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Abstract

The gap between the processing speed of the CPU and the access speed of the memory
is becoming a bottleneck for many emerging applications. This gap can be reduced if the
computation can be taken closer to the memory through near-memory processing (NMP).
Among the logic options, application-specific integrated circuits (ASICs) are highly efficient
in terms of power and area overhead for NMP logic integration. In this thesis, we aim to
accelerate Convolutional Neural Networks (CNNs) by integrating custom hardware near the
memory. As CNNs are widely used in several emerging applications, the designed hardware
can be extensively used in all such cases. To design an NMP-based system with high per-
formance and energy efficiency, we explore various techniques such as leveraging parallelism,
exploiting data sparsity, and utilizing computation redundancy to reduce the number of
operations. All such techniques result in hardware designs that implement the appropriate
dataflow and data-parallel algorithm. The designs have positively impacted the system’s
performance and energy efficiency. To examine the deployability of the NMP approach, we
perform experiments on various memory technologies like 3D memory, hybrid memory, and
the commodity DRAM. Additionally, we also measure the efficacy of NMP for other appli-
cations like database operations. The proposed systems have performed substantially well

while comparing them with various baselines and state-of-the-art works.
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1

Introduction

Moore’s law [10] coupled with Dennard scaling [11] has helped in improving the processor
chip’s performance in terms of increased clock frequency with every generation. However,
with the end of Dennard scaling, the chip’s performance (in terms of frequency) could not
be improved as it became a challenging task to handle the dissipated heat by the processor
because of the power-wall problem [12]. Alternatively, researchers have moved towards the
multi-core processor to keep up with Moore’s law. The multi-core processors have been
proven to be a huge success in terms of delivering high performance in the last few years.

However, with the advent of emerging data-intensive applications, the memory access
cost in terms of latency and energy has become a severe bottleneck for multi-core systems.
Several of these applications that involve deep neural network (DNN) algorithms suffer from
low temporal locality [13, 14]. Consequently, the cache hierarchy becomes less effective,
and the main memory footprints increase, resulting in overall degradation in the system’s
performance and energy consumption due to the longer access latencies and increased energy
consumption. The off-chip main memory access is costly as it requires additional cycles and
energy per access. One solution, to avoid the longer data access latency and energy before
the processing of data, is near-memory processing (NMP) [3, 15, 16] or processing-in-memory
(PIM) [17, 18].

1.1 Near-memory Processing (NMP)

In near-memory processing (NMP), computations are moved close to the data by placing
some processing units near the memory. Initial proposal of NMP was made in 1990s [19].
This approach could not be adopted at that time as incorporating costlier logic with memory
increased the cost per bit, and memory industries are cost-sensitive. However, the recent
inclination towards data-intensive applications, the energy constraints due to the end of

Dennard scaling, lower cost per bit, and the emergence of 3D memory have again encouraged
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1.2. NEAR-MEMORY PROCESSING (NMP) VS. PROCESSING-IN-MEMORY (PIM)

Table 1.1: Data movement overhead across the memory hierarchy.

Dynamic read energy
Access latency [20, 21] | per cache line (nJ)
@32 nm node[22]

Llcache 2-4 cycles 0.07
L2 cache 8-12 cycles 0.27
L3 cache 25-40 cycles 0.54
Main memory 100-200 cycles 14.2

the resurgence of the NMP. The concept of NMP promotes less data movement through the
memory hierarchy, leading to substantial improvements in the system’s performance, energy
efficiency, and reliability. The data movement between any two consecutive levels of memory
requires different latency and energy. The same can be verified in Table 1.1. Note that the
values reported in Table 1.1 give a glimpse of the data movement overhead at different levels
of the memory hierarchy. These values can also vary based on the different configurations,
generations, and technology. Processing data near the memory can save the overhead of data
movement through the long path of the memory hierarchy, resulting in improved performance

and energy efficiency for NMP-based systems.

1.2 Near-memory Processing (NMP) vs. Processing-
in-Memory (PIM)

Although both the processing-in-memory (PIM) and near-memory processing (NMP) advo-
cate bringing the computations close to the memory, there are a few differences between the

PIM and NMP based systems. The following sections explain their brief differences.

1.2.1 Processing-in-Memory (PIM)

Characteristics of the memory (subarrays/cells) are explored, and/or small circuits are in-
tegrated with the memory cells to perform computations in processing-in-memory (PIM)
architectures. The PIM operations allow computations to be done inside the memory where
they are actually stored, thus eliminating the need for most data movements during com-
putations. PIM is proposed to exploit the high internal bandwidth of the memory chips to
accelerate computations by modifying the internal architecture or operations of the mem-
ory chip. Both the DRAM and non-volatile memory (NVM) like resistive RAM (ReRAM),

phase-change memory (PCM), and spintronic memory have been explored to implement PIM
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1. INTRODUCTION

designs. In the PIM approach, the implementation of logic operations is highly dependant
on the specific memory technology used. However, the modifications are usually less to keep
the area overhead minimal. Some PIM-based solutions minimally change the cell architec-
ture while primarily relying on altering memory commands from the memory controller.
Several operations like copying row of cells [23], logical operations such as AND, NOT, and
OR [24-26], and arithmetic operations such as addition, multiplication [27-29] have been
implemented using the PIM-based approach. In DRAM, the charge sharing technique has
also been explored to enable bulk AND and OR operations [27].

The PIM approach has been primarily used inside the emerging NVM memories. In
[26], multiple rows in a resistive memory sub-array are activated to enable bitwise logical
operations. Besides conventional logic operations, NVM-based PIM has also proven helpful
for accelerating neural network (NN) computations [30, 31]. The NNs often contain a high
amount of dot-product operations of synaptic weights and input feature values as their
primitive operations. The cell conductance in the rows of NVM-based memristive crossbar
arrays (MCA) can be used to represent synaptic weights, while the input feature values can
be represented by the wordline voltages [32]. When current flows through each bitline, a dot
product of input and weight is achieved in a column. This process helps in accelerating NN

operations using the PIM approach.

1.2.2 Near-memory Processing (NMP)

While PIM promotes modifying the memory itself to implement computations inside the
memory, near-memory processing (NMP) typically suggests integrating additional processing
elements (PEs) close to the memory. The NMP design utilizes traditional PEs for the
processing of data. The researchers have put in efforts to integrate the PEs both in 2D
memories [2] and 3D memories [3]. While conventional DRAM is exploited as 2D memory,
3D memories like hybrid memory cube (HMC) [3, 15], and high bandwidth memory (HBM)
[33] provide a suitable environment for integrating PEs close to the memory to leverage
benefits of NMP. Compared to HBM, HMC architecture provides highly parallel access to
the memory [3], and HMC also includes bandwidth multipliers for the PEs in its logic
layer, which is not present in the case of HBM [34]. However, as the computations are not
performed directly inside memory arrays, the PEs in NMP do not leverage the same degree of
internal memory bandwidth available in PIM designs. One advantage of NMP designs is that
they can execute more coarse-grained and complex computations compared to PIM designs.
Apart from that, the computations are done in the analog domain for the NVM-based PIM,

unlike the NMP approach. Consequently, communication with digital circuitry necessitates
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1.3. CHALLENGES IN THE PRACTICAL IMPLEMENTATION OF NMP APPROACH

Table 1.2: Design issues in NMP logic options [8].

NMP logic options Area Efficiency | Power Efficiency | Flexibility
Programmable Cores No No Yes
FPGA (fine-grained) No Yes Yes

CGRA (coarse-grained) Yes No Yes
ASICs Yes Yes No

the use of analog-to-digital (ADC)/digital-to-analog (DAC) converters. These conversions
degrade the signal precision. Additionally, the area/power overhead of ADCs/DACs is also
significantly high. The ADC/DAC can take 85% [35] to 98% [36] of the total area/power of

a neuromorphic computing system.

1.3 Challenges in the Practical Implementation of NMP
Approach

There are a few challenges in implementing the NMP approach. They are as follows:
e The hardware-software interface should be implemented for practical implementation.

e NMP systems are distributed, and hence maintaining coherency of data is also a chal-

lenge.

e If thread-based applications (multi-threaded applications) are executed in NMP, then

communication and synchronization between the threads have to be handled [13].

e [f the older conventional programming model has to be used, the proper runtime in-
terface needs to be implemented so that the end-user can be unaware of NMP imple-

mentations.

1.4 NMP Logic Options

We can primarily use four types of processing elements as an NMP logic option. Each of

them has its own pros and cons. The options are shown in Table 1.2.

e Programmable cores are flexible as they are general purpose. However, they require
more area and power, which is not preferable in the strict area/power budget of near-

memory integration.
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Figure 1.1: An abstract view of DRAM [1].

e Field Programmable Gate Arrays (FPGAs) are suitable in terms of both flexibility and

power efficiency, but area efficiency is still an issue.

e Coarse-grain reconfigurable accelerators (CGRAs) provide decent performance and
flexibility with reasonable area overhead in exchange for less power efficiency due to

large interconnects.

e Application-specific integrated circuits (ASICs) are fast, power-efficient, and area-

efficient. However, the flexibility is an issue as they are application-specific.

We choose ASICs and address the flexibility issue by targeting widely used algorithms that
can be used in several applications. Below we discuss a few essential concepts used in the

contributions of the thesis.

1.5 Memory Technologies

1.5.1 DRAM-based Main Memory

Dynamic random access memory (DRAM) is the most heavily used main memory system
among available memory technologies. The architecture of a DRAM is explained in the
following section.

1.5.1.1 An Abstract Architecture

Figure 1.1 shows an abstract view of a DRAM. Each DIMM (dual in-line memory module) of

a DRAM is composed of multiple ranks, and each rank is made of multiple chips to increase
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Figure 1.2: An abstract view of DRAM with integrated logic [2].

the width of the memory channel. Modern DRAM chips are typically multi-banked, each
servicing requests independently from others. Each bank is composed of mats or the 2D-
subarray of memory cells, as shown in Figure 1.1. An entire row of data is brought to the row
buffer with the help of control wires like wordlines and bitlines. The row buffers primarily
include a set of sense amplifiers that amplify the small change of voltage to a stable voltage
level. A few bits are sent to the I/O pads by the column decoder from the entire row of a

row buffer.

1.5.1.2 Opportunity of Near-Memory Logic Integration in DRAM

Apart from being used as the main memory, DRAMs have been used to implement the PIM
concept [18, 37| by modifying the DRAM’s architecture. Unlike PIM, researchers have also
put in efforts to integrate additional logic in the DRAM’s data path [2, 38] to leverage the
benefits of near-memory processing. An example of bank-level and chip-level integration of
additional logic is shown in Figure 1.2. The buffered compare units (BCU), proposed in
the literature [2], are additional logic units integrated near the DRAM’s bank and chip for
data processing. The logic units can be integrated with each bank (bank-level integration)
to exploit bank-level parallelism. Another place of near-DRAM logic integration can be
the DRAM chip (chip-level integration). The chip-level integration helps in harnessing the
benefits of chip-level parallelism. However, chip-level integration is comparatively lighter in
terms of area/power overhead as fewer numbers of hardware (if 1 logic unit per chip/bank is
used) are integrated compared to the bank-level integration. The additional logic close to the
DRAM helps in faster access of data. However, there is also a strict area and power budget

for near DRAM logic integration. Compared to DRAMs, 3D memories are more deserving
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candidates for near-memory integration of additional logic, as explained in the subsequent

section.

1.5.2 3D Memory

3D memory [39] is one of the promising technology for the main memory system. Multiple
memory layers are vertically stacked on top of a logic layer within a single package by
exploiting low-capacitance through-silicon vias (TSVs). The two popular state-of-the-art 3D
memories are Micron’s Hybrid Memory Cube (HMC) [40], and JEDEC’s High Bandwidth
Memory (HBM) [41]. For our work, we choose HMC for the near-memory integration of the

logic. The architecture of the HMC device is explained in the following section.

1.5.2.1 Architecture

Figure 1.3 shows the abstract view of the HMC memory. The HMC [40] device contains 4 to
8 dies of DRAM memory layers, as shown in Figure 1.3. These memory layers are stacked on
top of each other to form a 3D memory. Each DRAM layer comprises multiple DRAM banks.
A dedicated logic layer (LoB) containing all the interconnects and controllers is placed at
the bottom of the memory layers. The high-speed Through-Silicon-Vias (TSVs) are used to
transfer data between the DRAM layers and the logic layer (LoB). This logic layer helps in
fetching and storing the data in the memory die. Each of the memory layers is divided into
16 to 32 partitions (Part.). The partitions are primarily a collection of memory banks. An
individual stack of these partitions constitutes a vault (vertical slice of the memory die, as
indicated in Figure 1.3). Each vault is equipped with a separate memory controller, namely

the vault controller (VC). All the memory references corresponding to the individual vaults
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1.6. DATA AND COMPUTE INTENSIVE APPLICATIONS

are managed independently by the VCs. HMC uses the host memory controller and SerDes
links for off-stack communications. A crossbar network is used to connect all the vaults of
the HMC. HMC provides higher bandwidth (160-250 GBps) with 3 to 5 times lower access
energy than a traditional DDR3 memory [40].

1.5.2.2 Opportunity of Near-Memory Logic Integration in 3D Memory

With the emergence of 3D memories like hybrid memory cube (HMC) [40] or high bandwidth
memory (HBM) [41], the CMOS logic integration near to the memory has become more

convenient primarily because of a few reasons. The reasons are as follows.

e The 3D-stacked memories like HMC include a dedicated logic layer (LoB) that provides

additional areas for easy integration of complex CMOS logics near the memory.

e The 3D-stacked memories like HMC provide native support for executing simple and

atomic instructions.

e The additional processing elements can exploit the high bandwidth through-silicon vias
(T'SVs) to fetch/store data in the memory die.

e The partitioning of memory die into individual vaults enables superior memory-level

parallelism that can be exploited for improved system performance.

Though 3D memories are more convenient for NMP, we perform experiments on both 2D

and 3D memories to estimate NMP’s efficacy for various scenarios.

1.6 Data and Compute Intensive Applications

The emergence of data- and compute-intensive algorithms like widely used convolutional
neural networks (CNNs) has also stimulated the concept of near-memory processing (NMP).
In our work, we primarily choose CNNs for near-memory acceleration through custom hard-
ware. The CNNs are compute-intensive as a huge number of operations are required to be
performed in both its training and the inference phases [42-44]. The CNNs are also data-
intensive, and they take large datasets as input. Apart from that, the temporal locality
of data [13] is also low during the execution of CNNs. Consequently, the cache hierarchy
often fails to provide a decent hit rate of data. This increases the main memory footprints
for the CNN algorithms. It has been observed that the majority of power consumption in
a neural network circuit comes from the memory accesses [14]. A large amount of data

movement involved in the CNN’s execution results in increased off-chip memory accesses
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1. INTRODUCTION

[45] and thereby degrades the overall system’s performance. The memory access bottleneck
can be eased by avoiding unnecessary data movements while executing the CNN algorithm.
One solution to prevent the data movements in the cache hierarchy is to execute the CNN
algorithm close to the memory using the concept of NMP. The lack of temporal locality and
the abundant parallelism in a target application suggests that the NMP processing should
deliver substantial improvements over conventional processing that waste energy on power-
hungry processor-to-memory links. In this thesis, we aim to accelerate the CNNs through
near-memory integration of custom hardware modules. For a more comprehensive measure-
ment of NMP’s efficacy, we also perform experiments on data-intensive and parallel database

operations.

1.7 Convolutional Neural Networks

Deep learning using convolutional neural networks (CNNs) has become ubiquitous in a wide
range of applications and cloud services. These include Al applications like data analysis in
back-end data centers [46], click-through prediction for placing ads [47], speech recognition
(e.g., Siri, Cortana), image recognition [48], video analysis [49], natural language processing
[50], robotics [51], pharmaceutical research [52], and so on. A typical deep learning algorithm
includes two phases: training and inference [53]. While the training phase is all about
learning new parameters by the model, the inference phase assesses the performance of the

trained model on unseen data. In general, training is performed only once (before a model is

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, fori=1tol I # of input images

iSet of | outputs v forj=1toJ 11 # of filters or # of output channels

: fork=1to K /I # of channels

: H forl=1toL /1 # of columns of output_activation

Output_ ; : form=1toM  //# of rows of output_activation

2@5 activation forn=1to N  // # of columns of filters

& forp=1to P //# of rows of filters ;
: T output_activation [i] [j] [I] [m] += H

; output_activation input_activation [i] [k] [I+n-1] [m+p-1] * filter [j] [K] [n] [p];

(b) 7-dimensional CNN deep-nested loop
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Figure 1.4: An abstract architecture of CNN inference.
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used) with the support of GPUs or farms of GPUs, while real-time inferences are performed
multiple times (as and when required) with the help of multi-core CPUs, GPUs, FPGAs,
or dedicated hardware. In this thesis, we target to accelerate the inference phase near the
memory to accelerate all the real-time inference runs. The detail of the inference is explained
in the following section.

The CNN inference/forward propagation commonly consists of four layers: Convolution
(CONV), Pooling, Non-linear, and Fully-Connected (FC). Figure 1.4 depicts the architecture
of the feed-forward inference phase. The CNN algorithm starts by extracting the basic fea-
tures and traverses through the hidden layers for more complicated features in the subsequent
layers. The feature extraction layers of a CNN primarily consist of a series of convolutional
layers that are made of dot products of two matrices (input_activations and weights) at each
neuron position (shown in Figure 1.4). The pooling layers downsample the feature maps.
Output feature maps of one layer are fed as the input feature maps to the next layer. A new
set of weight matrices representing more sophisticated features is then used for the subse-
quent CONV layers. In the classification layer, the inference phase terminates by producing
the prediction results for the set of input samples. The 7-dimensional deep-nested loops,
shown in Figure 1.4 (b), represent operations of the activation layers. Interestingly, the se-
quence of loop executions is independent and can be reordered since multiply-add operations
are associative in nature. Consequently, the computations can be distributed among the var-
ious processing units placed near the memory to achieve parallelism. The computations and
data distribution patterns lead to different dataflows, one of the major differentiators of the
CNN acceleration works. The different dataflows lead to distinct designs with substantial

impacts on the system’s performance and energy consumption.

1.8 Motivation

In the traditional Von Neumann computing architecture, the processor and the memory are
strictly divided, and they are connected only through the bus. This architecture often creates
hurdles for the data- and compute-intensive applications as latency and energy consumption
for the data movements is considerably high. The extensive data movement also increases
stress on the off-chip memory bandwidth. In Figure 1.5, an example of memory requirement
in neural network processing can be visualized. Figure 1.5 presents the memory requirements
for scene labeling with different input image sizes using convolutional neural network and
MNIST with multilayer perceptron (MLP). It can be observed that it is hard to accommodate
large input sizes and/or deep learning models even by the use of high-density eDRAM-based

on-chip cache memory. This brings additional pressure on the off-chip memory bandwidth
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Figure 1.5: Memory requirement for scene labeling with different input image sizes using
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Table 1.3: CNN Benchmarks [9].

Network Application Dataset ggl;}z/cr‘ of I}‘?aé/crs hrlégh%)chtlonsF(énlls.)
AlexNet Image Classification ImageNet (224 x 224) 5 3 665.8 58.6
GoogleNet Image Classification TmageNet (224 x 224) 57 1 1233.0 1.0
VGG-M Image Classification ImageNet (224 x 224) 5 3 1141.8 85.9
VGG-S Image Classification ImageNet (224 x 224) 5 3 1901.5 96.4
VGG-19 Image Classification ImageNet (224 x 224) 16 3 14999.8 123.6
MobileNet Image Classification ImageNet (224 x 224) 27 1 567.7 1.0
DenseNet-121 Image Classification ImageNet (224 x 224) 120 1 3062.0 1.0
DPNet-92 Image Classification ImageNet (224 x 224) 95 1 7384.5 2.7
ResNet-50 Image Classification ImageNet (224 x 224) 53 1 3855.9 2.0
DnCNN Image De-noising FHD Images (1920 x 1080) 20 0 1.38 x 10° -
FFDNet Image De-noising FHD Images (1920 x 1080) 10 0 3.56 x 10° -
TRCNN Image De-noising FHD Images (1920 x 1080) 7 0 1.95 x 108 -
JointNet Image De-mosaicking + De-noising | FHD Images (1920 x 1080) 19 0 3.25 x 10* -
VDSR Super-resolution FHD Images (1920 x1080) 20 0 1.38 x 10° -

[3]. Processing the data near to the memory (NMP) can solve this problem by avoiding

off-chip communications.

Apart from the memory requirements, CNNs are also computation demanding. Table
1.3 shows the number of multiply-accumulate (MAC) operations for the widely used CNN
benchmarks. CPUs are not suitable for deep learning applications as there are usually fewer
cores in a CPU chip. GPUs are often used to accomplish these millions of operations because
of their several cores for parallel processing [54]. However, the GPUs are power-hungry
platforms [15] and are not suitable for systems having power constraints. Additionally, high-
end GPUs are also substantially expensive than the custom hardware-based accelerators [15].
The application-specific integrated circuits (ASICs) have become popular as energy-efficient

and high-performing alternatives [55, 56]. Integrating these ASICs close to the memory can
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further enhance the system’s performance by amortizing the unnecessary data movement in
the memory hierarchy. Hence, in this thesis, we arrive at the solution of integrating custom
ASICs close to the memory while accelerating data- and compute-intensive applications like
CNNs and database operations. The primary focus of the thesis is kept on CNN because of
its widespread use in emerging applications like data analysis in back-end data centers, click-
through prediction for placing ads, speech recognition (e.g., Siri, Cortana), image recognition,
video analysis, natural language processing, robotics, pharmaceutical research, and so on.
In this thesis, we aim to accelerate convolutional neural networks (CNNs) through
custom hardware integrated close to the memory. While the objective is to achieve high
performance and high energy efficiency for the NMP architecture, the area overhead of the
additional hardware is also kept minimum to accommodate them close to the memory. Apart
from the hardware acceleration, other optimizations on the CNN algorithm have also been
explored to optimize the hardware designs further. The following section summarizes the

objective and outline of the works done for this thesis.

1.9 Objectives

The objective of this research is to investigate the efficacy of unconventional systems having
near-memory processing ability. The proposed systems aim to deliver high performance and
energy efficiency in exchange for minimal area overhead. The more specific goals of the

research are mentioned in the following.

1. Reducing data movements: We aim to design near-memory processing-based sys-
tems that reduce the data movements in the memory hierarchy, leading to savings in

latency and energy consumption.

2. Designing accelerators: We also aim to design custom accelerators for faster execu-
tion of the target application like CNNs and database operations. Towards achieving
parallelism, multiple custom hardware modules are integrated into the proposed sys-

tems.

3. Supporting widespread applications: Providing support for a wide range of appli-
cations is another objective of this research. Custom accelerators are usually application-
specific. Consequently, choosing a primitive algorithm for the accelerator is crucial for
the usefulness of the system. We choose the widely used CNN algorithm and database
operation to be accelerated near the memory. The selection of such algorithms can

directly and indirectly benefit a number of recent applications.
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4. Achieving high throughput: This research also aims to obtain high performance
and energy efficiency while executing the target applications near the memory. Towards
this end, we aim to explore optimizations like exploiting data sparsity and redundancy

of computations to amortize the number of computations.

5. Examining the deployability: We integrate the proposed hardware units near the
main memory. Towards Examining the deployability of the NMP approach, we aim to
integrate the hardware units both with the 2D, 3D memories and measure its impact

on the system’s performance, energy consumption, and area overhead.

6. Investigating the applicability: To investigate applicability of the NMP approach,
we also design systems that accelerate other applications like database operations near

the memory.

1.10 Thesis Contributions

In this thesis, we primarily target to accelerate the inference phase of CNNs. Improving the
performance for the inference benefits several real-time applications. We implement both the
hardware- and software-based techniques to improve the system’s performance and energy
efficiency while executing the CNN inference phase. A brief overview of all the contributions

is explained in the following section.

1.10.1 CLU: A Near-Memory Accelerator Exploiting the Paral-

lelism in Convolutional Neural Networks (Contribution 1)

The gap between the processing speed and the memory-access latency in multi-core systems
affects the performance and energy efficiency of the CNN/DNN tasks. This work aims to
alleviate this gap by providing a simple and yet efficient near-memory accelerator-based sys-
tem that expedites the CNN inference. Towards this goal, we design an efficient data-parallel
algorithm to accelerate CNN/DNN tasks. The data is partitioned across multiple memory
channels (vaults) to assist in the execution of the parallel algorithm, and the intermediate
results are appropriately consolidated. We design a hardware unit, namely the convolu-
tional logic unit (CLU), which implements the parallel algorithm. To harness the benefits of
near-memory processing (NMP), we integrate homogeneous CLUs on the logic layer of the
3D memory. The proposed system achieves a substantial performance and energy reduction

compared to multi-core CPU- and GPU-based systems with a minimal area overhead.
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We choose HMC as our memory base for the NMP implementation. In the logic layer
(LoB) of HMC, each HMC’s vault is equipped with a separate vault controller. One CLU
unit is integrated with one vault controller, leading to 16 CLUs working in parallel. The
feature maps of each hidden layer are partitioned horizontally, and each slice of data (chopped
feature maps) is then distributed across all the vaults for the concurrent processing in the
CLUs. We compare the proposed system with quad-core, 64-core, and GPU-based systems.
On average, we get around 101.83x and 74.69x improvements over the quad-core and 64-core
CPU-based systems, respectively. We acquire a speedup up to 13.87x over a standard GPU.
We also obtain around 218.40x, 160.33x savings in energy over 64-core CPU, quad-core CPU
based systems, respectively, and maximum up to 33.76x energy savings over the GPU based
system. The gain in performance and energy savings for the proposed system is achieved by
the efficient CLU design, parallel processing of inference task, and from the NMP approach.
The details of this work are described in chapter 3.

1.10.2 nZESPA: A Near-3D-Memory Zero Skipping Parallel Ac-
celerator for CNNs (Contribution 2)

The inference phase of CNNs is primarily used in real-time applications. Consequently,
the need for performance improvement is exceptionally high. State-of-the-art has either
exploited the parallelism of CNNs, or eliminated computations through sparsity, or used
near-memory processing (NMP) to accelerate the CNNs. We introduce NMP-fully sparse
architecture, which acquires all three capabilities. The proposed architecture is parallel
and hence processes the independent CNN tasks concurrently. To exploit the sparsity [57],
the proposed system employs a dataflow, namely, Near-3D-Memory Zero Skipping Parallel
dataflow or nZESPA dataflow. This dataflow maintains the compressed-sparse encoding
of data that skips all ineffectual zero-valued computations of CNNs. We design a custom
accelerator that employs the nZESPA dataflow. The grids of nZESPA modules are integrated
into the logic layer of the hybrid memory cube. This integration saves a significant amount
of off-chip communications while implementing the concept of NMP.

In the proposed system, a grid of nZESPA units is integrated with each vault by replac-
ing the crossbar network with the 2D mesh network-on-chip (NoC) in the LoB. 16 nZESPA
modules are connected through NoC and form a grid, leading to 256 nZESPA modules work-
ing in parallel to execute the inference tasks. The nZESPA hardware uses compressed data
format with the help of a checker module and nZESPA controller. The compressed data
format reduces the data to the number of non-zero elements both for weights and activa-

tions. We compare the proposed architecture with three other architectures which either
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do not exploit sparsity (NMP-dense) or do not employ NMP (traditional-fully sparse), or
do not include both (traditional-dense). The proposed system outperforms the baselines in
terms of performance and energy consumption while executing CNN inference. Compared
to the NMP based architectures, all traditional architectures suffer from longer data access
latency and higher per bit energy cost due to the high off-chip communication cost. We
have achieved the maximum speedup over traditional-dense architecture. The reasons are:
1) traditional-dense architecture works on dense data, and 2) it does not own the NMP
capability. The gain over the traditional-fully-sparse architecture is comparatively less as it
owns the similar property of exploiting sparsity for both the weights and activations. The
gain over this architecture stems out only from the additional NMP capability of the pro-
posed system. The proposed system performs better than NMP-dense because it is dense,
and no computations are eliminated in NMP-dense architecture. On average, the proposed
system obtains a maximum of up to 20.30x, 3.16x, and 6.09x improvement in the per-
formance over the traditional-dense, traditional-fully-sparse, and NMP-dense architecture,
respectively. Additionally, the proposed system achieves a maximum of up to 19.9x, 5.69x,
and 3.44x energy efficiency on an average, compared to the traditional-dense, traditional-
fully-sparse, and NMP-dense architecture, respectively. Chapter 4 covers this work in more
detail.

1.10.3 ALAMNI: Adaptive LookAside Memory based Near-memory
Inference engine for eliminating multiplications in real-time
(Contribution 3)

The primary aim of this thesis is to improve the performance and energy efficiency of our
proposed system while accelerating CNNs. Towards this goal, we incorporated another op-
timization of skipping the redundant computations in our designed hardware and integrated
them close to the memory. Our proposed hardware, namely Adaptive LookAside Memory
based Near-memory Inference engine (ALAMNI), reduces costly multiplications of CNNs
with the help of lookaside memory (LAM). The ALAMNI controller keeps the most frequent
triplets of weight (W), activation (A), and multiplication result (M), (W, A, M), in the LAM,
which is used to eliminate matching computations. The LAMs are updated at runtime. It
is effective on unseen data as it does not require any data pre-profiling overheads. As an
additional optimization, we introduce a bitmasking concept to increase the hit rate of LAMs
and further amortize computations. This bitmasking can be reconfigured to achieve the
desired classification accuracy.

The designed ALAMNI unit is integrated with the vault controller of the HMC device,
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similar to the previous contributions. In ALAMNI, we modify the MAC units into LAM-
MAC; units by integrating two 64-entry content addressable memories (CAM) and a result
buffer (64-entry). The first CAM caches the activations (A), and the second CAM caches
the weights (W) from the most frequent (W, A) pairs. The associated result buffer stores
the multiplication result (M) for the given (W, A) pair that hits in the CAMs. To skip the
multiplications, the ALAMNI controller uses this LAM-MAC,; units by taking precomputed
results directly from the result buffer for the matching (W, A) pairs in LAM. To measure the

efficacy of the proposed system, we evaluate three NMP-based architectures.

1. NLN: The system with near-memory hardware acceleration without using LAM search
is termed as No_LAM_NMP or NLN. This architecture does not skip any multiplication

operations.

2. ALAMNI: Here, the system with ALAMNI units skips the multiplications using LAM

hits without using any bit-masking approximation.

3. ALAMNI-Opt: Here, the system with ALAMNI units skips multiplications using
LAM hits with the approximation of using 5-bit masking.

The NLN architecture performs the worst among all three architectures. The reason is:
NLN has neither got the benefits of LAM search nor the bit-masking. ALAMNI performs
better than the traditional NLN, but not the best as it only leveraged the advantage of
the temporal locality from the unmasked data through LAM search. Consequently, a lesser
amount of multiplications are skipped here compared to the ALAMNI-Opt. The ALAMNI-
Opt stands out to be the best in terms of performance because of the increased hits in LAMs
due to bit-masking. Hence, more multiplications are skipped in ALAMNI-Opt, compared
to the ALAMNI. ALAMNI achieves around 43.48% performance gain and 42.65% energy
savings compared to NLN. On a 5 bit-masking, the performance gain and energy savings
can rise up to 54.02% and 53.35%, respectively, over the NLN. Chapter 5 presents the full

description of this work.

1.10.4 Contribution 4: Exploring Other Avenues for NMP Pro-

cessing

The fourth contribution focuses on two objectives, thereby manifesting the NMP approach’s

efficacy in a broader domain. They are as follows.

1. Till this point, we explored near-memory acceleration of CNNs only in the 3D-memory.

However, to establish the efficacy of the NMP approach, it is also essential to test the
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concept for other popular memory technologies. Towards this end, we implement
NMP-based systems for popular memory technologies like hybrid main memory and
DRAMs. In this context, we accelerate the CNN inference close to the DRAM-PCM-
based hybrid memory and close to the DRAM.

2. Apart from the CNNs, we also explore near-memory acceleration for another parallel

and data-intensive application such as database operations.

This broader domain of experiments in terms of memory technology and application provides

deeper insights about the system’s performance and energy efficiency of NMP-based systems.

1.10.4.1 Hydra: A Near Hybrid Memory Accelerator for CNN Inference

It is essential to integrate additional processing elements close to other emerging main mem-
ory subsystems to examine the efficacy of the near-memory approach. Non-volatile memory,
such as phase-change memory (PCM), has emerged as a promising DRAM alternative. It
is also used in combination with DRAM, forming a hybrid memory. Though near-memory
processing (NMP) has been used to accelerate the CNN inference, the feasibility/efficacy of
NMP remained unexplored for a hybrid main memory system. Additionally, PCMs are also
known to have low write endurance, and therefore, the tremendous amount of writes gener-
ated by the accelerators can drastically hamper the longevity of the PCM memory. In this
work, we propose Hydra, a near hybrid memory accelerator integrated close to the DRAM
to execute inference. The PCM banks store the models that are only read by the memory
controller during the inference. For entire forward propagation (inference), the intermediate
writes from Hydra are entirely performed to the DRAM, eliminating PCM-writes to enhance
PCM lifetime. Unlike the other in-DRAM processing-based works, Hydra does not eliminate
any multiplication operations by using binary or ternary neural networks, making it more
suitable for the requirement of high accuracy. We also exploit inter- and intra-chip (DRAM
chip) parallelism to improve the system’s performance. On average, Hydra achieves around
20x performance improvements over the in-DRAM processing-based state-of-the-art works

while accelerating the CNN inference. The details of this work are explained in chapter 6.

1.10.4.2 Exploring the Design Space for Near-DRAM MAC-based Inference

Engine

In recent works, near-memory processing (NMP) has emerged as a reliable solution in accel-
erating CNNs. However, prior works either have used 3D memories to integrate the CNN
accelerators or modified the cell arrays in 2D memories to introduce some computing ca-

pability to accelerate the CNNs. In this work, we propose to integrate custom hardware
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with 2D memory, specifically the widely used DRAMs, for accelerating the CNN inference
using the NMP concept. Integrating logic near the DRAM is challenging because of the
strict area and power constraints. Consequently, exploration of the design space based on
the performance, power consumption, and area overhead can be beneficial for the practical
implementation of the near-memory MAC-based inference accelerators. Towards this aim,
we design near DRAM inference accelerator (DiA) and integrate multiple such units inside
the DRAM’s chip. We explore both the chip-level and bank-level integration of DiA units
to see the effects on the system’s performance, power consumption, and area overhead. We
also design two optimized versions of DiA, namely DiA-lightl and DiA-light2, and study
their effect on the design space for near-DRAM logic integration. We exploit the intra-
chip/bank and inter-chip/bank parallelism through our data partitioning scheme to execute
the inference tasks concurrently. Among the proposed architectures, the most aggressive
DiA at bank-level integration delivers 41x - 43x better performance, while the lightest DiA-
light2 at chip-level integration achieves around 17x speedup compared to the state-of-the-art
works. The proposed architectures incur area overheads of around 1.24 - 5.56% based on the

hardware and its place of integration. The details of this work are included in chapter 6.

1.10.4.3 Towards Near-Memory Processing of Compare Operations in 3D-Stacked
Memory

We explored CNN acceleration using the NMP approach. Apart from CNNs, we also exam-
ine the system’s throughput for other data-intensive and parallel applications like database
operations. Compare or scanning is the core operations of many applications, typically in
a database. Such operations can leverage the benefits of NMP as they involve a significant
amount of off-chip communications. We propose near-data compare unit (NDCU), a less-
invasive hardware that can be integrated with the existing ecosystem of the hybrid memory
cube (HMC). While integrating NDCU, we have designed two full-system architectures, one
is lighter NMP with no parallelism (NNP), and the second is NMP with vault level parallelism
(NVLP). While the first architecture is more power and area efficient, the second one is fast
with negligible overheads. With the motive of carrying out scan operation near the memory,
we have specifically implemented NDCU to perform ‘compare-n-hit’, ‘compare-n-count’” and
‘compare-n-max’ operations on both row-store and column-store databases. We observe sig-
nificant improvements over a conventional CPU-based system. We get around 2.3x and 37x
performance improvement in NNP and NVLP architectures, respectively. In both designs,
we reduce the energy consumption by around 8x on average. Chapter 6 presents the full

information of this work.
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1.11 Thesis Organization

The thesis comprises seven chapters which are as follows.

e Chapter 1 provides an introduction, motivation, objectives, and brief ideas of contri-

butions of the research work.

e Chapter 2 summarizes the background and prior works related to the contribution of
the thesis.

e Chapter 3 presents the first contribution. Here, we accelerate the CNN inference in the
logic layer of the HMC device (NMP approach) by exploiting the inherent parallelism
through our proposed dataflow (Objective 1, 2, and 3).

e Chapter 4 illustrates the second contribution where we exploit the sparsity property
as an optimization to the CNN inference. We design the hardware that can take the
benefit of the parallelism, sparsity, and the NMP approach (Objective 1, 2, 3, and
4).

e Chapter 5 contains the details of the third contribution. While exploiting parallelism,
we aim to eliminate the costly multiplication operations as another optimization to the

CNN accelerator close to the memory (Objective 1, 2, 3, and 4).

e In Chapter 6, we include the details of our fourth contribution, where we perform exper-
iments on various memory technologies and applications for the extensive investigation
of the NMP’s efficacy (Objective 1, 2, 3, 5, and 6).

e Chapter 7 finally concludes the thesis.

LI R L T
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2
Background

Artificial intelligence (AI) [58] is the science and engineering of creating intelligent ma-
chines that aim the goals as humans do. The relation between our target algorithm, Convo-
lutional Neural Networks (ConvNets / CNNs), and the whole of Al is shown in Figure 2.1.
Within the domain of AI, machine learning [59] is a large subfield that empowers computers
with the ability to learn without being explicitly programmed. In other words, a single pro-
gram can be created once, and it will be able to learn new intelligent activities outside the
notion of programming. Inside machine learning, there is a sub-area that is often termed
brain-inspired computing [60, 61]. In this field, the algorithms try to mimic the way how
the human brain works. Within brain-inspired computing, spiking [62] is another sub-area
where it incorporates time into the working model, in addition to neuronal and synaptic
status. In neural networks (NNs), a neuron’s computation involves the weighted sum of the
input values. The NNs are the series of algorithms that are primarily used to recognize the
relationship between the vast amount of data. Within neural networks, there is an area
called deep learning [63] where the NNs include more than three layers, i.e., more than one

hidden layer. Deep neural networks (DNNs) are the neural networks primarily used in deep

Artificial Intelligence
Machine Learning
Brain-Inspired

Neural Networks

Deep Learning

Com) @D

Figure 2.1: Taxonomy of Artificial Intelligence [6, 7).
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learning, and these DNNs can have five to more than a thousand network layers. A recur-
rent neural network (RNN) is a class of artificial neural networks (ANNs) where connections
between the nodes produce a directed or undirected graph along a temporal sequence. And
the convolutional neural networks (CNNs) are a common form of DNNs, which includes mul-
tiple convolution (CONV) layers. The CNNs are widely used in classification and prediction

works. In the following section, we discuss CNNs in more detail.

2.1 Convolutional Neural Networks

Convolutional Neural Networks (ConvNets / CNNs) are kind of similar to ordinary neural
networks with minor differences. The ConvNets are primarily used in visual imagery or
computer vision. They are also known as shift invariant or space invariant artificial neural
networks. The CNNs include two phases: (1) training and (2) inference. In training, a
model /network is built for future use, and the models are used in real-time for classification or
prediction in the inference phase. The ConvNets include multiple layers of artificial neurons.
The artificial neurons are an approximate imitation of their biological counterparts, and they
are mathematical functions that compute the weighted sum of multiple inputs to produce
output activations. Every neuron obtains a portion of inputs, performs a dot product with
the weights, and is optionally followed by non-linearity. The entire network expresses a single
differentiable score function where the raw image pixels remain on one end, and the class
scores remain at the other. A loss function in the last (fully-connected) layer provides the
prediction error of a network. In general, the ConvNet architecture makes an assumption of
the input as image samples. The forward function (inference) becomes more efficient as the

number of parameters reduces in the network.
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Figure 2.2: Convolution Operation for One Neuron Position.
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2.1.1 Architectural Overview

Unlike a regular neural network, the layers of a ConvNet consist of neurons arranged in
three dimensions: width, height, and depth. For example, the input images in the CIFAR-
10 dataset have the dimensions of 32x32x3 (width, height, and depth, respectively). The
depth is often referred to as a channel. A simple ConvNet is a sequence of layers where every
layer transforms one volume of activations to another through a differentiable function. The

primary layers/operations of the forward phase (shown in Figure 1.4) are as follows.

1. Convolution layer (CONV): Figure 2.2 shows the example of convolution opera-
tion of one neuron position. The CONV layers compute the output neurons that are
connected to the local regions in the sample image (input activation map). The output
neurons are obtained by performing dot product operations between the weights (filter
channel) and a small region of the input sample. In addition, the bias values can also

be added to each neuron position during the convolution operations.

Formally, each kernel/filter can be represented by a 3D array of size N, x F, X F,.
The input feature map is a set of N, channels, each having a dimension of D, x D,,.
F,, denotes the number of kernels used in one activation layer, which is the number of
output channels for the next hidden layer. The (x, %) element of the ['* output channel

is defined as:

N,—1Fy—1Fy—1

Dyt (e, y) = 8(b + Z Z Z Dz +n,y +p) * Fizy(m,n,p))

m=0 n=0 p=0

Here, F{j ., (m,n, p)) is the weight at position (m,n, p) of the I'* kernel and D(z,y)
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Figure 2.3: Various Nonlinear Function.
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Figure 2.4: Various pooling operations.

represents the neuron at position (x, y) of input channel ‘m’. The next position of
D (z,y) depends on the stride (S). In all activation layers, the bias (b) is added
once, and also, the non-linear function () is evaluated. This background of CNN gives
us the insight that the dot-products of matrices can be computed in parallel, closer to

the memory:.

2. Nonlinearity: Each CONV layer can have a nonlinear function. As shown in Figure
2.3, there are various nonlinear functions that can be used to introduce nonlinearity
into the DNN. These include nonlinear functions like the sigmoid, hyperbolic tangent,
rectified linear unit (ReLU) [64], which has become popular in recent years due to
its simplicity and ability to enable fast training. Leaky Rectified Linear Unit (Leaky
ReLU) [65] is a special type of activation function based on ReLU. However, it has a
small slope for negative values instead of a flat slope like ReLLU. The slope coefficient

is determined before the training phase as it is not learned during training.

3. Pooling layer: Pooling layers, also known as downsampling, are responsible for re-
ducing the spatial size of the convolved feature. Similar to CONV layers, the pooling
operation moves a filter across the entire input channel, but the difference is that the
filters do not involve any weights in it. The kernel/filter applies an aggregation func-
tion to the values within the receptive field to populate the output array, leading to
the extraction of dominant features for efficient training. As shown in Figure 2.4, there
are two types of pooling: (1) Max Pool and (2) Average Pool. In Max Pool, as the
filter moves across the input channel, the pixel with maximum value is selected and
sent to the output array. In Average Pool, when the filter moves across the channel,
it computes the average value within the receptive field and sends the result to the

output array. The same can be verified from Figure 2.4.

4. Fully-connected (FC) layer: After the feature extraction in the CONV layers, we

classify the data into various classes. This can be done using a fully connected (FC)
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Figure 2.5: Fully Connected Layer (FC).

layer. The input to the fully connected layer is the output from the final pooling
or CONV layer, which is flattened and then fed into the FC layer. As shown in
Figure 2.5, the neurons in a fully connected layer have full connections (weights) to
all activations in the previous/subsequent layer, as seen in regular Neural Networks.
Their activations can hence be computed with a matrix multiplication followed by a
bias offset. After the input is passed through the FC layer, the final layer applies
the softmax activation function that produces the probabilities of input being in a
particular class (classification). Hence, we finally obtain the probabilities of the objects
in the image belonging to the different classes. In this way, CNNs classify an input

image with its particular label.

All the layers explained above are part of the forward or inference phase where we use a
trained model. However, training includes an additional phase that is called the backward
phase. In the backward phase, the gradients are backpropagated, and weights are updated
over multiple epochs till the model is trained. The details of this phase are not explained

here, as training is out of the scope of this thesis.

2.2 Memory Technologies used for Near-Memory Pro-

cessing

While approaching towards the unconventional NMP-based system instead of the traditional

systems, it primarily leaves two design options:

e NMP with emerging 3D-stacked memories, like hybrid memory cube (HMC) [66], high
bandwidth memory (HBM) [41].
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Figure 2.6: The architecture of hybrid memory cube (HMC).

e NMP with 2D memories, like conventional DRAM, non-volatile memory, and hybrid

memory.

We discuss some of the memory technologies that are used in our experiments to implement

the NMP-based system in the following section.

2.2.1 Hybrid Memory Cube (HMC)

The HMC includes a single package containing multiple memory die and one logic die, stacked
on top of each other using through-silicon via (TSV) technology. As mentioned in Section
1.5.2.1, the memory is organized in the form of vaults within HMC. Each of these vaults is
operationally and functionally independent of each other. As shown in Figure 2.6, in the logic
layer (LoB), each vault is controlled by a separate controller, namely the vault controller.
Refresh operations are also controlled by these vault controllers, leading to a reduction of
this overhead from the host memory controller. The vault controller also determines its own
timing requirements. Each vault controller is also equipped with a queue that is used to
buffer references for the corresponding vault’s memory. The references from the queue can
be served based on the need rather than the order of arrival. Consequently, the responses
from vault operations back to the external serial I/O links (shown in Figure 2.6) can be out
of order. However, requests from a single external serial link to the same vault/bank address
are executed in order. Requests from different external serial links to the same vault/bank

address are not guaranteed to be executed in a specific order and must be managed by
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Figure 2.7: (a) The cross-section schematic of the PCM cell. (b) The PCM cells are pro-
grammed and read through electrical pulses, leading to change temperature.

the host controller. The HMC 1/O is implemented as multiple serialized, full-duplex links.
The I/O links access the collective and internally available bandwidth from all the vaults.
This can be achieved by implementing a crossbar switch. The external I/O links include
multiple serial links with the duplex operation. We use HMC’s 16 vault configuration for
our experiments though 32 vault configuration is also available. Our experiments can also be
performed on HMC’s 32 vault configuration with additional area/power overhead (if more

hardware units are integrated with the other vaults).

2.2.2 Phase Change Memory (PCM)

A cross-section of PCM cell and its operations are shown in Figure 2.7. The PCM mem-
ory uses a large resistivity contrast between the phase change material’s amorphous (high
resistivity) and crystalline (low resistivity) phases. In PCM, the reset and set state refer
to high and low resistance states, respectively. As the processing temperature of the metal
interconnect layer is sufficient to crystallize the phase change material, it remains in the
crystalline. The programming region is first melted and then quenched rapidly by applying
a large electrical current pulse for a short period of time to reset the PCM cell into the
amorphous phase. Consequently, it leaves a region of amorphous or highly resistive material
in PCM cells. This amorphous region is in series with any crystalline region of the PCM. It
effectively determines the resistance of the PCM cell between the bottom electrode contact
(BEC) and the top electrode contact (TEC). A medium electrical pulse is also put in to
anneal the programming region to set the cell into crystalline phase with a certain temper-
ature between melting and crystallization temperature for the duration to crystallize. The

cell resistance is estimated by passing a minimum electrical current that does not affect the
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Figure 2.8: (a) Parallel organization for hybrid memory. (b) Hierarchical organization for
hybrid memory.

current state. We have shown the diagram of the pulse shapes in Figure 2.7(b).

2.2.3 Hybrid Main Memory

High memory capacity has become one of the major requirements for emerging applica-
tions. The increasing memory requirement can not be easily fulfilled due to the limitations
in DRAM scaling [67]. Additionally, DRAM faces several challenges like frequent refresh
operations for high-leakage cells, longer write recovery time, and difficulty in building high-
density arrays. The overview of the DRAM modules is explained in Section 1.5.1.1. As the
main memory alternatives, non-volatile memories (NVM) like phase-change memory (PCM)
and resistive RAM (ReRAM) have the potential to satisfy the high memory requirements of
emerging applications. The NVMs provide several capabilities such as high memory density,
low cost per bit, and near-zero standby power consumption in exchange for low performance
and limited endurance [68, 69]. Despite various advantages of NVMs, DRAMs can not be
entirely replaced, and it is more beneficial to use the NVMs in conjunction with DRAM.
This leads to the use of hybrid memory. We choose PCM from the NVM options for our
experiments as it is the most mature technology for the main memory [70].

From the design point of view, the DRAM-PCM-based hybrid memory can be divided
into two categories, as shown in Figure 2.8. The first category is DRAM-PCM parallel
organization, where DRAM and PCM can have a size of a similar order. In the second
category, DRAM and PCM memory are hierarchically organized, and the DRAM is used as
a small cache in this architecture. Both the architectures work on the principle of placing
the write-intensive pages in DRAM and read-intensive pages in PCM. The hybrid memory
controller often takes the responsibility of page migration between the two memories. The
address space is split into two non-overlapping regions in the case of parallel organization
of DRAM-PCM hybrid memory, as shown in Figure 2.8(a). In the hierarchical organization
(shown in Figure 2.8(b)), DRAM is utilized as a cache to the PCM memory. All memory
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references are sent to DRAM, and PCM is accessed only when there is a miss in the DRAM.
Usually, the size of DRAM is substantially small and can be in a similar order as the size of
the last level cache (LLC). However, DRAM can still encounter hits if LLC has the misses
since LLC’s contents are not forced to be inclusive in DRAM. In this thesis, we have explored
the NMP’s efficacy with the parallel organization of DRAM-PCM hybrid memory.

2.3 Hardware Accelerators

Hardware accelerators are used to perform specific tasks more efficiently compared to an ap-
plication running on a general-purpose processing unit. In computing systems ranging from
general-purpose processing units to fully customized hardware, there is a trade-off between
flexibility (ease of executing various applications) and efficiency (system’s performance).
While the general-purpose processors execute instructions, the accelerators, connected on
the bus, are controlled by the registers. The customized hardware modules can deliver orders
of magnitude higher efficiency than the applications running on general-purpose processing
units. Accelerators provide a better cost per performance as the CPU cost is generally a
non-linear function of performance. Accelerators also deliver better real-time performance
by putting time-critical functions on less-loaded processing elements. Additionally, accel-
erators are suitable for several other tasks like I/O processing in real-time, data streaming
(audio, video, and network traffic), and solving complex operations (fast Fourier transform,
exponential, and Logarithmic function). There are primarily three types of hardware ac-
celerators: (1) specialized processor, (2) field-programmable gate array (FPGA), and (3)
application-specific integrated circuits (ASICS). A popular example of a specialized proces-
sor is the GPU which contains several processing cores. The FPGA is a processor that can
be configured after it is manufactured, leading to the feature of reconfigurability to imple-
ment various logic functions. The ASICS are dedicatedly built for a specific task, and they
are extremely efficient in terms of the system’s performance and power consumption. There
is a bundle of works that have used the accelerators to harness substantially high system

throughput. They are explained in the following section.

2.3.1 GPU-based Acceleration

To obtain high performance, the GPUs are used in several domains of work [31, 71, 72] like
graph processing, database systems, deep learning, and so on.
In the era of big data, real-world data are often represented as graphs. Consequently,

several application domains can be modeled as graph processing. Data processing has turned
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into processing the number of vertices/edges in the order of billions or even hundreds of
billions. The highly parallel architecture and high memory access bandwidth of GPUs show
enormous potential to address the graph processing problems. In the previous work [73],
G2, an extension of GraphIT [74] compiler framework, has been proposed. The GraphIT
programming language is used to write graph algorithms. However, it has no support for
generating high-performance code for GPUs. The G2 expands the optimization space of
GPU graph processing frameworks with a novel GPU scheduling language and compiler. It
includes capabilities like combining load balancing, edge traversal direction, active vertex
set creation, the active vertex set processing ordering, and kernel fusion optimizations. NN-
Descent [75], a k-NN graph construction approach, has been made faster by redesigning
it to be adopted for the execution on the GPU. This work also proposes a graph update
strategy, namely selective update. While executing NN-Descent, the experimental results

show a substantial speedup compared to the existing GPU-based approaches.

Database operations are also accelerated using GPUs. The authors [76] proposed a
generic technique for nested query processing on GPU without unnesting queries. The ex-
ecution of nested queries is complex and time-consuming. For faster execution of nested
queries, a new code generation framework that best fits GPU is also proposed in this work.
The computational complexity of the nested method is reduced by optimized parallel process-
ing on GPU. Database select queries have been accelerated using the GPU in the literature

[77]. Here, the authors have implemented a subset of the SQLite command processor directly
on the GPU.

Deep learning has become a widely used tool because of the emergence of GPU-based
systems [78]. In a popular work [79], the authors have proposed to execute AlexNet on two
different GPUs: a server GPU (Tesla K40 with Kepler architecture) and a desktop GPU
(GTX1080 with Pascal architecture). They perform experiments with varying batch sizes of
16, 64, and 128. They find that GTX1080 provides higher performance compared to K40
GPU because of its higher clock frequency and the larger number of processing cores. In
LookNN [80], CNNs have been accelerated in the GPU-based platforms. The multiplication
operations are replaced by look-up table-based search operations. Each processing element
of our GPU can access a small associative memory, enabling it to bypass redundant com-
putations. The LookNN architecture can achieve up to 3x energy improvement and 2.6x
speedup compared to a traditional GPU. In ALook [81], neural network acceleration has
been implemented in the GPU platform. They propose an adaptive look-up-based approach
that implements a dynamic update policy to maintain a set of recently used operations in
associative memory. This approach decreases the energy consumption of GPGPU applica-

tions. An analytical model related to performance and memory traffic in GPU has been
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proposed in DeLTA [82] while accelerating the CNNs. They have also manifested that their
model can be utilized to balance the scaling of various GPU resources to improve CNN’s

performance.

2.3.2 FPGA-based Acceleration

FPGA-based acceleration is highly popular for its efficiency in performance and energy con-
sumption. In various domains [83-86], there are several works that have used FPGA-based

acceleration. A few of them are described in the following section.

In the previous work [87], an FPGA-based storage engine is designed for the database
with a focus on data filtering operation. The FPGA’s parallelism is exploited to implement
a hardware-based data filter that substantially improves the performance of filtering oper-
ations. The design can also support various queries without partial reconfiguration. The
obtained results have achieved 2.8x and 1.95x improvement compared to the software baseline
and conventional storage engine, respectively. GraVF [88] proposes a design framework for
distributed graph processing on FPGAs. The designed system is evaluated with four widely
used graph algorithms like breadth-first search, single-source shortest path, PageRank, and
connected components. This FPGA-based design can deliver performance similar to custom
designs with fewer requirements of user inputs. In BlueDBM [89], a system architecture
for Big Data analytics has been proposed with the aim of delivering better cost-performance
trade-off. The designed system includes a homogeneous cluster of host servers integrated with
one BlueDBM storage. Each BlueDBM storage is connected with the host server through
the PCIe link. The BlueDBM contains flash storage, an in-store processing element, net-
work interfaces, and a DRAM. An FPGA is used to implement the in-store processor for
each BlueDBM node. The BlueDBM outperforms a flash-based system by a factor of 10. In
ForeGraph [90], a multi-FPGA-based large-scale graph processing framework is proposed.
Instead of the entire graph, a portion of the graph is kept in the off-chip memory of one
FPGA board. Data has been partitioned for parallel processing, and the communication
over the partition is also reduced. On average, the throughput is around 2.03x higher than
state-of-the-art.

FPGA-based acceleration has also been largely used to accelerate neural networks (NNs)
[83] because of its high performance, reconfigurability, and fast development round. In
SparkNoC [91], the authors have developed a lightweight neural network, SparkNet, that
includes fewer numbers of parameters, hence leading to a reduced number of computations.
The designed SparkNet is also suitable for deployment on FPGAs. They have deployed the
SparkNet on Intel Arria 10 FPGA platform and achieved a throughput of 337.2 GOP/s
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and an energy efficiency of 44.48 GOP/s/w. An FPGA-based architecture that accelerates
the CNNs is proposed in the previous work [92] for the extraction of facial features. They
exploit the parallelism and pipeline structure to obtain optimized resource utilization. For a
fully connected layer of the forward pass, they have used a batch-based technique to reduce
the number of data accesses. In another work [93], efficient utilization of logical resource
and memory bandwidth has been taken care of while accelerating CNNs on the FPGA
platform. Here, the proposed work first estimates the throughput and required bandwidth
using techniques like loop tiling and transformation. The authors then use the roofline model
to identify the solution with the best possible performance and lowest utilization of FPGA
resources. This work has obtained a peak performance of around 61.62 GFLOPs which
outperforms their previous approaches. The FPGA-based accelerator is also proposed for
large-scale CNNs [94] . In this work, a technique is built to find an optimized parallelism
strategy for each CNN layer, leading to high throughput and resource utilization. The size of
on-chip buffers is also reduced substantially with the help of two different computing patterns
on the fully-connected layer. This work has achieved a peak throughput of around 565 GOP /s
with a clock frequency of 156 MHz. In the literature [95], another high-performance FPGA-
based CNN accelerator is proposed. This work has adopted block-floating-point (BFP)
arithmetic to increase the efficiency of the accelerator during inference. Instead of single-
precision, they have used the mixed-precision: 16bit format for activation and 8bit format
for model parameters, leading to savings in memory and bandwidth. They have also reduced
the retraining overhead in exchange for a loss of accuracy of up to 0.12%. This work has
achieved a performance of 760.83 GOP/s and an energy efficiency of 82.88 GOP/s/W.

2.3.3 ASIC-based Acceleration

While executing various algorithms, the application-specific integrated circuits (ASICs) are
highly efficient in providing performance and energy efficiency in exchange for their limited
flexibility. There are several domains [96-98] where the ASICs have played a crucial role in
solving problems. A few of them are as follows.

In Beyond the wall [38], an accelerator, namely JAFAR, has been integrated close to
the DRAM. JAFAR can perform the select operation on the column store database and send
only qualifying data through the off-chip link, leading to a reduction of data movement in
the memory hierarchy. Their experiments show that JAFAR can deliver up to 9x speedup
compared to moving the data directly towards the CPU. In another work [2], buffered com-
pare units (BCUs) are proposed and integrated inside the DRAM’s chip to explore the high
unexplored internal bandwidth. The BCUs are integrated with the individual banks to ac-
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celerate ‘compare-n-op’ operations that are primitive to many big data applications. The
BCUs include a small buffer, simple ALU, and command generator that generates com-
mands to fill the buffer and feed data to the ALU. After processing the data close to the
memory, it returns the result back to the host memory controller, leading to savings in costly
off-chip communications. The experimental results show a substantial improvement in the
performance and efficiency of the system for various workloads. In the previous work [99],
logic-in-memory accelerators have been employed with a 3D-stacked DRAM to perform near-
memory operations on SpGEMM, 2DFFT. Their system includes a fine-grained rank-level
3D die-stacked DRAM and an additional layer implementing logic-enhanced SRAM blocks
that are dedicated to a particular application. They also perform design space exploration
and exploit efficient architectures to accelerate computing while keeping a balance between
performance and power. Their experiments manifest orders of magnitude of performance
and power efficiency improvements compared to traditional multi-threaded software imple-
mentation on the CPU. NDA [100] proposes a near-DRAM accelerated (NDA) architecture
that processes data using accelerators 3D-stacked on DRAM. NDA requires no changes in
the host processor design and a minimal change in the commodity DRAM while keeping the
compatibility with standard DRAM interface and DIMM architecture. They have explored
three different microarchitectures that have different impacts on DRAM area, timing, and
energy. NDA targets to accelerate various big data applications with high parallelism and
localized memory accesses on Map-Reduce frameworks [101]. The experiments show that
NDA incurs substantially lower energy and delivers higher performance compared to a sys-
tem that integrates a similar accelerator on-chip. In GraphPulse [102], the authors propose
a hardware accelerator that is used for asynchronous graph processing with event-driven
scheduling. They optimize the model by coalescing events to control event population. They
have also achieved efficient memory access patterns that enable implementation in reconfig-
urable hardware or ASIC. They have enhanced their model with prefetcher and steaming
scheduler to obtain high throughput. Their design outperforms software frameworks because
of the efficient memory usage and bandwidth utilization.

The ASICs play a highly crucial role in accelerating neural networks (NNs). Below we

explain a few of the works related to NN acceleration in a separate section.

2.4 Neural Network (NIN) Accelerators

There have been several efforts put into building accelerated architectures for neural net-
works. Some of them are on-chip accelerators, while there are many memory-based acceler-

ators as well. We explain some of them in the following section.
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2.4.1 On-chip NN Accelerators

In general, the on-chip accelerators are integrated close to the processor’s chip. They have
comparatively higher memory access costs in terms of access latency and access energy com-
pared to the memory-based accelerators. In DaDianNao [45], the CNN/DNN algorithms
are accelerated through a custom multi-chip machine-learning architecture. To reduce the
off-chip communications from the custom hardware, they have used nearby SRAM buffers
and eDRAM banks to fetch/store data. Experimental results show substantial speedup and
energy savings over a GPU-based system. In Eyeriss [103], the CNNs are accelerated through
a spatial architecture with 168 processing elements. They have also proposed a dataflow,
namely row stationary (RS), which reduces the energy efficiency by maximally reusing data
to reduce the data movement in terms of DRAM accesses. Cnvlutin [104] design an acceler-
ated architecture that removes a substantial amount of ineffectual zero-valued computations
from deep neural networks. They have explored the dynamic sparsity property. In other
words, they have amortized the ineffectual computations related to the activations. On av-
erage, they obtain a performance improvement of around 1.52x without any loss in accuracy
with a broader ineffectual identification policy. In Cambricon-X [105], neural networks have
been accelerated through an accelerator that can exploit the sparsity and irregularity of
the models for increased efficiency. SCNN [57] proposes accelerated architecture for CNNs.
They have exploited both weight and activation sparsity to eliminate the zero-valued com-
putations. They have achieved performance gain and energy savings by a factor of 2.7x and
2.3x, respectively, over a comparably provisioned dense CNN accelerator. In EIE [106], an
energy-efficient inference engine has been proposed. The designed hardware works on the
compressed network model and accelerates the resulting sparse matrix-vector multiplication
with weight sharing. EIE also leverages the benefits of both weight and activation sparsity,

and it primarily targets to accelerate the fully-connected layer.

In our second contribution, we have also exploited the sparsity property. While Cn-
vlutin and Cambricon-X either exploit static (weight) or dynamic (activation) sparsity, we
have explored both sparsity in our proposed design, similar to SCNN and EIE. However,
EIE targets only the fully-connected layer of the CNN algorithm. Further, SCNN uses a
Cartesian product-based solution with an assumption of unit strides for convolution, when
unit stride may not always be applicable for all the hidden layers of various networks. This
Cartesian-product strategy restricts SCNN’s applicability only to networks with unit-stride
convolutions. In our work, we have implemented a dot-product-based solution that retains

its applicability to any CNNs of diverse shapes and sizes.
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2.4.2 Memory-based NN Accelerators

The memory-based accelerators are integrated closed to the memory, or the memory itself
owns some amount of computing capability. The former approach is called near-memory
processing (NMP), while the latter is known as processing-in-memory (PIM). There have

been several works in each of these categories, which are explained in the following section.

2.4.2.1 NMP based NN Accelerators

Neurostream [15] proposes a NMP-based solution to accelerate CNNs. They have used
the hybrid memory cube (HMC) to integrate logic, namely NeuroCluster. NeuroClusters
include modular design based on NeuroStream coprocessors and general-purpose RISC-V
cores. While executing the CNN workloads, they have achieved a throughput of 240 GFLOPS
which can be scalable up to 955 GFLOP with a network of four memory cubes. In Neurocube
[3], a neuromorphic architecture has been proposed to accelerate both CNN’s training and
inference. Towards this end, clusters of processing engines connected by a 2D mesh network
are integrated into the logic layer of HMC. These clusters can also access the vaults of HMC in
parallel to others. Another 3D-memory-based NN accelerator has been proposed in TETRIS
[16]. Apart from the hardware architecture, the authors have also proposed scheduling and
partitioning techniques for the efficient execution of the NN algorithm. They have proposed
a hybrid partitioning scheme to parallelize the NN computations over multiple accelerators.
TETRIS has achieved a performance gain of around 4.1x while saving energy by around
1.5x compared to NN accelerators with a DRAM-based main memory system. DeepTrain
[107] is another deep neural network (DNN) accelerator that is primarily designed for high-
performance and energy-efficient training. They propose spatially homogenous computing
hardware with temporally heterogeneous dataflow for optimizing memory mapping and data
reuse. The designed hardware modules are also integrated into the logic layer of HMC. On
15 nm FinFET technology, their architecture has achieved an efficiency of 500 GFLOPS/W
for a wide range of DNNs like convolutional, recurrent, and mixed (CNN+RNN) networks.
In [13], both the hardware and software for the NMP architecture are made for in-memory
analytics frameworks, including deep neural networks. The proposed hardware also supports
coherence, communication, and synchronization to support the execution of the analytic

frameworks with complex data patterns.

2.4.2.2 PIM-based NN Acceleration

One of the state-of-the-art, PRIME [108], has used the computations capability of metal-

oxide resistive random access memory (ReRAM) to build an NN accelerator. The crossbar
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array of ReRAM can perform matrix-vector multiplication that is the elementary operation
of the neural networks. PRIME configures a portion of the crossbar array for NN com-
putation. They have also designed software/hardware interfaces for various NN workloads.
Experimental results show a performance gain of around 2360x and energy savings of around
895x compared to their previous work. To implement an accelerated architecture, ISAAC
[17] proposes to use memristor crossbar arrays both for computing the NN’s dot-product
operations and storing input weights. In their pipeline-based architecture, the computation
works on the analog domain, which involves analog-to-digital (ADC) and digital-to-analog
(DAC) conversion overhead. They have proposed data encoding techniques that reduce this
overhead. They implement several supporting digital components for CNN accelerator and
identify the best balance of memristor storage/compute, ADCs, and eDRAM storage on
a chip. ISAAC achieved substantial improvement in throughput and energy consumption
compared to DaDianNao [45]. In PipeLayer [109], they include the additional capability of
training the networks into the ReRAM-based PIM accelerator, unlike ISAAC and PRIME.
They exploit both intra- and inter-layer parallelism to enable highly pipelined execution of
both training and testing. Their experiments show a speedup of 42.45x and energy savings
of 7.17x compared to a GPU implementation.

Neural networks have also been accelerated closer to the DRAM using the PIM concept.
In DrAcc [37], a DRAM-based CNN accelerator is proposed, and it leverages the benefits of
the PIM approach. DrAcc obtains a high inference accuracy with a ternary weight network.
They enhance the in-DRAM bit operation to execute the NN operations. DrAcc achieves a
throughput of 84.8 FPS (frame per second) with an additional expense of 2W. DRISA [18]
also proposes a DRAM-based accelerator that provides both powerful computing capability
and large memory capacity /bandwidth. In DRISA, every memory bitline of DRAM is used
to implement bitwise boolean logic operations. DRISA is reconfigurable and can compute
various functions with the combination of boolean logic operations and hierarchical internal
data movement. Experimental results show a substantial performance improvement and

energy efficiency compared to other ASICs and GPUs.

2.5 Summary

This chapter summarizes the background of CNN inference, memory technologies, and hard-
ware accelerators as this knowledge are the prerequisite for NMP integration of the custom
hardware. We briefly discuss the memory technologies like HMC, PCM, and hybrid memory,
which we use for our experiments. We also list the accelerator design space ranging from

GPUs-FPGAs-ASICs to memory-based accelerators. We demonstrate various state-of-the-
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art works to present a glimpse of each category of work. Among the memory-based accel-
erators, PIM involves the benefits of high memory bandwidth with additional challenges
of fabrication and ADC/DAC conversion overhead. The NMP-based processing provides
good system performance with the challenge of integrating additional logic that fits in the
area/power budget of the corresponding memory technology. This thesis aims to provide

such NMP-based optimized designs for emerging applications.

AP IE>- Mot
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CLU: A near-memory
accelerator exploiting the
parallelism in Convolutional
Neural Networks

In this chapter, we aim to accelerate the CNNs by exploiting the inherent parallelism
of its inference phase. We design a three-phase algorithm and data partitioning scheme to
exploit the parallelism efficiently. We design custom hardware, namely convolutional logic
unit (CLU), and integrate multiple such instances in the logic layer of the HMC memory
(NMP). This integration helps in leveraging intra- as well as inter-vault parallelism. This

two-level of parallelism, along with NMP, substantially increases the system’s throughput.

3.1 Introduction

As discussed earlier, CNN is a widely used machine learning tool for emerging applications.
Examining the CNNs, it can be observed that it requires ten to a hundred megabytes of
parameters on billions of operations in a single inference pass. Consequently, the computa-
tions and energy requirement of the inference phase can be enormous, especially with the
deeper networks and larger data sets such as high-definition videos. The operations involved
in inference often surge the data movement in on-chip as well as off-chip links to support
the high degrees of computations. In 2009 [78], the inclusion of GPUs in deep learning was
a pioneering contribution. Processing neural networks (NNs) on massively parallel GPUs
greatly surpassed the traditional methods of executing NNs on multi-core CPUs. However,
GPUs can only provide the required speed in computations. Memory bandwidth could not

be increased in sync with the computational capability due to the limitations on pins, leading
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to the memory-wall problem [110]. Consequently, the cost of data movement: comprising
of memory access latency and energy consumption, especially on off-chip links, significantly
affects the CNN inference for massive datasets despite the use of GPUs.

This constraint endorses the movement towards the resurgence of the old unavailing
idea of near-memory processing (NMP). In NMP, some computations are offloaded to the
processing units, placed near the memory while leaving complex or unbounded controls to
the host processor. Integrating general-purpose cores near to the memory [13] has challenges
in terms of power budget, thermal issues [111], management of cache coherence, and virtual
memory.

Here, we choose dedicated hardware over the general-purpose cores as an NMP logic
option. Many researchers have built PIM prototypes since 1990s [112-114], and have shown
promising results. However, these could not be adopted at that time, as incorporating
costlier logic and memory on the same die was difficult. Moreover, programmers needed to
grapple with newer programming models. However, with the advent of 3D-stacked memory
like Hybrid Memory Cube (HMC) [66], High Bandwidth Memory (HBM) [41], etc., there
is scope for NMP on account of the tight integration of logic and memory with the help
of Through-Silicon-Vias (TSVs). 3D-stacked memories have a logic layer (LoB) and high
internal bandwidth that can be utilized by NMP approaches. One can utilize the LoB to
place logic components near the memory. In the LoB, we placed specialized processing
elements dedicatedly built for the convolution (CONV') operations. The CONV operations
are the centroid of any CNN inference. Certainly, dedicated hardware has limited flexibility.
However, here it turns out to be an eccentric opportunity to design highly specialized and thus
extremely efficient hardware, which can inherently benefit many of the emerging applications.
We choose HMC for implementing near-memory processing of CONV operations. CNNs
(ConvNets), having highly parallel operations, can easily leverage the benefits of the parallel
architecture of the HMC device with its high internal bandwidth.

In this chapter, we present a simple and efficient system that harnesses the benefits of
the NMP approach for CNNs. We design lightweight processing engines, namely convolu-
tional logic units (CLUs), to do CONV operations near the memory. Accelerating CONV
operations provides speedup in the inference phase. These CLUs are integrated with the
individual vaults (memory channels) of the HMC. We partition the data and place them in
the separate vaults of the HMC to perform convolutions simultaneously using the CLUs on
each vault. In [115], we presented the basic design of the CLU, which had limited function-
ality in terms of executing bigger ConvNets. Here we extend our previous work to make the

system more generalized. The salient contributions are as follows.

1. We design simple, dedicated hardware (CLUs) and integrate these units with the in-
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dividual vaults in the LoB of the HMC device. This integration helps in leveraging
the benefits of NMP. The CLUs are area efficient and can be easily integrated into the
existing ecosystem of the HMC with minimal changes. The CLU can also handle any

number of strides.

2. Data parallelism is exploited in the form of intra-vault and inter-vault parallelism. To
achieve this parallelism, we propose an algorithm having three different phases. The
designed hardware (CLU) is implemented accordingly to execute these three phases of

the algorithm.

3. The proposed design of CLU delivers speedup in performance with substantial savings
in energy consumption. Our proposed system outperforms the multi-core CPU and
GPU based systems. Additionally, we also compare our approach with the recent
state-of-the-art works. Compared to the previous version of CLU [115], we add new
capabilities to the design like handling any number of strides, a way of accommodating
larger features in the small SRAM buffer of the CLU unit, etc. The finite state machine
(FSM) of the CLU controller has been redesigned to add all the new capabilities. These
make the design scalable for all types of ConvNets. The throughput of the proposed
system is benchmarked with five widely used state-of-the-art ConvNets: AlexNet [116],
ZFNet [117], VGG-16 [118], VGG-19 [118] and ResNet-34 [48], pre-trained on ImageNet
dataset [119].

3.2 System Architecture

3.2.1 Overview

CNNs primarily involve dot-products on matrices (describes in Chapter 2). These dot-
products can be computed in parallel, closer to the memory. Towards achieving this, we

propose a system as follows:

e To parallelize the operations, we divide the data matrix into 16 parts (as there are 16
vaults in our selected HMC). Each vault would then process its corresponding data
using the multipliers and adders. However, in the case of a different number of vaults,

the data can be partitioned accordingly.

e Another thing to be observed is that convolution is highly compute and data intensive.
If all of these CONV layers are evaluated near the DRAM, this will reduce the traffic
between the processor and the DRAM.
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Figure 3.1: A conceptual view of proposed full system architecture for convolution operation.

Thus we arrive at the idea of designing a data-parallel algorithm and using HMC for
near-memory processing of convolution. The architecture, shown in Figure 3.1, is the full
system representation of the proposed model. Here, we choose HMC as our memory base for
the NMP integration. The host processor communicates with the HMC through a packet-
based abstract protocol. The system includes a two-level memory hierarchy with one L1 split
cache, and one shared L2 cache. One on-chip HMC controller takes the role of handling all
the global memory references. The specific HMC device consists of 4-Gbit layers (4 layers:
layer A, layer B, layer C, and layer D, shown in Figure 3.1), which sum up to 2 GB of memory
in total. One slice of all the four memory layers forms a vault, as shown in Figure 3.1. We
use 16 vaults-configuration of the HMC. Here, each vault consists of 2 banks per memory
layer. For example, the banks of vaultO are (BOOA, BO1A), ..., (BOOD, B01D), as shown in
Figure 3.1. In LoB, each vault is equipped with a separate vault controller (named as VCO,
VC1,.., VC15), which deals with the memory references local to the individual vault. These
vault controllers also manage the inter-vault communications (fetch/store operations) with
another vault with the help of the crossbar network. The CLUs are integrated on top of
these vault controllers, which are capable of working independently from the others. The
design of the CLU is independent of the existing memory technology. As a result, it can be
integrated with other memory technologies with minimal changes in the respective systems.

The architecture explained above leverages twofold benefits: (1) Minimum memory
access latency due to NMP compared to the conventional CPU/GPU based systems having

a relatively slower memory hierarchy. (2) The inherent parallelism of the CNN operations,
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Figure 3.2: An abstract design of the CLU.

which is exploited by placing 16 hardware units (CLUs), one for each vault. To realize
these benefits, we propose a parallel algorithm, design hardware (CLU) to implement it,
and synthesize the hardware using the Cadence tool-set (explained in Section 3.4.4). Similar
o [120], [121], [122], and [57], our proposed hardware (CLU) is primarily designed for the
convolution layers, and the remaining layers like FC are executed by the host system. The
convolution layer being the major consumer (around 90-95%) of the CNN computations
[123], most of the operations are performed near to the memory, consequently delivering
decent speedup (actual throughput of 1.4 TFLOPS), substantial savings in power (only 0.92
W), and high efficiency (1521 GFLOPS/W) with a minimum area overhead. The idea of
accelerating the CONV layers makes our design simple yet efficient for all the CNNs including
fully convolutional neural networks [124], [125] and CNNs with other classifiers [126], [127].

3.2.2 Convolutional Logic Unit (CLU)

The absolute data path with all the components and connections of CLU being complex, we
provide an abstract design of it in Figure 3.2. The multiple connections between any two
modules are also represented by a single connection for simplicity. Each CLU is primarily
composed of SRAM buffer, operand register stacks (A, B, C, and D), bias, register-stack (for

temporary data), one CLU controller, and combinational logic like fixed-point adders, fixed-
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point multipliers, and multiplexers. The host processor offloads its computational loads by
sending a start signal to the CLU controller. Additional information like dimensions/depths
of the kernels and data matrices, initial addresses of the metadata (like data, kernels, strides,
and bias) are also offloaded to the register-stack by the host processor. The CLU controller
drives the entire modules and makes the results ready for high-level processing by the host
processor. The CNN algorithm essentially includes a high degree of dot product operations.
To execute these operations, we include 16-bit fixed-point multipliers and adders. The CLU
controller brings all the data needed by the algorithm through the local vault controller.
Initially, a single layer (or matrix) out of all the matrices along the depth of a kernel is
loaded in the SRAM buffer. After the entire convolution operations using one layer (or
matrix) of a kernel on the corresponding data layer (or matrix), the next layer (or matrix)
along the depth of the kernel is loaded in the SRAM. As it only loads kernel depth-wise
(one layer or matrix at a time), it is sufficient to have a buffer size of only 256 B (27 rows,
16-bit each) for most of the well-known ConvNets. Although this small buffer increases the
DRAM:-layer accesses to some extent, it limits the energy consumption of each CLU. The
larger buffers also result in increased area overhead. For each layer (or matrix) of a kernel,
data items from the corresponding layer are loaded in the Reg. stack A. After the CONV
operations at each neuron position by the individual multiplier-adder unit, the final results
are accumulated in Reg. stack B, and the output matrix is updated in the DRAM die by
the CLU controller. The bias register holds the bias value, which is added only once at each
neuron position. The other two register stacks (D and C) are used to hold the partial results

(explained in the subsequent section), which are needed to complete the CONV operations.

3.2.3 Data Distribution and Parallel Processing

Two approaches [128], data parallelism [116] and model parallelism [129], are increasingly
popular and important in the distributed processing of deep learning. The data parallelism
partitions the batch of images while replicating the model. And the model parallelism deals
with the aspects of concurrent processing of neural network models (weights). To exploit the
parallelism efficiently, we implement a variant of data parallelism with a horizontal partition
scheme for our proposed system. Initially, the preprocessing of data is done by replicating
the model parameters and partitioning the feature maps horizontally in the individual stack
(vault) of the HMC module. The finite state machine (FSM) of the CLU controller is
designed for layer-wise streaming of those model parameters into the local SRAM cache of
the individual CLU. The host system offloads the initial addresses for the data. All the

multiply-accumulate (MAC) units of a CLU work simultaneously on the horizontal strip
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Figure 3.3: Data distribution and processing across vaults.

of the data to leverage the intra-vault parallelism. Figure 3.3 (d) shows the intra-vault
parallelism, which depicts how the MAC units compute different neuron positions in parallel
to others. All the MACs work in parallel on different portions of the image using the same
filter from SRAM. As the entire strip of data belongs to one vault, the data dependencies on
the adjacent vaults are avoided in most cases except for the tile edges. Figure 3.3 also shows
the inter-vault data parallelism by distributing the input feature maps across multiple vaults
for parallel processing by the CLUs (1 CLU/vault). The input feature maps are chopped
horizontally on all the matrices (or layers). Each slice of data is then distributed over all the
vaults by the host processor during the load time. The concurrent processing of the CLUs

is one of the reasons for achieving this high speedup over the baselines.

One of the challenges of this distributed system during the processing of the CONV
operations is non-local data. From Figure 3.3, it can be observed that the kernels at certain
neuron positions (indicated by dark green and dark blue) will produce partial results as some
of its data (non-local) will reside in the adjacent vault due to data partitioning. Note that
we do not keep the replica of the data (feature maps) for space efficiency. This necessarily
produces some partial or incomplete results (indicated by pink) in phase 1 of the processing.
Upon completion of phase 1, the CLU controller enters into phase 2. In phase 2, the controller
again starts computing new sets of partial results. These new sets of partial results of phase
IT are obtained by the convolution of the missing rows of input data (left-out rows located
in the adjacent vault) and appropriate rows (indicated by light blue and light green) of the
kernels as shown in Figure 3.3. These partial results of phase II are needed to make the
partial results of phase 1 (indicated by the pink rows) complete. In the final phase 3, the
controller only adds the partial results of phase 1 and phase 2 to obtain the final results,

and it terminates the process. The detailed algorithm to implement the CONYV operations
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through these three phases (1, 2, and 3) is explained in the subsequent section.

Algorithm 1 Proposed Parallel Processing Algorithm.

Input: Data matrices (D) and filter matrices/kernels (F)

Output: Final result which is one output-matrix of the next activation layer
1: for d; = 0 to depth do

Load one layer of filter in SRAM buffer

write_addr,,;p < initial_result_addr,,;p

phase_1 ()

phase_2 ()

di++

7: end for

8: phase_3 ()

3.3 Operational Steps

To leverage substantial speedup over the baselines (especially a standard GPU platform),
we design a parallel algorithm (shown in Algorithm 1) with three different phases (1, 2, and
3). The proposed hardware (CLU) is implemented in such a way that it can execute this
parallel algorithm and its three phases to parallelize the CNN operations. Consequently,
the components of the CLU, shown in Figure 3.2, are used here to implement this proposed
parallel algorithm. At the beginning of this algorithm, a single layer of the kernel (filter) is
loaded from the DRAM into the SRAM buffer (line 2) instead of loading all the layers. Note
that the Kernel elements are frequently used during the CONV operations. Thus, using
SRAM as a small cache memory for storing kernel saves costly DRAM die accesses in this
context. Each CLU has an array of 32 multiply-accumulate (MAC) units. Each MAC unit
has a set of registers that allocate a portion of memory to the unit for its computations.
All the MAC units work on their respective data partition to perform convolution using the
three phases 1, 2, and 3. The write_addr,,;p of the line 3 contains the initial addresses of
the main memory location where the results of phase 1 and phase 2 are to be kept by the
corresponding MAC units. Here ‘mID’ denotes unique MAC-ID, and it is subscripted with
the registers and other modules to represent a one-to-one association with the MAC units.
Initially, the entire location of the main memory, where the results are to be kept, is assigned
with the zero (0) values. For each layer of the data and filter matrix along the depth (loop
of the line 1), phase 1 and phase 2 are invoked (line 4-5) repeatedly. After all the layers
along the depth have completed phase 1 and phase 2, phase 3 is called to terminate the
process by adding the partial results of phase 1 and phase 2. At the end of phase 3, we
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eventually obtain one matrix (or layer) of the output activation layer, generated by applying
one kernel. Similar steps are repeated for individual kernels to form the next matrices of the
output activation layer, and the depth increases by one for each kernel. Note that, unlike
the previous version of CLU [115], which loads the whole kernel in the SRAM cache, the
proposed CLU controller loads the kernel layer-wise (one layer at a time) to accomplish
phase 1 and phase 2 consecutively (shown in algorithm 1). This approach makes this design
capable of executing the deep CNNs with a small SRAM cache.

3.3.1 Phase 1

The CLU controller can handle any number of strides. In addition to this, the depth-wise
filter loading technique has made the design capable of executing bigger ConvNets of different

sizes and shapes. The CLU controller starts its process of phase 1 with the following steps.

e After the initialization of the kernel elements into the SRAM buffer, the CLU controller
brings the input data items into the Reg. stack A (Reg,,;p A) to be used by all MACs.

e The multipliers multiply the two values (one filter element and one data item), and the
results are added to the cumulative value in Reg. stack B (Reg,,;p B) of the respective
MAC:s.

e When the depth (d;) is zero for the first layer, a bias value is added only once at each
neuron position by the CLU controller with the results available in Reg. stack B.

e The Reg. stack B contains the convolution results, computed by the multipliers and
adders of each CLU, at each neuron position of the current layer. These results are
added to the corresponding values of other layers to finally obtain one 2D output matrix

for the next activation layer.

This process runs concurrently in all vaults and results in a snapshot of data, as shown
in Figure 3.3. This gives some complete results (indicated by white) and some partial results
(indicated by pink). Algorithm 2 is the step-wise implementation of the above-explained
procedure. The initial_data_addr,,;p registers of the line 1 hold the initial addresses of
the portion of input image data (D). The M EM _addr,,;p registers of line 2 are used to
fetch data from the DRAM die. The current_elem_addr,,;p registers are used to update the
MEM _addr,,;p registers after the CONV operations at each neuron position. The strides
of the filters along the data_breadth and data_length are controlled by the two while loops
of lines 4 and 6, respectively. For the first layer of the data matrix (d; = 0 at line 1 of

Algorithm 1), the bias value is added at each neuron position by setting the proper select
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Algorithm 2 phase_1 ()

Input: Data matrices (D) and filter matrices/kernels (F)
Output: One matrix of the activation layer with few complete and partial results

1: current_elem_addr,,;p < initial_data_addr,,;p
2: figmrp < (MID % stride)/data_length, M EM addr,,;p < current_elem_addr,p
3: write_addr,,;p: Initial addresses of the results in main memory
4: while fi,,;p < data_breadth do
5 [Jmip < (mID x stride)%data_length
6:  while fj,.;p < (data_length — filter_length) + 1 do
7 Regmw B+ 0
8: if d; == 0 then
9: MUX,,.;p 1 with Sy = 0, S =0
10: MUXm]D 2 with S() —gi
11: Reg,.ip B < Regnrp B + Bias
12: end if
13: if (fimrp + filter_breadth) < data_breadth then
14: t_rangemrp < fimip + filter_breadth
15: else
16: i_rangemrp < data_breadth
17: end if
18: K+ 0
19: for : = fi,,;p to i_range,,;p do
20: for j = fjmip to fimip + filter_length do
21: Regmip A < D [MEM _addr,ip)
22: Multiplier out,,;p = SRAM [k]* Regmip A
23: MUX,,,;p 1 with SO = O, Sl =1
24: MUX,.;p 2 with SO =1
25: Reg,.ip B < Regip B + Multiplier out,,;p
26: K+ +
27: MEM _addr,;p + +
28: end for
29: MEM _addr;p < MEM _addr,;p + data_length — filter_length
30: end for
31: Regp D < Mem [write_addr,p]
32: MUX,.;p 1 with Sy =1,5; =0
33: MUXm[D 2 with SO =1
34: Regmm B« Regm]D B + RengD D
35: Store (Regp B, write_addr,,p)
36: write_addr,,;p + +
37: fimip < [fimip + (stride x numypq.)|%data_length
38: current_elem_addr,,;p < current_elem_addr,,;p + (stride * numq.)
39: MEM _addr,,;p < current_elem_addr,,ip
40 end while

41:  figp < [fimip + (stride x numy,q.)|%data_breadth
42: end while
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signals for MUX,,,;p 1 and MUX,,,;p 2 (line 8-11) of each MAC unit. The lines of 13-17 set
the proper boundary conditions for the succeeding loops (lines 19-30), which calculate the
dot products of filter and part of the data matrix for each layer at each neuron position by
the MAC units (shown in Figure 3.3 (d)). Line 29 updates the memory address to fetch the
data of the next row in the same neuron position. At each neuron position, the results of
the convolution from the previous layer (d;-1) are fetched into Reg. stack D (line 31). The
values are added cumulatively with the results of the present layer (d;), and the final result
is updated (line 32-35). Finally, lines 37, 38, 39, and 41 shift the filters based on the number
of MACs (num,,,.) and the stride value available in register-stack. All the additional stack
of registers (except A, B, C, and D) are the part of the register stack shown in Figure 3.2.

3.3.2 Phase 2

Phase 2 deals with the problem raised in phase 1 due to the data distribution. During
the convolution process completed till phase 1, filters or kernels will lag a few rows of data
elements at certain neuron positions (pink rows in Figure 3.3) due to the data distribution.
In other words, the filters (dark green and dark blue in Figure 3.3) need to be applied on
a set of rows located on two different vaults. In phase 2, the CLU controller computes the
needed partial results separately in the local vaults. The controller, then, sends those results

to the adjacent vault using the inter vault crossbar network in phase 3.

To accomplish phase 2, the step-wise pseudocode is presented in Algorithm 3. The
‘trace_par’of Algorithm 3 tracks the number of sets of the left-out data rows due to the
missing data elements in the local vault caused by the data distribution. For example, the
value of the trace_par (stored in the register-stack) is 2, according to Figure 3.3. The reason
is, for each pink row, there will be a set of left-out data rows in the adjacent vault. In
this case, one set will contain two left-out rows, and the other will contain one left-out
row. This means the while loop in line 2 will iterate for each of such pink rows (shown in
Figure 3.3) in the respective MAC units. The initial data_addr,,;p and M EM addr,;p
registers of lines 3-4 are used for the same purpose as in Algorithm 2. The loops from lines
6-9 compute the dot products (line 10-16) using the appropriate rows (lesser rows than the
original filter_breadth) of the filter over the data rows, left-out by phase 1. The partial
results are computed simultaneously by all the MAC units. Here, lines 20-25 have the same
semantics as line 31-36 of Algorithm 2. The required data for the next iteration are brought
based on the num,,,. and the value of the stride register (lines 26, 27, and 29). Here, all
these partial results are updated in the DRAM die by the CLU controller. Hence, at the

end of phase 2, all the partial results, needed to complete the partial results of phase 1, are
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Algorithm 3 phase 2 ()

Input: Data matrices (D) and filter matrices/kernels (F)
Output: Convoluted partial data for sending to the previous vault (using NoC) to make
the partial results of phase 1, complete
1: trace_par: Number of left-out rows where the data elements were missing in the phase
1
2: while trace_par > 0 do
3 current_elem_addr,,;p < initial_data_addr,,;p
4: fimip < (MID x stride)%data_length, M EM _addr,,;p < current_elem_addr,,;p
5: Regm[D B+ 0
6
7
8
9

while fj,.;p < (data_length — filter_length) + 1 do
K < no_of_filter_elem — (trace_par * filter_length)
for i = 0 to trace_par do
for j = fjnip to fimip + filter_length do

10: Regmip A < D [MEM _addr,,;p)

11: Multiplier_out,,;p = SRAM k] * Regnp A
12: MUX,,.;p 1 with Sy = 0, S =1

13: MUX,,.;p 2 with SO = 1

14: Regmw B« Regmm B + Multipl@'er,outmjp
15: K+ +

16: MEM,CdeTm[D + +

17: end for

18: MEM _addr,p <~ MEM _addr,;p + datalength — filter_length

19: end for

20: Regmip D « Mem [write_addr,,p]

21: MUXm[D 1 with S() = 1, Sl =)

22: MUXmID 2 with S() ="

23: Regmw B« Regmm B+ Regmm D

24: Store (Reg,rp B, write_addr,p)

25: write_addr,,;p + +

26: fimip < [fimip + (stride x numg,q.)|%data_length
27: current_elem_addr,;p < current_elem_addr,;p + (stride « num,.)
28: MEM _addr,,;p < current_elem_addr,,ip

29:  end while
30:  trace_par < trace_par — stride
31: end while

TH-2870_156101001 o0



3. CLU: A NEAR-MEMORY ACCELERATOR EXPLOITING THE PARALLELISM IN
CONVOLUTIONAL NEURAL NETWORKS

obtained.

Algorithm 4 phase_3 ()

Input: Partial results of phase 1 and partial data computed in phase 2
Output: Complete results for one layer (or matrix)
1: phl_par_addr,,;p: Initial addresses of the partial results of phase 1
2: ph2_par_addr,,;p: Initial addresses of the partial results of phase 2
3: no_of partial results: Number of such partial results that need to be converted into
complete results. This number is obtained during the phase 1 and phase 2 computations.

for i = 0 to no_of _partial results/numi,q,. do
Regmip D < D [phl_par_addr,p]
Regnrp C < D [ph2_par_addr,ip|
MUXm[D 1 with SO = 1, Sl =g
MUXm[D 2 with SO =0
Regmrip B <= Regmip D + Reg,ip C

10:  Store (Reg B, phl_par_addr,ip)

11:  phl_par_addr,p + +

12:  ph2_par_addr,,;p + +

13: i+ +

14: end for

3.3.3 Phase 3

We use two registers (phl_par_addr,,;p and ph2_par_addr,,;p of the register-stack), which
keep track of the partial results generated in phase 1 and phase 2 (shown in Algorithm 4).
The register, phl_par_addr,,;p, holds the initial address of the partial results of the local
vault (generated in phase 1), whereas the ph2_par_addr,,;p holds the beginning address of
the partial results (generated in phase 2) of the adjacent vault. The CLU controller (shown
in Figure 3.2) loads the local partial values in the Reg. stack D (line 5). Then, it loads the
remote partial values from the adjacent vault into the Reg. stack C (line 6), using the NOC
of the LoB. Note that we consider 4 x 4 2D-mesh NOC and assume 3 cycles for router and 1
cycle for wire as the zero-load delay [13]. By activating the proper select lines of the MUX,,,;p
1 and MUX,,,;p 2 (line 7-8) of each MAC, the CLU controller feeds the values of Reg. stack
D and Reg. stack C to the adder and the final result is stored in Reg. stack B after the
addition operation (line 9). The partial values of phase 1 are replaced in the memory when
the results from register stack B are written back to the corresponding memory locations

(line 10) to make them complete.
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Table 3.1: Workload Details.

CNNs AlexNet ZFNet VGG-19 ResNet-34
Year 2012 2013 2014 2015

Place 1%t 1%t ond 18t

Top-5 er- 15.3% 14.8% 7.3% 5.7%

ror

# of 5 5 16 33

CONV

layer

[224x224x3), [3x3x3, 64], 1, 1}
[224x224x64], [3x3x64, 64], 1, 1}
[112x112x64], [3x3x64, 128], 1, 1}
[112x112x128], [3x3x128, 128], 1, 1}

224%224x3], [Tx7x3, 64], 2, 0}
56x56x64], [3x3x64, 64], 1, 1}x6
56x56x64], [3x3x64, 128], 2, 0}
28x28x128], [3x3x128, 128], 1, 1}x7

[
227x227x3], [11x11x3, 96], 4, 0} {
[
[28x28x128], [3x3x128, 256,
[
[
[

27x27%96), [5x5x96, 256], 1, 2}

{
{
{
{1 {[224x224x3], [Tx7x3, 96], 2, 0} { }
i { {
ConvNet  {[13x13x256], [3x3x256, 384], 1, 1} {[13x13x256], [3x3x256, 512], 1, 1} {[56x56x128], [3x3x 128, 256], 1, 1} E
i { {
{ { { !
! (
{

[65x55x96], [5x5%96, 256], 2, 0}

],
: - 334 2 102 25 . ], 2,0}

Configura- 13x13x384], [3x3x384, 384], 1, 1 13x13x512], [3x3x512, 1024], 1, 1 56x56x256], [3x3x256, 256], 1, 1}x3 ) o

tion 13><13><384$ {¢3x3x384, 256{ 1, 1% %l3><13x102]'-1],[ [3x3x1024, 51]2], 1, i} {28x28x256{ {3x3><256, 512}. 1, 1% 14x14>256], [3x3x256, 256], 1, 1}x11
SOXCOXZIDL, Lo . {[14x14x256], [3x3x256, 512], 2, 0}
[28%28x512], [3x3x512, 512], 1, 1} x3 TxTx512], [3x3x512, 512), 1, 1}x5
[14x14x512], [3x3x512, 512], 1, 1} x4 DR 19X IX 0L, ol8 L A

Parameter 7.15 MB 21.45 MB 38.19 MB 40.25 MB

Size (Conv

Layers)

Total size 9.30 MB 26.27 MB 87.87 MB 53.83 MB

(Conv

Layers)

3.4 Experimental Evaluation

We perform experiments on widely used state-of-the-art benchmarks from industries and
academia. The selected benchmarks stand at the top in terms of reduced ‘top-5 error rate’
in the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) [130], which runs an-
nually since 2010. In this challenge, the object detection and image classification algorithms
are evaluated on over 15 million labeled high-resolution images from roughly 22 thousand
categories. The details of the workload are described in the subsequent section. To quantify
the efficacy of the proposed NMP based system, we compare it with the multi-core CPU and
GPU based systems.

3.4.1 Workloads

Table 3.1 presents the particulars of the workloads. Note that we did not show the details
of VGG-16 as VGG-19 has a similar configuration with additional layers. The top-5 error
of these selected workloads reduced significantly over time. We represent the configuration
of the ConvNets by the quadruplet, {[D, x D, x N,], [F, x F}, x N,|, S, P} as discussed in
Section 2.1.1. The last term, ‘P’ is the padding used in each CONV layer of the CNNs.
In some of the CONYV layers, we multiply the quadruplet by the number of layers with the
same configuration (shown in Table 3.1). The total size in Table 3.1 is the summation of
the size of input feature maps, the filter elements, the output feature maps, and bias from
all the CONV layers in a single forward pass. For example, the total size of the AlexNet
is shown as 9.30 MB. AlexNet consists of five CONV layers (CONV1, CONV2, CONV3,
CONV4, and CONV5). The following operations are performed in the respective layers.
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o CONVI: [227 x 227 x 1] conv [11 x 11 x 3, 96] — [55 x 55 x 96]

CONV2: [27 x 27 x 96] conv [5 x 5 x 96, 256] — [27 x 27 x 256]

CONV3: [13 x 13 x 256] conv [3 x 3 x 256, 384] — [13 x 13 x 384]

CONV4: [13 x 13 x 384] conv [3 x 3 x 384, 384] — [13 x 13 x 384]

CONVS: [13 x 13 x 384] conv [3 x 3 x 384, 256] — [13 x 13 x 256]

The total number of elements of CONV1 is 479931 which includes input features, kernels,
output features, and bias of 227 x 227 x 3 = 154587, 11 x 11 x 3 x 96 = 34848, 55 x 55 x 96
= 290400 and 96 elements, respectively. Similarly, CONV2, CONV3, CONV4, and CONV5
are having 893536, 1007616, 1478784, and 1014656 elements, which lead to the total memory
requirement of 1014656 x 16bits ~ 9.30 MB. We kept the size of the HMC memory as 2 GB,
as explained in Section 3.2.1. Although the program will consume a little more memory
than the reported total memory of Table 3.1 due to the temporary variables, our proposed
system suffices the need of all the ConvNets. However, bigger (in size) HMC devices or
multiple connected HMC devices (as shown in [131]) can also be used for further memory
requirements. Note that our design of CLU is generic and independent of the memory size
and number of HMC chips, thus making it scalable for the ConvNets of any shape and size.
The dimensions of the output feature maps, being straightforward, are not shown in Table
3.1. The total size of the weights (parameters) of the individual ConvNets is also shown
separately in Table 3.1. For this work, we assume a batch size of 1, which is common for

inferencing tasks [57].

3.4.2 CPU based baseline Systems

We use PyTorch 1.4.0 [133] along with the MKL library to execute all the ConvNets in the
CPU-based baselines. The inference operations are performed on the pre-trained models
available with the PyTorch framework. The execution of the models is performed on the
quad-core and the 64-core CPU-based systems, having x86 instruction set architecture (ISA).
For the 64-core CPU-based system, we use a cluster of 4 nodes, each having 16 cores. The
systems include a three-level memory hierarchy (private L1, shared L2, and shared L3) with
a traditional DDR4 main memory. We summarize the specifications of the simulation setups
in Table 3.2. The layer-wise execution times of the CONV layers are obtained from the
python code of the framework. We model similar cores in McPAT [134] to obtain the power

values and measure the energy consumption of CPU-based baselines.
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Table 3.2: Specification of the simulation setup.

Host Processor / CPU-based baselines

Core ISA

Host processor’s core count
Baseline CPU’s core Count
Thread(s) per core

Core Frequency

x86-64

4

4 (Baseline 1), 64 (Baseline 2)
1

2.5 GHz

Cache Memory

L1 i-cache 32 KB, private, 8 way associative, 64B blocks
L1 d-cache 32 KB, private, 8 way associative, 64B blocks
L2 cache 256 KB, shared, 8 way associative, 64B blocks
L3 cache 30 MB, shared, 20 way associative, 64B blocks

Main Memory
Size 128 GB
Type DDR4_1600_x64

GPU

GPU Name NVIDIA Tesla P100 (PCle-Based)
CUDA Cores frequency 1.33 GHz
GPU Memory 16 GB HBM2

Maximum Power Consumption 250 W

Proposed logic unit for NDP (CLU)

CLU
Multipliers and adders
Cache

16 in number (one for each vault)
32, 16 bit fixed-point / CLU
1 SRAM cache per CLU, each is 256 B in capacity

Frequency 550 MHz - 1 GHz on UMC 90 nm technology, 3.3 GHz - 5.9 GHz on 15 nm technology
Peak performance 3.4 TFLOPs (15 nm)
Host cache 2-level (L1 and L2)
3D Memory Stack (HMC)

. trp = 7.7us, ttcop = 3.3ns, trop = 10.2ns,
Timings tcr, = 9.9ns, twr = 15ns, tras = 21.6ns, tcx = 0.8ns
Energy [40] 3.7 pJ/bit for DRAM read, 6.78 pJ/bit for SerDes hop
Power[132] 11.08W
Size 2 GB
Logic Die 90 nm, dimension 27 x 27mm?
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3.4.3 GPU based baseline System

We compare the throughput of the proposed system with a high-end GPU-based system
with NVIDIA Tesla P100 (Pascal architecture) GPU. The performance and energy efficiency
of the Tesla P100 is shown in [135]. The size of the global memory (HBM2 Stacked) of the
GPU is 16 GB. The details of the GPU are shown in Table 3.2. Note that Tesla P100 being
a high-end GPU, costs more than $9 K. On the contrary, our NMP solution is cost-effective
and can easily be integrated with the existing ecosystems of the HMC devices in the same
package structure and within the same power budget. Moreover, an HMC module costs less
than $1.4 K, which is expected to reduce with its growing market size [15]. We use PyTorch
1.4.0 along with the cuDNN library to execute all the ConvNets (shown in Table 3.1) in the
GPU platform. The GPU’s throughput is measured from the Python code of the framework.
We have used a similar instruction set architecture (ISA), x86, for all the CPU cores across
all the systems, including the proposed system, as shown in Table 3.2. The host offload
overhead is excluded for the GPU-based system and the proposed architecture.

3.4.4 Designing NMP Hardware using CAD tools

We implement the CLUs in Verilog and perform the synthesis using Genus Synthesis Solution
(version 15.21) from Cadence. We obtain the operating frequency of the CLU around 550
MHz - 1 GHz after the synthesis at 90 nm technology. We develop an in-house cycle-
accurate simulator that resembles the state machine of the design hardware (CLU). The
execution times of the CONV layers are measured from the simulator by using the frequency
obtained from the synthesis. Note that the layer’s properties are extracted from the PyTorch
simulation to maintain consistency while comparing the results. The obtained execution
times include the data processing time in the CLU and the data transfer time to/from the
DRAM die. The area analysis is performed using UMC 90 nm technology. The CLU net-list,
generated by the Genus, is fed to Innovus (from Cadence tool-set) for layout and placement
of the standard cells to perform a detailed area analysis, which is discussed in the subsequent
section. The power consumption and area overhead of the proposed system is measured from

the Cadence tool-set (Genus and Innovus) after the synthesis and layout.

3.4.5 Results

While investigating the concept of near-memory processing to accelerate CNN algorithms,
we obtain motivating results with substantial performance gain with reduced energy con-

sumption compared to the baselines. The area, being extremely critical for integrating logic
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Figure 3.4: Performance analysis of ConvNets while accelerating CONV layers.
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3. CLU: A NEAR-MEMORY ACCELERATOR EXPLOITING THE PARALLELISM IN
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Table 3.3: Speedup of proposed design over respective baselines (baseline/proposed) while
accelerating CONV layers.

ConvNets Quad-Core 64-Core GPU

AlexNet 98.87 68.84 8.84
ZFNet 82.76 73.14 7
VGG-16 93.18 69.81 3.04
VGG-19 90.36 67.89 3.09
Rsnet-34 158.90 97.42 13.87
Gmean 101.83 74.69 6.04

on the same memory chip, the practical implementation of the CLU hardware massively
depends on the area overhead. Thus, we perform a detailed area analysis of the designed

hardware and find overhead significantly low for near-memory integration.

3.4.5.1 Performance Analysis

Figure 3.4 shows the performance of the different systems while executing the ConvNets. In
Figure 3.4, layer-wise execution times (ms) are plotted along the Y-axis, and all the CONV
layers of the respective ConvNets are shown along the X-axis. We execute all the five
ConvNets on four individual systems (2 on the CPU based + 1 on the GPU platform + 1 on
the proposed system). From the results, it can be visualized that we achieve high speedups
over the conventional multi-core CPU systems. On average, we procure around 101.83x and
74.69x improvements over the quad-core and 64-core CPU-based systems, respectively, as
shown in Table 3.3. We acquire a speedup up to 13.87x (shown in Table 3.3) over a standard
GPU, which demonstrates the efficacy of the proposed NMP-based system. The substantial
gain in the performance is achieved primarily because of three reasons: (1) Minimum memory
access latency as data travels much shorter distance due to the NMP approach compared to
the baselines, (2) The proposed algorithm performs the CNN tasks in parallel, and (3) The
efficient design of CLUs which are dedicatedly built for accelerating the CONV operations.

Table 3.3 shows the speedup over each baseline of the individual ConvNets. Indeed,

m Utilization (%0)

60
40
20

0

Convl Conv2 Conv3 Conv4 Conv5 Gmean

Avg. Utilization (%)

Figure 3.5: Average utilization for the arithmetic units (AlexNet).
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3.4. EXPERIMENTAL EVALUATION

M 64-Core CPU Quad-Core CPU GPU m Proposed System

Normalize energy Consumptions

AlexNet ZFNet VGG-16 VGG-19 Rsnet-34 Gmean

Figure 3.6: Energy consumption of different ConvNets/ImageNets while accelerating CONV
layers; normalized w.r.t 64-core CPU-baseline.

in the case of a relatively slow quad-core CPU based system, we get maximum speedups,
which gradually diminish with the more powerful systems like 64-core CPU and GPU based
systems. Here, the execution times of the proposed NMP-based system include both the
computation time as well as the data fetch/store time in the DRAM die from the logic layer.
In the case of CPU/GPU based baselines, the execution times also comprise the computation
times of the CPU/GPU and the data fetch/store times through their respective conventional
memory hierarchy:.

We also study the average utilization of the arithmetic units of the designed CLU
modules. The Y-axis of Figure 3.5 shows the percentage of utilization, and the X-axis
represents the CONV layers for the AlexNet. On average, we found around 70 % utilization

for the arithmetic units of our designed hardware.

3.4.5.2 Energy Savings

We design an energy-efficient system for the applications that implement CNN algorithms.
The objective is to develop a low power system with limited resources yet comparable with
a GPU integrated system. Figure 3.6 shows a comparative analysis of the energy consump-

tion of the different systems while executing the CNN algorithm. We achieve a substantial

Table 3.4: Energy savings of proposed design over respective baselines (baseline/proposed).

ConvNets 64-Core Quad-Core GPU

AlexNet 201.29 108.41 21.55

ZFNet 213.85 163.35 17.06
VGG-16 204.12 183.91 7.40
VGG-19 198.51 178.35 7.51
Rsnet-34 284.86 185.85 33.76

Gmean 218.40 160.33 14.72
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Figure 3.7: Power (Leakage + Dynamic) breakdown of CLU.

reduction in energy consumption in the proposed system compared to the baselines for all
the CNN benchmarks. Tables 3.4 exhibits the energy savings of the proposed system over all
the baselines while executing the respective ConvNets. On average, we get around 218.40x,
160.33x savings in energy over 64-core CPU, quad-core CPU based systems, respectively,
and maximum up to 33.76x energy savings over the GPU based system. The reasons for the
saving are the energy-efficient design of the CLU and the NMP approach, where we place
these logic units on the logic die close to the memory. Consequently, the incurred energy
of transferring bits becomes less in the proposed system as compared to the conventional
multi-core CPU/GPU based systems.

Figure 3.7 shows the power consumption of the discrete modules within the CLU. From
Figure 3.7, it can be observed that the SRAM buffer consumes the power of around 13.67%
as we keep a small buffer of only 256 B. This motivates our design approach of integrating
a small buffer and loading the kernel depth-wise (one layer or matrix at a time) without
loading the entire kernel into a bigger-sized cache. Note that we consider the total energy
consumption, which includes both the computation and the data fetch /store energy for all the
baselines as well as the proposed system. The parameters like timings, power, and transfer-
energy /bit for the proposed 3D-memory based system are kept similar to the state-of-the-art,

as mentioned in Table 3.2.

3.4.5.3 Area Analysis

Since memory industries are extremely area sensitive, area overhead plays a central role in
the near-memory integration of the logic. We use Innovus (from Cadence tool-set) for area

analysis, and our CLU net-list got placed on 1.04mm x 1.04mm (shown in Figure 3.8 (a))
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(b) Area breakdown of the designed CLU hardware.

Figure 3.8: Area analysis.
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square box at 90 nm technology. This leads to a negligible area overhead of 2.37% in total
for 16 CLUs on the logic die. Figure 3.8 (a) shows the layout of the designed hardware
where the standard cells are placed. The area breakdown of the different elements of the
CLU is presented in Figure 3.8 (b). The sequential elements have imposed an area overhead

of around 16.56% while the logic components consume the rest of the area.

3.4.6 Comparison with Previous Accelerators

We perform a detailed comparison with existing DNN accelerators, NeuroStream [15], and
NeuroCube [3], that incorporate the idea of NMP. For parallelizing the DNN operations,
a data partitioning approach is used in NeuroCube [3]. This approach needs a specialized
state machine integrated with each vault controller to drive the data into the processing
elements. Unlike their approach, our proposed design needs no change in the controller
circuit. The proposed hardware (CLU) has the inbuilt capability of bringing the data for
processing. Moreover, their experiment is limited to the small ConvNets having only 6 layers.
In NeuroStream [15], deep learning operations have been performed in the LoB of the 3D
memory. They adopted RISC-V cores and streaming coprocessors as an NMP logic option to
accelerate the CNNs. We choose dedicated hardware (CLU) instead of the RISC-V cores and
streaming coprocessors in our proposed design. The reasons are: 1) for efficient utilization of
these RISC-V cores, they require more programming effort, 2) their register-file bottleneck
affects the scalability [136]. The amount of efficiency loss due to the use of RISC-V cores in
[15] is reported to be 17%. The design in [15] increases 8% of the LoB die area on each HMC,
which is significantly higher than the area overhead of our proposed system. Moreover, their
data partitioning scheme (4D tiling) puts a significant workload on the RISC-V cores as data
needs to be re-tiled after every layer before storing into DRAM. Our proposed design survives
from such re-tiling overhead as we partition the data among all the vaults at the beginning
of the CNN algorithm and keep the input and output activation in the corresponding vaults.
Only a negligible amount of data movement is needed between the adjacent vaults in phase

3 (explained in Section 3.3.3) of our proposed algorithm.

Table 3.5: Comparison with previous near-memory DNN accelerators.

Node SOA Peak Power Efficiency Area
(nm) (TFLOPS) | (W) | (GFLOPS/W) | (mm?)
28 NS [15] 0.24 i1 225 83
" oLy 0.86* 2.36 364.41 1.73
NC [3] 0.13 34 388 0.93
15 nm CLU 1.4* 0.92 1521 1.07

NS: NeuroStream, NC: NeuroCube,
On average, actual throughput achieved during execution (Peak is even higher)
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Table 3.5 summarizes the obtained key-design specifications of the NMP-based acceler-
ators. On a similar technology node, the proposed work (CLU) outperforms NeuroStream
[15], and NeuroCube [3] in terms of performance, power, efficiency, and area overhead. The
proposed CLU achieves a peak throughput of 0.86 TFLOPS and 1.4 TFLOPS over 0.24
TFLOPS of NeuroStream [15] and 0.13 TFLOPS of NeuroCube [3] respectively, as shown
in Table 3.5. While the efficiency of 364.41 GFLOPS/W and 1521 GFLOPS/W is substan-
tially higher than both the corresponding state-of-the-art architectures, the proposed CLU
incurs a comparatively lesser area overhead as well (shown in Table 3.5). Another work,
TETRIS [16], provides an HMC-based near-memory architecture to accelerate the neural
network (NN). This work adopts “row-stationary” computation paradigm proposed in [120].
Similar to our CLU, TETRIS uses a feature map (Fmap) based data partitioning scheme for
the parallel execution of the NN tasks in the CONV layers. However, they use a different
partitioning technique in the Fmaps. Unlike our horizontal Fmap partitioning scheme, they
chop the data both horizontally and vertically, leading to more partitions and data tiles. Al-
though more partitions can lead to more parallelism, this scheme also increases the inter-tile
data dependency from different vaults at the tile edges due to the striding window nature
of the convolution operations. Thus, it increases the inter-vault communications overhead.
A throughput of 159 GOPS can be estimated from the relative results reported in TETRIS
[16] with an average power consumption of 6.9 W. At 28 nm technology, TETRIS’s area
overhead can be scaled to 21 mm?2. A similar estimation of performance and area overhead
of TETRIS is also observed in NeuroStream [15]. Our CLU provides higher performance

and energy efficiency compared to TETRIS while being more area efficient.

Apart from the above similar near-memory accelerators, efforts have also been spent
to build on-chip custom accelerators like Tensor Processing Unit (TPU) [137]. Although
this accelerator delivers substantially high throughput (92 TOPS), it is difficult to integrate
a similar bulky unit (331 mm?) with a larger MAC array (64 K) in the logic layer of 3D
memory. The logic die of the HMC device that we consider permits approximately 50-60
mm? in total or 3.5 mm? per vault of additional space for near-memory logic apart from its

existing circuitry [40].
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3.5 Summary

In this chapter!, we propose an efficient parallel algorithm (having three phases) to maximize
the speedup of the proposed system while accelerating the CNN inference. We design the
hardware (CLU), which implements this parallel algorithm. To exploit the benefits of the
near-memory approach and harness more throughput from the proposed system, we further
integrate these CLUs in the logic layer of the HMC device. The cumulative outcome of
these contributions results in our proposed architecture, which delivers substantially better
throughput (in terms of performance and energy savings) than the multi-core CPU and GPU
based systems. On average, we achieve around 101.83x and 74.69x performance gain over the
quad-core and 64-core CPU based system, respectively. The proposed system also procures
around 218.40x and 160.33x energy savings over the 64-core and quad-core CPU based sys-
tem. In the case of GPU, our proposed system has accomplished a speedup of up to 13.87x
while reducing the energy consumption up to 33.76x. Moreover, at 90 nm technology, the
additional hardware units incur 2.37% area overhead, which is also negligible. Our proposed
CLU is also comparable with other existing NMP-based architectures and outperforms them
in terms of performance, power consumption, and efficiency. Certainly, the obtained results
make this architecture a lucrative and more deserving candidate for practical implementa-
tion. This chapter covers the objectives like reducing data movement (objectivel ), obtaining
high performance and energy efficiency through accelerated architecture (objective2), and

providing support for various applications (objective3).

RS SN

!The publication details related to this chapter are as follows.
(1) Das, Palash, et al. “Towards near data processing of convolutional neural networks.” 2018 31st Interna-
tional Conference on VLSI Design and 2018 17th International Conference on Embedded Systems (VLSID).
IEEE, 2018.
(2) Das, Palash, and Hemangee K. Kapoor. “CLU: A Near-Memory Accelerator Exploiting the Parallelism
in Convolutional Neural Networks.” ACM Journal on Emerging Technologies in Computing Systems (JETC)
17.2 (2021): 1-25.

TH-2870_156101001 63



TH-2870_156101001



4

nZESPA: A Near-3D-Memory
Zero Skipping Parallel

Accelerator for CNNs

Apart from exploiting parallelism like the previous chapter, we explore additional opti-

mizations of skipping ineffectual zero-valued computations by leveraging the abundant data
sparsity in both weights and activations. We use a compression/decompression technique of
data to take the benefits of sparsity. We design dataflow that helps implement intra/inter-
vault parallelism and utilize data sparsity. We implement custom hardware that works with
the dataflow to skip all ineffectual computations. A grid of 16 hardware units is integrated
with each vault of the hybrid memory cube (HMC) to exploit the benefits of NMP. The
proposed architecture achieves high speedup and energy efficiency compared to all baselines

and state-of-the-art.

4.1 Introduction

As we mentioned in our previous chapter, the CNN models have grown deeper (with several
hidden layers) and exceptionally large in size. The number of both neurons and synaptic
weights of the CNNs has increased dramatically (neurons: kilo-million neurons and synaptic
weights: up to 10 billion) [116], [129]. Consequently, an extensive amount of computations
and memory accesses are involved in CNN inference operations. These compute and data-
intensive CNN operations paralyze the memory hierarchy and increase the costly off-chip
DRAM accesses, which require higher cycles and energy to transfer data between the last-
level cache and main memory. Eventually, the system’s throughput in terms of performance
and energy consumption degrades. Any optimization of the CNN algorithm, regarding its

performance and energy consumption, benefits varieties of applications that include CNNs
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as the core computation module. Towards optimizing the CNN algorithm, researchers have
exploited the inherent parallelism of the CNN operations [45], [103], [137]. A few groups have
eliminated unnecessary zero-valued computations by utilizing the abundant sparsity present
in the neurons (Dynamic) [120], [104] and synaptic weights (static) [105], [138]. SCNN [57]
and EIE [106] have exploited both static and dynamic sparsity to reduce the number of
computations of the CNNs. Researchers have also put in efforts to reduce the costly off-
chip main memory accesses by near-memory processing (NMP) to achieve a high system’s
throughput while accelerating the CNNs [15], [139], [115].

In the first category, the parallelism of the CNN operations has been exploited by the
use of multiple processing units, resulting in an improved systems throughput in terms of
performance and energy consumption. In the second category, people have utilized the
sparsity property to reduce the number of computations in CNNs, thereby improving the
systems throughput. Sparsity can be defined as the number of zeros present in the weight
(synapse) and activation (neuron) matrices [140]. This sparsity is usually static in nature
for the weights as it stems out by pruning connections in the network during the training.
In contrast, the sparsity in activations, raised by the thresholding of ReLLU (Rectified Linear
Unit), is data-dependent and hence dynamic in nature. Multiplications and additions of these
weights and activations are the primitive operations for the inference. Since multiplication
or addition with zero produces nothing, these operations can be eliminated by over an order
of magnitude to skip the costly computations. Around 18-85% static and 25-60% dynamic
sparsity is observed for the different layers of CNN benchmarks in the previous work [140].
A similar observation is made (static: 20-80%, dynamic: 50-70%) in another work [57]. This
has motivated many researchers to exploit the sparsity property. In some research, only the
one-sided sparsity, like the static or the dynamic sparsity, has been investigated. Others have
explored the benefits of both static and dynamic sparsity and thus fully-sparse. Nonetheless,
the above two approaches still fail to address the issue of costly main memory accesses while
fetching/storing data in the main memory. One solution to this problem is near-memory
processing (NMP), where some computations are offloaded to the processing units, placed
near to the memory. The NMP approach helps in amortizing the off-chip accesses. Several
recent projects on near-memory processing of neural networks have manifested that the
systems having NMP capability expedite the performance while being significantly energy
efficient. As explained above, the existing works have been able to leverage isolated benefits
of parallelism or sparsity or NMP by their proposed architecture. Addressing all three issues

by one novel architecture is still a problem and has not been implemented.

In this chapter, our proposed system exploits the parallelism by distributing the CNN

tasks among the proposed processing units placed near to the memory. In this context,
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we choose 3D memory, specifically Hybrid Memory Cube (HMC) [40] for the near-memory
integration of the designed processing units. We utilize both static and dynamic sparsity to
eliminate the costly multiply-accumulate (MAC) operations of the CNN inference without
affecting the accuracy. Apart from being near-memory, we use data compression on both
weights and activations. Encoding of sparse weights and activations provides twofold ben-
efits: 1) It reduces the number of DRAM access from the HMC’s logic layer (LoB) where
we place the proposed hardware, 2) It helps to accommodate the required weights and ac-
tivations in a comparatively smaller sized buffer in the proposed hardware. Lastly, we have
successfully curtailed the off-chip main memory accesses using the NMP approach while exe-
cuting the inference. The reason is, the majority of the computations on the data take place
inside the LoB of the HMC device without bringing them to the conventional cache hierarchy.
Towards achieving these goals, we design our proposed hardware, namely Near-3D-memory
Zero Skipping Parallel Accelerator (nZESPA), and integrate multiple such hardware units
in the LoB of the HMC device. The proposed system outperforms the baselines in terms of
performance and energy consumption, as shown in Section 4.6.3. The salient contributions

are as follows.

1. To harness parallelism, we design an efficient sparsity-aware near-3D-memory dataflow
for layer-wise processing of data, namely Near-3D-Memory Zero Skipping Parallel
dataflow (nZESPA).

2. We design specialized hardware (nZESPA) and integrate a grid of those units with
the individual vaults (explained in Section 4.4) in the LoB of the HMC device. The
nZESPA is area efficient and can be easily integrated into the existing ecosystem of
the HMC.

3. We exploit static and dynamic sparsity, which reduces the computation cost by elimi-
nating the zero-valued computations. The sparse data is also represented and utilized

in a compressed form reducing the buffer requirement in the implemented hardware.

4. To quantify the ability of the proposed system having fully-sparse CNN accelerator
with NMP (NMP-fully-sparse), we compared it with three other variants of architec-
tures: @ System having dense CNN accelerator without NMP (traditional-dense), ®
System having fully-sparsed CNN accelerator without NMP (traditional-fully-sparse),
and @ System having dense CNN accelerator with NMP (NMP-dense). The NMP-
fully-sparse outperforms the other three architectures in terms of performance and

energy consumption.
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5. We also compare the proposed NMP-fully-sparse architecture with state-of-the-art ap-

proaches exploring either static or only dynamic sparsity.

6. The throughput of the proposed system is evaluated with three widely used state-of-
the-art ConvNets/networks with different shapes and sizes: AlexNet [116], VGG-16
[118], and ResNet-34 [48].

4.2 Motivation

The term sparsity can be defined as the fraction of zero values found in the layer’s activation
and weight matrices. The abundant sparsity, present in the CNNs, brings enormous oppor-
tunities for the system architects to design highly efficient systems with optimized energy
consumption. In practice, all the widely used ConvNets/networks include sparsity in both
the activation and weight matrices. The effective approach to create weight sparsity is to
prune the network during the training phase. One of the effective techniques to prune the
weights is shown in [141]. Here, the weight values which are closed to zero (e.g., within a
certain threshold) are set to zeros. This pruning process affects the accuracy. To regain ac-
curacy, they retrain the network. These two pruning and retraining steps result in a smaller
network with accuracy, very close to the original network. Once the training is done, the
weight sparsity remains unchanged and hence static in nature.

Activation sparsity is created primarily by the non-linear operator like ReLU as it forces
all negative activation values to be clamped to zeros. The sparsity of activations is highly
data-dependent and hence dynamic in nature. Figure 4.1 shows the dynamic nature of the

activation sparsity. The CONV11 layer of VGG-16 is shown for the two different input images
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Figure 4.3: Data distribution for nZESPA dataflow.

from the ImageNet dataset. A variance in sparsity is observed across the input images. Note
that, here, the black pixels represent the zero values that are responsible for the sparsity.
To inspect the activation and weight sparsity across the hidden layers of all three networks,
we use the PyTorch framework [133] along with the pruning algorithm of [141]. Figure 4.2
illustrates the average sparsity (in percentage) in the activation and weight matrices of all
three networks that have been used for evaluation. We observed a range of ~20-70% weight
and ~28-80% activation sparsity across the different layers of the networks. For this work,

we assume a batch size of 1, which is common for inferencing tasks.

4.3 nZESPA Dataflow

The Near-3D-Memory Zero Skipping Parallel dataflow or nZESPA dataflow is specifically
designed to maintain the streaming of data through TSVs between the DRAM layers of the
memory die and the nZESPA modules placed on the LoB of the HMC device. The objectives
of the dataflow are multidimensional while executing the inference. The Near-3D-Memory
term represents its active workspace, which is the logic-layer (LoB), close to the memory
die. The Zero Skipping term is used as it is specially designed to perform its computations
on the compressed form of data (activations + weights) obtained after removing zeroes.
The compressed data helps in removing all multiply-accumulate operations associated with
zero-valued weights and activations, leading to the exploitation of sparsity property. The
nZESPA dataflow keeps both the activations and weight model in the vaults until the end
of the entire algorithm. This property increases the data reuse to some extent and reduces
the overhead of data-partitioning after each activation layer. To harness the parallelism, the
weight matrices are replicated in the vaults while the data is partitioned (shown in Figure

4.3) across the vaults for the parallel processing by the nZESPA grids. The dataflow provides
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parallelism in the form of intra and inter vault parallelism, as explained in the subsequent
section. Since we integrate the nZESPA grids close to memory (NMP), the data can be
transferred between the DRAM layers and nZESPA modules with negligible transmission
overhead [15]. Consequently, we can exchange the activations and the filters between the
DRAM layers and the local buffers of nZESPA modules with minimal effect on the system’s
throughput. One inefficiency that stems out during the parallel execution of the inference
tasks is load imbalance. Load imbalance often occurs as an effect of the data reuse scheme.
Like in [57], the filter elements can be broadcast among the processing elements (PEs) for
performing the MAC operations while keeping the input_activations stationary in the local
buffers of PEs. The input maps having different sparsity, sparser maps finish early than
denser maps, leading to the under-utilization of resources due to the load imbalance. Alter-
natively, holding the filter elements and broadcasting the input_activations incurs the same
problem. The load imbalance can be alleviated if the PEs independently fetch the weights
and activations to the local buffers by sacrificing the data reuse. Thus there is a fundamental
reuse-imbalance trade-off while designing the dataflow. We fetch the activations and filters
in the local buffers instead of broadcasting them among the nZESPA modules as a solution

to the load imbalance problem.

4.3.1 Data Partitioning for nZESPA

Figure 4.3 explains the data distribution and its granularity in more detail. The entire
L x M x K amount of activation inputs (Figure 4.3a) are chopped horizontally, leading to
data blocks, as shown in Figure 4.3b. Here, . and M are the counts of columns and rows,
respectively, for each input channel; and the total number of channels is represented by K
(same as shown in Figure 1.4). Each block of L x (M/N,) x K elements is distributed across
the N, number of vaults of the HMC. We choose the 16-vault configuration of the HMC 2.0
for our experiment. However, one can choose the other available HMC configurations as in
HMC 2.1. It (2.1 version) has 32 vaults, which can be used for the integration of 32 nZESPA
grids. Note that our design of nZESPA modules are independent of memory architecture and
can be adopted in any 3D-stacked memory with minimal changes in the existing ecosystem.
Each block in the respective vaults is logically divided into smaller pieces of tiles (Figure
4.3c), each having L/N,. x (M/N,) x K elements. Here, Ny, represents the number of
nZESPA modules (16 in proposed NMP-fully-sparse), integrated into each vault. Figure
4.3d shows the load distribution in a finer granularity when L, M is small, and the number

of tiles becomes less than Ng,.. To maximize hardware utilization for smaller layers (small L
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and M), the nZESPA modules within a grid perform the convolutions simultaneously in the
sequential neuron positions of a tile (based on the stride value available in register-stack),
as shown in Figure 4.3d. However, for larger layers (large L, M) where the number of tiles is
at least equals to Ny, the nZESPA modules of a grid perform convolution simultaneously
on multiple tiles, as shown in Figure 4.3c. This approach reduces the number of idle cycles
of nZESPA modules.

4.3.2 Intra and Inter Vault Parallelism of nZESPA

The nZESPA dataflow provides twofold parallelism. The intra-vault parallelism is achieved
within a single vault. In NMP-fully-sparse architecture, we placed a grid of 16 nZESPA
modules in each vault of the HMC device. Each nZESPA module within a vault can perform
the MAC operations on the corresponding tile (Figure 4.3c) independently in parallel with
others. This concurrent processing of the tiles leads to intra-vault parallelism. The intra-
vault parallelism is exploited on a single block of data (Figure 4.3b). Further, as shown
in Figure 4.3d, the nZESPA modules can compute on different sections of data of a tile in
parallel, leading to a reduced number of idle cycles for the smaller layers. HMC, having
multiple vaults, provides a suitable environment to implement a highly parallel system. We
integrate the nZESPA grids with all the vaults. These nZESPA grids parallelly process all
the data blocks (Figure 4.3b), resulting in inter-vault parallelism. Note that our architectural
setup includes 16-vault HMC configurations with 16 nZESPA modules (1 grid) in each vault
to leverage intra and inter vault parallelism. Increasing the number of grids by increasing
the number of vaults as in HMC 2.1 can increase the performance by additional inter-
vault parallelism in exchange for additional power consumption by the system. Similarly,
increasing the number of nZESPA modules in a single grid can increase the intra-vault
parallelism while also incurring additional overhead on area and power, leading to design

trade-offs for the system designers.

Due to the sliding window nature of the convolutions along with the horizontal and
vertical partitioning scheme of nZESPA dataflow, there will be some missing input activations
at the edges of each block and tile (data blocks and tiles are shown in Figure 4.3), resulting in
partial results at some neuron positions. To address the cross tile dependencies, we replicate
additional input activations in the activation buffers of each nZESPA module. We also
replicate additional activations in each vault for the edges of the data blocks. While the
former solves the cross tile dependency problem for intra-vault parallelism, the latter solves

the issue for inter-vault parallelism.
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Figure 4.4: Hlustration of Compression technique.

4.3.3 Data Compression

The sparsity of both the weights and activations is harnessed by the support of a compressed
data format. Figure 4.4 represents the compression technique used in this nZESPA dataflow.
N, P, and K have the same meaning, as shown in Figure 1.4. We adopted a variant of the
previously proposed compression algorithm [106], [142]. The compressed format of data
assists the nZESPA dataflow in eliminating the zero-valued computations associated with
both the weights and activations. In Figure 4.4, we have shown the compression technique for
a single weight matrix. The same technique is followed for the compression of all the weight
and activation matrices. From Figure 4.4, it can be seen that the number of K x Px N (where
K=P=N=3) filter elements (weights) of a filter reduced to the number of non-zero elements
(7 in this case) which are stored in non-zero data vector. The first entry (shown in red in
Figure 4.4) of the index vector stores the number of non-zero elements of a filter /activation
matrix, and it is followed by the number of zeros before each non-zero element. We considered
4bit/entry for the index vector, which allows up to 15 consecutive zeros between any two
non-zero elements. If the two non-zero elements are further apart from each other, then a
zero-value place holder can be inserted without any notable loss in the compression efficiency.
As the dimensions of the filters and input activation layers are known, we can decrypt the
compressed data with the help of the above two vectors.

The nZESPA controller is designed to perform the inference operations on this specific
format of data. At each neuron position (as shown in Figure 1.4) for the output activa-
tions, the nZFESPA controller only fetches non-zero input activations from the non-zero data
vector. Upon receiving the non-zero input activations, the nZESPA controller checks their
validity for the corresponding neuron position with the help of the index vector. For the

valid non-zero activations, the controller also searches the corresponding non-zero weights.
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Upon a successful search, the activations and their corresponding weights are multiplied
and accumulated. Consequently, all zero-valued computations are skipped as only non-zero

elements participate in the MAC operations.

4.4 System Architecture

The architecture, shown in Figure 4.5, is an abstract view of the proposed NMP-fully-sparse
architecture. The system consists of a host processor and a two-level cache hierarchy (L1
split cache and shared L2). Instead of traditional DDRx memory, we choose Micron’s HMC
as the main memory for NMP. The reason is: 3D memories are a promising technology for
near-memory integration of logic. We can easily integrate the custom accelerators in the
logic layer (LoB) of the device without sacrificing the expensive memory area. The on-chip
HMC controller manages all the global memory references. The HMC, considered in our
setup, consists of four memory layers (A, B, C, and D), each having a size of 4-Gbit, which
sum up to 2 GB of memory in total. The two banks from each layer constitute a vault that
has a separate vault controller. The vault controllers work independently and handle all the
memory references local to the corresponding vault. Vault controllers exchange the non-local
data with the other vaults with the help of routers, connected through a 2D mesh network-
on-chip (NoC). The detailed NoC circuitry is omitted in Figure 4.5 for simplicity. The LoB
layer of the original HMC device primarily consists of vault controllers, a crossbar network to
interconnect the vaults, the off-chip link SerDes, and other testing circuitry [40]. To integrate

the grid of nZESPA, we replaced the crossbar network with the 2D mesh network-on-chip
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(NoC), similar to the previous studies [3], [16].

16 nZESPA modules are connected through NoC to form a grid, as shown in the top-left
part of Figure 4.5. Each grid is connected to the individual vault controllers. The logic die
of the HMC device that we have considered permits approximately 50-60 mm? in total or 3.5
mm? per vault of additional space for near-memory logic apart from the existing circuitry
[40]. This clearly manifests that there is a strict area budget for a larger array of logic. For
our experiment, we placed a grid of 16 nZESPA modules in each vault as it easily fits within
the available space of 3.5 mm? in each vault. On UMC 90 nm technology, the entire grid of
16 such nZESPA modules incurs an area overhead of 2.56 mm?, which is lesser than the area
budget of 3.5 mm?2. On the other hand, it is difficult to integrate larger logic arrays in the
logic layer of 3D memory. For example, state-of-the-art like [120] incurs an area overhead

2

of 16 mm® on TSMC 65 nm technology for larger processing elements (PEs) array, thus

making such designs suitable for on-chip rather than near-memory integration.

In addition to the traditional cache hierarchy, the proposed NMP-fully-sparse architec-
ture includes local buffers (weight and activation buffer) in the nZESPA modules, a shared
global buffer for the nZESPA grid, and DRAM banks. These buffers are incorporated since
accessing the data from the DRAM memory die is costlier than the rest of the two. The

NMP-fully-sparse architecture discussed above delivers threefold benefits: (1) the concurrent
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Figure 4.6: The abstract view of nZESPA architecture.
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processing of the inference operations through intra and inter vault parallelism, (2) exploita-
tion of both static and dynamic sparsity through nZESPA dataflow on the compressed data,
and (3) faster memory accesses due to the NMP capability. Towards achieving these features,
we have proposed the nZESPA dataflow and designed the nZESPA hardware that resembles
the nZESPA dataflow. The proposed nZESPA module is synthesized in hardware using the
Cadence tool-set (described in Section 4.6.2.1).

4.5 nZESPA Architecture and Operations

The complete microarchitecture of nZESPA, being complex and difficult to represent by a

diagram, we have presented an abstract overview of the designed unit in Figure 4.6.

e The nZESPA controller, being the master of the entire circuitry, drives the whole
module. The nZESPA controller fetches all the required data of a tile (shown in Figure
4.3) from the DRAM die through the T'SVs with the help of the vault controller. The
global buffer within the individual vaults is shared among the nZESPA modules of
a grid belonging to that vault. The data are initially brought into the global buffer
and then transferred to the respective buffers with the help of the nZESPA controller.
The vault address register (VAR) holds the address of the memory that needs to
be fetched. The host processor initiates the execution by sending a start signal to the
nZESPA controllers. Additional information like dimensions and number of channels of
weight /activation matrices, initial addresses of the metadata (like activations, weights,
strides, and bias) are offloaded to the register-stacks by the host processor. The bias
register holds the bias value, which is added only once at each neuron position. The
nZESPA modules can handle any stride value and thereby execute CNNs of diverse

shapes and sizes.

e The hardware includes separate buffers for storing non-zero data vectors and index
vectors of the compressed-sparse format, shown in Section 4.3.3. The activation data
and indices are stored in the activation buffer (AB) and activation index buffer (AIB),
respectively. The weight buffer (WB) and weight index buffer (WIB) store the non-zero
weights and their indices, respectively. The activation buffer register (ABR) and weight
buffer register (WBR) are used to access the respective buffers since these registers hold

the addresses for the corresponding buffer.

e Each unit includes the 16-bit multiplier and adder to perform the MAC operations.
The checker module plays a crucial role in achieving sparsity-aware inference oper-

ations. It searches the AB efficiently for the valid input activations at each neuron
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Table 4.1: Configuration parameters.

nZESPA Parameters Value NMP-fully-sparse Parameters Value
# nZESPAs / grid 16
Multiplier width | 16 bits # grids / vault !
. # grids in LoB 16
AB size 32 KB 1.
. # Multiplier 256
AIB size 8 KB
WB si 256 B Total AB data 512 KB
size Total AIB data 128 KB
WIB size 64 B
. Total WB data 4 KB
RAB size 32 KB
RIB si 3 KB Total WIB data 1 KB
stee Total RAB data 512 KB
Total RIB data 128 KB

position. As the AB only contains non-zero activations, the zero-valued activations are
never fetched. It also finds the corresponding weights in the WB. Upon a successful
search, the MAC operation is triggered. Note that WB also contains non-zero weights.
Consequently, zero-valued weights are never fetched, and hence it possesses the ability
to exploit both static and dynamic sparsity (fully-sparse). The output activations are

accumulated in the result accumulation buffer (RAB).

o After the generation of the output activation channels for all the filters, the post
convolution module (PoCM) applies the non-linear activation function (ReLU) on the
output activation channels. On completion of ReLU, PoCM performs the pooling
operations and encodes the results in the specific compressed-sparse format for the
processing of the next activation layer. PoCM updates the RAB with only non-zero
output activation vectors and writes the corresponding index vector in the result index
buffer (RIB). Finally, the output activations (OAs) from RAB and output activation
indices (OAI) from RIB are updated in the DRAM die through the vault controller
and TSVs.

Note that the multiple inputs of a MUX (e.g., MUX2-MUZXG6) are replaced by one thick
arrow (blue lines) for simplicity. Similarly, the multiple control signals between any two
modules within the nZESPA are replaced by a single CTRL signal (green lines). The select
lines of the multiplexers are shown in red lines. The configuration parameters of nZESPA
and the NMP-fully-sparse architecture are presented in Table 4.1. The nZESPA design,
mentioned above, preserves the nZESPA dataflow at every state of the state machine to

leverage the sparsity close to the memory.

4.6 Experimental Methodology

We evaluate all four architectures by executing widely-used state-of-the-art benchmarks from

industries and academia. The selected benchmarks stand in the top in terms of reduced ‘top-
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Table 4.2: Benchmark Details.

| ConvNets/Networks | AlexNet | VGG-16 | ResNet-34 |

Year 2012 2014 2015
Place 1st 2nd 1st
Top-5 error 15.3% 7.5% 5.7%
# of CONV layer ) 13 33
# of parameters 61 M 138 M 21 M
Parameter Size 116.54 MB | 263.90 MB | 41.58 MB
Total Size 121.015 MB | 373.58 MB 90 MB

5 error rate’ in the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) [130].
Table 4.2 lists the attributes of all the three benchmarks: AlexNet [116], VGG-16 [118], and
ResNet-34 [48]. The top-5 error of the networks has reduced substantially over time. The
number of CONV layers has also increased, which makes the networks deeper and accurate.
We have shown the parameter size and the total size of the model separately in Table 4.2.
The specification summary that includes shapes and sizes of the networks is extracted from
the PyTorch framework [133].

4.6.1 Particulars of the Architectures

We compare four different architectures of a system: @ traditional-dense, @ traditional-
fully-sparse, @ NMP-dense, and @ NMP-fully-sparse (proposed). The detailed specifica-
tions of these architectures are listed in Table 4.3. All the architectures include a similar
quad-core host processor with a similar cache hierarchy, as shown in Table 4.3. HMC is used
as the main memory module for all the architectures. The traditional systems have 16 grids
of dense-accelerators, and 16 grids of nZESPA modules for the respective systems (@ and
@) integrated close to the on-chip main memory controller through a 2D mesh network-on-
chip (similar place of integration as shown in [57]). Conversely, a grid of dense-accelerators is
integrated with each vault of HMC in its LoB for NMP-dense architecture (@)). And the grid
of nZESPA modules is integrated with each vault of HMC in the proposed NMP-fully-sparse
architecture (@). Consequently, compared to the NMP based architectures, all traditional
architectures suffer from longer data access latency and higher per bit energy cost due to the
high off-chip communication cost. The HMC parameters, capabilities, working frequency of
dense-accelerators / nZESPA modules, and area overhead of the individual architecture are
also mentioned in Table 4.3. Note that dense-accelerators are comparatively superior to the
nZESPA modules in terms of area overhead and working frequency because sparse architec-

tures require additional hardware and have a longer critical path for maintaining the sparse
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Table 4.3: Specification of the architectures.

Host Processor (common for all architecture)

Core
Core Count
Core Frequency

x86-64
4
2 GHz

Cache Memory (common for all architecture)

L1 i-cache 32 KB, private, 4 way associative, 64B blocks

L1 d-cache 32 KB, private, 8 way associative, 64B blocks

L2 cache 256 KB, shared, 8 way associative, 64B blocks
HMC (common for all architecture)

. tRp = 7.7118, ttCCD = 3‘3DS, tRCD = 10.21187
Tlmlngs tCL = 9.91’18, tWR == 151157 tRAS = 21.6ns
Energy [40] 3.7 pJ/bit (DRAM read), 6.78 pJ/bit (SerDes hop)
Power[132] 11.08W
Size 2 GB
Logic Die 90 nm, dimension 27 x 27mm?

traditional-dense / traditional-fully-sparse
# of grids 16 (for both architectures)

# of logic units (dense-accelerator/nZESPA) per grid
# of multipliers

Area overhead per grid

Frequency of dense-accelerator / nZESPA module
Capabilities on data

Area of integration

16 (for both architectures)

256 (for both architectures)

1.96 mm? / 2.56 mm?

~1.2 GHz / ~1 GHz on UMC 90 nm

Parallel processing on dense / compressed-sparse
Near the on-chip memory controller, similar to [57]

NMP-dense / NMP-fully-sparse (proposed)

# of grids

# of logic units (dense-accelerator/nZESPA) per grid
# of multipliers

Area overhead per grid

Frequency of dense-accelerator / nZESPA module
Capabilities on data

Area of integration

16 (for both architectures)

16 (for both architectures)

256 (for both architectures)

1.96 mm? / 2.56 mm?

~1.2 GHz / ~1 GHz on UMC 90 nm

Parallel + NMP on dense / compressed-sparse
LoB of the HMC (for both architectures)
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encoding. However, the property of sparsity neutralizes the effect, as shown in Section 4.6.3.
The dense-accelerator follows a similar data partitioning scheme, like the data partitioning
scheme of the proposed nZESPA dataflow. However, unlike nZESPA, it works on dense data,
and no zero-valued computations are skipped. All these architectures are primarily designed
to optimize the convolution layers because state-of-the-art CNNs are primarily dominated by
these compute-intensive layers [125], [123]. However, these architectures include dedicated

logic for the non-linear operation (ReLU) and pooling.

4.6.2 Measuring Performance and Power
4.6.2.1 Performance

We implement the designs of both the dense-accelerator and proposed nZESPA module in
synthesizable Verilog hardware description language (HDL). We then perform placement-
aware logic synthesis in Genus Synthesis Solution (version 15.21) from Cadence. We use
UMC 90 nm technology library and obtain the operating frequency around 1.2 GHz and 1
GHz, respectively, for the dense-accelerator and proposed nZESPA module. We develop an
in-house cycle level simulator that can be configured to resemble the state machine of the
dense-accelerator and proposed nZESPA module. The simulator is parametrizable and can
be fed with the frequency obtained from the hardware synthesis of the respective hardware.
The execution time is measured from the simulator by layer-wise execution of the respective
ConvNets. Note that the reported execution time by the simulator includes the data process-
ing time in the grid of accelerators (dense/nZESPA) as well as the time to fetch /store results
in the memory through the memory hierarchy of the respective architectures. Here, addi-
tional latency for off-chip communications in traditional systems is also taken into account.

The timing parameters to fetch/store data in HMC are shown in Table 4.3.

4.6.2.2 Power Analysis

The total power consumption of the dense-accelerator and nZESPA module is also obtained
from the Genus Synthesis Solution (version 15.21) from Cadence after the logic synthesis.
The power and energy parameters of the HMC device are obtained from the existing state-
of-the-art (shown in Table 4.3). We use McPAT [134] to measure the on-chip power values.
While measuring the energy consumptions of each architecture during the execution of the
ConvNets, we consider the energy consumed by the logic units (dense/nZESPA) as well
as the energy required to fetch/store data through the memory hierarchy of the respective
systems. Note that the area analysis for the dense-accelerator has been done in a similar

fashion, as explained in Section 4.6.3.5.
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Figure 4.7: Effectiveness towards NMP capability.

4.6.3 Evaluation

We have evaluated the proposed system (NMP-fully-sparse) based on its performance, energy
consumption, and area overhead. The proposed system substantially outperforms all the
baselines while being energy efficient. In this section, we first evaluate the effectiveness of
NMP capability and sparsity for a system. Then we measure the system’s throughputs for

all the architectures.

4.6.3.1 Effectiveness of NMP Capability

Figure 4.7 manifests the effectiveness of the NMP approach. The NMP capability benefits
both the dense and sparse systems. In Figure 4.7a, we have shown the speedup achieved
by the NMP-dense and NMP-fully-sparse over the traditional-dense and traditional-fully-
sparse system, respectively, for all the networks. This speedup is obtained as the traditional
systems (both dense and sparse) have longer off-chip memory access latency than the NMP-
based systems. Note that, the speedup (traditional-dense / NMP-dense) achieved in the
NMP-dense system due to NMP capability is higher than the speedup (traditional-fully-
sparse / NMP-fully-sparse) obtained in the NMP-fully-sparse system. The reason is; the
number of data blocks that need to be accessed by the dense systems is higher than the
sparse systems. Consequently, the amount of off-chip latencies, saved in the NMP-dense
system, is higher than the NMP-fully-sparse system. In Figure 4.7b, a similar effect can be
seen in the energy savings due to the NMP capability. Both the NMP-dense and NMP-fully-
sparse have achieved significant savings in the energy compared to their respective traditional
systems. The NMP-dense architecture leverages more benefits from the NMP approach than

the NMP-fully-sparse architecture due to its comparatively high data requirements.
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Figure 4.8: ResNet-34 performance and energy vs. sparsity.

4.6.3.2 Effectiveness of Sparsity

While executing the ResNet-34, we compare the performance and energy efficiency of the
NMP-fully-sparse with NMP-dense architecture while varying the activation and weight
sparsity. We extract the data from PyTorch [133] and artificially wipe the weights and
activations (similar to the process of [57]) in ResNet’s layers to vary the sparsity in the range
of 10-100%. Along the X-axis of Figure 4.8, we plot activation/weight sparsity, which scales
simultaneously. For example, the point 50/50 represents 50% weight and 50% activation
sparsity. Figure 4.8a shows that at 10% (10/10 point) sparsity, NMP-fully-sparse achieves
about 89% of the performance of NMP-dense architecture because of the complexity of
maintaining the sparse encoding of the nZESPA dataflow. However, NMP-fully-sparse starts
performing better than the NMP-dense with an increasing amount of sparsity. At point
20/20, NMP-fully-sparse obtains 1.2x better performance than NMP-dense, which reaches
up to 27x at point 100/100. A similar trend is also observed in the case of energy consumption
in Figure 4.8b. At point 10/10, NMP-fully-sparse achieves only 80% of the energy efficiency
of NMP-dense architecture due to the additional hardware overhead to maintain sparse
encoding. With the increasing amount of sparsity, the NMP-fully-sparse starts obtaining
better energy efficiency, which reaches up to 10x at point 100/100. Certainly, increasing
the sparsity in weights and activations affects the classification accuracy. For ResNet-34 at
point 10/10, we observe that the accuracy is very close to the accuracy of the original dense
network. Here the loss of accuracy is minimal (below 1%). At point 50/50, this loss reaches
only up to 10%. However, it can reach to complete loss of accuracy at point 100/100. Note
that point 100/100 is a hypothetical situation and doesn’t occur typically in the practical

scenario.
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Table 4.4: Average speedup over respective baselines.

Network Speedup over baselines
eTWOrkKs T T
traditional-dense | traditional-fully-sparse | NMP-dense
AlexNet 18.48x 3x 5.37x
VGG-16 20.30x 3.14x 6.09x
ResNet-34 19.44x 3.16x 5.41x
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Figure 4.9: Performance analysis of ConvNets/Networks; normalized w.r.t. traditional-dense
architecture.
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Figure 4.10: Percentage of Idle cycles for multipliers (AlexNet CONV layers).

4.6.3.3 Performance Analysis

We compare the performance of the proposed NMP-fully-sparse architecture with all three
baselines discussed in Section 4.6.1. In Figure 4.9, the normalized execution times w.r.t
traditional-dense architecture are plotted along the Y-axis while all the CONV layers of
the respective networks are shown on the X-axis. Separate layer-wise performance analysis
for AlexNet, VGG-16, and ResNet-34 are presented in 4.9a, 4.9b, and 4.9c, respectively.
The proposed NMP-fully-sparse system outperforms all the baselines in terms of execution
time. To measure the performance, we consider both the execution time as well as data
fetching/storing time through the memory hierarchy of the respective systems. Table 4.4
shows the average speedup achieved by the proposed system over the respective baselines.
We have achieved the maximum speedup over traditional-dense architecture (see the first
column of Table 4.4). The reasons are: 1) traditional-dense architecture works on dense
data. Consequently, no zero-valued computations are skipped here, 2) it does not own the
NMP capability and hence suffers from high off-chip latency. The gain over the traditional-
fully-sparse architecture (the second column of Table 4.4) is comparatively less as it owns
the similar property of exploiting sparsity for both the weights and activations. The gain
over this architecture stems out only from the additional NMP capability of the proposed
system. Compared to traditional-fully-sparse, the proposed system provides relatively higher
speedup in the case of NMP-dense (the third column of Table 4.4) as it is dense, and no
computations are eliminated in NMP-dense architecture. However, this NMP-dense archi-
tecture performs better than the traditional-dense since it possesses the NMP capability like
the proposed system. Note that, ResNet-34, shown in Figure 4.9¢c, has 33 CONV layers. We
have only shown the representative CONV layers. For example, the term, Conv2g(5), is the

representative of the subsequent five layers.

The idle cycles for the multipliers is an overhead for the sparse accelerators. Figure 4.10
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(c) ResNet-34 CONV layers.

Figure 4.11: Energy efficiency comparison of ConvNets/Networks; normalized w.r.t.
traditional-dense architecture.

quantitatively shows the percentage of idle cycles for the CONV layers of the AlexNet. The
Y-axis of Figure 4.10 shows the percentage of idle cycles for the multipliers of the nZESPA
modules, while the X-axis corresponds to the CONV layers of the AlexNet. The idle cycles
for the multipliers are primarily consumed by the checker modules and the controllers of
the nZESPA modules before it sends the weight and activation pairs to the multipliers.
Compared to the dense accelerators, this overhead is higher in the case of sparse accelerators

because of the complexity of maintaining the sparse encoding.

4.6.3.4 Energy Efficiency

Figure 4.11 presents the comparison of the four accelerated architectures across the layers of
the ConvNets. In Figure 4.11, the normalized energy consumptions w.r.t traditional-dense

architecture are plotted along the Y-axis, and the CONV layers of the individual networks
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Table 4.5: Average savings in energy over respective baselines.

Networks Energy efficiency over baselines
traditional-dense | traditional-fully-sparse | NMP-dense
AlexNet 19.9x 5.4x 3.44x
VGG-16 17.35x 5.41x 3.01x
ResNet-34 17.49x 5.69x 3.02x
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Figure 4.12: Area analysis.

are shown on the X-axis. The proposed NMP-fully-sparse architecture harnesses substantial
energy efficiency over all three baselines. We consider the total energy consumption of each
system. The total energy consumption includes the energy consumption of each unit as well
as the energy required to fetch/store data through the memory hierarchy of the respective
systems. Table 4.5 illustrates the average improvement in energy consumption achieved
by the proposed system over the respective baselines. The Maximum saving in energy is
obtained over traditional-dense (shown in the first column of Table 4.5) architecture as
it neither exploits the sparsity nor the NMP approach. The improvement in the energy
efficiency over traditional-fully-sparse architecture is achieved because of the lack of NMP
capability in it, while the energy efficiency over NMP-dense architecture is obtained as it
does not exploit the sparsity (shown in the second and third column of Table 4.5). Note
that, similar to Figure 4.9¢, we show only the representative CONV layers in Figure 4.11c.

4.6.3.5 Area Analysis

Memory industries are area-sensitive. Consequently, area overhead plays a crucial role in
the in-memory integration of logic. We implement the nZESPA hardware in Verilog HDL.
We use the Innovus (from Cadence toolset) to obtain post-synthesis area estimates. Figure
4.12a depicts the layout of the designed nZESPA, where the standard cells are placed. Our
nZESPA net-list gets placed on 0.4mm x0.4mm (shown in Figure 4.12a) square box at UMC
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90nm technology. This leads to an area overhead of 2.56mm? for a single grid, resulting in a
5.61% of overhead for all 16 grids in total. Figure 4.12b shows the area breakups of a single
nZESPA module. Note that the sequential elements, including AB, AIB, WB, WIB, RAB,
and RIB of the nZESPA module (shown in Figure 4.6), consume the maximum area, which
is around 63.65%. The second highest consumer of the area is the logic elements, which

incur an overhead of approximately 33.67%.

4.6.3.6 Thermal Feasibility

The designed nZESPA modules and their specification provide us with ease from the thermal
concerns. In the previous studies [3], it has been investigated that an HMC with 4-stacked
DRAM die with a processing cluster clocked up to 5 GHz can be integrated into the logic die.
This integration fits within the thermal limit of HMC [143] as this integration increases the
temperature up to 76 °C. Apart from that, thermal feasibility in the case of near-memory
integration of 8.5 W processors is also manifested in [144]. The total power budget of
nZESPA modules is 2.85 W, which is less than the power budget (3.41 W) of [3] in a similar
technology node. This budget is also substantially less than that of 8.5 W. Similar to [15],
[145], we can also safely conclude that our proposed architecture is thermally feasible as it

has a lower power budget and frequency.

4.6.4 Comparison with Previous Accelerators

In this section, we compare the proposed NMP-fully-sparse architecture with the archi-
tectures that exploit the static (NMP-static-sparse) and dynamic sparsity (NMP-dynamic-
sparse) in isolation. The existing state-of-the-art architectures like Cnvlutin (dynamic spar-
sity) [104] and Cambricon-X (static sparsity) [105] have leveraged the benefits of exploiting

static and dynamic sparsity in isolation. Analogous to the principles of Cambricon-X [105],

NMP-static-sparse =22 NMP-fully-sparse ===
NMP-dynamic-sparse

Latency (Cycle)

Figure 4.13: Performance Comparison.
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we implement the NMP-static-sparse architecture, which utilizes the static sparsity property
during the execution of CNN tasks near the HMC. Analogous to the principles of Cnvlutin
[104], we also design NMP-dynamic-sparse that exploits the dynamic sparsity property dur-
ing the execution of CNNs in the LoB of the HMC. Due to the substantial differences in the
organization /buffering size, design and dataflow, and design choices like the use of eDRAM,
the implemented architecture can not precisely replicate the state-of-the-art. However, we
keep the spirit of NMP-static-sparse and NMP-dynamic-sparse the same as the Cambricon-X
and Cnvlutin, respectively. A similar approach of comparison has also been performed in
SCNN [57].

Figure 4.13 shows the comparison of the performance while executing ResNet-34 in the
three different architectures. We plot the varying sparsity along the X-axis. For example,
the point S10 represents 10% static sparsity in NMP-static-sparse, 10% dynamic sparsity in
NMP-dynamic-sparse, and 10% sparsity in both the weights and activations for the proposed
NMP-fully-sparse architecture. The proposed system performs well in all the points. On
average, the NMP-fully-sparse achieves 2.5x and 1.7x better performance than the NMP-
static-sparse and NMP-dynamic-sparse architecture, respectively. Note that this gain is
initially less due to the minimum amount of sparsity, and the gain increases for the higher
sparsity values. Analogous to the performance comparison, we observe a similar trend in the
comparison of energy consumption by these systems. Note that our proposal will perform
even better when static-sparse and dynamic-sparse systems are integrated into traditional

(on-chip) setting instead of near-memory.

Interestingly, the benefits of the proposed NMP-fully-sparse architecture can also be
seen in the following observation. There are differences between the architecture of SCNN
[57] and the proposed one: (1) Though SCNN targets both static and dynamic sparsity like
us, they implement on-chip accelerators while the proposed one is a near-memory solution.
(2) SCNN uses a Cartesian product-based solution with an assumption of unit strides for
convolution, when unit stride may not always be true for all the hidden layers of various
ConvNets. This Cartesian-product strategy restricts SCNNs applicability only to CNNs with
unit-stride convolutions. However, the proposed architecture relies on the dot-products and
can be used to accelerate any CNNs with any strides. (3) SCNN keeps the input_activations
in the processing elements (PEs) while it broadcasts the filter elements to all the PEs. As
different input_activations inevitably have different sparsities, and because all input maps
are multiplied by the same filter, the PEs with denser maps would lag behind those with
sparser maps by the next broadcast of the filter. This approach increases the systematic
load imbalance while providing filter reuse benefits. Unlike the filter broadcast, the proposed
nZESPA dataflow keeps the filter in the local buffers (WB, WIB of Figure 4.6) of the nZESPA
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modules and consequently survives from such a load imbalance issue in exchange for a loss
of filter reuse. It can be observed that the proposed NMP-fully-sparse architecture achieves
several times more performance gain over the traditional-dense architecture compared to
SCNN. While SCNN delivers 2.37x and 3.52x performance again over the traditional-dense
system for AlexNet and VGGNet, respectively, the proposed NMP-fully-sparse architecture
obtains 18.48x and 20.30x performance gain over the traditional-dense system for the same
networks. This additional gain is achieved due to the minimum memory access latency of

near-memory processing as well as for the efficiency of nZESPA dataflow.

4.7 Summary

In this chapter!, we propose hardware design of nZESPA and integrate it into a versatile
architecture, NMP-fully-sparse, which possesses capabilities like exploiting parallelism, utiliz-
ing the sparsity of both weights as well as activations, and near-3D-memory processing. The
cumulative outcome from all these features makes this architecture aggressive to outperform
all other baselines while executing state-of-the-art benchmarks like AlexNet, VGG-16, and
ResNet-34. On average, the proposed system obtains a maximum of up to 20.30x, 3.16x, and
6.09x improvement in the performance over the traditional-dense, traditional-fully-sparse,
and NMP-dense architecture, respectively. Additionally, on average, the proposed system
achieves a maximum of up to 19.9x, 5.69x, and 3.44x energy efficiency, compared to the
traditional-dense, traditional-fully-sparse, and NMP-dense architecture, respectively. On
UMC 90 nm technology, the combined area overhead for all the 16 grids of nZESPA mod-
ules is only 5.61%. The obtained results make the proposed NMP-fully-sparse architecture
attractive for practical implementation. This chapter achieves the objectives like reducing
data movement (objectivel), obtaining high performance and energy efficiency through accel-
erated architecture (objective2), providing support for various applications (objective3), and

delivering high throughput by applying optimization to reduce computations (objective4).

Aot

IThe publication details related to this chapter are as follows.
(1) Das, Palash, and Hemangee K. Kapoor. “nZESPA: A near-3D-memory zero skipping parallel accelerator
for CNNs.” IEEE Transactions on Computer-Aided Design of Integrated Circuits and Systems 40.8 (2020):
1573-1585.
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ALAMNI: Adaptive LookAside
Memory based Near-memory
Inference engine for eliminating
Multiplications in Real-time

This chapter introduces another optimization that skips the redundant inference com-
putations through a search-based technique. Multiple lookaside memories (LAMs) are used
in the proposed system to store the repeating weight-activation (W, A, M) pairs along with
their multiplication results (M). The costly multiplication operations are skipped for the
pre-stored results once there are hits for the repeating (W, A) pairs in the LAM modules. We
also include a bit-masking technique to increase the hit rates in the LAMs and further amor-
tize the number of computations involved in an inference phase. We build custom hardware
to implement the mentioned technique and integrate multiple such instances within the HMC
memory to exploit intra/inter vault parallelism. The proposed system leverages the benefits
of parallelism, sparsity, and NMP while outperforming the baseline and state-of-the-art in

terms of performance and energy savings.

5.1 Introduction

In recent years, accelerated architectures have played a crucial role in enhancing the per-
formance of CNNs inference while being energy efficient. Most of the accelerators aim to
obtain a good trade-off between improving computation efficiency and alleviating memory
constraints. The CNN accelerators often suffer from the limited off-chip memory bandwidth
and on-chip capacity constraints, leading to memory-wall [110] problem. Several approaches

viz. keeping weights and activations in on-chip eDRAM [45], leveraging sparsity of CNNs
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[106], etc., have been explored to amortize the costly off-chip communications. Another
viable solution to this problem is near-memory processing (NMP), where the computations
are offloaded to the processing units, placed near to the memory. Deep neural networks
(DNNs) have been accelerated in prior works using the NMP concept [3, 15, 16]. Apart from
addressing the memory constraints, researchers have also exploited several optimization tech-
niques to skip certain CNN computations with minimal loss of accuracy in order to enhance
the CNN performance [57, 80, 81, 146, 147]. Thankfully, NNs and other machine learning
algorithms are inherently tolerant to minor errors without notably affecting the intended
classification accuracy [81, 146]. It is also evident from the fact that multimedia applica-
tions can produce outputs with small audio-visual artifacts without being noticeable to a
human user. The error-tolerant phenomenon of NNs can be realized in the form of approx-
imate computing. The challenge in approximate computing is to find the tradeoff between
application accuracy and overall improvement in performance while being energy efficient.
The system’s performance and energy consumption can be improved by computational reuse
through associative memories [148]. The redundant arithmetic operations can be skipped by
computing once and storing the operands and results in the associative memories for future

use.

In this work, we design custom hardware, ALAMNI, an Adaptive LookAside Memory
based Near-memory Inference engine that focuses on two essential requirements of CNN
inference: @ improving the performance and energy efficiency of the CNN inference by
skipping the redundant computations, @ removing the memory constraints by avoiding the
costly off-chip accesses through near-memory processing. The CNN algorithms are highly
packed with the dot-products of two matrices (input feature maps and weight matrix) at
each neuron position. The floating-point matrix-vector multiplications are computationally
complex operations of any CNN algorithm. Consequently, bypassing these multiplications
can bring substantial speedup and energy savings for any system while executing the CNN
algorithm. We propose to store the most common inputs and outputs for each network
in order to readily use the pre-computed outputs for future matching inputs. For faster
search, we use content addressable memory to store the inputs and outputs and term it
as lookaside memory (LAM). A triplet (W, A, M) of weight (W), activation (A), and their
multiplication result (M) are cached into the LAMs to skip future redundant multiplications
of the CNN inference. We integrate LAMs with our proposed ALAMNI units by placing
them adjacent to the MAC modules. During MAC operations, if a matching (W, A) pair is
found, then the product (M) available in LAM is used, and the multiplication operation is
skipped. We observe that there is a considerable percentage of reuse of the precomputed

results in CNNs. If we approximate the value of (W, A) pairs, we can further increase the
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hit percentage in the LAM. The higher amount of approximation increases the hit rate on
LAMs substantially and saves the recomputing overhead significantly in the ALAMNI units
while executing the CNNs. However, high approximation leads to accuracy loss. We study
(Section 5.4) the relation between them (approximation, accuracy loss) to decide the amount
of approximation. In particular, we use bit-masking to derive the approximated values of
the inputs. These approximated values are used for caching and searching in the LAM.

Our proposed ALAMNI approach updates the LAMs in real-time by collecting the most
frequent (W, A, M) triplets. Consequently, the proposed policy does not depend on any data
pre-profiling steps. During the initial layer, the ALAMNI policy provides a low hit rate in
the LAMs due to compulsory misses. However, the proposed approach quickly escalates the
hit rate primarily because of two reasons. @ The ALAMNI units are adaptive, and it starts
keeping the most critical entries in the LAMSs as it traverses through the hidden layers. @
We set the optimal size (64 entries) for each LAM, which provides the best hit-rate without
much hampering the classification accuracy.

Apart from the above optimization of amortizing the number of multiplications, our
proposed ALAMNI policy also leverages the benefits of near-memory processing (NMP) to
avoid costly off-chip accesses. We integrate our ALAMNI units with the individual vaults
(shown in Section 5.3.1) of a 3D-memory, specifically Hybrid Memory Cube (HMC) [40].
The parallel architecture and high bandwidth of the HMC help in exploiting the intra- and
inter-vault parallelism while executing the inherently parallel CNN algorithms. The data
and the NN models are partitioned across the vaults of the HMC (Section 5.3.2) for the
parallel executions on the proposed ALAMNI units. In summary, the main contributions of

this chapter are as follows.

1. We design dedicated hardware, ALAMNI, and integrate those units with the individual

vaults in of the HMC to alleviate off-chip memory accesses using the NMP concept.

2. In ALAMNI units, we integrate lookaside memories or LAMSs, which store the triplet
(W, A, M). In the initial layer of CNNs, the LAMs face compulsory misses for the
inputs of (W, A) pairs. However, it recovers soon due to its adaptive policy of keeping

only the frequent occurring triplets.

3. The ALAMNI policy completely removes the data pre-profiling overheads and can

provide good system throughput in real-time on unseen data.

4. This work studies the relation between the amount of bit-mask and the loss of accuracy
for popular CNN workloads like VGG-16 [118], VGG-19 [118], and ResNet-34 [48] on
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Figure 5.1: Redundancy across the layers of ConvNets.

CIFAR-10 dataset [149]. The amount of bitmasking is reconfigurable in our hardware

and can be adjusted based on the desired accuracy.

5. We also employ data partitioning to leverage intra- and inter- vault parallelism for the

concurrent execution of the CNN tasks in multiple ALAMNTI units.

6. To quantify the ability of the proposed systems, we compare three architectures: €
system having NMP capability without LAM (No_.LAM _NMP) search, @) the proposed
ALAMNI without bitmasking, and @ the proposed ALAMNI with 5-bit masking on
(W, A) pairs (ALAMNI_Opt). We also compare our work with the popular NMP-based
CNN accelerators [3, 15].

5.2 Motivation

The CNNs are highly packed with multiplications of weights (W) and activations (A). For
example, AlexNet comprises around 85%-90% MAC (multiplication-and-accumulation) op-
erations in the inference phase [150]. Reducing the number of costly multiplications without
significantly hampering the classification accuracy can lead to better speedup and energy
savings for any ConvNet. Among these multiplications, several of them are redundant since
the CNN algorithms encounter decent temporal locality in the weight-activation, (W, A)
pairs. We conduct experiments to assess the temporal locality of (W, A) pairs for state-of-
the-art CNN benchmarks: ResNet-34, VGG-19, and VGG-16, on CIFAR-10 dataset [149].
Figure 5.1 depicts the redundancy of unmasked (W, A) pairs in the form of LAM hits across
the layers of three ConvNets. The Y-axis represents the percentage of hits in LAMs for
the (W, A) pairs, and the X-axis shows the layers of the ConvNets. On average, we observe
around 43.45%, 35.86%, and 32.14% redundancy of the (W, A) pairs across the layers of
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Figure 5.2: The Proposed NMP architecture.

ResNet-34, VGG-19, and VGG-16, respectively. If we use bit-masking to approximate the
search, we can further increase the hit percentage in LAM. We use small 64-entry LAMs
with a batch size of 4 images for this experiment. The detailed analysis in this context is
shown in Section 5.4. This gives us insight for skipping multiplications by the effective LAM
searches in the proposed ALAMNI units. Note that we store the (W, A) pair and its cor-
responding multiplication result (M) in the LAM. The lookaside memory (LAM) has been
implemented in the form of content addressable memory to improve the performance and
energy efficiency of parallel processors [151, 152]. The search operation in LAM is a single
cycle operation that improves the proposed ALAMNI’s throughput. Apart from optimizing
the computations, the ALAMNI architecture also addresses the memory constraints of the
CNNs through NMP processing [3, 15, 107]. The exploitable redundancy of (W, A) pairs are

lucrative and appropriate for designing custom hardware for CNN.

5.3 System Architecture

5.3.1 The Proposed Near-Memory Architecture

Figure 5.2 shows an abstract view of the proposed ALAMNI architecture. The host side
includes a host processor with a two-level cache hierarchy (L1 split and L2 shared). We

choose Micron’s HMC as the main memory for near-memory integration of the proposed
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ALAMNI units. The benefits of using HMC instead of DDRx is multidimensional: (1) The
logic layer (LoB) provides additional space for ALAMNI logic integration without sacrificing
the memory area, (2) TSVs provide an order of magnitude higher bandwidth (160 to 250
GBps) than the conventional DDRx memory [40]. We integrate a 4-layer (A, B, C, and D),
16-vault configuration HMC device. The two banks (Bank 0 and 1) from each layer form a
vault, shown in Figure 5.2. Each vault is equipped with a separate vault controller that can
work independently. The vault controllers can communicate through the router connected
in a 2D mesh network-on-chip (NoC). The ALAMNI units, shown in green boxes in Figure
5.2, are integrated with the individual vault controllers of the HMC. We incorporate 16
ALAMNT units (1 per vault) to leverage the inter-vault parallelism. The unmodified LoB
layer primarily contains vault controllers, a crossbar network to interconnect the vaults, the
off-chip link SerDes, and other testing circuitry [40]. We replace the crossbar network with
the 2D mesh network-on-chip (NoC) to ingrate the ALAMNI units, similar to the previous
studies in [3, 16]. The top left of Figure 5.2 shows the inter-bank communication through
the global sense amplifiers (Global SAs) and channel TSV data bus. The detailed circuitry
of the proposed system is omitted for simplicity. One challenge in near-memory integration
of additional logic is the strict area budget in the LoB of the HMC device. The HMC, we
select, permits approximately 50-60 mm? in total or 3.5 mm? per vault of additional space
for near-memory logic apart from the existing circuitry [40]. On UMC 90 nm, we find that
one ALAMNI unit accounts for 1.88 mm? area, which is lesser than per vault area budget
of HMC.

5.3.2 Dataflow

The proposed NMP architecture exploits both the intra- and inter-vault parallelism to max-
imize the system’s throughput. The data distribution and its granularity of execution are
represented in Figure 5.3. The upper portion of Figure 5.3 explains the inter-vault paral-
lelism. Each input channel of a hidden layer is sent to one ALAMNTI unit for the convolution
(CONV) /pool operations at each neuron position. All ALAMNI units may not get a channel
to be processed for the initial layer because of the lesser input channels in the initial layer
of CNNs. However, for remaining all hidden layers, a batch of 16 channels can be processed
concurrently by 16 ALAMNIs, one at each vault. Note that our architectural setup uses the
16-vault configuration of the HMC. Increasing the number of ALAMNIs by increasing the
number of vaults as in HMC 2.1 can further increase the system’s performance due to the
additional inter-vault parallelism. However, it is a design choice as additional parallelism by

integrating more processing units requires extra power.
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The lower portion of Figure 5.3 shows the intra-vault parallelism within one ALAMNI
unit. During execution, an operation is done either by the MAC or the result is picked up
from the LAM (in the case of hit). We term this combination as a LAM-MAC unit. Each
ALAMNI unit has 32 LAM-MAC units, LAM-MAC,, LAM-MAC;,, ..., LAM-MACs;,, as
shown in Figure 5.3. These 32 LAM-MAC units perform the CONV operations at 32 neuron
positions of a channel in parallel, leading to intra-vault parallelism. The ALAMNI controller
assigns the work to each LAM-MAC; unit based on the available neuron positions to be
processed. Each LAM-MAC; unit has a small stream buffer that holds the (W, A) pairs to
be processed. The ALAMNI controller always keeps these buffers operation-ready by filling
them with the required (W, A) pairs to be processed by the corresponding LAM-MAC; units.
Hence, the buffer filling time is overlapped with the MAC operations. During the filling of
streaming buffers with the (W, A) pairs, the ALAMNI controller reduces the number of fetch
operations by fetching the data once and broadcasting them to all the appropriate stream-
ing buffers as shown in Figure 5.3. The combination of intra-vault parallelism, inter-vault

parallelism, and the reduction of multiplications by effective use of LAM makes ALAMNI
highly efficient in terms of the system’s throughput.

(a) input channels
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Figure 5.3: Dataflow to leverage parallelism.
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5.3.3 The ALAMNI Unit

As the microarchitecture of the ALAMNI units is complex and difficult to represent by
the diagram, we show an abstract view of the designed hardware consisting of the primary
modules in Figure 5.4. The primary components of the ALAMNI units are the ALAMNI
controller, activation buffer (AB), weight buffer (WB), an output buffer (OB), 32 small
streaming buffers, 32 LAM-MAC, units, register stack, bias register, reconfigurable mask
unit, and a pool unit with 32 comparators. Apart from these units, there is also a result
accumulation unit with an integrated linear function, which is not shown in the figure for
simplicity. Note that we choose multiple LAMs instead of one shared LAM to facilitate
the parallel searching of (W, A) pairs. The ALAMNI controller, being the master of the
entire circuit, drives all the modules to accomplish the proposed policy. The host processor
initiates the inference by sending a special start signal to the ALAMNI controllers. The
meta-data information like hyperparameters of the ConvNets is also loaded into the register
stack by the host side. Each channel of input maps and kernels is loaded into the AB and WB
respectively by the controller. The ALAMNI units have been configured to operate on FP16.
However, our design can be easily adapted for other precisions. The ALAMNI provides a
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special feature of masking the inputs and weight parameters. The use of the masking feature
is optional and entirely depends on users and the applications. The user can take the benefits
of bit-masking, whenever accuracy can be sacrificed to some extent. In the applications where
the prediction accuracy is highly critical, the bit-masking can be completely skipped while
still getting decent benefits from the ALAMNI units. In bit-masking, the desired amount of
the least significant bits (LSB) can be made to zero to increase the temporal locality of data
by approximation. The reconfigurable mask unit, shown in Figure 5.4, performs a parallel
bitwise AND operation with the bit-mask vector stored in the M_amt register. For example,
a bit-mask vector (1111111111100000) can be used to achieve 5 bit-masking of data as the
5 LSBs of the vector are zero. The user of the ALAMNI can also adjust the amount of
bit-masking by simply changing the content of the M_amt register. The AB and WB can
be loaded either with the masked or unmasked data by sending a proper select signal to
MUX-1. The masking latency can also be overlapped with the data loading cycles required
for loading activation and weight buffer. Masked values increase the hit rate in LAM of
the LAM-MAC; modules and help in skipping more multiplications compared to unmasked
data. The masking also leads to an accuracy loss. A detailed study on the approximation-
loss behavior is presented in the subsequent section. The ALAMNI controller continuously
loads the streaming buffers by the (W, A) pairs with the help of the distributor module. The

bias register holds the bias value that is added only once to each neuron position.

The LAM-MAC; units are another important component of the ALAMNI. The LAM
consists of two 64-entry content addressable memories (CAM) and a result buffer (64-entry).
The first CAM caches the activations (A), and the second CAM caches the weights (W) from
the most frequent (W, A) pairs. The associated result buffer stores the multiplication result
(M) for the given (W, A) pair that hits in the CAMs. In the LAM-MAC; unit, the (W, A) pair
is parallelly sent to CAMs and the multiplier. Upon a hit in the CAMs, the multiplication
result from the result buffer is immediately sent to the adder for accumulation without
waiting for the output from the multiplier. The multiplication operation is then aborted by
the ALAMNI controller. Upon a miss on the (W, A) pair, the multiplication result from the
multiplier is sent to the adder as well as updated in the LAM using the least recently used
(LRU) policy. This runtime collection of (W, A) pairs aids in skipping more multiplications
in the future as the LAM adapts itself with the best data values for the given ConvNets.
The ALAMNI controller updates the LAM in parallel to the addition operation, leading to
no additional latency. We have shown the green lines and red lines to represent the control
signals (CTRL) to different modules and the select signals (Sel) of the MUXes, respectively.
MUX-2 is used to select the results between the CONV layer and pooling layer. After the

channel accumulation and linearization, the final results are sent to the memory die using
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Table 5.1: Percentage loss in accuracy compared to original (unmasked) data for different
values of bit masking.

| ConvNets | 3-bit | 4-bit | 5-bit | 6-bit | 7-bit |
VGG-16 | 1.93 | 2.46 | 4.13 | 8.4 [ 228
VGG-19 | 04 | 1.26 | 213 | 6.4 |19.53
ResNet-34 | 0.46 1 2.4 6.2 17.8

Avg. 0.71 | 1.46 | 2.76 | 6.93 | 19.94

5.4 The ALAMNI Policy Validation

To validate the ALAMNI policy, we perform a case study of three popular state-of-the-art
networks, VGG-16, VGG-19, and ResNet-34, on the CIFAR-10 dataset. The study focuses
on the three major aspects: (1) Deciding the amount of allowable bit-mask for inference, (2)
Finding the optimal number of LAM entries, and (3) Obtaining the percentage of LAM hits
at different amounts of bit-masking on the optimal LAM size.

We conduct experiments in PyTorch framework [133] to address all three aspects. We
integrate the idea and design of ALAMNI with the PyTorch framework to test the efficacy of
the proposed idea. For all the above three networks, we use models that are pre-trained on the
CIFAR-10 dataset. To find the maximum allowable bit-mask, we perform multiple inference
runs with different amounts of bit-masking on (W, A) pairs with the different LAM sizes on
the whole test-set. The test-set includes 10000 sample images (32 x 32) from 10 classes.
We decide the maximum allowable bit-masking by observing the accuracy loss between the
inferences runs with unmasked and masked (W, A) pairs having the same hyperparameters.
Table 5.1 lists the accuracy loss compared to its related unmasked inference run for all three
networks. On average, the accuracy loss is less than 1 % for 3 bit-masking, which reaches
around 20 % for 7 bit-masking. We find the bit-masking up to 5-bits to be optimal as
accuracy loss is within 3 % on an average across the networks. However, one can choose any
settings while executing the NNs on ALAMNTI as per the requirement.

To identify the optimal size of LAM, we conduct experiments by changing the number
of entries in LAM and observe its effect on the hit rate. However, there is a tradeoff between
better hit rate and area/power overheads of larger LAM. Integrating larger LAMs improves
the LAM hit rates in exchange for an additional cost of area and power. Figure 5.5 presents
a comparative study of hit percentage with the various LAM sizes for all three networks. We
keep 16, 32, 64, and 128 entries for each LAM to measure the hit percentage with different
LAM sizes. Table 5.2 lists the average hit percentage of all three networks with various
LAM sizes. We choose 64-entry LAMs in our design as this design configuration provides

substantial hits without much overhead on the system. Additionally, the area and power of
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Table 5.2: Average hit percentage with various LAM size (%).

’ ConvNets ‘ 16-entry ‘ 32-entry ‘ 64-entry ‘ 128-entry ‘
VGG-16 37.13 43.64 53.68 59.90
VGG-19 39.54 46.82 54.77 62.75
ResNet-34 47.60 54.62 60.13 64.98

Table 5.3: Percentage of hits at different bit-mask (LAM size = 64 entries).

| Bit-mask | VGG-16 | VGG-19 | ResNet-34 |

0-bit 32.14 35.86 43.45
5-bit 53.68 54.77 60.13
10-bit 95.90 96.42 96.48

the LAM modules increase by 97 % and 96%, respectively, while migrating 64-entry LAMs
to 128-entry LAMs on UMC 15 nm technology. While migrating from 64-entry LAMs to
128-entry LAMSs, the total power of the proposed system increases by 0.94 W (at 15 nm),
which is around 63 % of the total power (1.5 W) of all ALAMNI units.

We perform experiments to see the effect of bit-masking on the hit rates in LAM (of
size 64). In Table 5.3, we list the hit rates in LAMs (64 entries) for unmasked (0-bit), 5-bit
mask, and 10-bit mask data ((W, A) pairs) for all three networks. With the increasing mask
amounts, the hit rates increase linearly as the locality of data increases by the approxima-
tion. Here, the benefits of 0-bit mask come from LAMs and the data locality without any
optimization. From the above study, we choose 64-entry LAMs for the ALAMNI units. We
evaluate our hardware both for the unmasked and the 5-bit masking of data in the subsequent

section.

5.5 Experimental Methodology

We perform experiments on the popular benchmarks from industries and academia. Table
5.4 lists the details of the workloads used for the evaluation. We have shown the number of
CONV layers, the number of parameters, and the model size of each network. The details
of the networks, shown in Table 5.4, are based on the pre-trained models of the CIFAR-10

Table 5.4: Workload Details.

\ ConvNets \ VGG-16 \ VGG-19 \ResNet—34

CONYV layers 13 16 33
No. Params | 33.647 M | 38.959 M | 21.282 M
Model Size 129 MB 149 MB 82 MB
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Table 5.5: Specification of the architectures.

Host Processor (Common for all systems)

Core x86-64, 4 core, 2 GHz

Cache Memory (Common for all systems)
L1 i-cache 32 KB, private, 4 way, 64 B blocks
L1 d-cache 32 KB, private, 8 way, 64 B blocks
L2 cache 256 KB, shared, 8 way, 64 B blocks

HMC (Common for all systems)
trp = 7.7 18, ttccp = 3.3 ns,
tRCD = 10.2 ns,

Tlmlngs tCL =9.9 ns, tWR =315 ns,
tRAS = 21.6ns
3.7 pJ/bit (DRAM read),
Energy [40] 6.78 pé / bit< (SerDes hop;
Power[132] 11.08 W
Size, # of vaults 2 GB, 16
Logic Die 90 nm, dimension 27 x 27mm?
NLN (Baseline)
# of NLN units 16
# of MACs / NLN 32

Activation buffer size / PE 1 KB (FP16), 512 B (INTS)
Weight buffer size / PE 128 B (FP16), 64 B (INTS)

Power (15 nm) 1.4 W (FP16), 0.81 W (INTS)
Area (total), 15 nm 1.68 mm?, 1.02 mm? (INT8)
Frequency (15 nm) ~3 GHz (FP16), ~3.5 GHz (INTS)
Precision FP16 / INTS8

Proposed ALAMNI
Z of ALAMNI units 16
# of MACs / ALAMNI 32
Activation buffer size / PE 1 KB (FP16), 512 B (INTS)
Weight buffer size / PE 128 B (FP16), 64 B (INTS)

Power (15 nm) 1.5 W (FP16), 0.90 W (INTS)

Area (total), 15 nm 1.94 mm? (FP16), 1.2 mm? (INTR)
Frequency (15 nm) ~3 GHz (FP16), ~3.5 GHz (INT8)
MAC latency 16 Cycles (FP16) / 5 Cycles (INTS)
LAM-MAC latency 3 Cycles

Precision FP16 / INTS8

dataset.
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5.5.1 Particulars of Architectures
To measure the efficacy of the proposed system, we evaluate three NMP-based architectures.

1. NLN: System with hardware acceleration without LAM search termed as No . LAM_NMP

or NLN. This architecture does not skip any multiplication operations.

2. ALAMNI: System with ALAMNI units that skip multiplications using LAM hits,

without using any bit-masking approximation.

3. ALAMNI-Opt: The system with ALAMNI units that skip multiplications using
LAM hits with the approximation of using 5-bit masking before performing LAM

search.

For all three architectures, we keep a common host system. The host processor is quad-core
with two levels of the cache hierarchy. The detailed configurations of all the architectures are
listed in Table 5.5. The HMC is used as the main memory for all the systems. To perform
a fair comparison, both the NLN and ALAMNI hardware are integrated in a similar fashion
with the individual vault controllers of the HMC. We also keep the number of processing
units (NLN/ALAMNI), dataflow, number of MACs/unit, and the precision same for both
the hardware. The NLN hardware does not contain any LAM with the MAC units; hence
no operations are skipped in this architecture. We use the same ALAMNI unit for the
evaluation of both ALAMNI and ALAMNI-Opt architecture. However, in ALAMNI, we
have not leveraged the benefits of bit-masking. The benefits in ALAMNI arise only from
the temporal locality of unmasked data cached into the LAMs as we have processed the
unmasked (W, A) pairs in ALAMNI. In ALAMNI-Opt, we take the benefits of bit-masking
and mask the (W, A) pairs with bit-vector (1111111111100000) to achieve 5-bit masking.

5.5.2 Evaluation

We evaluate all the systems based on performance and energy consumption. While investi-
gating the NMP concept for accelerating CNNs, the area of the proposed hardware is also
a critical parameter to be measured for near-memory logic integration. Thus, we perform a
detailed area analysis of the proposed ALAMNI and find the overhead significantly low for

near-memory integration.

5.5.2.1 Performance Analysis

We implement both the NLN and ALAMNI hardware in Verilog hardware description lan-
guage (HDL). We then perform the placement-aware logic synthesis in Genus Synthesis
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Table 5.6: Percentage of performance improvements over NLN architecture.

’ ConvNets \ ALAMNI \ ALAMNI-Opt ‘

VGG-16 42.33 54.07
VGG-19 44.92 52.83
ResNet-34 43.22 55.19

Avg. 43.48 54.02

develop an in-house cycle-accurate simulator that resembles the state machines of the design
hardware, NLN, and ALAMNI. The simulator is parametrizable and can be fed with the
frequency obtained from the respective hardware synthesis. The execution times of each
layer are measured from the simulator by using the corresponding state machine and the
obtained frequency from the synthesis. The reported execution time by the simulator in-
cludes the data processing time in the accelerators and the time to fetch/store results in the
memory through their respective memory hierarchy. The timing parameters to fetch/store
data in HMC are shown in Table 5.5. Figure 5.6 shows the comparison of layer-wise execu-
tion times for all three networks in NLN, ALAMNI, and ALAMNI-Opt. Here, the Y-axis
represents the execution time in milliseconds (ms), and the X-axis shows the layers of the
network. The NLN architecture performs the worst among all three architectures for all the
networks. The reason is: NLN has neither got the benefits of LAM nor the bit-masking.
ALAMNI performs better than the traditional CNN accelerator (NLN), but not the best as
it only leveraged the advantage of the temporal locality from the unmasked data through
LAM search. Consequently, a lesser amount of multiplications are skipped here compared
to the ALAMNI-Opt. The ALAMNI-Opt stands out to be the best in terms of performance
because of the increased hits in LAMs due to bit-masking. Hence, more multiplications are
skipped in ALAMNI-Opt compared to the ALAMNI. In Table 5.6, we list the percentage
of improvements of the proposed ALAMNI and ALAMNI-Opt over the NLN architecture.
On average, ALAMNI achieves around 43.48% improvements in the performance over the
baseline NLN, and ALAMNI-Opt further increases it up to 54.02%. The execution times in

milliseconds (ms) are also shown in Figure 5.6.

Table 5.7: Improvements (%) in energy savings over NLN.

| ConvNets | ALAMNI | ALAMNI-Opt |

VGG-16 41.49 53.40
VGG-19 44.12 52.14
ResNet-34 42.39 54.54
Avg. 42.65 53.35
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5.5. EXPERIMENTAL METHODOLOGY

5.5.2.2 Energy Savings

Apart from the performance, we also aim to design an energy-efficient system. We find the
proposed ALAMNI to be substantially energy efficient while accelerating the CNNs. To
measure the power consumption, we perform synthesis on Genus from the Cadence tool-set.
At 15 nm technology, we find the power consumption to be 1.5 W and 1.4 W, respectively,
for ALAMNI and NLN modules. ALAMNI consumes slightly higher power because of the
additional LAM modules. Figure 5.7 presents the comparative analysis of the energy con-
sumptions across the layers of networks for all the systems. Here, the Y-axis represents
normalized energy consumptions, and the X-axis shows the layers of the network. Both
the ALAMNI and ALAMNI-Opt are substantially energy efficient compared to NLN ar-
chitecture. Table 5.7 lists the percentage of energy savings of the proposed ALAMNI and
ALAMNI-Opt over the NLN architecture. On average, ALAMNI achieves around 42.65%
improvements in energy savings over the baseline NLN, which reaches up to 53.35% for
the ALAMNI-Opt. Though the ALAMNI hardware module consumes slightly higher power
compared to the NLN hardware module, the savings in energy for the proposed systems are
obtained from the savings in execution cycles due to the skipping of multiplication opera-
tions through LAM search. Compared to ALAMNI, ALAMNI-Opt manifests better energy
efficiency as more operations are skipped here due to the bit-masking. The effect of compul-
sory misses in the LAMs is also visible in the CONV1 layer for all the networks, as shown in
Figure 5.7. ALAMNI does not provide much benefits in terms of latency in the CONV1 layer
as the LAMs suffer from compulsory misses in the initial layer (CONV1). Additionally, the
power consumption of ALAMNI units is also slightly higher than NLN units. As a result,
ALAMNI provides almost equivalent energy efficiency for the first layer (CONV1) w.r.t NLN
architecture. However, ALAMNI also recovers quickly (in the subsequent layers) as it starts
getting high hit rates for the remaining layers. The ALAMNI-Opt performs well even in the
initial layer (CONV1) because of the bit-masking. The last FC layer of all the networks,
being substantially small, the caching effect in the LAMs is also very low in that particular
layer. The same can be verified from Figure 5.7. Table 5.8 lists the performance gain, en-
ergy savings, and accuracy loss for the different bit-masks of VGG-16. The improvements
are achieved over the baseline NLN architecture, which does not skip the multiplication
operations. The power breakups of both the hardware (one chip) are shown in Table 5.9.
Note that the LAM-MAC unit consumes higher power than the MAC unit because of the
additional LAMs integrated with the MACs. However, the execution time of each image on
ALAMNTI is substantially lower than NLN. This neutralizes the effect of additional power

and brings energy savings for the proposed system.
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Table 5.8: Performance gain, energy savings, and accuracy loss (VGG-16). All values are in
percentage.

| Bit-mask | Perf. gain | Energy savings | Acc. loss |

3-bit 92.56 51.87 1.93
4-bit 53.14 52.45 2.46
5-bit 54.07 53.40 4.13
6-bit 55.98 55.33 8.4
7-bit 29.32 58.72 22.8

Table 5.9: Power breakups of both NLN and ALAMNI (15 nm).

| Modules | NLN (W) | ALAMNI (W) |
Activation buff. 1.31E-03 1.31E-03
Weight buff. 2.14E-04 2.14E-04
Streaming buffs. 8.10E-03 8.10E-03
Output buff. 1.18E-02 1.18E-02
MAC/LAM-MAC 2.87E-03 5.02E-03
Controller and datapath | 6.50E-02 6.42E-02

i
‘m‘h ‘

86 Micron —— >

86 Micron——M M — >

Figure 5.8: ALAMNI-Chip Layout from Innovus.
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NLN =3 ALAMNI-Opt &=
ALAMNI-Opt = 0.67 ms (1 image)

ms)

Execution Time (|

5.5.2.3 Area Analysis

The area overhead plays a critical role in the near-memory integration of additional logic
since memory industries are extremely area-sensitive. We implement the ALAMNI unit in
Verilog HDL. We then use the Innovus from Cadence tool-set to obtain the post-synthesis
area estimates. Each ALAMNI unit got placed on 86 pum X 86 um square box at 15 nm
technology. This leads to a negligible area overhead of less than 1% (15 nm) in total for 16
ALAMNTI units on the logic die of HMC. Figure 5.8 shows one ALAMNI chip’s layout where

the standard cells are placed.

5.5.2.4 Reduced-Precision Analysis

We also examine the performance of ALAMNI policy for the low precision inference, specif-
ically 8-bit integer (INT8). The lower precision increases the input similarity, which helps
in improving the LAM’s hit rate. On average, we observed around 10% increase in the hit
rate for lowering the precision. A similar trend is also observed in [153]. For versatility,
we use a larger dataset like ImageNet [119] for this experiment. The ALAMNI policy is
more effective for larger models with larger layers. The LAMs get less scope to recover
from compulsory misses using its adaptive replacement policy in small layers. Hence, to
conduct more aggressive testing of ALAMNI, we choose a smaller model, MobileNet (pre-
trained on ImageNet) [154]. Figure 5.9 shows the performance analysis of ALAMNI-Opt
architecture on MobileNet. Note that we have not shown a few layers of MobileNet, as the
values are significantly small to be represented in the graph compared to the other layers.
The ALAMNI-opt (INTS8 configuration) achieves around 14.15% (on average) performance
boost over NLN (INTS8 configuration). For ALAMNI, we observe around 11.73% improve-
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ment (not shown in Figure 5.9 for readability) over the baseline NLN (INT8). We configure
both the NLN and ALAMNI hardware to INT8. Consequently, the power consumption of
both the hardware, NLN and ALAMNI, is reduced by 42% and 40%, respectively. The area
overhead is also reduced by 39% (NLN) and 38% (ALAMNI). The reduction in power and
area is primarily because of the less complex hardware in INT8 configuration. On average,
ALAMNI and ALAMNI-Opt achieve around 4% and 7% energy savings over NLN. Although
ALAMNI consumes slightly more power, ALAMNTI still provides energy saving over NLN as
the execution time (ms) is significantly less for ALAMNI and ALAMNI-Opt compared to
baseline NLN. The percentage of improvements is competitively less in the reduced-precision
ALAMNTI approach mainly because of two reasons: (1) multiplier (INT8) latency is less com-
pared to FP16 multiplier, and (2) some layers of MobileNet have significantly less number
of (W, A) pairs to be processed. Consequently, LAMs get minimum opportunity to recover
from compulsory misses. The experimental setup is identical to the preceding section. The
detailed parameters regarding the performance and power consumption are mentioned in
Table 5.5. Note that we find an accuracy loss of around 1% in ALAMNI-Opt for MobileNet

model on ImageNet dataset.

5.5.3 Comparison with Previous NMP-based Accelerators with-
out LAM Search

We compare our architecture with two popular NMP-based architectures: (1) NeuroStream
(NS) [15], and (2) NeuroCube (NC) [3]. In NeuroCube, the DNN operations have been
parallelized using a data partitioning scheme. NeuroCube needs a specialized state machine
integrated with each vault controller to drive the data into the processing elements. Their ex-
periment is limited to the small ConvNets having only 6 layers. Apart from that, NeuroCube
does not skip the multiplications by any LAM search. In NeuroStream, DNN operations are
performed in the logic layer of the 3D memory. Here, RISC-V cores and streaming copro-
cessors have been used as the NMP logic units. NeuroStream does not implement any LAM
search-based technique to skip operations. As both the state-of-the-art architectures are
near-memory (similar to us), we compare our ALAMNI with them to manifest the efficacy
of the proposed ALAMNI approach. Among the ALAMNI and ALAMNI-Opt, we choose
the ALAMNI one as it is comparatively less efficient than the other.

Table 5.10 summarizes the key design specifications of all the NMP-based architectures.
The comparison has been made on similar technology nodes and precisions for fairness. The
proposed ALAMNI achieves a peak throughput of 0.67 TFLOPS and 3.13 TFLOPS over 0.24
TFLOPS of NeuroStream and 0.13 TFLOPS of NeuroCube, respectively, as shown in Table
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Table 5.10: Comparison with previous near-memory DNN accelerators without LAM search.

Node Precision SOA Peak Power Efficiency Area
(nm) (TFLOPS) | (W) | (GFLOPS/W) | (mm?)
98 nim FP392 ANLil%S\]H 0.24 11 22.5 8.3
(no bit-masking) 0.67 6.4 104.69 5.7
NC 3] 0.13 3.4 38.8 0.08
I5mm | FXI16 ALAMNI 3.13 2.1 1490.48 2.2
(no bit-masking)

5.10. Compared to both, ALAMNI also consumes substantially less power. The efficiency of
104.69 GFLOPS/W and 1490.48 GFLOPS/W are also appreciably higher compared to both

architectures.

5.6 Summary

In this chapter, we propose a near-memory architecture, ALAMNI, that reduces the number
of operations in CNNs. ALAMNI avoids the recomputation of similar inputs by caching the
inputs and outputs in the small Lookaside memories (LAMs) for future computations. Our
proposal collects the operand pairs in the LAM at runtime and hence adapts very well to
a given ConvNet. In that, it needs no pre-processing. Being near-memory, the proposed
architecture survives from off-chip memory constraints. ALAMNI also provides a unique
feature to its users. The user can leverage the benefits of bit-masking as an approximation
as per their requirement. This feature helps in skipping more computations and hence
increases the performance and energy efficiency of the proposed system. We evaluate our
system on the popular CNN workloads like VGG-16, VGG-19, and ResNet-34. On average,
ALAMNTI achieves around 43.48% performance gain and 42.65% energy savings compared to
a near-memory accelerator without any LAM (NLN). On a 5 bit-masking, the performance
gain and energy savings can rise up to 54.02% and 53.35%, respectively, over the NLN.
Our proposed ALAMNI also outperforms other existing NMP-based architectures in terms
of performance, power consumption, and efficiency. Moreover, at 15 nm technology, the
additional hardware overhead is also below 1%. Certainly, the obtained results and the
additional feature make this system an attractive solution to address the issues of real-time
inference. The thesis’s objectives like reducing data movement (objectivel), obtaining high
performance and energy efficiency through accelerated architecture (objective2), providing
support for various applications (objective3), and delivering high throughput by applying

optimization to reduce computations (objective4) are coved in this chapter.
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Exploring Other Avenues for
NMP Processing

In this chapter, we perform further experiments to explore multiple avenues related to
NMP processing for detailed comprehension. The previous chapters of this thesis focus on the
integration of logic close to 3D memories. However, 2D memories are also prevalently used in
almost every type of computing system. The exploration of NMP’s efficacy remains partial
if NMP is not explored with 2D memories like DRAM or hybrid memory. Additionally,
it is also essential to investigate the NMP’s efficiency with another application since we
accelerated only CNNs using the NMP until this point. Towards this end, we perform the

following experiments in this chapter.

1. In section 6.1, we design CNN inference accelerators and integrate those units inside
DRAM-PCM-based hybrid main memory to estimate NMP’s efficiency with hybrid

main memory-based system.

2. In section 6.2, we explore design space in terms of performance, power consumption,
and area overhead of a system while integrating additional logic inside DRAM for

inference acceleration.

3. We also manifest the benefits of the NMP approach for another application like database

operations in section 6.3.
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DRAM
@) »| [ Hydra
| Caches || = <>
PCM
Host System

Figure 6.1: A high-level view of the proposed system.

6.1 Hydra: A near Hybrid Memory Accelerator for
CNN Inference

6.1.1 Introduction

We already discussed that the key limitations faced by many of the CNN accelerators are the
limited off-chip memory bandwidth or on-chip capacity. Here, we aim to address this limita-
tion through NMP integration in hybrid main memory. CNN inference has been accelerated
in prior works using the NMP concept [3, 15, 16]. These works integrate custom hardware
near 3D DRAM-based memories for the acceleration of CNNs. Efforts have also been spent
to implement traditional DRAM-based accelerators that use processing-in-memory (PIM)
for CNNs [18, 37]. However, these works avoid crucial multiplications using binary/ternary
neural networks, as implementing multiplication in PIM is challenging. Avoiding multipli-
cations by exploiting binary /ternary quantized networks leads to an energy-efficient solution
for mobile/IoT devices. However, there is a non-negligible inference error of around 7% for
ImageNet top-1 accuracy, between binary neural network [155] and the best case [156].

Emerging data-intensive applications demand high memory capacity. Limitation in
DRAM scaling is unable to meet the growing memory requirement. Non-volatile memories
(NVM) such as phase-change memory (PCM) has emerged as a potential candidate for main
memory. The NVMs offer high memory density, low cost per bit, and near-zero standby
power consumption in exchange for low performance and limited endurance [68, 69]. Though
NVMs, like PCM, provide several advantages, they cannot entirely replace the DRAM.
Instead, it is more practical to use NVMs in conjunction with DRAM to form a hybrid
memory system [68, 69, 157]. The NMP has been extensively explored for accelerating
CNNs [3, 15, 16, 18, 37]. However, the efficacy /feasibility of NMP is not investigated for the
emerging hybrid main memory while executing the CNNs.

In this work, we aim to build a system with NMP capability in hybrid memory that
benefits inference operations in terms of performance and energy efficiency. We choose
one of the most promising main memory subsystems; specifically, hybrid memory [68, 158,

159]. Figure 6.1 presents a conceptual view of the proposed system where we integrate
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custom hardware, Hydra, closer to DRAM for inference processing. The Hydra units are
designed to operate with hybrid main memory as they prefetch model parameters from
PCM in parallel to inference execution. We choose the DRAM-PCM combination (shown
in Figure 6.1) among the various DRAM-NVM combinations available in hybrid memory
architectures as PCM is one of the most mature candidates for main memory [70]. However,
our proposed hardware is memory-technology independent and can be integrated with any
DRAM/NVM-based memory. The reason is; unlike [18, 37|, we rely entirely on the proposed
hardware (Hydra) for all the CNN computations, and we do not modify the DRAM or PCM
memory cells for any computation. We use these memory cells only for traditional load /store
operations, making the design less complex for practical implementation. Consequently,
unlike [18, 37], our architecture is not restricted to quantized binary/ternary models as
Hydra has the capability of executing the multiplications. We place the Hydra units close to
the memory to reduce the data access cost in terms of access latency and energy consumption
without any significant change in the memory sub-arrays.

We design custom hardware, Hydra, a near hybrid memory accelerator for CNN infer-
ence, and integrate 16 Hydra units (one per chip) inside the DRAM DIMM (dual in-line
memory module) in the hybrid memory subsystem. These 16 Hydra modules can work in
parallel, and all the multiply-accumulate (MAC) units of each Hydra module can also concur-
rently execute the inference tasks, leading to inter- and intra-chip parallelism, respectively.
We integrate the Hydra module inside DRAM as a design choice in the DRAM-PCM hybrid
memory subsystem. This design choice helps in eliminating the intermediate writes of the
CNN’s hidden layers in the PCM’s cell array, leading to an enhanced lifetime for the PCM
device [160]. While executing inference close to the DRAM, we choose to keep models in
PCM and the data generated during the inference in the DRAM. The reasons for keeping
the models in denser PCM are: @ Models are usually heavier (in size) than a sample under
classification, @ In inference, the model’s parameters are not updated, and hence no PCM
writes are required, €@ The read latency of both PCM and DRAM is equivalent, and @
After the initial prefetching of data, page migration latency is overlapped by the CNN’s
execution time as we keep buffers in Hydra to store both the input activations and weights.

The primary contributions of this work are as follows.

1. We design dedicated hardware, Hydra, and integrate those units inside the DRAM’s
chips in the hybrid main memory subsystem. This integration helps in alleviating the

off-chip memory accesses using the NMP concept.

2. We also employ data partitioning to leverage intra- and inter-chip parallelism inside

DRAM for the concurrent execution of the CNN tasks using multiple Hydra units.
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3. The Hydra controller prefetches the models from PCM (only read) into its local buffers
and overlaps the page migration latency by the execution latency. The Hydra does not
use its PCM module for CNN’s intermediate write operations and thus enhances the
lifetime of PCM.

The proposed system outperforms the state-of-the-art while accelerating inference. Un-
like DRAM-based inference accelerators, our architecture does not restrict the execution of
non-quantized models. The throughput of the proposed system is evaluated with popular
networks like VGG-16 [118], VGG-19 [118], and ResNet-34 [48], pre-trained on ImageNet
dataset [119].

6.1.2 Background: Hybrid Main Memory Subsystem

Several works on hybrid main memory [68, 159] exploit the benefits of both DRAM and
NVM (like PCM). The DRAM-PCM-based hybrid memory architecture can be classified
into two categories: (1) DRAM-PCM parallel architecture, and (2) DRAM as a cache for
PCM [159]. We consider DRAM-PCM parallel architecture with Hydra integrated into the
DRAM chips. The benefits of using a hybrid memory are multi-dimensional. The hybrid
main memory subsystem exploits the benefits of both DRAM and PCM (high capacity, low
standby power, non-volatility of PCM + high performance, better active power of DRAM)
while minimizing the negative impact of both memories [161].

Modern DRAMs are typically multi-banked, each serving requests independently from
others. Each bank is composed of mats or the 2D-subarray of memory cells. An entire row
of data is brought to the row buffer with the help of control wires like wordlines and bitlines.
The row buffers primarily include a set of sense amplifiers that amplify the small change of
voltage to a stable voltage level. From the row buffer, a few bits are sent to the I/O pads
by the column decoder.

PCM is a chalcogenide glass that has large resistance contrast between crystalline and
amorphous states [162]. The difference in resistance is used for representing 1 and 0, or even
multi-state/cell. The heating process drives the phase transitions between the two states of
PCM. Unlike DRAM, PCM does not require refresh operation. Despite all the benefits, the
heating processes involved in changing PCM states are long and power-consuming. Conse-
quently, writing operations on PCM is costly in terms of latency and power consumption
than a DRAM write. Additionally, PCM is prone to wearing out due to multiple writes
on account of its low endurance. Our aim is to reduce writes to PCM so that its lifetime
increases. Similar to DRAM, the PCM is also hierarchically organized with channels, ranks,
chips, and banks in our proposed system [163]. The detailed parameters of the DRAM-PCM
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Figure 6.2: The proposed system.

hybrid memory are shown in Table 6.1.

6.1.3 Proposed Architecture
6.1.3.1 Overall System Architecture

Figure 6.2 shows the overall system architecture. The host side includes a quad-core host pro-
cessor with a two-level cache hierarchy (L1 split and L2 shared). We choose PCle interface-
based DRAM-PCM parallel hybrid memory for the near-memory integration of the proposed
Hydra units. Similar to [158], we use one channel for DRAM and the other four channels
for PCM memory, as shown in Figure 6.2. A rank is composed of multiple chips to in-
crease the width of the memory channel. To leverage the chip-level parallelism available via
rank, we integrate 16 Hydra units, one per DRAM chip (chip-level integration), inside the
DRAM module (shown in Figure 6.2). This chip-level integration is more area efficient than
a bank-level integration, as the number of hardware (Hydra) is less in chip-level integration
compared to the bank-level integration. The same has been manifested in [2]. Within each
DRAM chip, the Hydra module is connected with the internal bus that is shared by all
banks. The CNN inference data, like weights, input activations, are fetched into the local

buffers of Hydra modules through the arbitration of the internal shared bus.
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6.1.3.2 Hydra Microarchitecture

The abstract micro-architecture of the Hydra unit is also shown in Figure 6.2 (left blue
box). The primary components of a Hydra are a Hydra controller and command generator,
weight buffer (WB), activation buffer (AB), an output buffer (OB), 32 small streaming
buffers, 32 fast and efficient MAC units, register-stack, and pool unit with 32 comparators.
Additionally, a result accumulation unit with an integrated linear function is also integrated
with the memory controller. The host processor initiates the inference process and sends the
meta-data information like hyperparameters of the ConvNets to the register-stack with the
help of the memory controller. Hydra controller drives all the components to accomplish the
inference tasks. Each Hydra controller loads one channel of input maps and kernels into its
local AB and WB, respectively, from DRAM through the internal shared bus. To save the
command bandwidth, basic command generation can also be done by the Hydra controller,
similar to [2]. The filling of AB and WB is done by the WRITE command. The Hydra
architecture has been configured to operate on 16-bit fixed-point precision. However, our
design can be easily adapted for other precisions. The Hydra controller continuously loads
the streaming buffers by the weight-activation, (W, A), pairs to be processed by the MAC
units. The bias register in the register stack holds the bias value that is added only once to
each neuron position. After MAC operations, the Hydra controller stores the results in the
OB of the Hydra modules. Finally, the results from the OB can also be read by the memory
controller using the READ commands for accumulation in the result accumulation unit.

Note that we have not shown all the connections in Figure 6.2 for simplicity and readability.

6.1.3.3 Dataflow

The proposed architecture with integrated Hydra exploits both the intra- and inter-chip
parallelism to maximize the system’s throughput. Figure 6.3 represents the data distribution
and its granularity of execution. The upper portion of Figure 6.3 shows the inter-chip
parallelism. Fach channel of inputs and weights of a hidden layer is sent to one Hydra unit
of a chip for the parallel execution of convolution (CONV)/pool operations. For the initial
layer, all Hydra units may not get a channel to be processed because of the lesser input/weight
channels in the initial layer of CNNs. However, for remaining all hidden layers, a batch of 16
channels can be processed concurrently by 16 Hydra units, one at each chip. Note that we
consider a dual-rank, 8 chip/rank, 16 bank/rank configuration of DRAM (2Rx8). Increasing
the number of Hydras by increasing the number of chips or ranks can further increase the
system’s performance due to the additional inter-chip parallelism.

The intra-chip parallelism within one Hydra unit is represented in the lower portion of
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Figure 6.3: Dataflow to leverage parallelism.

- - !

Figure 6.3. The 32 MAC units of a Hydra can perform the CONV /pool operations at 32
neuron positions of a channel in parallel to others, leading to intra-chip parallelism. The
Hydra controller schedules the CNN tasks to each MAC, based on the available neuron
positions to be processed. Each MAC is associated with a small stream buffer that holds
the (W, A) pairs to be processed. The Hydra controller always keeps these buffers operation-
ready by filling them with the appropriate (W, A) pairs to be processed by the corresponding
MAC units. The buffer filling time is overlapped with the MAC operations. The Hydra
controller reduces the number of fetch operations by fetching data once and broadcasting
them to all the appropriate streaming buffers during the filling of the streaming buffers with
the (W, A) pairs, as shown in Figure 6.3. The model parameters can be prefetched from
PCM banks through the data bus and memory controller in parallel to inference tasks. The

combination of intra- and inter-chip parallelism enables Hydra to achieve high performance.

6.1.4 Evaluation
6.1.4.1 Evaluation Methodology

To measure efficacy of the proposed system, we conduct experiments using the popular CNN
workloads like VGG-16 [118], VGG-19 [118], and ResNet-34 [48], pre-trained on ImageNet
dataset [119]. The data and network parameters are extracted from the experiments in

the PyTorch framework [133]. The detailed configuration of the proposed architecture is

TH-2870_156101001 119



6.1. HYDRA: A NEAR HYBRID MEMORY ACCELERATOR FOR CNN INFERENCE

Table 6.1: Specification of the architectures.

Host Processor (Common for all systems)

Core x86-64, 4 core, 4 GHz
Cache Memory (Common for all systems)
L1 i-cache 32 KB, private, 4 way, 64 B blocks
L1 d-cache 32 KB, private, 8 way, 64 B blocks
L2 cache 256 KB, shared, 8 way, 64 B blocks
DRAM

trp =5 cy, tcop = 4 ¢y, trRep = 5 ¢y,

tcrL =5cy,twr =4cy,twr =6 ¢y, trrp = 3 ¢y
1.17 pJ/bit (array read), 0.39 pJ/bit (array write)
Energy [164] 0.93 pJ/bit (buffer read), 1.02 pJ/bit (buffer write)
Configuration 8GB, 1 channel, 2 rank, 8 chip, 16 banks,
FR-FCFS request scheduling

Timings [164]

PCM
trp = 60 cy, tccp = 4 ¢y, trop = 22 ¢y,
tcL =5cy,twr =4cy,twr =6 ¢y, trrp =3 ¢y
2.47 pJ/bit (array read), 16.82 pJ/bit (array write
Energy [164] 0.93 Ip)Jfbit Ebuﬁé read)), 1.02 ;)J //bit (Ebuffe)li writeg
Configuration 32GB, 4 channel, 8 rank, 8 banks/rank,
FR-FCF'S request scheduling

Timings [164]

Proposed Hydra

# of Hydra units 16
# of MACs / Hydra 32
Activation buffer size / PE 1 KB
Weight buffer size / PE 128 B
Power (15 nm CMOS tech.) 1.4 W

Area (total), 15 nm CMOS tech. 1.6 mm?
Frequency (15 nm CMOS tech.) ~3 GHz
Precision FX16

mentioned in Table 6.1. We evaluate our proposed system with integrated Hydra based on
its performance and energy consumption. While incorporating the NMP concept in hybrid
main memory, the area of the proposed units is highly critical. Hence, we also perform a

detailed area analysis of the Hydra modules in the subsequent section.

6.1.4.2 Performance and Energy Analysis

We implement the Hydra module in Verilog hardware description language. We use Genus
Synthesis Solution (version 15.21) from Cadence and 15 nm CMOS technology for the
placement-aware logic synthesis of the designed Hydra. After synthesis, we obtain an operat-

ing frequency of around 3 GHz, as shown in Table 6.1. We develop an in-house cycle-accurate
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simulator that resembles the state machines of the designed hardware, similar to [3]. Our
simulator is parametrizable and can be fed with the frequency obtained from synthesis. We
obtain the network’s layer-wise execution times (ms) from the simulator, which include both
data processing and load/store latency. Figure 6.4 shows the layer-wise latency in millisec-
onds (ms) for all networks in the Hydra architecture. The total execution latency per frame
is also shown in Figure 6.4 for all the networks. Note that VGG-16 and VGG-19 have a
similar trend in the execution latency as they have similar CNN architecture. However,
VGG-19 has more Conv layers than VGG-16, leading to an additional latency of 21.85 ms
per frame in Hydra. The ResNet-34 takes less time (ms) to process one frame as the number
of parameters in ResNet-34 is less compared to VGG-16/VGG-19 network.
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(c) ResNet-34 (latency: 19.13 ms per frame).

Figure 6.4: Performance of CNN inference in Hydra.

For a comparative study on the system’s throughput, we also integrate our hardware
with a pure DRAM (no PCM attached) and a pure PCM (no DRAM attached) based system.
We keep the number of hardware units, place of integration, and dataflow the same for all
systems. We obtain an equivalent performance for all systems (pure DRAM, pure PCM, and
Hydra) though the memory access latencies are different. The reason is: Hydra is specially
designed with additional buffers to overlap data access latency with its execution latency.
Additionally, execution latency is the same as we integrate the same hardware for all the
systems. Consequently, we obtain equivalent performance for all the systems.

However, we observe a significant impact on the data transfer energy across all three
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Figure 6.5: Comparison of data transfer energy per frame.

systems. We measure the post-synthesis power consumption of the proposed hardware on

Genus from the Cadence. At 15 nm CMOS technology, we find the power consumption to

be 1.4 W in total for all 16 hardware units. Figure 6.5 shows the comparison of data transfer

energy (joule) for 1 frame in all the systems. On average, Hydra consumes 1.6x lower energy

than the pure PCM-based system. However, the pure DRAM-based system stands out to

be the best (3.5x lower energy than pure PCM-based system) among these systems. The

reason is: the array read, write energies of PCM are respectively 2.1x and 43.13x more than

DRAM [164].
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6.1.4.3 Write Reduction on PCM

We integrate Hydra modules into DRAM chips. This integration aims to eliminate interme-
diate writes on the PCM while executing the hidden layers of CNNs. Figure 6.6 presents
the layer-wise estimates of write reduction on the PCM modules for one frame in VGG-16
and VGG-19. A total of 1.49E+07 and 1.36E+07 numbers of writes per frame are avoided
in VGG-19 and VGG-16, respectively, for the PCM memory. For one inference epoch on
ImageNet test-set [119], the savings on the number of writes are 1.49E+12 and 1.36E+12
for VGG-19 and VGG-16, respectively, leading to increased lifetime for PCM [160].

6.1.4.4 Area Analysis

Since the memory industry is extremely area-sensitive, the area overhead needs to be con-
sidered when integrating additional logic near the memory. After implementing the Hydra
module in Verilog, we use the Innovus from Cadence tool-set to obtain the post-synthesis
area estimates. Each Hydra unit got placed on a 0.32 mm x 0.32 mm square box at 15
nm technology. This leads to an area overhead of 1.6 mm? in total for all 16 Hydra units.
Compared to the 80 mm? area of a DRAM [100], this area overhead is only around 2%.

6.1.4.5 Comparison with Previous Accelerators

We compare our Hydra architecture with two popular DRAM-based processing-in-memory
frameworks, DRISA [18], and DrAcc [37]. These architectures aim to modify the sub-array
of commodity DRAM to exploit bit operation capability. Special rows are introduced to per-
form shift, NOT, and XOR operations in DrACC. In contrast, DRISA proposes to reorganize
the bank and sub-array dimensions of DRAM for in-memory operations. Both DRISA and
DrACC adapt the concept of concurrently activating multiple rows to realize the in-DRAM
operations. Two limitations in this concept are: (1) the process variation in the sense ampli-
fiers and (2) high energy consumption stemming from the multi-row activations. The process
variations often lead to logical operation failure. A 25% process variation can lead to around
26% failure in the logical operations [27]. Unlike DrAcc, DRISA addresses the problem by
restructuring the sub-array that is different from the highly optimized commodity DRAM
sub-array design. However, we use the sub-array only for traditional load-store operations,
leading to no sub-array-level modification for the proposed work. The entire computations
are done in a separate module, Hydra, integrated near the chip I/O. Multiplication opera-
tions (MUL) are crucial as they occupy the major portion of inference computation. It is
also feasible to adopt quantized models to eliminate MULs in mobile/IoT devices. How-

ever, there is a non-negligible classification error of around 7% for ImageNet top-1 accuracy,
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Table 6.2: Comparison with previous DRAM-based accelerators.

\ DrAcc [37] \ DRISA [18] \ Hydra |

0.3/3282 (VGG-16) | 0.3/3283 (VGG-16) | 6.61/151.32 (VGG-16)
0.25/3933 (VGG-19) | 0.25/3933 (VGG-19) | 5.21/192.03 (VGG-19)

Perf. (FPS/ms)

Power (W) 2 98 3.63
Area (mm?) 0.01 65.2 2.7
Efficiency (Fr./watt) 0.15 0.0031 1.82

between binary neural network [155] and the best case [156]. It is challenging to support
the important multiplication operations in the PIM design. DrAcc skips the multiplications
using ternary weight neural networks, while DRISA uses 1-bit weights for the inference. In-
stead of skipping multiplications, we perform them in MAC units, making this suitable for
the requirement of high accuracy. As shown in Table 6.2, we obtain around 20x performance
gain compared to both the state-of-the-art works because of the additional MAC-based logic
used in Hydra. Additionally, the proposed system also leverages two-level of parallelism: (1)
inter-chip and (2) intra-chip. The parallelisms and the additional MAC units provide high
performance for the proposed Hydra-based system. Table 6.2 summarizes the quantitative
key design specifications of all the accelerated architectures. The reported results for the
state-of-the-art works are obtained from DrAcc [37]. On the comparable CMOS technology
node, Hydra is more power and area efficient compared to DRISA, as shown in Table 6.2.
The area/power overhead of Hydra is higher than DrAcc because of the additional logic for
processing. However, the efficiency (Frame/watt) of Hydra is substantially higher than both
DRISA [18] and DrAcc [37], as shown in Table 6.2.

6.1.5 Summary

We propose Hydra, a near hybrid memory accelerator for inference. We store the models
in the denser PCM banks and prefetch them into the local buffers in parallel to the infer-
ence tasks. We place one Hydra module per DRAM chip to leverage inter-chip parallelism.
We also exploit intra-chip parallelism by performing CONV /pool operations at 32 neuron
positions of a channel in parallel to others. The placement of Hydra eliminates the interme-
diate writes of inference on the PCM, leading to enhanced lifetime. We also outperform the
state-of-the-art works in terms of performance. Additionally, our system does not restrict

the execution of non-quantized networks, unlike the previous works.
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6.2 Exploring the Design Space for Near-DRAM MAC-

based Inference Engine

6.2.1 Introduction

Continuing the discussion to integrate logics closer to conventional 2D-DRAM-based main
memory, in this section, we explore the impact of performance/power consumption by placing
the CNN accelerator at various levels of DRAM DIMM. The neural network acceleration has
also been achieved through in-DRAM processing [18, 37]. Unlike our multiple-accumulate
(MAC) based acceleration, as discussed before, these works primarily rely on the bit op-
eration capability achieved by modifying the DRAM cell arrays. However, with in-DRAM
processing, it is challenging to implement multiplication operations which are the primitive
operations of any inference. Consequently, these works avoid the crucial multiplications by
choosing quantized binary or ternary neural networks.

In this work, to accelerate CNN inference, we aim to design near-DRAM processing-
based systems that are not restricted to executing only binary/ternary quantized CNNs,
unlike the previous in-DRAM processing-based works [18, 37]. We choose the most popular
main memory system, traditional DRAM, for the integration of additional logic inside the
DRAM’s chip. While in previous DRAM-based designs [18, 37], the CNN’s computations de-
pend on the computing capability of memory cells; our design entirely relies on the proposed
hardware and its MAC units for the processing of the inference tasks. We do not drastically
modify the DRAM cell arrays or the sense amplifier circuits of the DRAM’s data path and
use them only for traditional fetch /store operations. We design our proposed hardware, near
DRAM inference accelerator (DiA) and integrate multiple such instances in the dual in-line
memory module (DIMM) of DRAM. As the DRAM has a strict area and power budget [37],
we also explore the design space based on the parameters of interest like power consump-
tion, area overhead, and performance while integrating the proposed hardware (DiA) inside
the DRAM’s chip. We identify two locations where the designed hardware (DiA units) for
inference can be integrated seamlessly without significantly changing the existing DRAM cir-
cuitry. Similar places of near-DRAM logic integration have been identified in [2]. However,
they [2] target to accelerate database operations. The two sites for hardware integration in
the DIMMs are as follows.

1. Chip-level integration: Here, we integrate only one DiA unit per chip.

2. Bank-level integration: In this integration, one DiA unit is integrated with every

bank of a chip.
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These integrations lead to two proposed architectures that have integrated DiA units in them.
Note that the number of chips or banks can vary across different DRAMs. Consequently, the
chip or bank-level integration of DiA in different DRAM configurations can result in different
system throughput with varying area/power overheads. In our proposed system, we choose a
dual-rank, 8 chips/rank, 16 banks/rank configuration of DRAM (2Rx8). It can be observed
that the number of DiA units is more in bank-level integration (32 in total) compared to
the chip-level integration (16 in total) in the case of our proposed systems. As a result,
bank-level integration provides higher performance in exchange for additional area/power
overhead compared to the chip-level integration of DiA units. All the DiA units can work
in parallel to others leading to exploitation of chip- or bank-level parallelism. Additionally,
each DiA unit comprises multiple MAC units that can also work in parallel to others, leading
to intra-chip or intra-bank parallelism for chip-level or bank-level integration of DiA units,
respectively. The memory controller takes the role of data distribution and accumulation.
Considering the area/power constraints in DRAM, we also propose two optimizations of the

designed DiA modules, namely DiA-light1 and DiA-light2.

1. In DiA-light1, we reduce the computation capability of each hardware (DiA) by min-
imizing the computational resources like MAC units. This optimization reduces the
performance in exchange for better area/power efficiency compared to DiA. As bank-
level integration of DiA is a heavier design than the chip-level integration of DiA units,
we prefer to integrate optimized DiA-lightl as a bank-level integration and compare

the three architectures in terms of the system’s throughput.

2. As inference is also popular in reduced precision like the 8-bit integer (INTS), we
optimize the DiA-light1l further by reducing its precision from the 16-bit fixed point
(FX16) to INT8 in DiA-light2. We measure the performance, power consumption,
and area overhead of DiA-light2 both for chip-level and bank-level integration while

accelerating the inference.
In summary, the primary contributions of the work are as follows.

1. We design dedicated hardware, DiA, and integrate those units inside the DRAM’s chip
using the NMP concept.

2. To explore the design space for near-DRAM MAC-based accelerator, DiA, we integrate
one DiA unit per chip or per bank and leverage the chip-level or bank-level parallelism,

respectively.

3. We design a data partitioning scheme to leverage both intra- and inter-chip (or bank)

level parallelism for the concurrent execution of the CNN tasks in multiple DiA units.
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Figure 6.7: The proposed architecture of (a) Chip-level integration of DiA, and (b) bank-level
integration of DiA.

4. We also employ two optimizations over the DiA module in the form of DiA-light1 and
DiA-light2 and measure their impact on the system’s throughput.

The design space exploration based on power consumption, area overhead, and performance,
for all the hardware (DiA, DiA-lightl, and DiA-light2) are measured with popular CNN
workloads like VGG-16 [118], VGG-19 [118], ResNet-34 [48], and MobileNet [154] on Ima-
geNet dataset [119]. The proposed system also outperforms the state-of-the-art works while

accelerating inference.

6.2.2 System Architecture
6.2.2.1 The Proposed System Architectures

Figure 6.7 shows the abstract views of the proposed systems. The chip-level integration of
the proposed hardware (DiA) is shown in Figure 6.7(a) while the bank-level integration is
presented in Figure 6.7(b). Both the architectures include a quad-core host-processor with a
two-level cache hierarchy (L1 split and L2 shared). To explore the design space impartially,
we use a similar DRAM organization for both architectures. A single memory channel is
equipped with the DIMM for both architectures. A rank is composed of multiple chips to
increase the width of the memory channel. For the chip-level integration, we incorporate one
DiA unit (shown in orange boxes in Figure 6.7) per chip, leading to 16 DiAs in total. Note
that each DIMM has two ranks with 8 chips per rank (2Rx8). The DiA unit is connected

TH-2870_156101001 127



6.2. EXPLORING THE DESIGN SPACE FOR NEAR-DRAM MAC-BASED
INFERENCE ENGINE

with the internal bus that is shared by all banks within a DRAM chip. The data (weights /
activations) required for inference are fetched into the local buffers of DiA modules through
the arbitration of the internal shared bus. In the bank-level integration, we put one DiA
unit per bank, which leads to 32 DiA units in total as there are 16 banks per rank in our
proposed dual-ranked DIMM. All the DiA units in both the architectures can execute the
inference operations in parallel to the other. In the bank-level integration, one DiA unit is
deployed near the global sense amplifiers or bank I1/O of a bank, and the data regarding the
inference are fetched using the global datalines. The architecture of bank-level integration has
comparatively more processing units, DiAs, than the architecture of chip-level integration.
Consequently, the system’s performance in bank-level integration is also substantially high
compared to the other one in exchange for additional area/power overhead. The detailed

analysis of this trade-off is shown in the subsequent section.

6.2.2.2 Dataflow

Figure 6.8 presents the dataflow to exploit intra-chip/bank and inter-chip /bank parallelism in
both the architectures. The data distribution and the granularity of execution are also shown
in Figure 6.8. The inter-chip and inter-bank parallelism is shown in the upper portion of
Figure 6.8(a) and Figure 6.8(b), respectively. Each input channel of a hidden layer is sent to
one DiA unit of a chip or bank for the concurrent execution of the convolution (CONV)/pool
operations. Note that all the DiA modules from both the architecture may not get an input
channel to be processed in the initial inference layer. However, a batch of 16 channels at
chip-level and a batch of 32 channels at bank-level can be processed simultaneously by the
DiA units of both the architectures. Note that DRAM with a different number of chips or
banks can have different degrees of parallelism with significant changes in the area/power
overhead.

The intra-chip and intra-bank parallelism within one DiA unit is presented in the lower
portion of Figure 6.8(a) and Figure 6.8(b), respectively. The 32 MAC units of each DiA can
simultaneously execute the CONV operations at 32 neuron positions of an input channel,
leading to intra-chip or intra-bank parallelism for the respective systems. The controller of
DiA distributes the inference tasks among the MAC units based on the available neuron
positions to be processed. A small streaming buffer is associated with each MAC unit.
This streaming buffer holds the weight-activation pairs before they are processed by the
corresponding MAC unit. The buffer filling latency is overlapped with the execution latency
in the MAC unit, resulting in savings in the total execution cycles for inference. The DiA
controller amortizes the number of fetch operations by bringing the data once from the

local buffers (weight and activation buffer) and broadcasting them to all the appropriate
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Figure 6.8: The dataflow in (a) chip-level integration of DiA units, and (b) bank-level inte-
gration of DiA modules to leverage intra-chip/bank and inter-chip/bank parallelism.
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Sel

streaming buffers during the filling of the streaming buffers with the appropriate weight-
activation pairs, as shown in Figure 6.8. The performance of both systems is substantially
improved due to the combined effect of intra-chip/bank and inter-chip/bank parallelism.
Note that the dataflow works in a similar fashion for both the DiA-lightl and DiA-light2

with reduced intra-chip/bank parallelism because of the lesser number of MAC units (16).

6.2.2.3 The DiA Unit

An abstract micro-architecture of the proposed DiA unit is shown in Figure 6.9. The primary
components of each module are weight buffer (WB), activation buffer (AB), DiA controller
and command generator, 32 small streaming buffers; an output buffer (OB), register-stack,
32 mac units (16 in DiA-light1 and DiA-light2), and pool unit with 32 comparators. Ad-
ditionally, the memory controller is also integrated with a result accumulation unit with
an integrated linear function. The DiA controller can initiate the inference process once
it receives the start signal from the host processor. The host processor offloads the meta-
data information like hyper-parameters of the network to the register-stack, shown in Figure
6.9. The DiA controller plays a crucial role in driving all the modules to accomplish the
inference tasks. Each channel of input maps and weights are loaded into the local AB and
WB, respectively, by the DiA controller. To fetch the data into the AB and WB, the DiA

controller uses the internal shared bus for the chip-level integration and global datalines for
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bank-level integration. Similar to [2], the DiA controller possesses the capability of gener-
ating the basic READ/WRITE commands, leading to savings in the command bandwidth.
The local buffers like AB and WB can be filled by using the WRITE command. The DiA is
configured to work on 16-bit fixed-point (FX16) precision. However, we also evaluate DiA on
low precision (INT8), as shown in the subsequent section. The DiA controller continuously
loads the streaming buffers with the appropriate weight-activation pairs to be processed by
the respective MACs. The bias register in the register-stack stores the bias value that is
added only once at each neuron position. The results are stored in the output buffers of
the DiA unit with the help of the DiA controller. Finally, The results from the OB are
read by the memory controller with the help of READ commands for accumulation in the
result accumulation unit. Note that, for simplicity and readability, we have not presented
all the modules and connections in Figure 6.9. The DiA-light1l and DiA-light2 have a similar

architecture to the DiA with minimal changes in the number of resources and precision.

6.2.3 Evaluation

To explore the design space for MAC-based accelerators like DiA near the DRAM, we conduct
experiments on state-of-art CNN benchmarks with diverse shapes and sizes. We use the
models like VGG-16 [118], VGG-19 [118], ResNet-34 [48], and MobileNet [154], pre-trained
on ImageNet dataset [119]. We use PyTorch framework [133] to extract the data and network
parameters. Table 6.3 lists the detailed configurations of the proposed architectures for both
chip-level and bank-level integration of DiA’s variants. The particulars of the architectures

are explained in the following subsection.

Integrate DiA . Yes [pesigni Integrate
Start with each heavy in terms of ,__~> , (Deésigning »>| DiAdlight1
bank overhead ? DiA-light1 Withleach
i/ .
Designing (3)
DiA unit
\ Integrate DiA —
witheach | ) heavy in terms o Designing
Chip Evaluation overhead ? DiA-light2
(1
Integrate Integrate
DiA-light2 DiA-light2
with each Chip with each bank
(4) (5)

System
Evaluation

Figure 6.10: The steps followed for design space exploration.
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Table 6.3: Specification of the architectures.

Host Processor (Common for all systems)

Core x86-64, 4 core, 4 GHz
Cache Memory (Common for all systems)
L1 i-cache 32 KB, private, 4 way, 64 B blocks
L1 d-cache 32 KB, private, 8 way, 64 B blocks
L2 cache 256 KB, shared, 8 way, 64 B blocks
DRAM

trp =5 cy, tccp =4 ¢y, trep = 5 ¢y,

tcL =5 ¢y, twr =4 cy, twr =6 cy, trrp = 3 ¢y
1.17 pJ/bit (array read), 0.39 pJ/bit (array write)
Energy [164] 0.93 pJ/bit (buffer read), 1.02 pJ/bit (buffer write)
Configuration 8GB, 1 channel, 2 rank, 8 chip, 16 banks,
FR-FCFS request scheduling

Timings [164]

Proposed DiA architecture

# of DiA units 16 (chip-level), 32 (bank-level)

# of MACs / DiA 32, 16 (DiA-light1l and DiA-light2)

Activation buffer size / DiA 1 KB

Weight buffer size / DiA 128 B

Power (15 nm CMOS tech.) 2.08 W (DiA@chip-level), 4.18 W (DiA@bank-level),

3.46 W (DiA-lightl@bank-level),
1.62 W (DiA-light2@bank-level),
and 0.81 W (DiA-light2@chip-level)
Area (total), 15 nm CMOS tech.  2.23 mm? (DiA@chip-level),
4.46 mm? (DiA@bank-level),
3.67 mm? (DiA-light1@bank-level),
1.98 mm? (DiA-light2@bank-level),
and 0.99 mm? (DiA-light2@chip-level)
Frequency (15 nm CMOS tech.)  ~2.97 GHz (DiA), ~3.3 GHz (DiA-light1), and
~3.96 GHz (DiA-light2)
Precision FX16 (DiA and DiA-lightl), and INT8 (DiA-light2)

6.2.3.1 Particulars of Architectures

The steps that we follow to explore the design space (DSE) are shown in Figure 6.10. The
DSE near the DRAM has been investigated with five architectures. The details of the

proposed architectures are as follows.

1. DiA at chip-level integration: In this architecture, we integrate DiA units with
each chip of a DIMM. In total, there are 16 DiA units that work in parallel.

2. DiA at bank-level integration: Here, we integrate the same DiA module with each

bank, leading to 32 DiAs working in parallel.
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3. DiA-lightl at bank-level integration: As 32 DiAs in bank-level integration in-
creases area and power overhead, we optimize the DiA in this architecture by reducing
the computational resources like MAC units. The 32 MACs in each DiA are reduced
to 16 for area/power efficiency. However, the number processing elements (DiA-light1)

and the place of integration are kept similar to the previous architecture.

4. DiA-light2 at chip-level integration: To make the NMP design even lighter, DiA-
light2 is designed. Here, the DiA-light1 is configured to work on low precision, specif-
ically INT8. In this architecture, we integrate DiA-light2 units with each chip of a
DIMM. Consequently, 16 DiA-light2 units operate in parallel to others.

5. DiA-light2 at bank-level integration: In this architecture, DiA-light2 is integrated
with the individual banks of the DIMM. As a result, 32 DiA-light2 units work in parallel

to others.

As DRAM industries are highly susceptible to the area/power overhead [37], comparing all
of them in terms of performance, energy/power consumption, and area overhead provides
comprehensive insights for the practical implementation of near-DRAM processing. Towards
achieving the design trade-offs, we compare the architectures with similar precision. The
design space exploration based on the performance, power consumption, and area overhead

for low precision (INT8) hardware (DiA-light2) is done in a separate section (6.2.3.4).

6.2.3.2 Performance Analysis

We design both the DiA and DiA-light1 hardware in Verilog hardware description language
(HDL). The placement-aware logic synthesis has also been done on the designed hardware
units using the Genus Synthesis Solution (version 15.21) from Cadence. We obtain an
operating frequency of around 3-4GH z at 15nm technology for the variants of DiA units, as
shown in Table 6.3. We develop an in-house cycle-accurate simulator that resembles the state
machines of the design hardware units, DiA, DiA-light1, and DiA-light2. As the simulator is
parameterizable, the post-synthesis frequencies of the hardware can be fed to the simulator.
For each of the systems, the performance in terms of execution time (ms) of each network
is measured from the simulator by using the corresponding state machine and the obtained
frequency from the synthesis. The execution times for each layer of all the networks consider
both the data processing time in the accelerator as well as the time to fetch/store data in
the memory. In Table 6.3, we show the timing parameters to fetch/store data in DRAM.
Figure 6.11 presents a comparison of layer-wise execution times for all four networks on

the three architectures, namely DiA at chip-level integration, DiA at bank-level integration,
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the graph compared to the other layers. On average, DiA at bank-level and DiA-light1 at
bank-level integration achieves around 50% and 9.82% performance benefits, respectively,
over the DiA at chip-level integration for all the networks. DiA at bank-level integration
stands out to be the best for all the networks primarily because of the additional parallelism
stemming out of 32 DiA units compared to the 16 in chip-level integration. The DiA-light1
at bank-level integration provides less performance than the DiA at the bank-level as the
lighter version has fewer MAC units, specifically 16, as shown in Table 6.3. However, DiA-
light1 provides better power/area efficiency due to lesser computing resources compared to
DiA, as explained in the subsequent section. The total execution time (ms) per image in

each architecture is also shown in Figure 6.11 for all the networks.

6.2.3.3 Energy Savings

Apart from the performance, we also perform the energy analysis of the systems. The power
consumption is measured after the synthesis of the hardware using Genus from the Cadence
tool-set. At 15nm technology, we find the total power consumption for the additional logic
is in the range of around 0.81W-4.18W (Shown in Table 6.3) for the different architectures
proposed in this work. Figure 6.12 shows the comparison of energy efficiency across the
layers of the networks for DiA at bank-level and DiA-light1 at bank-level integration. Note
that we do not show the energy consumption for DiA at chip-level integration in Figure 6.12
as the energy consumption (joule) for DiA at chip-level and DiA at bank-level is almost
similar. The energy consumption depends on two factors: (1) power consumption of the
system and (2) the execution time of workload in the respective systems. Compared to
the DiA at bank-level integration, the reduction in power consumption and the increase in
the execution time of workload for the DiA at chip-level integration are of a similar order,
leading to nearly equivalent energy consumption for both systems. The Y-axis in Figure 6.12
represents energy consumption (joule), and the X-axis shows the layers of the networks. On
average, the DiA-lightl at bank-level is around 1.2x power efficient but 1.8x slow in overall
execution latency, resulting in 1.5x less energy efficiency compared to DiA at bank-level

integration.

6.2.3.4 Reduced-Precision Analysis

Towards implementing even lighter hardware than DiA-light1, we implement DiA-light2 that
processes the data with reduced precision, specifically INT8. We integrate the DiA-light2
at chip-level as well as at bank-level to measure the efficacy of both architectures. Similar

to the previous hardware, we implement the DiA-light2 in Verilog HDL and synthesize it
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Figure 6.13: Performance analysis on reduced precision (INT8) for the ConvNets/Networks.

using the Genus from Cadence tool-set at 15nm CMOS technology. Figure 6.13 shows the
performance analysis of both the architectures at reduced precision for all four networks. The

Y-axis represents the execution time in milliseconds, and the X-axis shows the layers of the
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Table 6.4: Power breakups of one hardware unit (15nm).

| Modules | DiA (nW) | DiA-lightl (nW) | DiA-light2 (nW) |
Activation Buff. 1.32E+406 1.45E+406 1.01E+06
Kernel Buff. 2.11E+05 2.34E+05 1.55E4-05
Input Buffs. 8.09E4-06 4.27E406 2.85E406
Output Buff. 1.16E+07 1.22E+07 8.17TE+06
Pool unit 1.87E+06 9.55E+05 8.84E+05
MACs 1.48E+07 2.98E4-06 1.54E4-06
Controller and data path 9.26E+07 8.61E+07 3.60E4-07
Total 1.30E+4-08 1.08E+-08 5.06E4-07

networks. For all the networks, the total execution time (ms) per image is also reported in
Figure 6.13 for both the architectures. On average, the bank-level integration of DiA-light2
achieves a 2x speedup over the chip-level integration for all four networks. The speedup
is obtained primarily because of the additional parallelism due to higher numbers (32) of
DiA-light2 units, attached with each bank of a rank compared to the 16 DiA-light2 units of
chip-level integration.

At 15nm, the power breakups for one unit of each hardware are shown in Table 6.4.
One DiA-light1 unit and one DiA-light2 unit is around 17.10 % and 61.20% power-efficient,

respectively, compared to the DiA unit, as shown in Table 6.4.

6.2.3.5 Area Analysis

As the DRAM industries are extremely area-sensitive, a detailed area analysis for all the
architectures is required for near-DRAM logic integration. We implement all three hardware,
DiA, DiA-light1l, and DiA-light2, in Verilog HDL. We then find the post-synthesis area
estimates for all the hardware in Innovus from the cadence tool-set. The proposed hardware
modules, DiA, DiA-light1, and DiA-light2 got placed on 11.81 gym x 11.81 pm, 10.71 pm X
10.71 pm, and 7.87 pym x 7.87 um square boxes, respectively, at 15 nm technology. Figure
6.14 shows the area breakdown of each designed hardware. The controller and datapath
consume the maximum percentage of area for all the hardware, as shown in Figure 6.14.
Note that the percentage of area for MAC units has reduced significantly across the hardware
due to the optimizations. The total area overhead (shown in Table 6.3) of DiA at chip-level,
DiA at bank-level, and DiA-light2 at bank-level integration are 2.23 mm?, 4.46 mm?, and
3.67 mm?, respectively, at 15 nm technology. The total area overhead has reduced to 1.98
mm?, and 0.99 mm? for DiA-light2 at bank-level and DiA-light2 at chip-level integration,
respectively, in similar technology nodes. Compared to the 80 mm? area of a DRAM [100],

the maximum area overhead is around 5.56% for DiA at bank-level integration, and this
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Figure 6.14: Area breakdown for each hardware.

overhead reduces to around 1.24% for DiA-light2 at chip-level integration.

Table 6.5 summarizes the whole design space explored in our experiments. The pa-
rameters of interest related to all five architectures are shown in Table 6.5. Note that the
performance in terms of frames per second (FPS) can vary because of the different sizes and
shapes of the networks used for the evaluation of the proposed systems. The maximum FPS
is obtained for the MobileNet, while the minimum FPS is achieved in VGG-19.
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Table 6.5: Summary of design space exploration.

Desien Soace DiA DiA DiA-lightl | DiA-light2 | DiA-light2
gn Sp @chip-level | @bank-level | @bank-level | @chip-level | @bank-level
Performance (FPS) 5.2-362.32 10.35-724.64 5.74-401.61 4.31-302.11 8.62-602.41
(Min-Max)
Power (W), 15 nm 2.08 4.18 3.46 1.62 0.81
Area (mm?), 15 nm 2.23 4.46 3.67 1.98 0.99
Place of integration Chip-1/0 Bank-I/O Bank-1/0 Chip-1/0 Bank-I/O
Number of units 16 32 32 16 32
Number of MACs/ unit 32 32 16 16 16
Precision FX16 FX16 FX16 INTS INTS

6.2.4 Comparison with Previous Accelerators

Among our proposed architectures, we choose the most aggressive DiA at bank-level integra-
tion and the lightest DiA-light2 at chip-level integration to compare them with two popular
DRAM-based state-of-the-art inference accelerators, DrAcc [37], and DRISA [18]. The sub-
arrays of DRAM are modified to exploit bit operation capability in these works [18, 37].
DrACC introduces special rows to perform NOT, XOR, and shift operations. The bank
and sub-array dimensions of DRAM are reorganized for in-memory operations in DRISA.
The concept of concurrently activating multiple rows to realize the in-DRAM operations
are adapted in both works. Two major limitations in this concept are (1) high energy con-
sumption stemming from the multi-row activations and (2) the process variation in the sense
amplifiers. The process variation often causes logical operation failure. A 25% process vari-
ation can lead to around 26% failure in the logical operations as observed in [27]. Unlike
DrAcc, DRISA addresses this issue by restructuring the sub-array that is different from
the highly optimized commodity DRAM’s sub-array. While both the works modify sub-
arrays to exploit bit operation capability, we use the sub-array only for traditional load-store
operations, leading to no sub-array-level modification for the proposed work. The entire
computations are done in the separate modules, namely DiA, DiA-light1l, and DiA-light2,
integrated inside the DRAM’s chip. Additionally, it is challenging to implement the multi-
plication operations with the in-DRAM processing. DrAcc skips the multiplications using
ternary weight neural networks, while DRISA uses 1-bit weights for the inference. Though
it is feasible to adopt quantized models to eliminate MULs in mobile/IoT devices, there
is a non-negligible classification error of around 7% for ImageNet top-1 accuracy, between
binary neural network [155] and the best case [156]. Instead of skipping multiplications, we
perform them in our MAC units, making our architecture suitable for the requirement of

high accuracy.

TH-2870_156101001 140



6. EXPLORING OTHER AVENUES FOR NMP PROCESSING

Table 6.6: Comparison with previous DRAM-based accelerators.

System’s DrAcc DRISA DiA@bank-level | DiA-light2@chip-level
parameters FPS/ms | FPS/ms FPS/ms FPS/ms
Performance VGG-16 | 0.3/3282 0.3/3283 13.13/76.14 5.47/182.74
VGG-19 | 0.25/3933 | 0.25/3933 10.35/96.63 4.31/231.90
Power (W) 2 98 4.18 0.81
Area (mm?) 0.01 65.2 4.46 0.99
Efficiency (Fr./watt) 0.15 0.0031 3.14 6.75

Table 6.6 summarizes the key design specifications for all the architectures. The reported
results for the state-of-the-art works are obtained from DrAcc [37]. For all the systems shown
in Table 6.6, we have shown the system’s performance in terms of two metrics, frames per
second and execution time (ms) for a single frame. Our proposed system outperforms both
the DrAcc [37], and DRISA [18] in terms of performance, as shown in Table 6.6. DiA
at bank-level integration provides around 41x-43x speedup over both the state-of-the-art,
while DiA-light2 at chip-level integration delivers around 17x speedup over both DrAcc and
DRISA. We have also shown the comparison of power and area overhead of the respective
systems. Both the area and power overhead of DrAcc is lesser than the DiA at bank-level
integration because of the additional MAC units used in our proposed system. However,
the efficiency (frames/watt) of our proposed systems is substantially higher than both state-
of-the-art. Note that, though DiA at bank-level integration provides the best performance,
DiA-light2 at chip-level integration delivers better efficacy (Fr./watt) among the systems,
shown in Table 6.6.

6.2.5 Summary

This section discusses the CNN accelerator, DiA, and its two optimized versions, DiA-light1
and DiA-light2. We integrate these hardware units with each chip or bank of a DRAM.
We also explore intra-chip/bank and inter-chip/bank parallelism through our data partition
scheme for the parallel execution of the inference tasks. These integrations help in studying
the design space for near-DRAM logic integration. We evaluate the proposed systems based
on their performance and energy efficiency. We also measure the additional power and area
required for these integrations within the DRAM’s strict area and power budget. Our pro-
posed DRAM-based systems also outperform the prior DRAM-based inference accelerators
in terms of the system’s performance and efficiency. Additionally, our systems do not restrict
the execution of non-quantize networks, unlike the previous works. At 15 nm CMOS tech-
nology, the area overhead of the proposed architectures can vary in the range of 1.24-5.56%
based on the hardware and its place of integration. During the practical implementation of

the near-DRAM inference accelerator, this study can be helpful in deciding the number of
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hardware units, place of integration, and precision as per the design constraints.

6.3 Exploring NMP for basic Operations in Database

6.3.1 Introduction

As a continuation of our exploration of NMP’s efficacy for other applications, we propose
a custom design for popular database operations in this section. As databases are growing
in size and real-time results are in demand, we can integrate logic closer to the memory
rather than bringing contents closer to the CPU. To keep the NMP logic option small and
generic, we explore the implementation of common search routines closer to the memory.
Flexibility, being an issue with the application specific custom hardware, we have targeted
widely used operations like ‘compare-n-op” which is primitive to many applications, typically
in a database. The ‘compare-n-op’ compares two parameters, and based on the result of the
comparison, some additional simple operations like read, write, finding multiple occurrences,
counting the number of occurrences, or finding the maximum value, etc., can be performed
on a huge dataset. Almost similar operations have been targeted in [2]. Our work is also
motivated by the use of hardware for the acceleration of the database operations as in
[165]. However, they have followed an FPGA-based approach which is different from our
NMP-based approach. In this work, we aim to exploit the high unused internal bandwidth

of the hybrid memory cube (HMC) for ‘compare-n-op” on a huge amount of data with
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Figure 6.15: Conventional system vs. NMP based system.

TH-2870_156101001 142



6. EXPLORING OTHER AVENUES FOR NMP PROCESSING

minimal changes to the existing ecosystem of the HMC. Though our proposed model leverages
minimum computing capability by keeping complex and unbounded operations on to the host
processor, it helps the host processor by behaving like a slave to the master. The applications
that comprise of compare operations on a huge dataset can be benefited substantially from
this model. We have evaluated our system on the database applications as it comprises of
maximum number of ‘compare-n-op’.

Figure 6.15 depicts two systems: (a) Conventional Systems, and (b) Systems having
NMP capability. Conventional Systems include (I) fetching chunk of data one by one from
memory, 2) comparing key with the fetched data, and @) storing the results back to the mem-
ory. This process uses the external bandwidth heavily, with its heavy off-chip communication
resulting in low system’s throughput. However, the second approach needs (I) sending the
key to the memory side processing unit using off-chip connection, (2) comparing the key with
target data close to DRAM itself, and @) sending the result back to the host processor for
further high-level processing using the off-chip connection. The second approach is superior
to the previous one in terms of system’s throughput because of its highly reduced off-chip
communications (only two in this case). The internal bandwidth being extremely high in a
multi-vault HMC, the requirement of using external bandwidth can easily be compensated
with its internal bandwidth, leading to high-performance computing. This section makes

the following contributions:

e We use NMP to improve the performance of various ‘compare-n-op’s. We present the
design of a near-data compare unit (NDCU) which performs ‘compare-n-hit’, ‘compare-

n-count’, and ‘compare-n-maz’ operations near the memory.

e We have proposed two full-system NMP architectures. One has the benefits of NMP
with no parallelism (NNP), while the other has vault-level parallelism with NMP
(NVLP).

e The difference with existing state-of-the-art is the use of 3D-stacked memory environ-

ment, dedicated logic units, and exploiting vault-level data parallelism.

6.3.2 Background and Motivation

This section discusses contributions related to database operations near the memory. While
talking about simple 2D DRAM, building PIM can broadly be classified into two categories.
One is integrating logical units on top of the DRAM chip, while the second is modifying
the DRAM itself to provide computational capabilities. NDA [100], Buffered Compares
2], and JAFAR [38] belong to the first category. In NDA, Coarse-Grained Reconfigurable
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Figure 6.16: Tiled Data layout for parallel processing.

Architecture (CGRA) units are stacked on top of DRAM modules to perform near-memory
computation. In [2], a Buffered Compare Unit (BCU) has been made for compare operation.
In [38], select operations in databases are accelerated. JAFAR sends only qualifying data
to the processor whenever a select request is sent by the host processor, reducing the traffic
between processor and DRAM. Both these works have portrayed a similar approach, but their
idea of NMP has been implemented with the traditional 2D DRAM. However, our approach
of NMP has been implemented in a completely different setup of 3D memory, specifically,
HMC [40], and it also exploits data parallelism. Experimental results show evidence of the

fact that 3D memories are more desirable candidates for NMP.

6.3.2.1 Table-Scan

Table-scan is predominantly used in database operations. It is a critical operation where the
processors have to waste a lot of unnecessary efforts while fetching the data for comparison.
It can be performed on column-store databases (T'SC) as well as on row-store databases
(TSR). Table-scan is specifically efficient for column-store databases [166] as it restricts the
fetching of unnecessary data. As a result, the cache hierarchy performs effectively in the case
of TSC. In NMP, both TSC, as well as TSR databases can be used. Our proposed NDCU
performs basic operations close to the data and sends results to the host processor making

any type of data storage easy to use.

6.3.3 System Architecture and Operational Steps

The philosophy behind the design has got twofold advantages: (1) leveraging the novelty of
NMP by placing the logical units as close to the data as possible (2) harnessing the hidden
parallelism in the scan operation on huge datasets. To exploit (1), we place our NDCU on the
HMC’s logic layer, close to the data. Here, all memory references are managed by the host
memory controller instead of individual vault controllers. This architecture is named NNP,
i.e., NMP with no-parallelism. In order to exploit (2), i.e., data parallelism, we propose

to place NDCUs with every vault. In particular, each NDCU will parallelly operate on
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Figure 6.17: A conceptual view of proposed full system architectures (NNP and NVLP).

data (tile) from its corresponding vault. In our experimental setup, we have 16 vaults and,
therefore 16 NDCUs. Memory references, in this case, are handled by the individual vault
controllers. Our proposed idea is based on the observation of having inherent parallelism
in the scan operation. While scanning huge datasets, the entire data can be partitioned
into tiles (relatively small pieces of datasets) as shown in Figure 6.16. The entire dataset of
size n has been divided into v number of tiles where each tile has the approximately same
amount of data (size of m). Here, v is the number of vaults in the HMC. These tiles are
distributed by the host processor over different vaults of the HMC module (1 tile / vault) for
parallel scanning to obtain maximum speedup, leading to our proposed second architecture
(NVLP). However, this maximum speedup cannot be obtained in cases when the tiles are
mapped unevenly by the host across the vaults. In such cases, some NDCUs may take a

longer time compared to others which will have an impact on achievable speedup. Figure

opcode 00: Compare_n_Hit (key, D[n]) { © opcode 01 : Compare_n_Count (key, D[ n]){ + opcode 10 : Compare_n_Max (key, D[n]) {
fori=0ton-1{ : fori=0ton-1{ ; item = key
result = compare (D[ i], key) : result = compare (D[i], key) ! fori=0ton-1{
if (result == "D[i] equals key”){ : if (result == "D[i] equals key”) result = compare (DJi, item)
hitreg=1 count = count +1 if (result == "D[i] greater than item”)
return } } } } return } item = D[]

} return }

Figure 6.18: Specialized pseudocode of ‘compare-n-op’.
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6.17 shows both the architectures: NNP and NVLP. In NNP architecture, the system has
only 1 NDCU component (marked in green), whereas, in NVLP, the system has 16 NDCUs
(marked in blue). This logic unit (NDCU) has the capability of scanning both row-store
and column-store databases. Additionally, it can perform basic arithmetic operations while
performing the following three variants of ‘compare-n-op’. The pseudocodes for all the three

operations, shown in Figure 6.18, are explained below.

e The ‘compare-n-hit” operation is used to search a key, sent by the host processor, on
an attribute of the schema. If that key is found in the target data (D[i]), the NDCU
informs the host processor about the presence of the corresponding key by setting the
hit register.

e In ‘compare-n-count’” operation, the number of occurrences of a particular key (sent by
the host processor) in the target data (D[i]), is to be counted. The result is sent to the
host processor for high-level processing.

e In ‘compare-n-max’, the maximum value (can be found in ‘item’ register) of any at-

tribute of the schema is sent to the host processor.

All these operations can be executed on both row-store and column-store databases. The
generalized ‘compare-n-op’ function becomes a specialized one by the respective opcodes sent
by the host processor. The 2-bit opcodes for hit, count, and max operations are shown in
Figure 6.18. NDCU remains in inactive mode when opcode is set to ‘11°. Initially, the host
processor sets the opcode based on its requirement and sends the key to be processed, along
with some additional information, like, initial address and range of data to be processed, to
the NDCU. Upon offloading the workload to the slave NDCUs, the host processor becomes
free to start some other works. This, indeed, increases the parallelism, and thereby the

throughput of the proposed system becomes high.

6.3.3.1 Operational Steps

The abstract data-path of the NDCU is shown in Figure 6.19. NDCU controller is the
centroid of the entire data path. For simplicity, all the communication channels between
any two units in the data path are shown with a single connector. After the processor’s
intervention, the NDCU controller receives all the relevant information like opcode, initial
data address, range of data to be processed, etc., from the host processor and stores it in
the register stack for further processing. In the next step, the operand register is assigned
with the key sent by the host processor. With the help of the vault controller in the case of
NVLP or the HMC host memory controller in case of NNP, the data items are brought by
the NDCU controller one by one to the data register for ‘compare-n-op’. The ALU acts as
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a processing element that compares the values. Based on the ALU output and the opcode
given by the processor, the NDCU controller invokes the corresponding function. Depending
on the function to be performed and the ALU output, the NDCU controller sets the hit
register for hit operation, whereas it updates the count register in case of count operation.
For max operation, the NDCU controller transfers the content of the data register to the
operand register if the item (the content of the operand register) is less than the value of the
data register. NDCU controller has separate connections for sending reset and write signals

to all the registers of the entire data path, which are not shown in Figure 6.19 for simplicity.

6.3.4 Experimental Evaluation

We have chosen database application because it comprises of significant amount of ‘compare-

n-op’ which justifies the efficacy of the proposed system as well as demonstrates its usefulness.

6.3.4.1 Target Applications

Table scan - column store (TSC): Table-scan is having benefits over index-based database
operations in terms of storage, as storing indexes needs extra space on the disk. Specifically,
in the context of column-store databases where the data is stored in column-wise format,
scan is often used. However, it only fetches the necessary information while saving the costly
memory bandwidth. We have implemented all the variants of ‘compare-n-op’ and tested on
the star schema benchmark [167]. This benchmark is very efficient in measuring the per-
formance of database products. The ‘PARTKEY’ attribute of the ‘lineorder’ fact table is
used for ‘compare-n-hit’, ‘SUPPLYCOST" is used for ‘compare-n-maz’, and ‘QUANTITY’

is used for ‘compare-n-count’ operation.

Vault Controller / HMC host Controller (NVLP / NNP)

CTRL CTRL l Read Key i Read Data
DATA
Y CTRL Operand Reg. < DATA Reg.
—
From | j
CPU NDCU
R
Controller CTRL
ctrR. § CTRL
INC
Reg. Count Reg. Hit Reg.
ALU Stack
Output }

~ CTRL

Figure 6.19: Abstract design of NDCU.
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Table scan - row store (TSR): The operations same as those in TSC are performed
on the same attributes in this case as well. However, the data is stored in row-wise format
here. Row-store databases are less efficient as CPU-based processing units fetch unnecessary
data leading to wastage of memory bandwidth. From the result section, it can be verified that
our architectures (NNP and NVLP) perform much better in the case of TSRs. The reason
for this improvement is that in row-store databases, data (target attribute of a schema) does
not remain in consecutive memory locations. As a result, cache hierarchy in the conventional

CPU-based system cannot deliver performance due to a lack of spatial locality.

All three operations mentioned above have been performed in the typical column-store
(TSC) and row-store (TSR) database, leading to the workloads as shown in Table 6.7.
During the search operation on a given key-value pair, an item (to be searched) may be
found anywhere. To quantify the performance improvement, we categorize these searches.
In particular, we model three cases: (i) Hit-TSx_best: when the item is found in the first
25% of the search space, (ii) Hit_T'Sx_avg: when the item is found within 25%-50% of the
search space, and (iii) Hit_T'Sx_worst: when the item is found after 75% of the search space

(where TSx represents both column and row store database).

Table 6.7: Workload Details.

Workloads Details ‘Workloads Details
Hit TSC best Best case hit operation Hit TSR _worst Worst case hit operation
Hit_ TSC_avg | Average case hit operation | Count TSC Count on column-store database
Hit_TSC_worst | Worst case hit operation Count_TSR Count on row-store database
Hit_TSR_best Best case hit operation Max TSC Finding maximum value
Hit_TSR.avg | Average case hit operation Max_TSR Finding maximum value

Table 6.8: Specification of the simulation setup.

Host Processor [GEMS5]

Core Single core, x86-64, 2 GHz

L1 i-cache 32 KB, private, 4 way associative
L1 d-cache 32 KB, private, 8 way associative
L2 cache 256 KB, shared, 8 way associative

Main Memory | 2 GB, DDR3.1600_x64
Proposed logic unit for NMP (NDCU)

NDCU 1 for NNP, 16 for NVLP. Each has 1 ALU.
Frequency 950MHz on UMC 90 nm technology
3D Memory Stack (HMC)
Timing trp = 7.7Tns, ttcop = 3.3ns, trep = 10.2ns,
Parameters tcr = 9.9ns, twr = 15ns, tpas = 21.6ns, tcxg = 0.8ns
Energy [40] 3.7 pj/bit for DRAM read, 6.78 pj/bit for SerDes hop
Power[132] 11.08W
Size 2 GB
Logic Die 90 nm, dimension 27 X 27 mm?
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6.3.4.2 Baseline CPU based System

We have used Gem5 [168] to model our baseline system. Gemb is a cycle-accurate simulator
that is being extensively used for the full system simulation. We have configured our sim-
ulation setup with an x86-64bit processing core having a working frequency of 2 GHz. A
two-level cache hierarchy (private L1 and Shared L2) has been implemented with DRAM-
based main memory system for full system simulation. The energy modeling of the core has
been done using McPAT 1.3 [134], and CACTI 6.5 [169] has been used to obtain the energy

consumption of the main memory system:.

6.3.4.3 NDCU hardware

NDCU is dedicated hardware, designed using Verilog hardware description language. After
the initial design, it has been synthesized by the Genus Synthesis solution from Cadence. We
have used UMC 90 nm technology library, and the obtained operating frequency of NDCU
is around 950 MHz. This NDCU can be placed in the logic layer of HMC. Specification

parameters for both baseline and proposed systems are given in Table 6.8.

6.3.4.4 Results

We have obtained motivating results in terms of performance and energy, which instigate
the concept of near-memory processing. Area, being a critical aspect for integrating logic on
the same memory chip, we have analyzed the area overhead for practical implementation of
the proposed architectures.

Performance: For both the architectures (NNP and NVLP), we get improvement in

the execution time/speedup over the conventional system for all the workloads. While the
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Figure 6.20: Performance comparison of proposed NMP architecture; normalized w.r.t base-

line CPU based model.
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Figure 6.21: Analysis of the proposed system performance on typical cases.

NVLP is extremely fast due to its massively parallel architecture, NNP proves its signifi-
cance in terms of reduced power consumption with negligible area overhead and improved
performance compared to baseline. From Figure 6.20, we can see substantial improvement
in the performance of all the workloads for both NNP and NVLP architectures. We have
evaluated the hit operation for best, average, and worst-case scenarios. Here, the execution
time of NNP and NVLP architecture includes both the computation time as well as the
data fetching time from the DRAM die to the logic layer. Similarly, in the case of baseline,
the execution time comprises the computation time of the CPU and the data fetching time
through the conventional memory hierarchy.

The novelty of our approach is that the speedup (in TSC as shown in Figure 6.21a
and TSR as shown in Figure 6.21b) is monotonically increasing from the best case to the
worst case for both NNP and NVLP architectures. The reason behind this is that, with
the increasing number of ‘compare-n-op’, the off-chip communications also increase. The
increased off-chip communications pull down the performance for the conventional CPU-
based system. However, our NMP-based approach works near the memory. As a result, the
effect of costly off-chip communication is avoided, and high internal bandwidth utilization is
obtained.

Another important observation is that our proposed approach is doing well under typ-

ical data layouts. If we observe Figure 6.21c, we can see that the performance of TSR has
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Figure 6.22: Reduction in energy consumption w.r.t baseline CPU based model.

dominated the performance of TSC both for NNP and NVLP architectures with the in-
creasing number of ‘compare-n-op’. Initially, TSC has not been dominated by TSR because
the number of ‘compare-n-op’ was less. However, with the increasing dataset, the scenario
has changed. Conventional CPU-based system suffers from row-store databases. The rea-
son for this is that unnecessary data has to be fetched by the CPU in row-store databases,
which not only wastes the memory bandwidth but also increases the off-chip communication.
Even in this typical scenario, both the NNP and NVLP architectures leverage the benefits
of NMP and minimize the costly off-chip communication. On average, we obtained around
2.3x speedup in NNP and around 37x speed up in NVLP over the baseline.

Energy Savings: Power analysis of baseline has been done using McPAT and CACTI.
We analyze the power consumption of the proposed NDCU units in the Genus Synthesis
solution from Cadence. Using this value, we analyze the total power consumption of the two
proposed systems (NNP and NVLP). Energy consumption depends on the execution time
as well as power consumption. Though NNP architecture is more power-efficient, the energy
consumption is almost the same as NVLP because the execution time of NNP architecture
is longer than NVLP architecture. In both the proposed models, we obtained substantially
better results in terms of energy consumption over the baseline. The comparison of energy
consumption between the baseline and proposed models is shown in Figure 6.22. On average,
we obtained around 8x saving in energy in both NNP and NVLP architecture with respect
to the baseline.

Area analysis: Since memory industries are extremely area sensitive, the area overhead
of the logical units should be analyzed thoroughly. We perform a detailed area analysis on
the NDCU net-list, generated after the post-synthesis simulation done by the Genus. We use
Innovus (from Cadence tool-set) and our net-list got placed on 0.18 mm x 0.18 mm square
box at 90 nm technology. In NNP architecture, this incorporated the area overhead of 0.032
mm?, which is only 0.004% of the logic die area, which is negligible. In the case of NVLP
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architecture, the total area overhead due to multiple NDCUs is 0.52 mm?, which is 0.07%
of the entire logic die. Even this area overhead is quite reasonable considering its overall

throughput.

6.3.5 Summary

Scan or compare operations being primitive in nature can be used in a wide variety of
applications. The inherent parallelism in scan operation over the tiled data layout has made
it a lucrative candidate for near-memory processing. In this section, we discuss our proposed
design of the NDCU hardware unit, dedicatedly built for memory scan operation, while
performing some additional tasks like hit, count, and max. We have designed two full system
architectures (NNP and data-parallel NVLP) to harness the benefits of NMP. Both have
substantial improvements over the CPU-based baseline in terms of performance and energy
consumption with a negligible area overhead. While the system can achieve 2.3x and 37x
speedup in NNP and NVLP architectures, respectively, it reduces the energy consumption
by 8x, on average, for both the architectures. The results of this research encourage the
use of NMP for data-parallel applications, like table-scan, by the use of dedicated hardware

rather than fully functional processors.

6.4 Summary of the Chapter

This chapter! has two primary goals: (1) Estimating NMP’s efficacy with various memory
technologies like DRAM and hybrid main memory apart from the 3D memory, (2) Estimating
NMP’s efficacy with other data-intensive operations, namely database operations.

The first two sections illustrate the descriptions related to the first goal. These works
perform experiments on DRAM-PCM-based hybrid memory and conventional DRAM, re-
spectively, while accelerating inference through NMP-based accelerated architectures. The
last section presents the experiments on accelerating database operations near the 3D stacked
HMC memory. The performance and energy efficiency of the proposed systems are sub-
stantially better compared to the respective baselines and state-of-the-art. The variety of
experiments performed in this chapter manifest NMP’s efficiency in a more comprehensive

manner for practical implementations.

IThe publication details related to this chapter are as follows.
(1) Das, Palash, Ajay Joshi, and Hemangee K. Kapoor. “Hydra: A near hybrid memory accelerator for
CNN inference” Design, Automation and Test in Europe Conference, DATE 2022 (accepted).
(2) Das, Palash, and Hemangee K. Kapoor. “Towards near-data processing of compare operations in 3D-
stacked memory.” Proceedings of the 2018 on Great Lakes Symposium on VLSI. 2018.
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Conclusion

In this thesis, we aim to design accelerated architectures having the additional capability
of near-memory processing (NMP). While designing the accelerators, we primarily focus on
the widely used CNN algorithm. The reason is: building such a system can be beneficial for
a wide range of emerging applications. However, another goal of this thesis is to verify the
effectiveness of NMP capability. To manifest NMP’s efficacy, (1) we integrate our accelerators
with various memory technologies, and (2) we have also changed our target application
to widely used primitive operations, namely database operations. From our experiments,
we can conclude that the NMP-based accelerated architectures are able to provide high
performance and energy savings in exchange for minimal additional area overhead. Below

we briefly present the summary of our four contributions to this thesis.

7.1 Summary of contributions

1. Exploiting parallelism and NMP: In the first contribution, we have exploited
the parallelism of the CNN algorithm through our proposed dataflow. The proposed
hardware, Convolutional Logic Unit (CLU), is designed in such a way that it can
implement the proposed dataflow. We integrate multiple CLU modules in the logic
layer of HMC memory to leverage the NMP’s benefits while accelerating the inference.
The multiple CLU and its MAC units can work in parallel to execute the inference tasks,
leading to intra- and inter- vault parallelisms. The proposed system has substantially
improved performance and energy savings compared to quad-core CPU-based, 64 core
CPU-based, and GPU-based baseline with an area overhead of 2.37%. The proposed
CLU-based system is also comparable with other existing NMP-based architectures

and outperforms them in terms of performance, power consumption, and efficiency.

2. Exploiting Sparsity of data, NMP, and parallelism: In the second contribu-

tion, we include the additional capability to the designed hardware, Near-3D-memory
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Zero Skipping Parallel Accelerator (nZESPA), for accelerating the inference phase. The
nZESPA units can exploit data sparsity in both the weights and activations to eliminate
ineffectual zero-valued computations, leading to further improvements in performance
and energy savings. The contribution deals with compressed/encoded input/output
data format. The grids of multiple nZESPA modules are integrated into the logic layer
of HMC using the NMP concept, leading to the exploitation of both intra- and inter-
vault parallelism. In comparison with the systems that either do not exploit spar-
sity (NMP-dense) or do not employ NMP (traditional-fully-sparse) or do not include
both (traditional-dense), the proposed system has achieved significant gain in both

performance and energy saving in exchange for an area overhead of 5.61%.

3. Exploiting redundant computations, NMP, and parallelism: In the third con-
tribution, we observe that a substantial amount of computations in inference are re-
dundant and can be eliminated by a lookaside memory (LAM)-based search technique.
We design custom hardware, namely Adaptive LookAside Memory based Near-memory
Inference engine (ALAMNI) that has integrated LAM modules with the MAC units.
The LAMs store the most frequently used weight-activation pairs along with their
multiplication results. The ALAMNI controller consults these LAMs for the hits of
weight-activation pairs. Upon a hit, the controller skips the costly multiplications
with the help of precomputed results in the LAMs during inference, leading to sig-
nificant improvements in performance and energy savings. We also incorporate an
optional bitmasking concept to increase the hit percentage in the LAMs to amortize
more computations with an acceptable loss of accuracy. The proposal was extensively
validated on real data from CIFAR-10 and ImageNet using the PyTorch framework to
find a design point based on the LAM size, hit rate, and accuracy loss. The multiple
ALAMNTI units are integrated into the logic layer of HMC to harness the benefits of
NMP and intra/inter-vault parallelism. Experimental results show a significant im-
provement in the systems performance and energy efficiency compared to the baseline

and state-of-the-art at the expense of around 1% area overhead at 15nm technology.

4. Exploiting other avenues for NMP processing: In the fourth contribution, we
explore other avenues like (1) Estimating NMP’s efficacy with other prominent memory
technologies such as conventional DRAM and DRAM-PCM hybrid main memory, (2)
Measuring NMP’s efficiency with another popular data-intensive operation, namely

database operation.

While integrating custom inference hardware, namely near hybrid memory accelerator

(Hydra), near the DRAM-PCM hybrid main memory, we explore intra- and inter-
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7. CONCLUSION

chip parallelism. The Hydra uses DRAM for intermediate writes while keeping the
heavier models inside the PCM. This approach increases the PCM’s lifetime as the
parameters are only read from the PCM’s banks during the inference. The fetching
of parameters can also be overlapped with the conventional inference task execution,
leading to improved performance for the overall system. The proposed system with
integrated Hydra obtains around 20x performance improvements over the previous
in-DRAM processing-based works inference. Additionally, unlike its prior works, this
system does not eliminate any multiplication operations by using binary or ternary

neural networks, making it suitable for quantized and non-quantized networks.

We have also integrated the custom accelerators inside the DRAM’s chip for efficient
inference execution. We have explored chip-level and bank-level integration in this
context. For DRAM, we design dedicated hardware, namely near DRAM inference
accelerator (DiA), and integrate multiple such instances inside the DRAM’s chip. The
proposed design can harness both intra- and inter-chip/bank parallelism while accel-
erating the inference. As there is a strict area/power budget for additional logic inte-
gration in DRAM, we implement multiple variants of DiA having different amounts of
resources and precisions. For various proposed architectures, we perform a design-space
exploration with these hardware modules and their place of integrations to provide an
estimate of performance, power consumption, and area overhead. The proposed archi-
tectures are found to be more efficient in terms of performance and energy consumption
compared to the state-of-the-art works. Unlike the prior works, the proposed architec-

ture supports the execution of both quantized and non-quantized networks.

Towards measuring the NMP’s efficacy with another data-intensive application, we ac-
celerate database operations in the logic layer of the HMC device. We implement a cus-
tom hardware, namely near-data compare unit (NDCU), that can accelerate ‘compare-
n-hit’, ‘compare-n-count’, and ‘compare-n-max’ closer to the memory. In this work,
we propose two architectures, one is lighter NMP with no parallelism (NNP), and
the second is NMP with vault level parallelism (NVLP). Compared to conventional
CPU-based processing, the proposed systems obtain significant performance and en-
ergy efficiency improvements because of the accelerated architecture and savings in the

costly off-chip communications from the NMP approach.

The overview of the thesis is shown in Figure 7.1 where each contribution is achieved by
designing related custom hardware. The aim of each system is to improve the system’s

performance and energy efficiency while keeping the area overhead as minimum as possible.
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Figure 7.1: Overview of the thesis.

7.2 Scope for Future Work

The contributions of this thesis can be extended in several directions. Some of the possible

future research directions are listed below:

1. In this thesis, we incorporate various data and hardware-based techniques to improve
the system’s throughput during inference. However, techniques and hardware can also

be implemented to provide specialized systems for neural network training.

2. The proposed system can also be updated to a new system that can execute heteroge-

neous neural networks like CNN, recurrent neural network (RNN), and transformer.

3. We have implemented an NMP-based accelerator for the parallel organization of hybrid
memory. However, NMP’s efficacy on the hierarchical organization of hybrid memory

still needs to be explored.

4. The proposed hardware modules are able to work on fixed precision. However, it
is common for neural networks to handle different precisions based on the various
scenarios. The hardware units can be made reconfigurable to work on the data with

various precisions.
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