBM2 bank [28], as shown in

10
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control interface DDR4 interface

Instruction
RAM

processing
unit

Workin
(DPU) | —| RAMQ

DMA Engine

Figure 2.9: The architecture of UPMEM PNM chip as described in [26]

figure 2.10. After adding the processors, data buses are also added to the memory
chip to handle the communication of the processors.

Bank 0
Bank 0 Bank I/0
Processing unit
Bank I/O for Bank 0&1
Bank I/O
Bank 1
Bank 1
conventional HBM2 FiIMDRAM

Figure 2.10: FiIMDRAM banks contrasted with conventional HBM2 banks as
described in [28]

They implemented the FiMDRAM as a coprocessor to a GPU and ran
DeepSpeech2 [79] on the system. Compared to the GPU system, the hybrid
system gets a speedup of 2.1 times and saves 71% of system energy. In 2022 SK
Hynix proposed another architecture, Aim, that adds processor units with mainly
multiplier, adder and accumulator to GDDR6 memory [27]. This architecture
can improve the performance of RNN by approximately eight times and the
performance of long-short-term memory (LSTM) [80] by approximately ten times.
These implementations prove the feasibility of PNM, but there are still problems
to be solved. First, the characteristics of applications suitable for PNM need
to be identified [18]. Second, the thermal and power constraints for 3D stack
memory are different from normal memory. Although it is possible to integrate
a general processor in the logic layer of 3D stack memory, the power needs to be
considered [81].

2.3.2 Processing using memory (PUM)

The principle of PUM is to take advantage of the memory cell and minimize
the modification on it to add computation ability to the circuit [18]. DRAM
is the mainstream choice for main memory now. RowClone enables bulk data
operations including copy and initialization in memory by modifying the row
activation behavior of DRAM [82]. Ambit [83] uses charge sharing among cells
connected to the same bit line to implement bitwise operations including AND,
OR, NOT and combinations of them. Compared to a processor, PUM based on
DRAM can only handle very simple operations. Besides, the development of DRAM
has reached capacity bottlenecks, high-cost interconnects and power dissipation on
regular refresh [84].

11
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Emerging non-volatile memory (NVM), such as phase change memory (PCM) [85]
and resistive random-access memory (ReRAM) [86], that can be used for PUM were
then proposed. NVM-based accelerators perform matrix multiplication inside the
memory array. A ReRAM array is shown in figure 2.11. PRIME implements a neural
network accelerator that can compute matrix multiplication and pooling inside
ReRAM array [29]. PipeLayer is an accelerator that supports both inference and
training of neural networks and adds intra-layer parallelism. The average speedup is
approximately 40 times compared to CPU [87]. An accelerator based on PCM is also
proposed recently and tested with LSTM benchmark [88]. There are still challenges

Wordline

7979

Figure 2.11: The ReRAM array as described in [29]

for PUM: First, the operations that can be done using memory cells are limited.
In PRIME, except for matrix multiplication other operations such as pooling and
activation functions are performed by extra circuits or host processors [29]. Second,
the accuracy of computing using memory cells is an important consideration when
applying PUM to CNN acceleration [55]. Third, PUM can save the energy of data
movement but it will bring other energy costs. One example is the activation of
multiple rows and columns [89].

2.3.3 Simulators

Simulators are the mainstream tools in research on PIM [90]. By analyzing
simulation results, we can identify the benefits and limitations of PIM architectures,
identify the application suitable for PIM and assessing the benefits of using PIM [18].

Table 2.2 summarizes the existing simulators for PNM and PUM technologies.

Table 2.2: Existing simulators

Simulator Type Supported memory
ramulator-pim [91] PNM DRAM, HBM, HMC
PIMSimulator [92] PNM HBM

MultiPIM [93] PNM HMC
DNN+NeuroSim [94] PUM SRAM, NVM

Ramulator-pim [91] is a PNM simulator that contains a processor simulator and
memory simulator. PIMSimulator [92] simulates single-instruction multi-data cores
that support operations including addition, multiplication, multiply-accumulate,

12
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etc. MultiPIM [93] is a simulator based on ramulator-pim with additional support
for virtual memory and coherence management. DNN+NeuroSim [94] is a PUM
simulator that provides flexibility at both the application level and hardware
implementation level.

13
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Methods

In this chapter, we will first introduce two simulators we use, ramulator-pim and
DNN+NeuroSim. Then we will describe the working flow to use these simulators to
get the latency and energy data. The metrics for data analysis will also be discussed.
Finally, we show the process of performance improvement estimattion.

3.1 Simulator tools

As discussed in section 2.3.3, the possible choices for PNM simulators are
ramulator-pim, PIMSimulator and MultiPIM. The application supported by
PIMSimulator is limited. MultiPIM is an extension of ramulator-pim but the
virtual memory and coherence management are unnecessary for us. Thus, we choose
ramulator-pim as our PNM simulator. DNN+NeuroSim is the PUM we found that
matches our needs.

3.1.1 Ramulator-pim

Ramulator-pim is a PNM simulator that takes an executable file as input and
provides an instrumentation interface that can choose a specific part of the
application as offload. It is possible to combine ramulator-pim with the energy
simulator, DRAMPower [95].

HMC

/ PNM core

on-chip link
cache > ~ control logic

>
off-chip link = -
HMC

(a) CPU core (b) memory core

Figure 3.1: The simulation setup of CPU core and memory core.

Ramulator-pim contains two cooperating simulators: ZSim and ramulator. In our
project, we use ZSim to simulate a processor running the compiled neural network
models. During the run time, the memory access requests are recorded and dumped
into a trace file. Then ramulator takes the trace file as input and simulates the
memory reading and writing operations. The latency of the CPU system contains

15
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three parts: the cache miss latency (from ZSim), the memory read latency (from
ramulator) and the computation time of the CPU (from ramulator). The latency
for the PNM simulation can be directly provided by ramulator. The architectures
of the CPU core and the PNM core are shown in figure 3.1. The most significant
difference between them is that the PNM core is located in the logic layer in HMC.
The latency and energy spent on off-chip traffic are avoided.

3.1.2 DNN-+NeuroSim

DNN+NeuroSim [94] is a PUM simulator that provides flexibility at both the
application level and hardware implementation level. It contains a performance
evaluation tool, NeuroSim, wrapped with a Pytorch wrapper that is compatible
with different neural network models. As shown in figure 3.2, we first run model
inference in Pytorch framework, capture the input and weight data in each layer,
and store them as .csv files. Then we use these files as input to NeuroSim to get
detailed results on the hardware cost, latency and energy consumption on each layer.

Pytorch model

Pytorch wrapper

linput & weight of each layer

NeuroSim

l

latency & energy information of each layer

Figure 3.2: Working flow of DNN+NeuroSim

The NeuroSim can generate an optimized hierarchical PUM circuit and executes the
inference on the simulated circuit. As shown in figure 3.3, from the top down, the

chips consist of tiles, processing elements and synaptic arrays. Synaptic arrays are
the basic units of PUM.

chip

PE

‘
top chip tile
PE PE

processing elements (PE) ‘ tile tile
bottom synaptic array (SA)
global | | pooling ||activation|
buffer units units

Figure 3.3: Hierarchy of DNN-+NeuroSim

16
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As shown in figure 3.4, the synaptic array contains a memory array and peripheral
circuits managing the reading and writing of the memory array. When generating
the circuits, the simulator reads the layer information of the models from a prepared
csv file, maps the weights into the memory. The synaptic array aims to accelerate
the matrix multiplication. Besides convolution layers, other layers including pooling
layers, activation layers, batch normalization layers are all implemented as additional
circuits in the chip.

BL BL

input vector 1 — % i 1w
input vector 2 — é i memory array|| WL
— (weights)
input vector n — % L WL
=
[ [
MUX

Figure 3.4: A synaptic array in DNN+NeuroSim (Sequential mode) as described
in [94]

The inference process is described in figure 3.4 This PUM architecture aims to
accelerate the convolution layers, or matrix multiplication. There are two steps in
matrix multiplication: multiplication and accumulation. The weights are saved in
the memory array before inference. The input matrix is divided into vectors and
sent into the memory array. The multiplication is done by memory cells (SRAM
cell or ReRAM cell). If the multiplication results are read out row by row and
accumulated by an additional circuit outside the memory array, the simulator is
in sequential mode. If the multiplication results are accumulated on the bit lines
(BLs), the simulator is in parallel mode. The results collected from the BLs are
analog, for future computation and communication, an analog-to-digital converter
(ADC) is needed. The precision of this ADC affects latency, energy and also area.
The technologies supported by DNN+NeuroSim are listed in table 3.1.

Table 3.1: Supported technologies in DNN+NeuroSim

Memory cell type Technologies nodes (nm)

SRAM 7,10,14,22,32,45,65,90,130
ReRAM 22,90, 130
FeFET 22

3.2 Simulation flow

Our project is based on simulation. By using simulators, we aim to identify
the benefits and the challenges of PIM technologies and measure performance
improvement. The simulation flow is shown in figure 3.5.
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Figure 3.5: Simulation flow

There are three types of simulations: CPU simulation, PNM simulation and PUM
simulation. We implement a neural network model in Pytorch framework using
Python. Based on the requirements of the simulators, the Pytorch model can be
directed used as input to the DNN+NeuroSim. The latency and energy information
can be directly fetched from the output file of DNN+NeuroSim. For CPU and
PNM simulation, The Pytorch model is first converted into a C++/Libtorch
implementation. This C++ implementation is compiled into an executable file.
The Zsim runs the executable file with different configuration files for CPU and
PNM architecture and provides a memory trace file for ramulator. The ramulator
simulates the memory behavior based on this file. The latency of CPU simulation
contains three parts: the computing time of the processor, the cache miss latency
and the memory read latency. The cache miss latency is from ZSim and other two
latencies are from ramulator. The latency of PNM simulation is from ramulator and
the latency of PUM simulation is from DNN-+NeuroSim. Ramulator can provide
the energy information for memory but not for the core. We measured the energy
and area cost of the CPU core and PNM core by McPAT [96].

3.3 Metrics

The analysis is based on metrics we evaluate in simulation and calculate. The
most important metric we use to evaluate performance is latency. Besides, we
also measured energy for better comparison across the hardware. The metrics we
calculate for application characterization include memory footprint, FLOPS and
arithmetic intensity. The method to estimate memory footprint and arithmetic
intensity is introduced in the following sections.

Memory footprint

Memory footprint quantitatively describes the memory taken up by the program
during run time. PIM is proposed as a promising way to accelerate neural networks
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because it can overcome the memory bottleneck and alleviate data movement
problems in traditional systems. The memory footprint then becomes an important
characteristic that affects the run time performance on the CPU and PIM system.
There are existing researches on PIM technologies using memory footprints as a
metric [63, 97]. In our project, we use the total amount of inputs and weights
participating in computation to approximate the memory footprint. Convolution
layers in neural networks are usually computation-intensive, since the same multiply
and add operation is done on hundreds of data. The memory used for data is much
larger than the memory used for the program itself. Thus the total amount of
activations (or inputs) and weights of a layer is used as an approximation to the
memory footprint of that layer.

Floating-point operations (FLOPS)

The FLOPS is the total amount of floating-point operations. We use torchsummaryx
library to extract this information from the Pytorch models.

Arithmetic intensity

The other metric we use is arithmetic intensity that is calculated as

total amount of FLOPS
total amount of parameters

Arithmetic Intensity = (3.1)
Different from its original definition [98], we ignore the effects of hardware in our
project. One example is that the memory bandwidth of a CPU system and a PNM
system are not the same. Although the hardware factors are not considered in
the equations, they can still provide a reference for the performance of the PIM
architectures.

3.4 Application partition

Different layers are suitable for different hardware [63]. First, we characterize the
layers by memory footprint, FLOPS and arithmetic intensity metrics. To maximize
the performance improvement from using PIM, we need to choose the best hardware
for each layer. Here, the best means that the hardware which can provide the
shortest latency. According to the understanding of application characteristics and
advantages of PIM technologies, we predict the best hardware for the layer. The
predictions are validated by running benchmark models on the simulators. Then we
partition the CNN models into layers, assign their execution on the best hardware
for them and run the layers on the simulator for this best hardware.

latency_baseline = 0
latency_PIMaccelerated = 0

for layers in the CNN model

// Run simulation on CPU simulator and get latency
latency_baseline += latency
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done

for layers in the CNN model
// Characterize the layer and find the best hardware
// Run simulation on
the simulator for the best hardware and get latency
latency_PIMaccelerated += latency
done

speedUp = latency_baseline / latency_PIMaccelerated

Finally, we will measure the improvement in latency using simulators. The
pseudo-code above describes the process to calculate an estimated performance
improvement.
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Results

In this chapter, we will first present the setups and benchmarks for our study.
Then we show the results of application characterization and prediction of suitable
hardware. We will use the simulation results from PNM simulator to validate our
prediction and estimate the performance improvement by using PNM. Finally, we
analyze the PUM simulation results and summerize the advantage and disadvantage
of simulated PUM architecture.

4.1 Experiment setup

The simulated architectures are presented in section 3.1. The configurations of PNM
processing are listed in table 4.1.

Table 4.1: Configurations of PNM simulation

Parameter CPU core PNM core
Type out-of-order out-of-order
Number of cores 4 4

L1 Cache size 32K(D)+32K(I) 32K

L2 Cache size 256K -

L3 Cache size 8M -
Frequency 4GHz 1.25GHz

We use 22nm ReRAM for PUM simulation. Other constraints or setups for the
simulations are listed in table 4.2.

Table 4.2: Configurations of PUM simulation

Parameter Value
Read-out mode parallel mode
Precision of memory cell 2 bits per cell
Precision of ADC 5 bits

For CNN models, we choose models based on three criteria: availability, simplicity
and heterogeneity . Availability is our first consideration. The default models in
the simulators or models with open-source implementation are preferable. Simplicity
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means that both network and the implementation need to have a clear structure. The
heterogeneity in memory footprints, FLOPS and arithmetic intensity can help us to
find the correlation between application characteristics and hardware advantages.

Our final choices are VGG8 [52], UNet [99], ResNet18 [47] and MobileNetV3 [49].
VGG8 and ResNetl8 are the default models in the PUM simulator. The
implementations of UNet and MobileNetV3 models are open-source. These four
models have different structures. VGGS8 contains convolution layers and fully
connected layers. UNet has a symmetry structure constituting convolution layers.
ResNet18 and MobileNetV3 are implemented in blocks, containing convolution
layers, batch normalization layers and nonlinear layers. Besides, MobileNetV3
contains SE blocks that consist of 1x1 convolutions. Compared with normal
convolutions, the amount of computations is significantly reduced [54]. We aim
to find how PIM technologies affect the performance of these blocks.

4.2 Application characterization

Before the simulation, we divide all 99 layers in four models into four families as
shown in figure 4.1 based on three metrics, memory footprint, FLOPs and arithmetic
intensity. The detailed classification criteria are listed in table 4.3.

—-veas —0— UNet —)—MobileNetV3 —0—ResNet18

family2 family2

1L
10 family1

Arithmetic intensity (FLOPS/B)
2 2
. <&
<®
rithmetic intensity (FLOPS/B)
3 2
<@

A.
>
&

R O ¢ o ¢ * 0

family3 family3

10° 10t 10° 108 10" 102 10* 106 10°
FLOPS Memory footprint (B)

Figure 4.1: Arithmetic intensity vs number of FLOPS (left) and arithmetic
intensity vs memory footprint across layers of four models (right)

Table 4.3: Classification of four families

Family  Arithmetic intensity Memory footprint ~ FLOPs

family1 10-100 1K-10K 0.1M-1M
family2 100-1000 0.56M-10M >100M
family3 1-10 100B-10M 100-10M
family4 10-100 10K-0.56M 1M-10M

with the speedup data we get from different layers, we summarize the correlation
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between the characteristics of the families and the suitable hardware. By suitable,
we mean the hardware that can provide shorter latency.

Table 4.4: Characteristics of four families

. Arithmetic ~ Memory Suitable
Family intensity footprint FLOPS hardware
familyl — medium small medium CPU/PUM
family?2 high large large CPU/PUM

family3  very low  small-large small-large PNM/PUM
family4  medium medium medium  CPU/PNM/PUM

Family1l and family2 have better performance on CPU. For family1, a small memory
footprint limits the advantage of PNM in memory accessing time. Thus it is more
suitable for CPU. For family2, the large amount of FLOPS magnify the disadvantage
of PNM in computation time. As a result, layers in family2 perform better on
CPU. Family3 contains a layer with very low arithmetic intensity. That means
the computation is done at same or similar speed as memory access. Under this
circumstance, the CPU core suffers from long memory access latency that is avoided
by PNM. So, the family3 is more suitable for PNM. Characteristics of layers in
family4 are neutral. The choice of hardware depends on the specific information of
the layer. Since the PUM simulator provides specific hardware for each model, we
believe that every layer can benefit a lot from PUM. The comparison between CPU
and PUM or PNM and PUM will be discussed later.

4.3 PNM

In table 4.5, we present the speedup of different models using PNM. The baseline we
use is the CPU core with the configuration in table 4.1. All four models have better
performance on CPU. To get a better understanding, we observe the behavior of
each layer separately.

Table 4.5: Speedup of four models using PNM

Model Speedup
VGG8 0.51
UNet 0.05
ResNet18 0.24

MobileNetV3 0.56

In figure 4.2, we present the speedup of different families. As predicted, the layers in
family3 are more suitable for PNM than those in other families. Layers in familyl
and family2 are more suitable for CPU. Based on the high-level understanding of
the connection between application characteristics and advantages of hardware, we
will analyze every model in detail.
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Figure 4.3: Speedup of VGG8 on PNM simulator
(Baseline is the simulated CPU)

VGGS

As shown in figure 4.3, there is no performance improvement brought by
near-memory processing for any of the six convolution layers. This is in contrast to
the two fully connected layers which have different levels of speedup. The structure
and the metrics of VGGS are listed in Appendix A.

The two fully connected layers have lower arithmetic intensity than the convolution
layers. The fcl and fc2 have similar arithmetic intensity but the memory footprint
of fc2 is lower than fcl. As mentioned in table 4.1, the frequency of the CPU is
approximately 3 times faster than the PNM core. For an application with a small
memory footprint, the advantage of PNM in short memory access is weakened by
the short computation time of the CPU. Thus, the speedup of fc2 is lower than fcl.

UNet

The structure and the metrics of UNet are listed in Appendix A. Different from
VGGS8, UNet has a symmetric structure. This symmetry can be observed in
figure 4.4. When the memory footprints and the arithmetic intensity of the two
layers are the same, the speedup of them are the same. Similar to VGGS8, the
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convl9 with the lowest arithmetic intensity can benefit from PNM.
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Figure 4.4: Speedup of UNet on PNM simulator
(Baseline is the simulated CPU)

ResNet

For ResNet18, we compare the speedup of normal convolution layers, downsample
convolution layers that have 1x1 kernels, and a fully connected layer listed in
the appendix. Since the downsample layers have lower arithmetic intensity than
convl and conv2, they have relatively higher speedup according to figure 4.5. But
compared with the fully connected layer, they still count as compute-intensive in
Appendix A. And similar to VGG8 and UNet, the fully connected layer still benefits
from PNM.

4.01
3.59
3.01
2.54
2.01
1.5
1.0

0.5 0.4 0.4

0.24 0.21
0.0 LI I

convl conv2 downsamplel downsample2 fc

Figure 4.5: Speedup of ResNet18 on PNM simulator
(Baseline is the simulated CPU)

MobileNet

For MobileNetV3 we compare different convolution layers and fully connected layers
together. Similar to the VGGS, UNet and ResNet, normal convolution layers, convl,
conv2 and conv3 are more suitable for CPU execution. Different from ResNet, the
speedup of two convolution layers in SE modules with 1x1 kernels are approximately
10x. As listed in Appendix A, SE.convl, SE.conv2 and two fully connected layer
fc2 all have vert low arithmetic intensity. Thus, they are suitable for PNM. This
observation is consist with before, but the fcl have better performance on CPU.
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Figure 4.6: Speedup of MobileNetV3 on PNM simulator
(Baseline is the simulated CPU)

As shown in table 4.6, for fc2 the difference between the computation time of
near-memory core and CPU core is covered by the memory access latency in CPU
core. For fcl, the advantage of PNM is weakened by the long computation time of
PNM core.

Table 4.6: CPU execution time breakdown of fcl and fc2

Layer CPU computation time (ps) CPU memory access time (js)

fcl 2380 1940
fc2 18 876
Layer PNM core computation time (js)
fcl 14200

fc2 87

Estimated performance improvement

Based on the results above, we partition the models into layers and assign them to
the suitable hardware. The estimated performance improvement from the simulator
is shown in table 4.7. Compared with VGG8 and MobileNetV3, UNet and ResNet18
have quite low speedup. This is because there is only one layer that can be
accelerated by PNM and these layers account for a small portion of the total
execution time of the models. These data are from ramulator-pim simulator using
a specific architecture. Instead of proving how much performance improvement we
can get from using PNM, we want to show that it is possible to accelerate CNN
with PNM and a rough estimation of speedup.

Energy Analysis

After the discussion on latency, we explore the energy improvement brought by
PNM. As shown in table 4.8, PNM can reduce the energy consumption for most
layers. Since the PNM architecture we simulate has a core slower than CPU and
nearer to the memory, the energy spent on computation and memory access can be
reduced.
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Table 4.7: Speedup of four models using PNM

CPU  CPU+PNM

Model (ms) (ms) Speedup
VGGS8 177.99 91.96 1.94
UNet 42.94 42.93 1.0002
ResNet18 288.96 288.86 1.0003
MobileNetV3 1405.51 1104.44 1.27

Table 4.8: Estimated energy improvement of layers in VGG8 using PNM

Layer Improvement in energy consumption

convl 1.12x
conv2 0.91x
conv3y 1.11x
conv4 1.13x
conv) 1.26x
convb 1.23x

fcl 43.01x

fc2 7.55x

4.4 PUM

The PUM simulator we use generates specialized hardware to accelerate the inference
of the network models. For every model, there is a specific designed circuit. Since
the PNM processing and the CPU have similar architectures, it is reasonable to
compare them side by side. But PUM simulator provides different technology and
architecture. Thus in this section, we will compare the PUM and CPU and present
data to show the advantages and disadvantages of PUM.

In table 4.9, we listed the speed of four models using PUM. The baseline is still the
CPU core with the configuration in table 4.1.

Table 4.9: Speedup of four models using PUM

Model Speedup
VGGS 70.44
UNet 6.93
ResNet18 21.34

MobileNetV3  157.11

PUM can provide a great performance improvement. And since the hardware is
optimized according to the application, the characteristics of layers are weakened.
One example is that the convolution operations are mapped into multiplication in
memory cells. One input is involved in one computation. Thus, the arithmetic
intensity is a constant number. However, the memory footprint is still an important
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characteristic. Since the more parameters involved, the more memory cells are used.
To validate our prediction, we still break the models down into layers.
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Figure 4.7: Speedup vs memory footprint of layers in four models
(Baseline is the simulated CPU)

As shown in figure 4.7, we can see that the larger the memory footprint is, the more
speedup we can get from using PUM. This is a reasonable result. Compared to
PUM, CPU needs time to fetch the parameters for computation. The larger the
memory footprint is, the longer the memory access time for CPU is. Since the PUM
saves the memory access time, it can gain more speedup when more parameters
are involved. But we also observe an increase in energy as the memory footprint
increases. For PUM the parameters for computation need to be stored in memory
cells. The larger the memory footprint is, the more memory cells are used. As a
result, the dynamic energy increases.

Besides the trade-off between energy consumption and speedup, we also find some
impractical aspects of this tool. One example is that the scalability with input size
of this architecture is not good. We run the VGG8 and UNet on DNN+NeuroSim
with 32x32 and 224x224 inputs. The results are shown in table 4.10. For both
VGGS8 and UNet, the increase in input size directly leads to the area cost, latency
and energy consumption.
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Table 4.10: Area, latency and energy comparison between different input size

. Area  Latency Dynamic energy Leakage energy
Model Input size (mm?) (ms) (nJ) (nJ)
VGCs 32x32 58.7 1.36 50.72 1.48
224x224  1311.0  934.95 6919.69 1760
UNet 32x32 3.2 0.58 80.58 0.03
224x224 18.8 136.44 363.92 6.92
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Conclusion

In our report, we used a simulated CPU as our baseline and estimated the
performance improvement we can get from using PNM and PUM with simulators.

The characteristics we found that make applications more suitable for PNM are
large memory footprint, small FLOPS and very low arithmetic intensity. For PUM,
a large memory footprint leads to higher speedup but also more energy consumption.

The advantage of our simulated PNM architecture is very small memory read latency
while the disadvantage is the low frequency of the PNM core. Since the core is
slower than CPU and nearer to memory, PNM may also have an advantage in
energy consumption. PUM is a powerful emerging technology that can provide
great improvement of latency compared to CPU. The drawbacks such as scalability
with input size also limit the actual implementation of PUM.

We have found a way to apply PNM processing on CNN acceleration by application
partition. =~ We partitioned the CNN models into layers. According to the
characteristics of the layer, we assigned it to PNM architecture or CPU. Due to
the time limitation, we have not found a way to combine PNM and PUM togther.

By using current simulation flow and tools, there is still much work that can be
done in the future. First, now we have only four CNN models. The application
characterization may be not comprehensive. Second, except for latency, energy is
another aspect of performance. We have done the energy analysis of VGGS8 using
McPAT. The same analysis can be done on other models. Finally, we have compared
PNM with CPU and compared PUM with CPU. The next step is to compare PNM
with PUM. This will provide us with a deeper understanding of PIM technologies.
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A

Appendix
Table A.1: Metrics of VGGS
layers  input size kernel size  parameters arithmetic intensity
convl  [1,3,32,32] 3,128,3,3] 6528 1084.24
conv2 [1,128,32,32] [128,128,3,3] 278528 1084.24
convd [1,128,16,16] [128,256,3,3] 327680 460.80
convd [1,256,16,16] [256,256,3,3] 655360 460.80
convb  [1,256,8,8]  [256,512,3,3] 1196032 126.25
conv6  [1,512,8 8]  [512,512,3,3] 2392064 126.25
fcl [1,8192] [8192,1024] 8388608 2.00
fc2 [1,1024] [1024,10] 10240 1.82
Table A.2: Metrics of UNet
layers  input size kernel size parameters arithmetic intensity
conv2  [1,3,32,32]  [3,3,3,3] 3153 52.61
convd  [1,6,16,16]  [6,6,3,3] 1860 89.19
conv6 [1,12,8,8] [12,12,3,3] 2064 80.37
convy [1,24,4,4]  [24,24,3,3] 5568 29.79
convl2 [1,24,4,4] [24,24,3,3] 5568 29.79
convl4d [1,12,8,8] [12,12,3,3] 2064 80.37
convl6 [1,6,16,16]  [6,6,3,3] 1860 89.19
convl8 [1,3,32,32] [3,3,3,3] 3153 52.61
convl9 [1,3,32,32]  [3,2,1,1] 3078 3.99
Table A.3: Metrics of ResNet
layers input size kernel size  parameters arithmetic intensity
convl [1,64,56,56] [64,64,3,3] 237568 973.24
conv2 [1,64,56,56] [64,64,3,3] 237568 973.24
downsamplel [1,128,28,28] [64,128,1,1] 108544 118.34
downsample2 [1,256,14,14] [128,256,1,1] 82944 154.94
fc [1,512] [512,1000] 512512 2.00
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Table A.4: Metrics of MobileNet

layers input size  kernel size  parameters arithmetic intensity
convl [1,96,7,7]  [96,576,1,1] 60000 90.34
conv?2 [1,576,7,7]  [1,576,5,5] 426624 33.14
convy [1,576,7,7] [576,96,1,1] 835520 64.89
SE.convl [1,96,1,1]  [96,24,1,1] 2400 1.94
SE.conv2 [1,24,1,1]  [24,96,1,1] 2328 2.06
fcl [1,28224]  [28224,1280] 36154944 2.00
fc2 [1,1280] [1280,1000] 129280 1.98
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