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Abstract

Deep neural networks (DNNs) are the backbone of modern artificial intelligence (Al).
However, due to their high computational complexity and diverse shapes and sizes, dedicated
accelerators that can achieve high performance and energy efficiency across a wide range of
DNN s are critical for enabling Al in real-world applications. To address this, we present
Eyeriss, a co-design of software and hardware architecture for DNN processing that is
optimized for performance, energy efficiency and flexibility. Eyeriss features a novel Row-
Stationary (RS) dataflow to minimize data movement when processing a DNN, which is the
bottleneck of both performance and energy efficiency. The RS dataflow supports highly-
parallel processing while fully exploiting data reuse in a multi-level memory hierarchy to
optimize for the overall system energy efficiency given any DNN shape and size. It achieves
1.4x to 2.5 higher energy efficiency than other existing dataflows.

To support the RS dataflow, we present two versions of the Eyeriss architecture. Eyeriss
v1 targets large DNNs that have plenty of data reuse. It features a flexible mapping strategy
for high performance and a multicast on-chip network (NoC) for high data reuse, and
further exploits data sparsity to reduce processing element (PE) power by 45% and off-chip
bandwidth by up to 1.9x. Fabricated in a 65nm CMOS, Eyeriss vl consumes 278 mW
at 34.7 fps for the CONV layers of AlexNet, which is 10x more efficient than a mobile
GPU. Eyeriss v2 addresses support for the emerging compact DNNs that introduce higher
variation in data reuse. It features a RS+ dataflow that improves PE utilization, and a flexible
and scalable NoC that adapts to the bandwidth requirement while also exploiting available
data reuse. Together, they provide over 10x higher throughput than Eyeriss v1 at 256 PEs.
Eyeriss v2 also exploits sparsity and SIMD for an additional 6 X increase in throughput.
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Chapter 1

Introduction

Deep neural networks (DNN5s) are the cornerstone of modern artificial intelligence (AI) [39].
Their rapid advancement in the past decade is one of the greatest technological breakthroughs
in the 21st century, and has enabled machines to deal with many challenging tasks at an
unprecedented accuracy, such as speech recognition [16]], image recognition [28,[36], and
even playing very complex games [59]. While DNNs were proposed back in the 1960s, it
was not until the 2010s, when high-performance hardware and a large amount of training
data became available, that the superior accuracy and wide applicability of DNNs became
broadly received. Since then, it has sparked an Al revolution that impacts numerous research
fields and industry sectors with a rapidly growing number of potential use cases.

The next frontier in this Al revolution is to deploy DNNs into real-world applications.
However, this also brings new challenges to the existing hardware systems and infrastructure.
Conventional general-purpose processors no longer provide satisfying performanceE] (.e.,
processing throughput) and energy efficiency for many emerging applications, such as
autonomous vehicles, smart assistants, robotics, etc. For example, in 2016, Jeff Dean said
"If everyone in the future speaks to their Android phone for three minutes a day...they
(Google) would need to double or triple their global computational footprint" [40]. This

clearly points out the growing demands on the hardware for Al applications, specifically the

'In this thesis, we use the terms throughput and performance interchangeably, which we define as
the number of operations per second or the number of inferences per second, depending on the context.
Performance is a commonly used term in the computer architecture community while throughput is a commonly
used term in the circuit design community.
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fact that dedicated hardware is crucial for meeting the computational needs and lowering
the operational cost. The high demands have since spurred the development of dedicated
DNN accelerators [435]].

However, unlike many standardized technologies, such as video coding or wireless
communication protocols, DNNs are still evolving at a very fast pace. Even for the same
application there exists a wide range of DNN models that have high variation in their sizes
and configurations. Since there is no guarantee on which DNNs are applied at runtime,
the hardware should not be designed to target only a limited set of DNNs. Accordingly, in
addition to performance and energy efficiency, flexibility is also a very important factor for
the design of dedicated DNN accelerators.

In this thesis, we present an accelerator architecture designed for DNN processing,
named Eyeriss, that is optimized for performance, energy efficiency and flexibility. Given
any DNN model, the hardware has to adapt to its specific configurations and optimize
accordingly for performance and energy efficiency. This is achieved through the co-design
of the DNN processing dataflow and the hardware architecture. The rest of this chapter
will provide the background required to understand the details of this work. Specifically,
Section|l.1|provides an overview of DNNs and describes the challenges in DNN processing.
Section[I.2]introduces the spatial architecture, which is a commonly used compute paradigm
for DNN acceleration. Section [I.3] then discusses prior work in related fields. Finally,

Section [1.4] summarizes the contributions of this thesis.

1.1 Overview of Deep Neural Networks

1.1.1 The Basics

DNN s are the realization of the concept of deep learning, which is a part of the broader
field of AI as shown in Fig. [[-I] They are inspired by how biological nervous systems
communicate and process information. In a DNN, the raw sensory input data is hierarchically
transformed, either in time or space, into high-level abstract representations in order to

extract useful information. This transformation, called inference, involves multiple stages

20



Artificial Intelligence
Machine Learning

Brain-Inspired

Neural
Networks

Deep
Learning

Figure 1-1: The various branches in the field of artificial intelligence.

Neurons
(activations)

Layer 1 Layer 2

output layer

input layer
hidden layer L2 Output Neurons
L1 Input Neurons
Synapses (e.g. image pixels) L1 Output Neurons
(weights) a.k.a. Activations
(a) Neurons and synapses (b) Compute weighted sums for each layer

Figure 1-2: A simple neural network example and terminology (Figures adopted from [41]]).

of non-linear processing, each of which is often referred to as a layer. Fig.[I-2]shows an
example of a simple neural network with 2 layers, and a DNN often has from dozens to even
thousands of layers. Each DNN layer performs a weighted sum of the input values, called
input activations, followed by an non-linear function (e.g., sigmoid, hyperbolic tangent, or
the rectified linear unit (ReLU) [48]]) as shown in Fig.[I-3] The weights of each layer are
determined through a process called training. In this thesis, we will focus on the use of the

trained model, which is called inference.

DNNSs come in a wide variety of configurations in both the types of layer and their shapes

and sizes. They are also evolving rapidly with improved accuracy and hardware performance.
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Figure 1-3: The weighted sum in a neuron. x;, w;, f(-), and b are the activations, weights,
non-linear function and bias, respectively (Figures adopted from [41]).

Despite the many options, there are two primary types of layers that are indispensible in
most DNNs: the convolutional (CONV) layer and fully-connected (FC) layer. DNNs that
are composed solely of FC layers are also referred to as multi-layer perceptrons (MLP),

while DNNs that contain CONV layers are called convolutional neural networks (CNNs).

The processing of both the CONV and FC layers can be described as performing high-
dimensional convolutions as shown in Fig.[I-4] In this computation, the input activations of
a layer are structured as a set of 2-D input feature maps (fmaps), each of which is called
a channel. Each channel is convolved with a distinct 2-D filter from the stack of filters,
one for each channel; this stack of 2-D filters is often referred to as a single 3-D filter. The
intermediate values generated by the many 2-D convolutions for each output activation,
called partial sums (psums), are then summed across all of the channels. In addition, a
1-D bias can be added to the filtering results, but some recent networks [28]] remove its
usage from parts of the layers. The results of this computation are the output activations
that comprise one channel of output feature map. Additional 3-D filters can be used on the
same input fmaps to create additional output channels. Finally, multiple input fmaps may be

processed together as a batch to potentially improve reuse of the filter weights.
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Figure 1-4: The high-dimensional convolution performed in a CONV or FC layer of a
DNN.

Given the shape parameters in Table[I.1] the computation of a CONV layer is defined as

c|lUy+i[Ux+ j] x Wig][m][c][i][J],

.
O[] [n][m][y][x] = B[g] [m] + Z, Z,

0<g<G,0<n<N,0<m<MO<x<FO<y<E,

||M\

E=(H—-R+U)JUF=(W-S+U)/U.
(1.1)

O, I, W and B are the matrices of the output fmaps, input fmaps, filters and biases, respec-
tively. U is a given stride size. For FC layers, Eq. (I.1) still holds with a few additional
constraints on the shape parameters: H =R, F =S, E =F = 1,and U = 1. Fig. |'13| shows
a visualization of this computation (ignoring biases) assuming G = 1, and Fig. [I-5]shows an

naive loop nest implementation of this computation.
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Shape Parameter | Description
G number of convolution groups
N batch size of 3-D fmaps
M # of 3-D filters / # of output channels
C # of input channels
H/W input fmap plane height/width
R/S filter plane height/width (= H or W in FC)
E/F output fmap plane height/width (= 1 in FC)

Table 1.1: Shape parameters of a CONV/FC layer.

Input Fmaps: I[G][N][CI[H][W]
Filter Weights: W[G][M][CI[R][S]
Biases: B[G][M]

Output Fmaps: O[G][N][MI[EI[F]

for (g=0; g<G; g++) {
for (n=0; n<N; n++) {
for (m=0; m<M; m++) {
for (x=0; x<F; x++) {
for (y=0; y<E; y++) {
o[g]l[n][m]lly]l[x] = B[gllm];
for (j=0; j<S; j++) {
for (i=0; i<R; i++) {
for (k=0; k<C; k++) {
Oo[g][nl[m]ly][x] +=
I[g][n][k][Uy+il[Ux+j] x W[g][m][kI[1]1[3];

3328080

Figure 1-5: A naive loop nest implementation of the high-dimensional convolution in Eq.

(L.I).
1.1.2 Challenges in DNN processing

In most of the widely used DNNs, the multiply-and-accumulate (MAC) operations in the
CONV and FC layers account for over 99% of the overall operations. Not only is the amount
of operations high, which can go up to several hundred millions of MACs per layer, they
also generate a large amount of data movement. Therefore, they have a significant impact
on the processing throughput and energy efficiency of DNNs. Specifically, they pose two

challenges: data handling and adaptive processing. The details of each are described below.

Data Handling: Although the MAC operations in Eq. (I.1I)) can run at high parallelism,
which greatly benefits throughput, it also creates two issues. First, naively reading inputs for

all MACs directly from DRAM requires high bandwidth and incurs high energy consumption.
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Figure 1-6: Data reuse opportunities in a CONV or FC layers of DNNs [7]].

Second, a significant amount of intermediate data, i.e., psums, is generated by the parallel
MAC:s simultaneously, which poses storage pressure and consumes additional memory read
and write energy if not processed, i.e., accumulated, immediately.

Fortunately, the first issue can be alleviated by exploiting different types of input data

reuse as shown in Fig. [T-6}

e convolutional reuse: Due to the weight sharing property in CONV layers, a small
amount of unique input activations can be shared across many operations. Each filter
weight is reused E? times in the same input fmap plane, and each input activation is
usually reused R” times in the same filter plane. FC layers, however, do not have this

type of data reuse.

o filter reuse: Each filter weight is further reused across the batch of N input fmaps in

both CONV and FC layers.

o fmap reuse: Each input activation is further reused across M filters (to generate the

M output channels) in both CONV and FC layers.

The second issue can be handled by proper operation scheduling so that the generated
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Layer | H' |R/S|EF |G| C M |U
CONVI1 [ 227 | 11 [ 55 [ 1| 3 9% | 4
CONV2 | 31 | 5 |27 | 2] 48 | 25 |1
CONV3 | 15 | 3 | 13 | 1| 25 | 384 | 1
CONV4 | 15 | 3 | 13 | 2| 192 | 384 | 1
CONV5 | 15 | 3 | 13 | 2| 192 | 256 | 1
FCl1 6 | 6 | 1 | 1] 25 |409 | 1
FC2 1| 1 | 1 | 1]409 |409 | 1
FC3 1 1 1 | 1]4096 | 1000 | 1

! This is the padded size

Table 1.2: CONV/FC layer shape configurations in AlexNet [34].

psums can be reduced as soon as possible to save both the storage space and memory read
and write energy. CR? psums are reduced into one output activation.

Unfortunately, maximum input data reuse cannot be achieved simultaneously with
immediate psum reduction, since the psums generated by MACs using the same weight or
input activation are not reducible. In order to achieve high throughput and energy efficiency,
the underlying DNN dataflow, which dictates how the MAC operations are scheduled for
processing (Chapter [2] will provide a more formal definition of a dataflow), needs to account

for both input data reuse and psum accumulation scheduling at the same time.

Adaptive Processing: The many shape parameters shown in Table give rise to many
possible CONV and FC layer shapes. Even within the same DNN model, each layer can
have distinct shape configurations. Table|1.2{shows the shape configurations of AlexNet [36]
as an example. The hardware architecture, therefore, cannot be hardwired to process only
certain shapes. Instead, the dataflow must be efficient for different shapes, and the hardware

architecture must be programmable to dynamically map to an efficient dataflow.

1.1.3 DNN vs. Conventional Digital Signal Processing

Before DNNs became mainstream, there was already research on high-efficiency and
high-performance digital signal processing. For example, convolution processors have a
wide applicability in image signal processing (ISP) [S5]]; linear algebra libraries, such as

ATLAS [69], have also been used extensively across many fields. They have proposed
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many optimization techniques, including tiling strategies used in multiprocessors and SIMD
instructions, to perform convolution or matrix multiplication at high performance on various
compute platforms. While many of these techniques can be applied for DNN processing,
they do not directly optimize for the best performance and energy efficiency for the following

reasons:

e The filter weights in DNNs are obtained through training instead of fixed in the
processing system. Therefore, they can consume significant I/O bandwidth and

on-chip storage, sometimes comparable to that of the input fmaps.

e Lowering the high-dimensional convolution into matrix multiplication also loses
the opportunities to optimize for convolutional data reuse, which can be the key to

achieving high energy efficiency.

e The ISP techniques are developed mainly for 2D convolutions. They do not opti-
mize processing resources for data reuse nor do they address the non-trivial psum

accumulation in DNN.

1.2 Spatial Architecture

Spatial architectures are a class of accelerators that can exploit high compute parallelism
using direct communication between an array of relatively simple processing engines (PEs).
They can be designed or programmed to support different algorithms, which are mapped
onto the PEs using specialized dataflows. Compared with SIMD/SIMT architectures, spatial
architectures are particularly suitable for applications whose dataflow exhibits producer-
consumer relationships or can leverage efficient data sharing among a region of PEs.
Spatial architectures come in two flavors: coarse-grained spatial architectures that consist
of tiled arrays of ALU-style PEs connected together via on-chip networks [27,/44,46], and
fine-grained spatial architectures that are usually in the form of an FPGA. The expected
performance advantage and large design space of coarse-grained spatial architectures has
inspired much research on the evaluation of its architectures, control schemes, operation

scheduling and dataflow models [2,22,/4951.58,63].
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Figure 1-7: Block diagram of a general DNN accelerator system consisting of a spatial
architecture accelerator and an off-chip DRAM. The zoom-in shows the high-level structure
of a processing element (PE).

Coarse-grained spatial architectures are currently a very popular implementation choice
for specialized DNN accelerators for two reasons. First, the operations in a DNN layer are
uniform and exhibit high parallelism, which can be computed quite naturally with parallel
ALU-style PEs. Second, direct inter-PE communication can be used very effectively for (1)
passing partial sums to achieve spatially distributed accumulation, or (2) sharing the same
input data for parallel computation without incurring higher energy data transfers. Third,
the multi-level storage hierarchy provides many inexpensive ways for data access to exploit
data reuse. ASIC implementations usually deploy dozens to hundreds of PEs and specialize
the PE datapath only for DNN computation [3,/5,13}/18,/53]]. FPGAs are also used to build
DNN accelerators, and these designs usually use integrated DSP slices to construct the PE
datapaths [4,20,23,54,57,/62.(74]. However, the challenge in either type of design lies in the
exact mapping of the DNN dataflow to the spatial architecture, since it has a strong impact

on the resulting throughput and energy efficiency.

Fig. illustrates the high-level block diagram of the accelerator system that is used in

this thesis for DNN processing. It consists of a spatial architecture accelerator and off-chip
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DRAM. The inputs can be off-loaded from the CPU or GPU to DRAM and processed by
the accelerator. The outputs are then written back to DRAM and further interpreted by the
main processor.

The spatial architecture accelerator is primarily composed of a global buffer (GLB)
and an array of PEs. The DRAM, global buffer and PE array communicate with each
other through the input and output FIFOs (iFIFO/oFIFO). The global buffer can be used to
exploit input data reuse and hide DRAM access latency, or for the storage of intermediate
data. Currently, the typical size of the global buffer used for DNN acceleration is around
several hundred kB to a few MB. The PEs in the array are connected via an on-chip network
(NoC), and the NoC design depends on the dataflow requirements. The PE includes an
ALU datapath, which is capable of doing MAC and addition, a register file (RF) as a local
scratchpad (SPad), and a PE FIFO (pFIFO) used to control the traffic going in and out of
the ALU. Different dataflows require a wide range of RF sizes, ranging from zero to a few
hundred bytes. Typical RF size is below 1kB per PE. Overall, the system provides four
levels of storage hierarchy for data accesses, including DRAM, global buffer, NoC (inter-PE
communication) and RF. Accessing data from a different level also implies a different energy

cost, with the highest cost at DRAM and the lowest cost at RF.

1.3 Related Work

There is currently a large amount of work on the acceleration of DNN processing for various
compute platforms, and it is still growing rapidly given the popularity of the research field.
Therefore, this section serves to provide a taste of the breadth of research in this field with a
representative list of related previous work.

First of all, there is a wide range of proposed architectures for DNN acceleration [3,4.5,
130/18,120,23,35,47, 50,5354, 57,1601, 62,73, 74]. While many of them can be described as
based on a spatial architecture, it is usually very hard to analyze and compare them due to
the following reasons. First, they are often implemented or simulated with different process
technologies and available hardware resources. Second, many of them do not report the

performance and/or energy efficiency based on publicly available benchmarks. In order
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to fairly compare different architectures, we propose (1) a taxonomy of DNN processing
dataflows that can capture the essence of how different architectures perform the processing
(Chapter 2)), and (2) analysis methodologies that can quantify the impact of various dataflows
on energy efficiency (Section [3.2). We will then introduce a novel dataflow, called Row
Stationary (RS), that can optimize for the overall energy efficiency of the system for vairous

DNN shapes and sizes in Chapter 3]

In addition to the analysis on energy efficiency, performance modeling is also a critical
part in the design of DNN accelerators. Chen et al. [74] explore various optimization
techniques, such as loop tiling and transformation, to map a DNN workload onto an FPGA,
and then uses a roofline model [70] of the charateristics of the FPGA to identify the solution
with best performance and lowest resource requirements. Jouppi et al. [35] also use a roofline
model to illustrate the impact of limited bandwidth on performance. In this work, we propose
a method called Eyexam to tighten the bounds of the roofline model based on the various
architectural design choices and their interaction with the given DNN workload. We also
adapt the roofline model for DNN processing by accounting for the fact that different data
types (i.e., input activations, weight and psums) will have different bandwidth requirements
and thus require three separate roofline models. These techniques will also be discussed in

Section

As the development of DNNs evolve, many DNN accelerators also start to take advantage
of certain properties of the DNN [12]. For example, the activations exhibit a certain degree
of sparsity thanks to the ReLU function; also, weight pruning has been shown as an
effective method to further reduce the size and computation of a DNN [2526]. As a result,
architectures such as EIE [24]], CNVLUTIN [1]] and SCNN [52]] have been proposed to
take advantage of data sparsity to improve processing throughput and energy efficiency. In
Chapter ] and Chapter[6] we will also discuss how the Eyeriss architecture can exploit data
sparsity.

Finally, as we will describe in Chapter [5 the requirement for flexibility has been
increasing due to the more diverse set of DNNs proposed in recent years. Previous work
that explored flexible hardware for DNNs include FlexFlow [42], DNA [68] and Maeri [38]],

which propose methods to support multiple dataflows within the same NoC. Rather than

30



supporting multiple dataflows, Eyeriss proposes using a single but highly flexible dataflow.
Along with a highly flexible NoC that can adapt to a wide range of bandwidth requirements
while still being able to exploit available data reuse, they can efficiently support a wide
range of layer shapes to maximize the number of active PEs and keep the PEs busy for high

performance.

1.4 Thesis Contributions

In this thesis, we demonstrate how to optimize for performance and energy efficiency in
the processing of a wide range of DNNs. While the processing can benefit from highly-
parallel architectures to achieve high throughput, the computation requires a large amount
of data, which involves significant data movement that has become the bottleneck of both
performance and energy efficiency [14,29]. To address this issue, the key is to find a
dataflow that can fully exploit data reuse in the local memory hierarchy and parallelism to
minimize accesses to the high-cost memory levels, such as DRAM. The dataflow has to
perform this optimization for a wide range of DNN shapes and sizes. In addition, it also has

to fully utilize the parallelism to achieve high performance.

1.4.1 Dataflow Taxonomy

Numerous previous efforts have proposed solutions for DNN acceleration. These designs
reflect a variety of trade-offs between performance, energy efficiency and implementation
complexity. Though with their differences in low-level implementation details, we find
that many of them can be described as embodying a set of dataflows. As a result, we are
able to classify them into a taxonomy of four dataflow categories. Comparing different
implementations in terms of dataflow provides a more objective view of the architecture, and
makes it easier to isolate specific contributions in individual designs. This work is discussed

in Chapter 2| and appears in [7,8].
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1.4.2 Energy and Performance Analysis Methodologies

We developed methodologies to systematically analyze the energy efficiency and perfor-
mance of any architectures for DNN processing. They provide a fast way to assess an
architecture by examining how the underlying dataflow exploits data reuse in a memory hier-
archy and parallelism and how the hardware supports the dataflow. Through these analyses,
we have identified certain properties that are critical to the design of DNN accelerators. For
example, optimizing for the data reuse of a certain data type does not necessarily translate
to the best overall system energy efficiency. Also, to support a diverse set of DNNs, the
hardware has to be able to adapt to a wide range of data reuse; otherwise, it can result in low
utilization of the parallelism or insufficient data bandwidth to support the processing. We
will address these issues in our proposed designs. The energy efficiency analysis framework
is discussed in Section [3.2] and appears in [7]. The performance analysis framework is

discussed in Section[5.2]in [9].

1.4.3 Energy-efficient Dataflow: Row-Stationary

While the existing dataflows in the taxonomy are popular among many implementations,
they are designed to optimize the energy efficiency of accessing a certain data type or
memory level in the hierarchy. We propose a new dataflow, called Row-Stationary (RS),
that optimizes for the overall system energy efficiency directly by fully exploiting data
reuse in a multi-level memory hierarchy for all data types while supporting highly-parallel
computation for any given DNN shape and size. The RS dataflow poses the operation
mapping process as an optimization problem instead of hand-crafting which data type or
memory level should receive the most reuse within the limited hardware resources. It has
shown up to 2.5x higher energy efficiency than other dataflows. This work is discussed in

Chapter 3| and appears in [7]].

1.4.4 Eyeriss vl Architecture

We designed an architecture, named Eyeriss v1, to support the RS dataflow and further

optimize the hardware for higher performance and energy efficiency. Eyeriss v1 targets large
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DNN models, which have plenty of data reuse opportunities for optimization. In addition to

the efficiency brought by the RS dataflow, Eyeriss v1 has the following features.

e [t uses a flexible mapping strategy to turn the logical mapping in the RS dataflow,
which is done regardless of the actual size of the processing element (PE) array in the
hardware, into a mapping that fits in the physical dimensions of the PE array. This

ensures as many PEs can be utilized as possible for higher performance.

e [t uses a multicast on-chip network (NoC) to fully exploit data reuse when delivering
data from the global buffer to the PEs. At the same time, the implementation of the
multicast NoC shuts down unused data buses to reduce data traffic, which provides an

over 80% energy savings over a broadcast NoC design.

o [t further exploits the sparsity (zero data) in the feature maps to achieve higher energy
efficiency. In particular, it utilizes a zero-skipping logic in the PE to reduce the
switching activity of the circuits and the accesses to the register file when data is zero,
and saves 45% of PE power. It also compresses the feature map data with a simple

run-length coding, which reduces off-chip data bandwidth by 1.2 to 1.9x.

Eyeriss vl was fabricated in a 65nm CMOS process, and can process the CONV layers
of AlexNet at 34.7 fps while consuming 278 mW. The overall energy efficiency was 10x
higher than a mobile GPU. We have further integrated the chip with the Caffe deep learning
framework and demonstrated an image classification system to showcase the flexibility of
the chip for supporting real-world applications. This work is discussed in Chapter 4] and

appears in [10,/11].

1.4.5 Highly-Flexible Dataflow and On-Chip Network

The recent trend of DNN development has an increasing focus on reducing the size and
computation complexity of DNNs. However, this also results in a higher variation in the
amount of data reuse. Many of the existing DNN accelerators were designed for DNNs with
plenty of data reuse. As a result, they cannot adapt well to emerging DNNs and therefore

lose performance. To solve this problem, we propose two architectural improvements:
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e a flexible dataflow, named RS Plus (RS+), that inherits the capability of the RS
dataflow to optimize for overall energy efficiency and further improves the utilization
of PEs when data reuse is low by being able to parallelize the computation in any

dimensions of the data.

e a flexible and scalable hierarchical mesh NoC that can provide high bandwidth when

data reuse is low while still being able to exploit high data reuse when available.

Together, they increase the utilization of the PEs in terms of both the number of active PEs
and the percentage of active cycles for each PE. Overall, they provide a throughput speedup
of over 10x than Eyeriss v1 at 256 PEs, and the performance advantage goes higher when
the architecture scales (i.e., increase number of PEs). This work is discussed in Chapter 3|

and appears in [[12].

1.4.6 Eyeriss v2 Architecture

Eyeriss v2 is designed to support the RS+ dataflow and the hierarchical mesh NoC. In

addition, it has the following features:

e it exploits data sparsity to not only improve energy efficiency, but also the processing
throughput. This is done by processing data directly in a compressed format for both
the feature maps and weights. When data sparsity is low, however, it can still adapt
back to process data in the raw format so it does not introduce overhead in the data

movement due to compression.

e it introduces SIMD processing in each PE by having two MAC datapaths instead
of one. This improves not only throughput but also energy efficiency due to the

amortized cost of the memory control logic.

These additional features can bring an additional 6 x speedup in throughput. Overall, Eyeriss
v2 achieves a speedup of 40x and 10x with 11.3x and 1.9x higher energy efficiency on
AlexNet and MobileNet, respectively, over Eyeriss v1 even at the batch size of 1. This work

is discussed in Chapter [6| and appears in [12].
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Chapter 2

DNN Processing Dataflows

2.1 Definition

The high-dimensional convolutions in DNNs involve a significant amount of MAC op-
erations, which also generate a significant amount of data movement. As described in
Section the challenges in processing are threefold. First of all, the accelerator has
to parallelize the MAC operations so that they efficiently utilize the available compute re-
sources in the hardware for high performance. Second, the operations have to be scheduled
in a way that can exploit data reuse in a multi-level storage hierarchy, such as the ones
introduced in the spatial architecture, in order to minimize data movement for high energy
efficiency. This is done by maximizing the reuse of data in the lower-energy-cost storage
levels, e.g., local RF, thus minimizing data accesses to the higher-cost levels, e.g., DRAM.
Finally, the hardware has to adapt to a wide range of DNN configurations.

These challenges can be framed as an optimization process that finds the optimal MAC
operation mapping on the hardware architecture for processing. For each MAC operation
in a DNN, which is uniquely defined by its associated input activation, weight and psum,
the mapping determines its temporal scheduling (in which cycle it is executed) and spatial
scheduling (in which PE it is executed) on a highly-parallel architecture. In a mapping
optimized for energy efficiency, data in the lower-cost storage levels can be reused by as
many MAC:s as possible before replacement. However, due to the limited amount of local

storage, input data reuse (for activations and weights) and local psum accumulation cannot
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be fully exploited simultaneously. Therefore, the system energy efficiency is maximized
only when the mapping balances all types of data reuse in a multi-level storage hierarchy. In
a mapping optimized for throughput, as many PEs will be active for processing for as many
cycles as possible, thus minimizing idle compute resources. These two objectives can be

further combined to find the mapping that meets a balance of both constraints.

This optimization has to take into account the following two factors: (1) the shape and
size of the DNN layer, e.g., number of filters, number of channels, size of filters, etc, which
determine the data reuse opportunities, and (2) the available processing parallelism, the
storage capacity and the associated energy cost of data access at each level of the memory
hierarchy, which are a function of the specific accelerator implementation. Therefore, the

optimal mapping changes across different DNN layers as well as hardware configurations.

Due to implementation trade-offs, a specific DNN accelerator design can only find the
optimal mapping from the subset of supported mappings instead of the entire mapping space.
The subset of supported mappings is usually determined by a set of mapping rules, which
also characterizes the hardware implementation. For example, in order to simplify the data
delivery from the global buffer to the PE array, the mapping may only allow all parallel
MAC:s to execute on the same weight in order to take advantage of a broadcast NoC design,

which sacrifices flexibility for efficiency.

We define the set of mapping rules as a dataflow that can be described by a loop nest
with pre-defined loop orders and variable loop limits. For simplicity, Fig. 2-1| shows an
example dataflow for a 1D convolution between an 1D input fmap of size H and 1D filter
of size R, which generates an 1D output fmap of size E. The ordering and parallelization
of the for-loops determine the rules for the temporal and spatial scheduling of the MAC
operations, respectively. The limit of each loop, e.g., E2, E1, EO, R2, R1, RO, where
E =E2xE1xEO, R=R2xRI1 x RO, however, does not have to be determined by the
dataflow. This provides flexibility in the dataflow. For example, when R0 = R (and R1 =1
and R2 = 1), the processing goes through all weights in the inner-most loop, while when
R2 =R (and RO =1 and R1 = 1), the weight stays the same in the inner-most loop. This
flexibility creates the supported mapping space for the optimization process to find the

optimal mapping for a given objective.
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Input Fmaps: I[H]
Filter Weights: W[R]
Output Fmaps: O[E]

for (e2=0; e2<E2; e2++) {
for (r2=0; r2<R2; r2++) {
parallel-for (el=0; el<El; el++) {
parallel-for (r1=0; ri<R1l; ril++) {
for (e0=0; e0<EQ; e0++) {
for (re=0; ro<Ro; ro++) {
O[e2*E1*E@+el*EQ+e0] +=
I[e2*E1*EQ+el1*EQ+e@ + r2*R1*RO+rl1*RO+ro] x
W[r2*R1*RO+r1*RO+ro];

PYYri}

Figure 2-1: An example dataflow for a 1D convolution.

A mapping is generated by determining the loop limits in a given dataflow, which is a
process called filing that is a part of the optimization. Tiling has to take into account not only
the shape and size of the data, i.e., H, R and E in the example of Fig. @ but also hardware
resources such as the number of PEs, the number of levels in the memory hierarchy and the
storage size at each memory level. For example, when only 8 PEs are available, it imposes
the following constraint: E1 x R1 < 8.

The design of a DNN accelerator architecture starts with the design of the dataflow, and
an architecture can be designed to support multiple dataflows at once, which brings the
potential advantage of a larger mapping space for optimization. However, there is usually a
trade-off between the flexibility and efficiency of the architecture. Since there exists a large

number of potential dataflows, it creates an enormous design space for exploration.

2.2 An Analogy to General-Purpose Processors

The operation of DNN accelerators is analogous to that of general-purpose processors as
illustrated in Fig.[2-2] In conventional computer systems, the compiler translates the program
into machine-readable binary codes for execution; in the processing of DNNs, the mapper
translates the DNN shape and size into a hardware-compatible mapping for execution.

Dataflow is a key attribute that is analogous to the architecture of a general-purpose
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Figure 2-2: An analogy between the operation of DNN accelerators (texts in black) and
that of general-purpose processors (texts in red).

processor. Similar to the role of an ISA or memory consistency model, dataflow characterizes
the hardware implementation and defines the mapping rules that the mapper has to follow
in order to generate hardware-compatible mappings. We consider the dataflow as a part of
the architecture, instead of microarchitecture, since we believe it is going to largely remain
invariant across implementations. Although, similar to GPUs, the distinction between
architecture and microarchitecture is likely to blur for DNN accelerators due to its rapid
development. In Section [2.3] we will introduce several existing dataflows that are widely

used in implementations.

The hardware implementation details, such as the degree of pipelining in the PE or the
bandwidth of NoC for data delivery, are analogous to the microarchitecture of processors
for the following reasons: (1) they can vary a lot across implementations, and (2) although
they can play a vital part in the optimization, they are not essential since the mapper can

always generate sub-optimal mappings.

The goal of the mapper is to search in the mapping space for the best one that optimizes
data movement and/or PE utilization. The size of the entire mapping space is determined by
the total number of MACs, which can be calculated from the DNN shape and size. However,

only a subset of the space is valid given the mapping rules defined by a dataflow. It is the
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mapper’s job to find out the exact ordering of these MACs on each PE by evaluating and
comparing different valid ordering options based on the optimization objective.

As in conventional compilers, performing evaluation is an integral part of the mapper.
The evaluation process takes a certain mapping as input and gives an energy consumption
and performance estimation based on the available hardware resources (microarchitecture)
and the data size and reuse opportunities extracted from the DNN configuration (program).

In Section [3.2]and[5.2] we will introduce frameworks that can perform this evaluation.

2.3 A Taxonomy of Existing DNN Dataflows

For computer architects, trade-offs between performance, energy-efficiency and implemen-
tation complexity are always of primary concern in architecture designs. This is the same
case for designing DNN dataflows. On the one hand, if the dataflow accommodates a
large number of valid operation mappings, the mapper has a better chance to find the one
with optimal energy efficiency. On the other hand, however, the complexity and cost of
hardware implementations might be too high to support such a dataflow, which makes it of
no practical use. Therefore, it is very important to identify dataflows that have a strong root
in implementation.

Numerous previous efforts have proposed solutions for DNN acceleration. These designs
reflect a variety of trade-offs between performance, energy efficiency and implementation
complexity. Though with their differences in low-level implementation details, we find that
many of them can be described as embodying a set of rules, 1.e., dataflow, that define the
valid mapping space based on how they handle data. As a result, we are able to classify
them into a taxonomy of four dataflow categories. In the rest of this section, we will provide

a high-level overview on each of the four dataflows.

o Weight-Stationary (WS) dataflow: WS keeps filter weights stationary in the RF
of each PE by enforcing the following mapping rule: all MACs that use the same
filter weight have to be mapped on the same PE for processing contiguously. This
maximizes the convolutional and filter reuse of weights in the RF, thus minimizing the

energy consumption of accessing weights (e.g., [3,14,20,3553]). Fig. shows the

39



data movement of a common WS dataflow implementation. While each weight stays
in the RF of each PE, unique input activations are sent to each PE, and the generated

psums are then accumulated spatially across PEs.

e Output-Stationary (OS) dataflow: OS keeps psums stationary by accumulating
them locally in the RF. The mapping rule is: all MACs that generate psums for the
same ofmap pixel have to be mapped on the same PE contiguously. This maximizes
psum reuse in the RF, thus minimizing energy consumption of psum movement
(e.g., [18,23,47,54.[73]]). The data movement of a common OS dataflow implementa-

tion is to broadcast filter weights while passing unique input activations to each PE

(Fig.[2-3b).

o Input-Stationary (IS) dataflow: IS keeps input activations stationary in the RF of
each PE by enforcing the following mapping rule: all MACs that use the same input
activation have to be mapped on the same PE for processing contiguously. This
maximizes the convolutional and fmap reuse of input activations in the RF, thus
minimizing the energy consumption of accessing input activations (e.g., [52]]). In
addition to keeping input activations stationary in the RF, a common IS dataflow
implementation is to send unique weights to each PE, and the generated psums are

then accumulated spatially across PEs (Fig. 2-3c).

e No Local Reuse (NLR) dataflow: Unlike the previous dataflows that keep a certain
data type stationary, NLR makes no data stationary locally so it can trade RF off
for a large global buffer. This is to minimize DRAM access energy consumption by
storing more data on-chip (e.g., [5,/74]). The corresponding mapping rule is: at each
processing cycle, all parallel MACs correspond to an unique pair of input channel
(for input activation and weight) and output channel (for psum). The data movement
of NLR dataflow is to single-cast weights, multi-cast ifmap pixels, and spatially

accumulate psums across the PE array (Fig. [2-3d).

The four dataflows show distinct data movement patterns, which imply different trade-

offs. First, as is evident in Fig.[2-34] Fig.[2-3b|and Fig. the cost for keeping a specific
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data type stationary is to move the other types of data more. Second, the timing of data
accesses also matters. For example, in the OS dataflow, each weight read from the global
buffer is broadcast to all PEs with properly mapped MACs on the PE array. This is more
efficient than reading the same value multiple times from the global buffer and single-casting
it to the PEs, which is the case for filter weights in the NLR dataflow (Fig. [2-3d)) due to its
mapping restriction. In Chapter[3] we will present a new dataflow that takes these factors

into account to optimized for energy efficiency.

2.4 Conclusions

Dataflow is an integral part in the design of DNN accelerators. It dictates the performance
and energy efficiency of the hardware, and is a key attribute of the accelerator that is
analogous to the architecture of a general-purpose processor. Based on this insight, we find
that many of the existing DNN accelerator architectures can be classified into a taxonomy
of four dataflows. However, we also notice that these existing dataflows only optimize for
the energy efficiency of certain data types or specific levels of memory hierarchy instead
of for the overall system energy efficiency. In Chapter [3| we will introduce a new dataflow,

called row-stationary, that can achieve this goal.
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Figure 2-3: Taxonomy of existing DNN processing dataflow.
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Chapter 3

Energy-Efficient Dataflow:

Row-Stationary

3.1 How Row-Stationary Works

While existing dataflows attempt to maximize certain types of input data reuse or minimize
the psum accumulation cost, they fail to take all of them into account at once. This results
in inefficiency when the layer shape or hardware resources vary. Therefore, it would be
desirable if the dataflow could adapt to different conditions and optimize for all types of
data movement energy costs. In this chapter, we will introduce a novel dataflow, called row

stationary (RS) that achieves this goal.

3.1.1 1D Convolution Primitives

The implementation of the RS dataflow in Eyeriss is inspired by the idea of applying a strip
mining technique in a spatial architecture [67]. It breaks the high-dimensional convolution
down into 1D convolution primitives that can run in parallel; each primitive operates on one
row of filter weights and one row of ifmap pixels, and generates one row of psums. Psums
from different primitives are further accumulated together to generate the ofmap pixels. The
inputs to the 1D convolution come from the storage hierarchy, e.g., the global buffer or

DRAM.
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Figure 3-1: Processing of an 1D convolution primitive in the PE. In this example, R =3
and H =5.

Each primitive is mapped to one PE for processing; therefore, the computation of each
row pair stays stationary in the PE, which creates convolutional reuse of filter weights and
ifmap pixels at the RF level. An example of this sliding window processing is shown in
Fig.[3-1] However, since the entire convolution usually contains hundreds of thousands of
primitives, the exact mapping of all primitives to the PE array is non-trivial, and will greatly

affect the energy efficiency.

3.1.2 Two-Step Primitive Mapping

To solve this problem, the primitive mapping is separated into two steps: logical mapping
and physical mapping. The logical mapping first deploys the primitives into a logical PE
array, which has the same size as the number of 1D convolution primitives and is usually
much larger than the physical PE array in hardware. The physical mapping then folds
the logical PE array so it fits into the physical PE array. Folding implies serializing the
computation, and is determined by the amount of on-chip storage, including both the global
buffer and local RF. The two mapping steps happen statically prior to runtime, so no on-line

computation is required.

Logical Mapping: Each 1D primitive is first mapped to one logical PE in the logical
PE array. Since there is considerable spatial locality between the PEs that compute a 2D
convolution in the logical PE array, we group them together as a logical PE set. Fig.

shows a logical PE set, where each filter row and ifmap row are horizontally and diagonally
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Figure 3-2: The dataflow in a logical PE set to process a 2D convolution. (a) rows of filter
weight are reused across PEs horizontally. (b) rows of ifmap pixel are reused across PEs
diagonally. (c) rows of psum are accumulated across PEs vertically. In this example, R =3
and H =5.

reused, respectively, and each row of psums is vertically accumulated. The height and width
of a logical PE set are determined by the filter height (R) and ofmap height (E), respectively.
Since the number of 2D convolutions in a CONV layer is equal to the product of number of
ifmap/filter channels (C), number of filters (M) and fmap batch size (N), the logical PE array

requires N X M x C logical PE sets to complete the processing of an entire CONV layer.

Physical Mapping: Folding means mapping and then running multiple 1D convolution
primitives from different logical PEs on the same physical PE. In the RS dataflow, folding
is done at the granularity of logical PE sets for two reasons. First, it preserves intra-set
convolutional reuse and psum accumulation at the array level (inter-PE communication) as
shown in Fig.[3-2] Second, there exists more data reuse and psum accumulation opportunities
across the N x M x C sets: the same filter weights can be shared across N sets (filter reuse),
the same ifmap pixels can be shared across M sets (ifmap reuse), and the psums across each
C sets can be accumulated together. Folding multiple logical PEs from the same position of
different sets onto a single physical PE exploits input data reuse and psum accumulation at
the RF level; the corresponding 1D convolution primitives run on the same physical PE in
an interleaved fashion. Mapping multiple sets spatially across the physical PE array also
exploits those opportunities at the array level. The exact amount of logical PE sets to fold
and to map spatially at each of the three dimensions, i.e., N, M, and C, are determined by the
RF size and physical PE array size, respectively. It then becomes an optimization problem

to determine the best folding by using the framework in Section [3.2]to evaluate the results.
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Section discusses how this mapping is performed for Eyeriss v1.

After the first phase of folding as discussed above, the physical PE array can process a
number of logical PE sets, called a processing pass. However, a processing pass still may
not complete the processing of all sets in the CONV layer. Therefore, a second phase of
folding, which is at the granularity of processing passes, is required. Different processing
passes run sequentially on the entire physical PE array. The global buffer is used to further
exploit input data reuse and store psums across passes. The optimal amount of second phase
folding is determined by the global buffer size, and also requires an optimization using the
analysis framework. Sectiond.2.5]discusses how the processing passes are scheduled for

Eyeriss v1.

3.1.3 Energy-Efficient Data Handling

To maximize energy efficiency, the RS dataflow is built to optimize all types of data
movement by maximizing the usage of the storage hierarchy, starting from the low-cost RF
to the higher-cost array and global buffer. The way each level handles data is described as

follows.

RF: By running multiple 1D convolution primitives in a PE after the first phase folding,
the RF is used to exploit all types of data movements. Specifically, there are convolutional
reuse within the computation of each primitive, filter reuse and ifmap reuse due to input data
sharing between folded primitives, and psum accumulation within each primitive and across

primitives.

Array (inter-PE communication): Convolutional reuse exists within each set and is com-
pletely exhausted up to this level. Filter reuse and ifimap reuse can be achieved by having
multiple sets mapped spatially across the physical PE array. Psum accumulation is done

within each set as well as across sets that are mapped spatially.

Global Buffer: Depending on its size, the global buffer is used to exploit the rest of filter
reuse, ifmap reuse and psum accumulation that remain from the RF and array levels after

the second phase folding.
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3.1.4 Support for Different Layer Types

While the RS dataflow is designed for the processing of high-dimensional convolutions in

the CONV layers, it can also naturally support two other layer types:

FC Layer: The computation of FC layers is the same as CONV layers, but without convo-
lutional data reuse. Since the RS dataflow exploits all types of data movement, it can still
adapt the hardware resources to cover filter reuse, ifmap reuse and psum accumulation at
each level of the storage hierarchy. There is no need to switch between different dataflows

as in the case between SOC-MOP and MOC-SOP OS dataflows.

POOL Layer: By swapping the MAC computation with a MAX comparison function in
the ALU of each PE, the RS dataflow can also process POOL layers by assuming N = M =

C =1 and running each fmap plane separately.

3.1.5 Other Architectural Features

In the Eyeriss architecture, the dataflow in Fig. is handled using separate NoCs for the
three data types: global multi-cast NoCs for the ifmaps and filters, and a local PE-to-PE
NoC for the psums. The architecture can also exploit sparsity by (1) only performing data
reads and MACs on non-zero values and (2) compressing the data to reduce data movement.
Details on these techniques are described in Section4.3|and .43 This brings additional

energy savings on top of the efficient dataflow presented in this Chapter.

3.2 Framework for Evaluating Energy Consumption

In order to evaluate the energy efficiency of DNN accelerator architectures implementing
various dataflows, in this section, we will introduce a framework for the evaluation of energy
consumption of DNN accelerators based on a spatial architecture and its dataflow. The
analysis methodology is lightweight yet general, such that is can be applied to the analysis of
any DNN accelerator architectures. They are also an indispensable part of the optimization

process of finding the optimal mapping for a dataflow.
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The way each MAC operation fetches inputs (filter weights and input activations) and

accumulates psums introduces different energy costs due to two factors:

e how the dataflow exploits input data reuse and psum accumulation scheduling.

o fetching data from different storage elements in the architecture have different energy

costs.

The goal of an energy-efficient dataflow is then to perform most data accesses using the
data movement paths with lower energy cost. This is an optimization process that takes all
data accesses into account, and will be affected by the layer shape and available hardware
resources.

In this section, we will describe a framework that can be used as a tool to optimize the
dataflows for spatial architectures in terms of energy efficiency. Specifically, it defines the
energy cost for each level of the storage hierarchy in the architecture. Then, it provides a
simple methodology to incorporate any given dataflow into an analysis using this hierarchy
to quantify the overall data movement energy cost. This allows for a search for the optimal
mapping for a dataflow that results in the highest energy efficiency for a given DNN layer

shape. It optimizes to maximize reuse of data in the RF, NoC and global buffer.

Data Movement Hierarchy: The spatial architecture provides four levels of storage hi-
erarchy. Sorting their energy cost for data accesses from high to low, it includes DRAM,
global buffer, NoC and RF. Fetching data from a higher-cost level to the ALU incurs higher
energy consumption. Also, the energy cost of moving data between any of the two levels is
dominated by the one with higher cost. Similar to the energy consumption quantification
in previous experiments [14,29,43]], Fig. [3-3| shows the normalized energy consumption
of accessing data from each storage level relative to the computation of a MAC at ALU.
The numbers are extracted from a commercial 65nm process. The DRAM and global buffer
energy costs aggregate the energy of accessing the storage and the iFIFO/oFIFO; the array
energy cost includes the energy of accessing the iFIFO/oFIFO/pFIFO on both sides of the

path as well as the cost from wiring capacitance.

Analysis Methodology: Given a dataflow, the analysis is formulated in two parts: (1) the

input data access energy cost, including filter weights and input activations, and (2) the psum
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Figure 3-3: Normalized energy cost relative to the computation of one MAC operation at
ALU. Numbers are extracted from a commercial 65nm process.

accumulation energy cost. The energy costs are quantified through counting the number
of accesses to each level of the previously defined hierarchy, and weighting the accesses
at each level with a cost from Fig.[3-3] The overall data movement energy of a dataflow is

obtained through combining the results from the two types of input data and the psums.

3.2.1 Input Data Access Energy Cost

If an input data value is reused for many operations, ideally the value is moved from DRAM
to RF once, and the ALU reads it from the RF many times. However, due to limited storage
and operation scheduling, the data is often kicked out of the RF before exhausting reuse. The
ALU then needs to fetch the same data again from a higher-cost level to the RF. Following
this pattern, data reuse can be split across the four levels. Reuse at each level is defined as
the number of times each data value is read from this level to its lower-cost levels during its
lifetime. Suppose the total number of reuses for a data value is a X b X ¢ x d, it can be split
into reuses at DRAM, global buffer, array and RF for a, b, ¢, and d times, respectively. An
example is shown in Fig. @, in which case the total number of reuse, 24, is split into a = 1,

b =72, c=3and d = 4. The energy cost estimation for this reuse pattern is:

a x EC(DRAM) + ab x EC(global buffer)+
3.1
abc x EC(array) +abcd x EC(RF),
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Figure 3-4: An example of the input activation or filter weight being reused across four
levels of the memory hierarchy.

where EC(+) is the energy cost from Fig. E|

3.2.2 Psum Accumulation Energy Cost

Psums travel between ALUs for accumulation through the 4-level hierarchy. In the ideal
case, each generated psum is stored in a local RF for further accumulation. However, this
is often not achievable due to the overall operation scheduling, in which case the psums
have to be stored to a higher-cost level and read back again afterwards. Therefore, the total

number of accumulations, a X b X ¢ X d, can also be split across the four levels. The number

! Optimization can be applied to Eq. (3.1)) when there is no reuse opportunity. For instance, if d = 1, the
data is transferred directly from a higher level to the ALU and bypasses the RF, and the last term in Eq. (3.1)
can be dropped.
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Reuse Parameters
Data Type a b c d
Input Activation | R/(ROX R1 xR2) | R2 | Rl | RO
Weight E/(EOXE1xE2) | E2 | E1 | EO
Psums R/(ROXRI xR2) | R2 | R1 | RO

Table 3.1: Reuse parameters for the 1D convolution dataflow in Fig.

of accumulation at each level is defined as the number of times each data goes in and out of
its lower-cost levels during its lifetime. An example is shown in Fig. [3-5] in which case the
total number of accumulations, 36, is splitinto a =2, b = 3, ¢ = 3 and d = 2. The energy

cost can then be estimated as

(2a—1) x EC(DRAM) +2a(b — 1) x EC(global buffer)+
3.2)

ab(c — 1) x EC(array) 4+ 2abc(d — 1) x EC(RF).

The factor of 2 accounts for both reads and writes. Note that in this calculation the accumu-

lation of the bias term is ignored, as it has negligible impact on the overall energy.

3.2.3 Obtaining the Reuse Parameters

For each dataflow, there exists a set of reuse parameters (a, b, ¢, d) for each of the three data
types, i.e., input activations, filter weights and psums, that describes the optimal mapping
in terms of energy efficiency under a given DNN layer shape and size. These parameters
are a function of the variables in the loop limits of the dataflow, and the optimal values
are obtained through an optimization process, currently implemented with the genetic
algorithm [21]], with objective functions defined in Eq. and (3.2). The optimization is
constrained by the hardware resources, including the number of PEs and the storage size at
each level of the memory hierarchy, and the DNN layer shape and size. For example, the set
of reuse parameters for the simple 1D convolution dataflow shown in Fig. 2-1]is a function
of E2, E1, EO and R2, R1, RO, and can be summarized in Table (ignoring halos on the

edges of the convolution).
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Figure 3-5: An example of the psum accumulation going through four levels of the memory
hierarchy.

3.3 Experiment Results

We simulate the RS dataflow and compare its performance with our implementation of
existing dataflows (Section [2.3)) under the same hardware area and processing parallelism
constraints. The mapping for each dataflow is optimized by our framework (Section [3.2) for

the highest energy efficiency. AlexNet [36]] is used as the CNN model for benchmarking
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due to its high popularity. Its 5 CONV and 3 FC layers also provide a wide range of shapes
that are suitable for testing the adaptability of different dataflows. The simulations assume
16 bits per word, and the result aggregates data from all CONV or FC layers in AlexNet. To
save space, the SOC-MOP, MOC-MOP and MOC-SOP OS dataflows are renamed as OSy4,
OSp and OS¢, respectively.

3.3.1 RS Dataflow Energy Consumption

The RS dataflow is simulated with the following setup: (1) 256 PEs, (2) 512B RF per PE,
and (3) 128kB global buffer. Batch size is fixed at 16. Fig.[3-6|shows the energy breakdown
across the storage hierarchy in the 5 CONV and 3 FC layers of AlexNet. The energy is
normalized to one ALU operation, i.e., a MAC.

The two types of layers show distinct energy distributions. On the one hand, the energy
consumption of CONV layers is dominated by RF accesses, which shows that RS fully
exploits different types of data movement in the local RF and minimizes accesses to storage
levels with higher cost. This distribution is verified by our Eyeriss chip measurement results
where the ratio of energy consumed in the RF to the rest (except DRAM) is also roughly
4:1. On the other hand, DRAM accesses dominate the energy consumption of FC layers
due to the lack of convolutional data reuse. Overall, however, CONV layers still consume
approximately 80% of total energy in AlexNet, and the percentage is expected to go even

higher in modern CNNs that have more CONV layers.

3.3.2 Dataflow Comparison in CONV Layers

We compare the RS dataflow with existing dataflows in (1) DRAM accesses, (2) energy
consumption and (3) energy-delay product (EDP) using the CONV layers of AlexNet.
Different hardware resources (256, 512 and 1024 PEs) and batch sizes (N = 1, 16 and 64)

are simulated to further examine the scalability of these dataflows.

DRAM Accesses: DRAM accesses are expected to have a strong impact on the overall
energy efficiency since their energy cost is orders of magnitude higher than other on-chip data

movements. Fig. shows the average DRAM accesses per operation of the 6 dataflows.
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Figure 3-6: Energy consumption breakdown of RS dataflow in AlexNet.

DRAM writes are the same across all dataflows since we assume the accelerator writes
only ofmaps but no psums back to DRAM. In this scenario, RS, OS4, OSp and NLR have
significantly lower DRAM accesses than WS and OS¢, which means the former achieve
more data reuse on-chip than the latter. Considering RS has much less on-chip storage
compared to others, it shows the importance of co-designing the architecture and dataflow.
In fact, RS can achieve the best energy efficiency when taking the entire storage hierarchy

into account instead of just DRAM accesses, which will be discussed later in this section.

The WS dataflow is optimized for maximizing weight reuse. However, it sacrifices ifmap
reuse due to the limited number of filters that can be loaded on-chip at a time, which leads
to high DRAM accesses. The number of filters is limited by (1) insufficient global buffer
size for psum storage, and (2) size of PE array. In fact, Fig. shows a case where WS
cannot even operate due to the global buffer being too small for a batch size of 64. OS¢ also

has high DRAM accesses since it does not exploit convolutional reuse of ifmaps on-chip.

In terms of architectural scalability, all dataflows can use the larger hardware area and
higher parallelism to reduce DRAM accesses. The benefit is most significant on WS and
OS¢, which also means that they are more demanding on hardware resources. For batch

size scalability, increasing N from 1 to 16 reduces DRAM accesses for all dataflows since it
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Figure 3-7: Average DRAM accesses per operation of the six dataflows in CONV layers of
AlexNet under PE array size of (a) 256, (b) 512 and (c) 1024.

gives more filter reuse, but saturates afterwards. The only exception is WS, which cannot

handle large batch sizes well due to the psum storage issue.

Energy Consumption: Fig. shows the normalized energy consumption per operation
of the 6 dataflows. Overall, RS is 1.4x to 2.5x more energy efficient than other dataflows.
Although OS4, OSp and NLR have similar or even lower DRAM accesses compared with RS,
RS still consumes lower total energy by fully exploiting the lowest-cost data movement at
the RF for all data types. The OS and WS dataflows use the RF only for psum accumulation
and weight reuse, respectively, and therefore spend a significant amount of energy in the
array for other data types. NLR does not use the RF at all. Most of its data accesses come

from the global buffer directly, which results in high energy consumption.

Fig. [3-8d shows the same energy result at a PE array size of 1024 but with energy
breakdown by data type. The results for other PE array sizes show a similar trend. While the
WS and OS dataflows are most energy efficient for weight and psum accesses, respectively,
they sacrifice the reuse of other data types: WS is inefficient at ifmap reuse, and the OS
dataflows cannot reuse ifmaps and weights as efficiently as RS since they focus on generating
psums that are reducible. NLR does not exploit any type of reuse of weights in the PE array,
and therefore consumes most of its energy for weight accesses. RS is the only dataflow that
optimizes energy for all data types simultaneously.

When scaling up the hardware area and processing parallelism, the energy consumption
per operation roughly stays the same across all dataflows except for WS, which sees a
decrease in energy due to the larger global buffer size. Increasing batch size helps to reduce

energy per operation similar to the trend shown in the case of DRAM accesses. The energy
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Figure 3-8: Energy consumption of the six dataflows in CONYV layers of AlexNet under PE
array size of (a) 256, (b) 512 and (c) 1024. (d) is the same as (c) but with energy breakdown
in data types. The energy is normalized to that of RS at array size of 256 and batch size of 1.
The RS dataflow is 1.4 x to 2.5 more energy efficient than other dataflows.
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Figure 3-9: Energy-delay product (EDP) of the six dataflows in CONV layers of AlexNet
under PE array size of (a) 256, (b) 512 and (c) 1024. It is normalized to the EDP of RS at
PE array size of 256 and batch size of 1.

consumption of OS¢, in particular, improves significantly with batch sizes larger than 1,

since there is no reuse of weights at RF and array levels when batch size is 1.

Energy-Delay Product: Energy-delay product is used to verify that a dataflow does not
achieve high energy efficiency by sacrificing processing parallelism, i.e., throughput. Fig. [3}
9 shows the normalized EDP of the 6 dataflows. The delay is calculated as the reciprocal
of number of active PEs. A dataflow may not utilize all available PEs due to the shape
quantization effects and mapping constraints. For example, when batch size is 1, the
maximum number of active PEs in OS4 and OS¢ are the size of 2D ofmap plane (E 2y and
the number of ofmap channels (M), respectively. Compared with the other dataflows, RS has
the lowest EDP since its mapping of 1D convolution primitives efficiently utilizes available
PEs. OS,4 and OS¢ show high EDP at batch size of 1 due to its low PE utilization, especially

at larger array sizes.
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Figure 3-10: (a) average DRAM accesses per operation, energy consumption with break-
down in (b) storage hierarchy and (c) data types, and (d) EDP of the six dataflows in FC
layers of AlexNet under PE array size of 1024. The energy consumption and EDP are
normalized to that of RS at batch size of 1.

3.3.3 Dataflow Comparison in FC Layers

We run the same experiments as in Section [3.3.2]but with the FC layers of AlexNet. Fig.[3-10]
shows the results of 6 dataflows under a PE array size of 1024. The results for other PE
array sizes show the same trend. The batch size now starts from 16 since there is little data
reuse with a batch size of 1, in which case the energy consumptions of all dataflows are
dominated by DRAM accesses for weights and are approximately the same. The DRAM
accesses, however, can be reduced by techniques such as pruning and quantization of the
values [25]].

Compared with existing dataflows, the RS dataflow has the lowest DRAM accesses,
energy consumption and EDP in the FC layers. Even though increasing batch size helps
to improve energy efficiency of all dataflows due to more filter reuse, the gap between RS
and the WS/OS dataflows becomes even larger since the energy of the latter are dominated
by ifmap accesses. In fact, OS4 runs FC layers very poorly because its mapping requires
ifmap pixels from the same spatial plane, while the spatial size of FC layers is usually very
small. Overall, the RS dataflow is at least 1.3 x more energy efficient than other dataflows at

a batch size of 16, and can be up to 2.8 x more energy efficient at a batch size of 256.

3.3.4 Hardware Resource Allocation for RS

For the RS dataflow, we further experiment changing the hardware resource allocation

between processing and storage under a fixed area. This is to determine its impact on energy
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Figure 3-11: Relationship between normalized energy per operation and processing delay
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efficiency and throughput. The fixed area is based on the setup using 256 PEs with the
baseline storage area. We sweep the number of PEs from 32 to 288 and adjust the size of RF
and global buffer to find the lowest energy cost in CONYV layers of AlexNet for each setup.

Fig. [3-11] shows the normalized energy and processing delay of different resource
allocations. First, although the throughput increases by more than 10x by increasing the
number of PEs, the energy cost only increases by 13%. This is because a larger PE array
also creates more data reuse opportunities. Second, the trade-off between throughput and
energy is not monotonic. The energy cost becomes higher when the PE array size is too
small due to (1) there is little data reuse in the PE array, and (2) the global buffer is already

large enough that increasing the buffer size does not contribute much to data reuse.

3.4 Conclusions

This chapter presents an analysis framework to evaluate the energy cost of different DNN
dataflows on a spatial architecture. It accounts for the energy cost of different levels of
the storage hierarchy under fixed area and processing parallelism constraints. It also can

be used to search for the most energy-efficient mapping for each dataflow. Under this
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framework, a novel dataflow, called row stationary (RS), is presented that minimizes energy
consumption by maximizing input data reuse (weights and input activations) and minimizing
psum accumulation cost simultaneously, and by accounting for the energy cost of different
storage levels. Compared with existing dataflows using AlexNet as a benchmark, the RS
dataflow is 1.4x to 2.5x more energy efficient in CONV layers, and at least 1.3 x more

energy efficient in FC layers for batch sizes of 16 and above.
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Chapter 4

Eyeriss vl

In this chapter, we introduce Eyeriss v1, a DNN accelerator architecture built to support the
RS dataflow (Chapter[3). We will provide an overview of the architecture in Section[4.1] and
then discuss how does the architecture perform the processing with mappings from the RS
dataflow in Section4.2]in a way that maximizes the utilization of the PEs to achieve high
performance. Section 4.3]introduces the hardware features that improves energy efficiency
by exploiting data statistics. Section[d.4]describes the details in the design of the architectural

modules. Finally, we will provide the implementation results in Section

4.1 Architecture Overview

Fig. @-1|shows the top-level architecture and memory hierarchy of the Eyeriss v1 system. It
has two clock domains: the core clock domain for processing, and the link clock domain for
communication with the off-chip DRAM through a 64-bit bi-directional data bus. The two
domains run independently and communicate through an asynchronous FIFO interface. The
core clock domain consists of a spatial array of 168 processing elements (PEs) organized as a
12x14 rectangle, an 108KB global buffer (GLB), a run-length compression (RLC) CODEC,
and a ReL.U module. To transfer data for computation, each PE can either communicate
with its neighbor PEs or the GLB through a network-on-chip (NoC), or access a memory
space that is local to the PE, called scratchpads (SPads) (Section #.4.3)). Overall, there are

four levels of memory hierarchy in the system (in decreasing energy per access): DRAM,
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Figure 4-1: Eyeriss v1 top-level architecture.

GLB, NoC, and SPads.

The accelerator has two levels of control hierarchy. The top-level control coordinates (1)
traffic between the off-chip DRAM and the GLB through the asynchronous interface, (2)
traffic between the GLB and the PE array through the NoC, and (3) operation of the RLC
CODEC and ReLLU module. The lower-level control consists of control logic in each PE,
which runs independently from each other. Therefore, even though the 168 PEs are identical
and run under the same core clock, their processing states do not need to proceed in lock
steps, 1.e., not as a systolic array. Each PE can start its own processing as soon as any data

arrives, either activations, weights or psums.

The accelerator runs the processing of a DNN layer-by-layer. For each layer, it first loads
the configuration bits into a 1794-bit scan chain serially to reconfigure the entire accelerator,
which takes less than 100us. These bits prepare the accelerator for the processing of a
certain DNN layer shape and size, which includes setting up the PE array computation
mapping according to the RS dataflow and NoC data delivery patterns (Section4.4.2). They
are generated offline and are statically accessed at runtime. Then, the accelerator loads tiles
of the input activations and weights from DRAM for processing, and the computed output
activations are written back to DRAM. Batches of input activations for the same layer can

be processed sequentially without further reconfigurations of the chip.
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4.2 Flexible Mapping Strategy

In this section, we will discuss how does the Eyeriss v1 architecture implement the process-
ing for the mappings of the RS dataflow. We will use AlexNet as an example throughout the

discussion.

4.2.1 1D Convolution Primitive in a PE

The RS dataflow first divides the high-dimensional convolutions into 1D convolution primi-
tives, each of which runs on a PE. Due to the sliding window processing of the primitive,
each PE can use the local SPads for both convolutional data reuse and psum accumulation.
Since only a sliding window of data has to be retained at a time, the required SPad capacity
depends only on the filter row size (S) but not the input fmap row size (W), and is equal to:
(1) S for a row of filter weights, (2) S for a sliding window of input fmap values, and (3)
1 for the psum accumulation. In AlexNet, for example, possible values for S are 11 (layer
CONV1), 5 (layer CONV2) and 3 (layers CONV3—CONYVS5). Therefore, the minimum
SPad capacity required for filter weights, input fmap activations and psum are 11, 11 and 1,

respectively, to support all layers.

4.2.2 2D Convolution PE Set

A 2D convolution is composed of many 1D convolution primitives, and its computation
also (1) shares the same row of filter or input fmap across primitives, and (2) accumulates
the psums from multiple primitives together. Therefore, a PE Set is grouped to run a 2D
convolution and exploit the inter-primitive convolutional reuse and psum accumulation. In a
set, each row of filter is reused horizontally, each row of input fmap is reused diagonally,
and rows of psum are accumulated vertically. The dimensions of a PE set are determined by
the filter and output fmap size of a given layer. Specifically, the height and width of the PE
set are equal to the number of filter rows (R) and ofmap rows (E), respectively. In AlexNet,

the PE sets are of size 11x55 (CONV1), 5x27 (CONV2), and 3x13 (CONV3-5).
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4.2.3 PE Set Mapping

The dimensions of a PE set are a function of the shape of a layer and are independent of the
physical dimensions of the PE array. Therefore, a strategy is required to map these PE sets
onto the PE array. This strategy should try to maintain the arrangement of the PEs in the
PE set to take advantage of using nearby PEs to share data and accumulate psums in a set.
In Eyeriss v1, a PE set can be mapped to any group of PEs in the array that has the same

dimensions. However, there are two exceptions:

e The PE set has more than 168 PEs: This can be solved by strip mining the 2D
convolution, i.e., the PE set only processes e rows of ofmap at a time, where e < E.
The dimensions of the strip-mined PE set then becomes R x e and can fit into the PE

array.

o The PE set has less than 168 PEs, but has width larger than 14 or height larger than
12: A PE set that is too wide is divided into separated segments that are mapped
independently to the array. Eyeriss v1 currently does not support the mapping of a
PE set that is taller than the height of the PE array. Therefore, the maximum natively
supported filter height is 12.

An example of these two exceptions can be seen from the PE set mapping of layers
CONV1-5 in AlexNet onto the 12x 14 PE array of Eyeriss v1 as shown in Fig. d-2] The
11x55 PE set of CONV1 is strip-mined to 11x7. The strip-mined PE set width is determined
by a process that optimizes for overall energy efficiency as introduced in [[7] and discussed
in Section [3.1.2] of this thesis. The 5x27 PE set of CONV2 is divided into two segments
with dimensions 5 x 14 and 5x 13, respectively, and each segment is independently mapped
onto the PE array. Finally, the 3x 13 PE set of CONV3-5 can easily fit into the PE array.
Except for CONV2, the PE array can fit multiple PE sets in parallel as shown in Fig.[4-2]
and the RS dataflow further defines how to fully utilize hardware resources to minimize
data movement in the dimensions beyond 2D. This mapping strategy is realized by a custom

designed NoC that is also optimized for energy efficiency (Sectiond.4.2).
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Figure 4-2: Mapping of the PE sets on the spatial array of 168 PEs for the CONV layers
in AlexNet. For the colored PEs, the PEs with the same color receive the same input
activation in the same cycle. The arrow between two PE sets indicates that their psums can
be accumulated together.

4.2.4 Dimensions Beyond 2D in PE Array

Processing of many 2D convolutions are required to complete the high-dimensional con-
volutions due to the three additional dimensions: batch size (V), number of channels (C),
and number of filters (M). Assuming varying only one dimension at a time and fixing rest
of the two the same, two 2D convolutions that use (1) different input fmaps reuse the same
filter (i.e., filter reuse), (2) different filters reuse the same input fmap (i.e., fmap reuse), (3)
filters and input fmaps from different channels can accumulate their psums together (i.e.,
psum accumulation). The filter reuse can be exploited simply by streaming different input
activations through the same PE set sequentially (Fig.[d-3a)), since the filter stays constant
in the set. The fmap reuse and psum accumulation opportunities can also be exploited by
using either the SPads or the spatial parallelism of the PE array, so data accesses to DRAM
and the GLB are further reduced.

Multiple 2D Convolutions in a PE Set: If the SPad size is large enough, each PE can
run multiple 1D convolution primitives simultaneously by interleaving their computation.
Equivalently, this means each PE set is running multiple 2D convolutions on different filters

and channels. There are two scenarios:

e By interleaving the computation of primitives that run on the same input fmap with

different filters, the SPads can buffer the same input activation and reuse it to compute
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with a weight from each filter sequentially (Fig. 4-3b)). It requires increasing the filter

and psum SPad size.

e By interleaving the computation of primitives that run on different channels, the PE
can accumulate through all channels sequentially on the same psum (Fig. #-3c). This

requires increasing the input fmap and filter SPad size.

The mapping of multiple primitives in the same PE can be described by parameters p and g.
Each PE runs p X ¢ primitives simultaneously from ¢ different channels of p different filters.
The required SPad capacity for each data type is (1) p x g x S for the rows of filter weights
from g channels of p filters, (2) g x S for g sliding windows of input activations from g
different input channels, and (3) p for the accumulation of psums in p output channels. In
Eyeriss v1, where input fmap SPad is 12x 16b, filter SPad is 224 x 16b and psum SPad is

24 x16b, p can be up to 24, and g can be up to 4 in AlexNet since the minimum S is 3.

Multiple PE Sets in the PE Array: As shown in Fig. the PE array can fit more than
one PE set if the set is small enough. Mapping multiple sets has the two extra advantages in
addition to the increase on processing throughput: (1) the same input activation is read once
from the GLB and reused in multiple sets simultaneously, and (2) the psums from different

sets are further accumulated within the PE array directly.

The mapping of multiple sets is described by parameters r and ¢. The PE array fits r x t
PE sets in parallel that run r different channels of ¢ different filters simultaneously. Every ¢
sets share the same input fmap with ¢ filters, and every r sets that run on r input channels
accumulate their psums within the PE array. Fig.[4-2|shows the mapping of multiple sets and
the reuse of input activations in Eyeriss v1. Specifically, CONV1 and CONV3 have t =2
and 4, respectively, and the same input activation is sent to all sets. CONV4 and CONVS5
have r =t = 2. The same input activation is sent to every other set, and the psums from
the top and bottom two sets are accumulated together. In each layer, the PEs that are not

covered by any sets are clock gated to save energy consumption.
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Figure 4-3: Handling the dimensions beyond 2D in each PE: (a) by concatenating the input
fmap rows, each PE can process multiple 1D primitives with different input fmaps and reuse
the same filter row, (b) by time interleaving the filter rows, each PE can process multiple 1D
primitives with different filters and reuse the same input fmap row, (c) by time interleaving
the filter and input fmap rows, each PE can process multiple 1D primitives from different
channels and accumulate the psums together.

4.2.5 PE Array Processing Passes

So far we have described a way to exploit data reuse by maximally utilizing the storage
of SPads and the spatial parallelism of the PE array. The PE array can run multiple 2D
convolutions from up to g X r channels of p X ¢ filters simultaneously. Multiple input fmaps
can also be processed sequentially through the array. The amount of computation done in
this fashion is called a Processing Pass. In a pass, each input data is read only once from the
GLB, and the psums are stored back to the GLB only once when the processing is finished.

A DNN layer usually requires hundreds to thousands of processing passes to complete
its processing, and fmap reuse and psum accumulation also exist across these passes. The
GLB is used to exploit these opportunities by buffering two types of data: input activations

and psums. The input activations stored in the GLB can be reused across multiple processing

67



T time

I I I I I I I
Data of each Pass Pass, Pass, Pass3; Pass, Pass; Passg Pass; Passg

filter filter IDs 14 (|58 || 14 |[58 |14 || 58|14 |58
€rS | channel IDs 13 [[1-3||46|[46||1-3|]|13]|]|46 |46
Fmaps | Ma®Ds_ 120|121 12112 || 34 |34 || 34 ]34
1TMaPps | annel IDs 13 |13 || 46 (|46 ||1-3|[1-3|]46 |46
psums | __fmapIDs 12|12 |12 (112 || 34 |34 |34 )34
(oFmaps) |ofmap channel IDs 14 || 58 || 14 || 58 || 14 |[58 |14 || 58

Figure 4-4: Scheduling of processing passes. Each block of filters, input fmaps (ifmaps) or
psums is a group of 2D data from the specified dimensions used by a processing pass. The
number of channels (C), filters (M) and ifmaps () used in this example layer created for
demonstration purpose are 6, 8 and 4, respectively, and the RS dataflow uses 8 passes to
process the layer.

passes; the psums that are accumulated across passes use the GLB as the intermediate

storage, so they do not go off-chip until the final ofmap values are obtained.

Fig. shows the scheduling of processing passes. This example layer created only
for illustrative purposes has 6 channels (C), 8 filters (M) and 4 input fmaps (). A pass is
assumed to process 3 channels (g x r) and 4 filters (p x t). Also, the batch size that a pass
processes, denoted as n, is assumed to be 2. Overall, the computation of this layer uses
8 processing passes. Each group of input fmaps is read from DRAM once, stored in the
GLB, and reused in two consecutive passes with total 8 filters to generate 8 ofmap channels.
However, this also requires the GLB to store psums from two consecutive passes so they do
not go to DRAM. In this case, the GLB needs to store m = 8 ofmap channels. Each filter

weight is read from DRAM into the PE array once for every 4 passes.

The scheduling of the processing passes determines the storage allocation required
for input fmaps and psums in the GLB. Specifically, n x g x r 2D input fmaps and n x m
2D psums have to be stored in the GLB for reuse. Since these parameters change based
on the mapping of each layer, the GLB allocation for input fmaps and psums has to be

reconfigurable to store them in different proportions.

Summary: Table summarizes a list of dataflow mapping parameters that define the

mapping of the RS dataflow. For a given DNN shape, these parameters are determined by
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Parameter | Description
m number of output channels stored in the global buffer
batch size used in a processing pass
width of the PE set (strip-mined if necessary)
number of output channels processed by a PE set
number of input channels processed by a PE set
number of PE sets that process different input channels in the PE array.
number of PE sets that process different output channels in the PE array.

A B T XS T I B BN

Table 4.1: Mapping parameters of the RS dataflow.

Layer DNN Shape Parameters RS Mapping Params GLB Allocation
HW' RISTEIF| C M |U|m|n|e | p|lq|r|t]| ifmap psum
CONV1 | 227 | 11 | 55 3 9% [ 4|9 | 1| 7 |16|1]|1|2] 155KB | 72.2KB
CONV2 | 3] 5 27 | 48 | 256 | 1 |64 | 1|27 |16 |2 |1]1]| 38KB | 91.1KB
CONV3 | 15 3 13 | 256 | 384 | 1 |64 |4 |13|16|4|1|4]| 7.0KB | 84.5KB
CONV4 | 15 3 13 1192 384 | 1 |64 |4 |13 |16 |3 |2 2] 10.5KB | 84.5KB
CONV5 | 15 3 13 [ 192 | 256 | 1 |64 |4 | 13|16 |3 |2|2]| 10.5KB | 84.5KB

! This is the padded size

Table 4.2: The shape parameters of AlexNet and its RS dataflow mapping parameters on
Eyeriss v1. This mapping assumes a batch size (N) of 4.

an optimization process that takes (1) the energy cost at each level of the memory hierarchy
and (2) the hardware resources, including the GLB size, SPad size and number of PEs, into
account [7]]. Table[d.2]lists the RS dataflow mapping parameters used for AlexNet in Eyeriss

vl1. It also shows the storage required in the GLB for both input fmaps and psums.

4.3 Exploit Data Statistics

Even though the RS dataflow optimizes data movement for all data types, the intrinsic
amount of data and the corresponding computation are still high. To further improve energy
efficiency, data statistics of DNN is explored to (1) compress the DRAM accesses, which is
the most energy consuming data movement per access, on top of the optimized dataflow,
and (2) skip the unnecessary computation to save processing power (Section 4.4.3)).

The ReLLU function introduces many zeros in the fmaps by rectifying all negative filtering
results to zero. While the number of zeros in the fmaps depends on the input data to the
DNN, it tends to increase with deep layers. In AlexNet, almost 40% of ifmap values of

CONV?2 are zeros on average, and it goes up to around 75% at CONVS. In addition to the
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Figure 4-5: Encoding of the Run-length compression (RLC).

fmap, recent studies have also shown that up to 91% of filter weights in a DNN can be
pruned to zero [26}[71]]; Chapter [6] will discuss how weight sparsity is exploited in Eyeriss
v2.

Run-length compression (RLC) is used in Eyeriss v1 to exploit the zeros in fmaps and
save DRAM bandwidth. Fig. [d-5|shows an example of RLC encoding. Consecutive zeros
with a maximum run length of 31 is represented using a 5-bit number as the Run. The next
value is inserted directly as a 16-bit Level, and the count for run starts again. Every 3 pairs of
run and level are packed into a 64-bit word, with the last bit indicating if the word is the last
one in the code. Based on our experiments using AlexNet with the ImageNet dataset, The

compression rate of RLC only adds 5% to 10% overhead to the theoretical entropy limit.

Except for the input data to the first layer of a DNN, all of the fmaps are stored in RLC
compressed form in the DRAM. The accelerator reads the encoded ifmaps from DRAM,
decompresses it with the RLC decoder and writes it into the GLB. The computed ofmaps
are read from the GLB, processed by the ReLU module optionally, compressed by the
RLC encoder and transmitted to the DRAM. This saves both space and R/W bandwidth of
the DRAM. From our experiments using AlexNet, the DRAM accesses for fmaps alone,
including both ifmaps and ofmaps, can be saved by nearly 30% in CONV1, and nearly 75%
in CONVS5. Fig. -6 shows the overall DRAM accesses in AlexNet before and after RLC.
The traffic includes filters, ifmaps and ofmaps. The DRAM access could be further reduced

if compression were applied to filter weights.
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Figure 4-6: Comparison of DRAM accesses, including filters, ifmaps and ofmaps, before
and after using RLC in the 5 CONYV layers of AlexNet.

4.4 System Modules

4.4.1 Global Buffer

The Eyeriss v1 accelerator has a global buffer (GLB) of 108KB that can communicate with
DRAM through the asynchronous interface and with the PE array through the NoC. The
GLB stores all three types of data: input activations, weights, and psums/output activations.
100KB of the GLB is allocated for input activations and psums as required by the RS
dataflow for reuse. Even though it is not required by the dataflow, the remaining 8KB (two
banks of 512x64b SRAMs) of the GLB is allocated for filter weights to compensate for the
insufficient off-chip traffic bandwidth of the test setup. While the PE array is working on a
processing pass, the GLB preloads the weights used by the next processing pass.

The 100KB storage space for input activations and psums has to be reconfigurable to fit
the two data types in different proportions for supporting different shapes (Tabled.2)). It also
has to provide enough bandwidth for accesses from the PE array. To meet the two demands,
the space is divided into 25 banks, each of which is a 512x64b (4KB) SRAM. Each bank is
assigned entirely for input activations or psums, and the assignment is reconfigurable based
on the scan chain bits. Therefore, the PE array can access both input activations and psums

simultaneously, each from one of the 25 banks.
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4.4.2 Network-on-Chip

The NoC manages data delivery between the GLB and the PE array as well as between
different PEs. The NoC architecture needs to meet the following goals. First, the NoC has
to support the data delivery patterns used in the RS dataflow. While the data movement
within a PE set is uniform, there are three scenarios in the mapping of real DNNs that
can break the uniformity and should be taken care of: (1) different convolution strides (U)
result in the input activation delivery skipping certain rows in the array (AlexNet CONV1
in Fig. 4-2)), (2) a set is divided into segments that are mapped onto different parts of the
PE array (AlexNet CONV2 in Fig. B-2)), and (3) multiple sets are mapped onto the array
simultaneously and different data is required for each set (AlexNet CONV4-5 in Fig. §-2)).
Second, the NoC should leverage the data reuse achieved by the RS dataflow to further
improve energy efficiency. Third, it has to provide enough bandwidth for data delivery in

order to support the highly-parallel processing in the PE array.

Conventional approaches usually use hop-by-hop mesh NoC at the cost of increased
ramp-up time and router overhead [15,31]. Therefore, we chose to implement a custom
NoC for the required data delivery patterns that is optimized for latency, bandwidth, energy

and area. The custom NoC comprises three different types of networks as described below.

Global Input Network: The GIN is optimized for a single-cycle multicast from the GLB
to a group of PEs that receive the same filter weight, input activation or psum. Fig. §-2]
shows an example of input activation delivery in AlexNet. The challenge is that the group
of destination PEs varies across layers due to the differences in data type, convolution stride,
and mapping. Broadcasting each data with a bit-vector tag of the same size of the PE array
(i.e., 168 bits), which indicates the IDs of destination PEs, can support any arbitrary mapping.
However, doing so is also very costly in terms of both area and energy consumption due
to the increased GIN bus width. Instead, we implemented the GIN, as shown in Fig. 4-7]
with two levels of hierarchy: Y-bus and X-bus. A vertical Y-bus consists of 12 horizontal
X-buses, one at each row of the PE array, and each X-bus connects to 14 PEs in the row.
Each X-bus has a row ID, and each PE has a col ID. These IDs are all reconfigurable, and

an unique ID is given to each group of X-buses or PEs that receives the same data in a
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Figure 4-7: Architecture of the global input network (GIN).

given DNN layer. Each data read from the GLB is augmented with a (row, col) tag by the
top-level controller, and the GIN guarantees that the data is delivered to all and only the
X-buses and then PEs with the ID that matches the tag within a single cycle. The tag-ID
matching is done using the Multicast Controller (MC). There are 12 MCs on the Y-bus, to
compare the row tag with the row ID of each X-bus, and 14 MCs on each of the X-buses
to compare the col tag with the col ID of each PE. The unmatched X-buses and PEs are
gated to save energy. For flow control, the data is passed from the GLB down to the GIN
only when all destination PEs have issued a ready signal. An example of the row and col ID
setup for input activation delivery using GIN in AlexNet is shown in Fig. [4-§

Eyeriss v1 has separate GINs for each of the three data types (weights, input activations
and psums) to provide sufficient bandwidth from the GLB to the PE array. All GINs have
4-bit row IDs to address the 12 rows. The weight and psum GINs use 4-bit col IDs to
address the 14 columns, while input activation GIN uses 5-bit to support maximum 32 input
fmap rows passing in diagonal. The weight and psum GINs have data bus width of 64b
(4x16b), while the input activation GIN has the data bus width of 16b.

Global Output Network: The GON is used to read the psums generated by a processing
pass from the PE array back to the GLB. The GON has the same architecture as the GIN;
only the direction of data transfer is reversed. The data bus width is also 64b as the psum

GIN.

Local Network: Between every pair of PEs that are on two consecutive rows of the same
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Figure 4-8: The row IDs of the X-buses and col IDs of the PEs for input activation delivery
using GIN in AlexNet layers: (a) CONV1, (b) CONV2, (c) CONV3, (d) CONV4-5. In this
example, assuming the tag on the data has row = 0 and col = 3, the X-buses and PEs in red
are the activated buses and PEs to receive the data, respectively.

column, a dedicated 64b data bus is implemented to pass the psums from the bottom PE to
the top PE directly. Therefore, a PE can get its input psums either from the psum GIN or LN.
The selection is static within a layer, which is controlled by the scan chain configuration bits

and only depends on the dataflow mapping of the DNN shape.
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4.4.3 Processing Element and Data Gating

Fig. -9 shows the architecture of a PE. FIFOs are used at the I/O of each PE to balance the
workload between the NoC and the computation. The numbers of filters (p) and channels
(g) that the PE processes at once are statically configured into the control of a PE, which
determines the state of processing. This configuration controls the pattern with which the
PE steps through the three SPads. The datapath is pipelined into 3 stages: one stage for
SPad access, and the remaining two for computation. The computation consists of a 16-bit
two-stage pipelined multiplier and adder. Since the multiplication results are truncated from
32b to 16b, the selection of 16b out of the 32b is configurable, and can be decided by the
dynamic range of a layer from offline experiments. Spads are separated for 3 data types to
provide enough accessing bandwidth. The filter SPad is implemented in a 224 x16b SRAM
due to its large size; the input fmap (ifmap) and psum SPads of size 12x16b and 24 x 16b,
respectively, are implemented using registers.

Data gating logic is implemented to exploit zeros in the input activations for saving
processing power. An extra 12b Zero Buffer is used to record the position of zeros in the
ifmap SPad. If a zero input activation value is detected from the zero buffer, the gating
logic will disable the read of the filter SPad and prevent the MAC datapath from switching.
Compared with the PE design without the data gating logic, it can reduce the PE power

consumption by 45%.

4.5 Implementation Results

The Eyeriss v1 chip shown in Fig.[d-10]was implemented and fabricated in 65-nm CMOS [[10]
and had been integrated into Caffe [34] (Fig. d-1T]). Table.3]lists a summary of the chip
specifications. At 1.0V, the peak processing throughput is 33.6 GMAC/sec (GMACS) with a
200 MHz core clock. Also, most of the state-of-the-art DNNs have shapes that lie within the
native support of Eyeriss v1. Therefore, they can easily leverage Eyeriss v1 for acceleration
with no modification required.

Fig. shows the area breakdown of the Eyeriss v1 core, i.e., the area without I/O

pads. It includes the logic cells, registers and SRAMs from both the core and link clock
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Figure 4-9: The PE architecture. The red blocks on the left shows the data gating logic to
skip the processing of zero input activations.

domains. The area of the PE array includes all 168 PEs, and the area breakdown of each PE
is shown in Fig.[4-12b] The SPads from all PEs take nearly half of the total area, which is
2.5x larger than that of the GLB. However, the aggregated capacity of the SPads is 1.5
smaller than the size of the GLB. Overall, the on-chip storage, including the GLB and all
SPads, takes two-thirds of the total area while the multipliers and adders from all 168 PEs
only account for 7.4%.

We benchmark the chip performance using two publicly-available and widely-used
DNNs: AlexNet [36] and VGG-16 [61]. The input frames are resized according to the
requirement of each DNN: 227 x227 for AlexNet and 224 x224 for VGG-16. A batch size
(N) of 4 and 3 is used for AlexNet and VGG-16, respectively; these batch sizes deliver the

highest energy efficiency on Eyeriss v1 according to the optimization in [7].

AlexNet: Table 4.4 shows the measured performance breakdown of the 5 CONV layers in
AlexNet at 1.0 V. The chip power consumption gradually decreases through deeper layers,
since data gating can leverage more zeros in the input activations. On average, the Eyeriss
v1 chip achieves a frame rate of 34.7 {ps, or equivalently a processing throughput of 23.1
GMACS. The measured chip power is 278 mW, and the corresponding energy efficiency is
83.1 GMACS/W. The actual throughput is lower than the peak throughput for 3 reasonﬂ:

'We will formally discuss the cause of these performance degradations in an performance evaluation
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Figure 4-10: Die micrograph and floorplan of the Eyeriss v1 chip.

(1) only 88% of the PEs are active, (2) it takes time to load data from the GLB into the
PE array to ramp up each processing pass, and (3) the chip does not perform processing
while it is loading input activations from DRAM or dumping output activations to DRAM.
The last point, nevertheless, can be optimized with refined control of the DRAM traffic at
negligible cost. Therefore, we also provide the Processing Latency in Table [4.4] that shows
the performance when DRAM traffic is fully overlapped with processing. For a batch of 4

frames, the required DRAM access is 15.4 MB, or 38.4 accesses/pixel.
Fig. -13|shows the power breakdown of the chip running CONV1 and CONVS. This

is obtained by performing post-place and route simulations using actual workloads as in
chip measurement. Different dataflow mappings and data reuse patterns result in different
power distributions. Specifically, the power consumed in the SPads as well as multipliers
and adders is much lower in CONVS5 than CONV1 due to the zeros in input activations.
Overall, the ALUs only account for less than 10% of the total power, while data movement
related components, including SPads, GLB and NoC, account for up to 45%. This confirms
that data movement is more energy consuming that computation. Besides the clock network,
the SPads dominate on-chip power consumption, which shows that RS dataflow effectively

reuses data locally for reducing DRAM accesses and optimizing overall system energy

framework named Eyexam in Sec
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Figure 4-11: The Eyeriss-integrated deep learning system that runs Caffe [34]], which is one
of the most popular deep learning frameworks. The customized Caffe runs on the NVIDIA
Jetson TK1 development board, and offloads the processing of a DNN layer to Eyeriss v1
through the PCle interface. The Xilinx VC707 serves as the PCle controller and does not
perform any processing. We have demonstrated an 1000-class image classification task
using this system, and a live demo can be found in [[6].

efficiency as estimated in [7]. This is also why looking at the chip power alone is not
sufficient to assess the energy efficiency of the system. Fig.[d-14]shows the impact of voltage
scaling on chip performance running AlexNet. The maximum throughput is 45 fps at 1.17

V, and the maximum energy efficiency is 122.8 GMACS/W at 0.82 V.

VGG-16: Table §.5shows the measured performance breakdown of the 13 CONV layers
in VGG-16 at 1.0 V. On average, the chip operates at 0.7 fps with a measured power
consumption of 236 mW. The frame rate is lower than that of AlexNet mainly since VGG-16
requires 23 x more computations per frame than AlexNet. The performance, however,
depends not only on the computation but also on the shape configuration. For example,
CONV1-2 and CONV4-2 both have the same amount of MAC operations, but the former
takes nearly 4 x longer to process than the latter. This is because the early layers require
more processing passes than the deeper layers. Therefore it spends more time on ramping
up the processing in the PE array. The large number of processing passes is dictated by the
large fmap size. The required DRAM access for a batch of 3 frames is 321.1 MB, or 1038.6

access/pixel.

We have integrated Eyeriss v1 into the processing flow of Caffe [34]], which is one of

78



Technology TSMC 65nm LP 1P9M
Chip Size 4.0 mm x 4.0 mm
Core Area 3.5 mm x 3.5 mm
Gate Count (logic only) | 1176k (2-input NAND)
On-Chip SRAM 181.5K bytes
Number of PEs 168
Global Buffer 108.0K bytes (SRAM)
Scratch Pads filter weights: 448 bytes (SRAM)
feature maps: 24 bytes (Registers)
(per PE) partial sums: 48 bytes (Registers)
core: 0.82-1.17V
Supply Voltage 10: 18 V
core: 100-250 MHz
Clock Rate link: up to 90 MHz
Peak Throughput 16.8—42.0 GMACS
Arithmetic Precision 16-bit fixed-point
filter height (R): 1-12
filter width (S): 1-32
Natively Supported num. of filters (M): 1-1024
DNN Shapes num. of channels (C): 1-1024
vertical stride: 1, 2, 4
horizontal stride: 1-12

Table 4.3: Chip Specifications

the most popular deep learning frameworks. Fig. [d-T1|shows the Eyeriss-integrated deep
learning system. The customized Caffe runs on the NVIDIA Jetson TK1 development board,
and offloads the processing of a DNN layer to Eyeriss v1 through the PCle interface. The
Xilinx VC707 serves as the PCle controller and does not perform any processing. We have
demonstrated an 1000-class image classification task using this system, and a live demo can

be found in [6]].

4.6 Conclusions

Eyeriss v1 is a DNN accelerator that supports the row-stationary (RS) dataflow to optimize
for energy efficiency and can be reconfigured to support a wide range of DNN shapes and
sizes. With a flexible mapping strategy, it can support the mappings of the RS dataflow

with high utilization of the PEs, which helps it to achieve high performance. It further
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Figure 4-12: Area breakdown of (a) the Eyeriss v1 core and (b) a PE.

Total Proc. Num. Num. of | Zeros in Global
Power . DRAM
Layer (mW) Latency | Latency of Active Ifmaps Buffer Accesses
(ms) (ms) MACs PEs (%) Accesses
CONV1 332 20.9 16.5 0.42G | 154 (92%) 0.01% 18.5 MB 5.0 MB
CONV2 288 41.9 39.2 0.90G | 135 (80%) 38.7% 77.6 MB 4.0 MB
CONV3 266 23.6 21.8 0.60G | 156 (93%) 72.5% 50.2 MB 3.0 MB
CONV4 235 18.4 16.0 0.45G | 156 (93%) 79.3% 37.4 MB 2.1 MB
CONV5 236 10.5 10.0 0.30G | 156 (93%) 77.6% 24.9 MB 1.3 MB
Total 278 115.3 103.5 2.66G | 148 (88%) | 57.53% | 208.5 MB | 15.4 MB

Table 4.4: Performance breakdown of the 5 CONV layers in AlexNet at 1.0 V. Batch size
(N) is 4. The core and link clocks run at 200 MHz and 60 MHz, respectively.

exploits data sparsity to reduce PE power by 45% and off-chip data bandwidth by up to 1.9 x.
Eyeriss v1 is fabricated in a 65nm CMOS, and can process the CONV layers of AlexNet at
35 fps with power consumption at 278 mW. It is 10x more energy efficient than a mobile
GPU, and has been integrated in a real-time machine learning system that demonstrates an
actual image classification application. Overall, Eyeriss v1 sets a milestone example of a

domain-specific processor that serves a wide variety of DNNs in one simple design.
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Figure 4-13: Power breakdown of the chip running layer (a) CONV1 and (b) CONVS of

AlexNet.
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Figure 4-14: Impact of voltage scaling on AlexNet Performance.
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Total Proc. Num. Num. of Zeros in Global
Power . DRAM
Layer (mW) Latency | Latency of Active Ifmaps Buffer Accesses
(ms) (ms) MACs PEs (%) Accesses
CONV1-1 247 76.2 38.0 0.26G 156 (93%) 1.6% 112.6 MB 15.4 MB
CONV1-2 218 910.3 810.6 5.55G 156 (93%) 47.7% 2402.8 MB 54.0 MB
CONV2-1 242 470.3 405.3 2.77G 156 (93%) 24.8% 1201.4 MB 33.4 MB
CONV2-2 231 894.3 810.8 5.55G 156 (93%) 38.7% 2402.8 MB 48.5 MB
CONV3-1 254 241.1 204.0 2.77G 156 (93%) 39.7% 607.4 MB 20.2 MB
CONV3-2 235 460.9 408.1 5.55G 156 (93%) 58.1% 1214.8 MB 32.2 MB
CONV3-3 233 457.7 408.1 5.55G 156 (93%) 58.7% 1214.8 MB 30.8 MB
CONV4-1 278 135.8 105.1 2.77G | 168 (100%) | 64.3% 321.8 MB 17.8 MB
CONV4-2 261 254.8 210.0 5.55G | 168 (100%) | 74.7% 643.7 MB 28.6 MB
CONV4-3 240 246.3 210.0 5.55G | 168 (100%) 85.4% 643.7 MB 22.8 MB
CONV5-1 258 54.3 48.3 1.39G | 168 (100%) | 79.4% 90.0 MB 6.3 MB
CONVS5-2 236 53.7 48.5 1.39G | 168 (100%) 87.4% 90.0 MB 5.7 MB
CONVS5-3 230 53.7 48.5 1.39G | 168 (100%) 88.5% 90.0 MB 5.6 MB
Total 236 4309.5 3755.2 | 46.04G | 158 (94%) 58.6 % 11035.8 MB | 321.1 MB

Table 4.5: Performance breakdown of the 13 CONV layers in VGG-16 at 1.0 V. Batch size
(N) 1s 3. The core and link clocks run at 200 MHz and 60 MHz, respectively.
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Chapter 5

Highly-Flexible Dataflow and On-Chip
Network

5.1 Motivation

The development of DNNs has shown tremendous progress in the past few years. Specifi-
cally, there is an increasing focus on reducing the computation complexity of DNNs [64].
This trend is evident in how the iconic DNN{I evolve over time. Early models, such as
AlexNet [36] and VGG [61]], are now considered large and over-parameterized. Tech-
niques such as using deeper but narrower network structures and bottleneck layers were
therefore proposed to pursue higher accuracy while restricting the size of the DNN (e.g.,
GoogleNet [[65] and ResNet [28]). This quest further continued with a focus on drastically
reducing the amount of computation, specifically the number MACs, and the storage cost,
specifically the number of weights. Techniques such as filter decomposition as shown in
Fig. [5-T| have since become popular for building compact DNNs (e.g., SqueezeNet [32] and
MobileNet [30]]).

For computer architects, however, this transition brings more challenges than relief due
to the change in a key property of DNNs: data reuse, which is the number of MACs that

each data value is used for (i.e., MACs/data). Fig.[5-2]shows the amount of data reuse for all

"We draw examples primarily from the field of computer vision, but this trend is universal across many
fields.
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Figure 5-1: Various filter decomposition approaches [30,61,66].

three data types (i.e., input activations, weights and psums) in each layer of the three DNNs,
ordered from large to compact models: AlexNet, Googl.eNet and MobileNet. When the
DNN becomes more compact, the profiled results indicate that the variation in data reuse
increases in all data types, and the amount of reuse also decreases in iacts and psums.

This trend makes the design of DNN processors more challenging. For performance,
widely varying data reuse is bad in two ways. First, many existing DNN processors [5,
18/19,[23],35,147,/50,73]] depend on a high reuse in certain data dimensions to fully exploit
parallelism. For instance, the spatial accumulation array architecture (Figure relies
on both input and output channels to map the operations onto the PE array for the spatial
reuse of iacts and spatial accumulation of psums. Similarly, the temporal accumulation array
architecture (Figure [5-3D)) relies on another set of data dimensions to achieve spatial reuse
of iacts and weights. When the data reuse in these data dimensions is low, e.g., number of
output channels in a layer (M) is less than the height of the PE array, it affects the number of
active PEs used in processing (step 4 of Eyexam in Section [5.2). Second, a lower data reuse
also implies that a higher data bandwidth from the GLB is required to keep the PEs busy. If
the architect designs the data delivery bandwidth for high reuse scenarios, the insufficient
data bandwidth can lead to reduced utilization of the active PEs, which further reduces
the processor performance (step 6 of Eyexam). However, if the data delivery network
is optimized for high bandwidth scenarios, it may not be able to take advantage of data
reuse when available (i.e., a low reuse parameter c for the corresponding data type in the
energy evaluation framework introduced in Section [3.2)). The lack of data reuse makes the
optimization of energy efficiency using the optimal mappings less effective.

An additional challenge lies in the fact that all DNNs that the hardware needs to run

will not be known at design time [12]; as a result, the hardware has to be flexible enough
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Figure 5-2: Data reuse in each layer of the three DNNs. Each data point represents a layer,
and the red point indicates the median value among the layers in the profiled DNN.

to efficiently support a wide range of DNNs, including both large and compact ones. To
build a truly flexible DNN processor, the new challenge is to design an architecture that can
accommodate a wide range of data reuse among large and compact DNNGs. It has to maintain
high performance to take advantage of the compact DNNSs, but still be able to exploit data

reuse with the memory hierarchy and high parallelism when the opportunity presents itself.

In summary, many existing DNN processors suffer from a performance bottleneck when
dealing with a wide range of DNNs due to the following reasons: (1) the dataflow relies on
certain types of data reuse to achieve high processing parallelism, which can result in low
utilization of the parallelism when the amount of data reuse is low; (2) the memory hierarchy
for each data type and its corresponding data delivery networks are designed for either (i)

high bandwidth and low data reuse or (ii) low bandwidth and high data reuse scenarios
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instead of being adaptive to the specific condition of the workload.
Based on these insights, we present the co-design of two key architectural components
that are currently the bottleneck for dealing with a more diverse set of DNNs: the dataflow

and NoC. Specifically:

o Flexible Dataflow (Section: the new dataflow, named Row-Stationary Plus (RS+),
is based on the RS dataflow and further improves on the flexibility by supporting data
tiling from all dimensions to fully utilize the PE array, preventing performance loss

when the available reuse in certain dimensions is low.

e Flexible NoC (Section : the new NoC, called hierarchical mesh, is designed to
adapt to a wide range of bandwidth requirements. When data reuse is low, it can
provide high bandwidth from the GLB to keep the PEs busy; when data reuse is high,

it can still exploit data reuse to achieve high energy efficiency.

5.2 Eyexam: Framework for Evaluating Performance

In this section, we will present an analysis framework, called Eyexam, that quantitatively

identifies the sources of performance loss in DNN processors. Instead of comparing the
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overall performance of different designs, which can be affected by many non-architectural
factors such as system setup and technology differences, Eyexam provides a step-by-step
process that associates a certain amount of performance loss to each architectural design
decision (e.g., dataflow, number of PEs, NoC, etc.) as well as the properties of the workload,
which for DNNGs is dictated by the layer shape and size (e.g., filter shape, feature map size,

batch size, etc.).

Eyexam focuses on two main factors that affect performance: (1) the number of active
PEs due to the mapping as constrained by the dataflow, (2) the utilization of active PEs, i.e.
percentage of active cycles for the PE, based on whether the NoC has sufficient bandwidth
to deliver data to PEs to keep them active. The product of these two components can be

used to compute the utilization of the PE array as follows

utilization of the PE array = number of active PEs x utilization of active PEs. 5.1

Later in this section, we will see how this approach can use an adapted form of the well-

known roofline model [70]] for the analysis of DNN processors.

We will perform this analysis on a generic DNN processor architecture based on a spatial
architecture that consists of a global buffer and an array of PEs. Each PE can have its own
scratchpad (SPad) and control logic, and the PE array communicates with the global buffer
through the NoCs. Separate NoCs are used for the three data types, and Fig. shows
several commonly used NoC designs for different degrees of data reuse and bandwidth
requirements. The choice largely depends on how the dataflow exploits spatial data reuse
for a specific data type.

The dataflow of a DNN processor is one of the key attributes that define its architec-
ture [8]]. In this work, we will feature architectures that support the following four popular
dataflows [7,52]: weight-stationary (WS), output-stationary (OS), input-stationary (IS), and
row-stationary (RS).

To help illustrate the capabilities of Eyexam, we will re-examine the simple 1D convolu-
tion example in Section and walk through the key steps of Eyexam in Section

with the 1D convolution. We will then highlight various insights that Eyexam gives on real
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Figure 5-4: Common NoC implementations in DNN processor architectures.

DNN workloads and architectures in Section[5.2.3] which motivates the development of the

Eyeriss architecture discussed in Chapter [3

5.2.1 Simple 1D Convolution Example

We will re-examine the simple 1D convolution example. This example illustrates the two
components of the problem. The first is the workload, which is represented by the shape of
the layer for a 1D convolution. This comprises the filter size R and the input feature map
size H and the output feature map size E. The second is the architecture of the processing
unit, for which a key characteristics is the dataflow shown in Fig.[2-1] In this example, the
two parallel-fors represent the distribution of computation across multiple PEs (i.e.,
spatial processing); the inner two for loops represent the temporal processing and SPad
accesses within a PE, and the outer two for loops represent the temporal processing of
multiple passes across PE array and GLB accesses. For this example, we assume the input
activations and weights fit in the GLB, i.e., the reuse parameter a is 1 for both the input
activation and weight.

A mapping assigns specific values to loop limits £0, E1, E2 and RO, R1, R2 to execute
a specific workload shape and loop ordering. This assignment of EO, E1, E2 and RO, R1,
R2 is constrained by the shape of the workload and the hardware resources. The workload
constraints in this example are EO X E1 X E2 =FE and RO X R1 X R2 = RH The architectural

constraint in this example is that £1 X R1 must be less than the number of PEs (later we will

2We assume perfect factorization in this example. Imperfect factorization will lead to cycles where no
work is done.
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see that the NoC can pose additional restrictions). The size of the SPad allocated to input
activations, psums and weights will restrict £0 and R0, and the space in the GLB allocated
to psums restricts E1 and R1.

While this is a simple 1D example, it can be extended to additional levels of buffering
by adding additional levels of loop nest. Furthermore, extending it to support additional

dimensionality (e.g., 2D and channels) will also results in additional loops.

5.2.2 Apply Performance Analysis Framework to 1D Example

The goal of Eyexam is to provide a fine-grain performance profile for an architecture. It is
a sequential analysis process that involves seven major steps. The process starts with the
assumption that the architecture has infinite processing parallelism, storage capacity and
data bandwidth. Therefore, it has infinite performance (as measured in MACs/cycle).

For each of the following steps, certain constraints will be added to reflect changes in the
assumptions on the architecture or workload. The associated performance loss can therefore
be attributed to that change, and the final performance at one step becomes the upper-bound
for the next step.

Step 1 (Layer Shape and Size): In this first step, we look at the impact of the workload
constraint, specifically the layer shape (R, H and E), assuming unbounded values for R1
and E'1 since there is no architectural constraints. This allows us to set Rl = R, E1 = E,
and E2 = EO =1, R2 = RO = 1, so that there is all spatial (i.e., parallel) processing, and no
temporal (i.e., serial) processing. Therefore, the performance upper bound is determined by
the finite size of the workload (i.e., the number of MACs in the layer, which is E X R).

Step 2 (Dataflow): In this step, we define the dataflow and examine the impact of this
architectural constraint. For example, to configure the example loop nest into a weight-
stationary (WS) dataflow, we would set E1 = 1, EO = E and R1 = R, RO = 1. This means
that each PE stores one weight, that weight is reused EO times within that PE, and the
number of PE equals the number of weights. This forces the absolute maximum amount of
reuse for weights at the PE. The forced serialization of EQ = E reduces the performance

upper bound from E X R to R, which is the maximum parallelism of the dataflow.
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Step 3 (Number of PEs): In this step, we define a finite number of PEs, and look at the
impact of this architectural constraint. For example, in the 1D WS example, where E1 = 1
and E0 = E, R1 is constrained to be less than or equal to the number of PEs, which dictates
the theoretical peak performance. There are two scenarios when the actual performance is
less than the peak performance. The first scenario is called spatial mapping fragmentation,
in which case R, and therefore R1, is smaller than the number of PEs. In this case, some
PEs are completely idle throughout the entire period of processing. The second scenario
is called temporal mapping fragmentation, in which case R is larger than the number of
PEs but not an integer multiple of it. For example, when the number of PEs is 4, R =7 and
R1 =4, it takes two cycles to complete the processing, and none of the PEs are completely
idle. However, one of the 4 PEs will only be 50% active. Therefore, it still does not achieve
the theoretical peak performance. In general, however, if the workload does not map into all
of the PEs in all cycles, then some PEs will not be used at 100%, which should be taken into

account in performance evaluation.

Step 4 (Physical dimensions of the PE array): In this step, we consider the physical
dimensions of the PE array (e.g., arranging 12 PEs as 3x4, 2x6 or 43, etc.). The spatial
partitioning is constrained per dimension which can cause additional performance loss. To
explain this step with the simple example, we need to release the WS restriction. Let us
assume E'1 is mapped to the width of the 2D array and R1 is mapped to the height of the
2D array. If E'1 is less than the width of the array or R1 is less than the height of the array
(spatial mapping fragmentation), not all PEs will be utilized even if without the constraint
that E'1 X R1 is smaller or equal to the number of PE. A similar case can be constructed for
the temporal mapping fragmentation as well. This architectural constraint further reduces

the number of active PEs.

Step S (Storage Capacity): In this step, we consider the impact of making the buffer
storage finite. For example, for the WS dataflow example, if the allocated storage for psums
in the GLB is limited, it limits the number of weights that can be processed in parallel,
which limits the number of PEs that can operate in parallel. Thus an architectural constraint
on how many psums can be stored in the GLB restricts E'1 and R1, which again can reduce

the number of active PEs.
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Figure 5-5: The roofline model

Step 6 (Data Bandwidth): In this step, we consider the impact of a finite bandwidth
for delivering data across the different levels of the loop nest (i.e., memory hierarchy). The
amount of data that needs to be transferred between each level of the loop nest and the
bandwidth at which we can transmit the data dictate the speed at which the index of the
loop can increment (i.e., number of cycles per MAC). For instance, the bandwidth of the
SPad in the PE dictates the increment speed of r0 and €0, the bandwidth of the NoC and
GLB dictates the rate of change of r1 and el, and the off-chip bandwidth dictates the rate of
change of 72 and e2. In this work, we will focus on the bandwidth between the GLB and the
PEs.

To quantify the impact on performance from insufficient bandwidth, we can adapt the
well-known roofline model [[70] for the analysis of DNN processors. The roofline model,
as shown in Fig. [5-5] is a tool that visualizes the performance of an architecture under
various degrees of operational intensity. It assumes a processing core, e.g., PE array, that
has insufficient local memory to fit the entire workload, and therefore its performance
can be limited by insufficient bandwidth between the core and the memory, e.g., GLB.
When the operational intensity is lower than that at the inflection point, the performance
will be bandwidth-limited; otherwise, it is computation-limited. The roofline indicates the
performance upper-bound, and the performance of actual workloads sit in the area under the
roofline.

For this analysis, we adapt the roofline model as follows:
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e We use three separate rooflines for the three data types instead of one with the aggre-
gated bandwidth and operational intensityﬁ This helps to identify the performance
bottleneck and is also a necessary setup since independent NoCs are used for each
data type. However, the performance upper-bound will be the worst case of the three

rooflines.

e The roofline is typically drawn with the peak performance of the core and the total
bandwidth between the core and memory. However, since we have gone through the
first 5 steps in Eyexam, it is possible to get a tighter bound (Fig. [5-6). The leveled
part of the roofline is now at the performance bound from step 5; the slanted part of
the roofline should only consider the bandwidth to the active PEs for each data type.
Since performance is measured in MACs/cycle, the bandwidth should factor in the

clock rate differences between processing and data delivery.

e For a workload layer, the operational intensity of a data type is the same as its amount
of data reuse in the PE array, including both temporal reuse with the SPad and the
spatial reuse across PEs. It is measured in MACs per data value (MAC/data) to

normalize the differences in bitwidth.

Step 7 (Varying Data Access Patterns): In this step, we consider the impact of band-
width varying across time due to the dynamically changing data access patterns (Step 6 only
addresses average bandwidth). For the WS example, during ramp up, the weight NoC will
require high bandwidth to load the weights into the SPad of the PEs, but in steady state, the
bandwidth requirements of the weight NoC will be low since the weights are reused within
the PE. The performance upper bound will be affected by ratio of time spent in ramp up
versus steady state, and the ratio of the bandwidth demand versus available bandwidth. This
step causes the performance point to fall off the roofline as shown in Fig. [5-6] There exist
many common solutions to address this issue, including using double buffering or increased
bus-width for the NoC. Therefore, we will focus less on the performance loss due to this

step in this thesis.

31deally, we should draw a roof-manifold with the operational intensity of each data type on a separate
axis; unfortunately, it will be a 4-D plot that cannot be visualized.
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Figure 5-6: Impact of steps on the roofline model.

Table summarizes the constraints applied at each step. While Eyexam is useful for
examining the impact of each step on performance, it can also be used in the architecture
design process to iterate through a design. For instance, if one selects a dataflow in step
2 and discovers that the storage capacity in step 5 is not a good match causing a large
performance loss, one could return to step 2 to make a different dataflow design choice and
then go through the steps again. Another example is that double buffering could be used in
step 7 to hide the high bandwidth during ramp up, however, this would require returning to
step 5 to change the effective storage capacity constraints. Eyexam can also be applied to
consider the trade-off between performance and energy efficiency in combination with the
framework for evaluating energy efficiency as discussed in Section[3.2] as well as consider
the impact of sparsity and workload imbalance on performance. However, this is beyond the

scope of this thesis.

5.2.3 Performance Analysis Results for DNN Processors and Work-

loads

In this section, we will highlight some of the observations obtained with Eyexam on DNN
processors with real DNN workloads (e.g., AlexNet, MobileNet). We will provide results
for architectures from all four representative dataflows, including WS, OS, IS, and Row-

Stationary (Chapter [3), with different PE array sizes. The dataflows are evaluated on PE
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Step  Constraint Type New Performance Bound Reason for Performance Loss

Layer Size and Shape Workload Max workload parallelism Finite workload size
2 Dataflow loop nest Architectural Max dataflow parallelism Restricted dataflow mapping space
by defined by loop nest
3 Number of PEs Architectural Max PE parallelism Additional restriction to mapping
space due to shape fragmentation
4 Physical dimensions of  Architectural Number of active PEs Additional restriction to mapping
PEs array space due to shape fragmentation

for each dimension

5 Fixed Storage Capacity Architectural Number of active PEs Additional restriction to mapping
space due to storage of intermediate
data (depends on dataflow)

6 Fixed Data Bandwidth Microarchitectural ~ Max data bandwidth to active PEs  Insufficient average bandwidth to
active PEs
7 Varying Data Access Pat- Microarchitectural ~ Actual measured performance Insufficient instant bandwidth to ac-
terns tive PEs

Table 5.1: Summary of steps in Eyexam.

arrays where the height and the width are the same, regardless of the number of PEs.

Fig. shows the number of active PEs for the four different architectures in different
DNN layers and PE array sizes. It takes into account the mapping of different dataflows
in each architecture for different layer shapes under a finite number of PEs. The results
are normalized to the total number of PEs in the array. For each bar, the total bar height
(white-portion + colored-portion) represent the performance at step 3 of Eyexam, which
accounts for the impact of mapping fragmentation due to a finite number of PEs, and the
colored-only portion represent the performance at step 4, which further accounts for the
impact of the physical dimensions of the PE array. Therefore, the white portion indicates the
performance loss from step 3 to 4, which indicates the mapping limitation in the dataflows

to adapt to the physical dimensions of the PE array. The results show that

e Fig. and shows the performance impact when scaling the size of PE array.
Many of the architectures are not flexible enough to fully utilize the parallelism when
it scales up (i.e., increase number of PEs), which indicates that simply increasing

hardware resources is not sufficient to achieve a higher performance.

e Fig. and shows the performance impact when having to support many
different layer shapes. Mapping the different layers onto the same architecture
according to its dataflow can result in widely varying performance. For example, the

featured IS and OS architectures cannot map well in the layers with smaller feature
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Data Dimension Common Reasons for Diminishing Dimension
(Reuse)

batch size small batch size (usually due to latency requirements)

num. of output channels | (1) bottleneck layers, (2) depth-wise layers

O X|=

num. of input channels | (1) layers after bottleneck layers, (2) depth-wise layers,
(3) many DNNs with visual inputs only have 3 input
channels at the first layer

H /W | input feature map | (1) fmap size reduction in the deep layers of a DNN, (2)

height/width fully-connected (FC) layers in CNN/RNN/MLP/etc.
R /S | filter height/width (1) pointwise layer (i.e., I x1)
E/F | output feature map | fmap size reduction in the deeper layers of a DNN
height/width

Table 5.2: Reason for reduced dimensions of layer shapes.

map sizes, while the RS dataflow does not map well in the depth-wise layers due
to the lack of channels. Table [5.2] summarizes the common reasons why each data
dimension diminishes. In order to support a wide variety of DNNs, the dataflow has

to be flexible enough to deal the diminished reuse available in any data dimensions.

e When the PE array size scales up, many of the architectures are not flexible enough to
fully utilize the parallelism, which indicates that simply increasing hardware resources

is not sufficient to achieve higher performance.

In addition to the loss due to the finite number of PEs and the physical PE array shape,
there is loss from insufficient bandwidth for data delivery. To avoid performance loss due
to insufficient data bandwidth from the GLB, which results in low utilization of the active
PEs (step 6), the NoC design should meet the worst-case bandwidth requirement for every
data type. In addition, another NoC design objective is to exploit data reuse to minimize the
number of GLB accesses, which is usually realized by the multi-cast of broadcast of data
from GLB. On the one hand, for an architecture in which the pattern of spatial data reuse is
unchanged with mapping, it is straightforward to meet the two requirements at the same time.
For example, if a certain type of data is always reused across an entire PE row or column,
the systolic or multicast networks will provide sufficient bandwidth and data reuse from
GLB. However, this fixed pattern of data delivery can also cause performance loss in step 3

or 4 of Eyexam. On the other hand, if the architecture support very flexible spatial mappings
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Figure 5-7: Impact of the number of PEs and the physical dimensions of the PE array on
number of active PEs. The y-axis is the performance normalized to the number of PEs.
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of operations, which potentially can preserve the performance up to step 5 of Eyexam, the
pattern of spatial data reuse can vary widely for different layer shapes. While a single
broadcast network can exploit data reuse in any spatial reuse patterns, it sacrifices the data
bandwidth from GLB. When the amount of data reuse is low, e.g., delivering weights in FC
layers with a small batch size, the broadcast network will result in significant performance
loss. Therefore, step 6 will become a performance bottleneck. We will address this problem

with a proposed flexible architecture in Section[5.3]and [5.4]

5.3 Flexible Dataflow: Row-Stationary Plus (RS+)

The RS dataflow was designed with the goal to optimize for the best overall system energy
efficiency. While it is already more flexible than other existing dataflows as shown in
Chapter 3] we have identified several techniques that can be applied to further improve the
flexibility of the RS dataflow to deal with a more diverse set of DNNss.

The improved dataflow, named Row-Stationary Plus (RS+), is defined in Fig.[5-8| The
computation of each row convolution is still stationary in the SPad of each PE, as f0 and s0
always loop through the entire dimension of F' and S, respectively. The key features of the

RS+ are summarized as follows:

e Additional loops g1 and nl are added at the NoC level compared to the RS dataflow,
which provides more options to parallelize different dimensions of data for processing.
In fact, since row-stationary always fully loops through data dimensions F" and S at
the SPad level in loops f0 and 50, respectively, all the rest of the data dimensions are
provided at the NoC level as options for parallel processing. As an example, one type
of layer that benefits the most from this is the DW CONYV layer [30], in which the
number of input and output channels are both one (i.e., C = M = 1). The RS dataflow
cannot fully utilize the PE array due to the lack of channels, while the RS+ dataflow

adapts better as shown in Fig.[5-9

e Not only does the RS+ dataflow allow the parallelization of processing from more data

dimensions, it allows data to be tiled from multiple dimensions and mapped in parallel
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Input Fmaps: I[G][N]J[CI[H][W]
Filter Weights: W[G][M][C][R][S]
Output Fmaps: O[G][N][MILE][F]

// DRAM level loops
for (g3=0; g3<G3; g3++) {
for (n3=0; n3<N3; n3++) {
for (m3=0; m3<M3; m3++) {
for (e3=0; e3<E3; e3++) {
// Global buffer level loops
for (n2=0; n2<N2; n2++) {
for (e2=0; e2<E2; e2++) {
for (c2=0; c2<C2; c2++) {
for (r2=0; r2<R2; r2++) {
for (m2=0; m2<M2; m2++) {
// NoC level loops
parallel-for (gl=0; gl1<Gl; gl++) {
parallel-for (n1=0; nl<N1l; nl++) {
parallel-for (m1=0; mi<M1l; ml++) {
parallel-for (el=0; el<El; el++) {
parallel-for (c1=0; c1<Cl; cl++) {
parallel-for (r1=0; ri<R1l; ril++) {
// SPad level loops
for (e0=0; e0<EQ; e0++) {
for (nG=0; nO<NO; no++) {
for (f0=0; fo<F; fo++) {
for (s0=0; s0<S; so++) {
for (c0=0; co<CO; co++) {
for (m0=0; mO<MO; mo++) {
0 +=1I x W,

FIPIIIFIIIIIIIIIIIFIY

Figure 5-8: The definition of the Row-Stationary Plus (RS+) dataflow. For simplicity, we
ignore the bias term and the indexing in the data arrays.

onto the same PE array dimension (i.e., height or width) at the same time, which is
similar to the idea of mapping replication as introduced in Eyeriss v1 (Chapter ). For
example, an PE array with height of 16 can be fully utilized by mapping both C1 =4

and M1 = 4 simultaneously onto the height of the array.

e The data tile from the same dimension can also be mapped spatially onto different
physical dimensions. For example, a M1 of 16 can be split into M1,,,, = 4 and
M1,,,; = 4, which are the portions of M1 that are mapped horizontally and vertically
on the PE array, respectively. This creates more flexibility for the mapper to find a

way to fully utilize the PE array.
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Figure 5-9: The mapping of depth-wise (DW) CONYV layers with the (a) RS and (b)
RS+ dataflows.

e In the RS dataflow, all rows of the filter are mapped spatially in order to exploit the
available data reuse in the 2D convolution. However, this can create spatial mapping
fragmentation if the PE array height is not an integer multiple of the filter height,
and results in lower utilization of the PE array. In the RS+ dataflow, this restriction
is relaxed by allowing tiling in data dimension R with loop r1. When the mapping
is optimized for performance, the mapper can find R1 that best fits in the PE array
height. However, when the mapping is optimized for energy efficiency, the mapper

can still find the same mapping as in the RS dataflow by setting R1 = R.

e An additional loop €0 is added at the SPad level comparing to the RS dataflow, which
concatenates £0Q fmap rows to be computed with the same row of weights in a PE,
therefore creating more reuse of weights in the SPad. However, this adds a storage
requirement for the additional fmap rows to be stored in the global buffer. Therefore,

EQ is constrained by the size of the global buffer.

In summary, the RS+ dataflow provides a much higher flexibility in mapping than the
RS dataflow. In fact, the mapping space of the RS+ dataflow is a strict super-set of the
RS dataflow, i.e., the optimal mapping of the RS+ dataflow for a DNN layer with any
optimization objective is at least the same or better than the optimal mapping of the RS

dataflow. With a more powerful dataflow, the remaining challenge is to deliver data to the
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PEs according to the mapping for processing. In the next section, we will describe a new

NoC that can unleash the full potential of the RS+ dataflow.

5.4 Flexible Network: Hierarchical Mesh NoC

NoC design is a well-studied field in various contexts, e.g., manycore processors [33]].
However, the complexity of a core in a multicore processor is much higher than that of a PE,
which usually has specialized datapaths with little control logic, and the memory hierarchy
is also highly customized; thus, a DNN processor cannot use the conventional sophisticated
NoC used to connect cores on multicore processor [37]. Accordingly, most DNN processors
adopt a NoC implementation with minimum routing and flow control complexity, such as
the ones shown in Fig.[5-4] and it is important to keep it that way to maintain the efficiency
of the architecture.

However, these NoC implementations have their drawbacks as shown in Fig. [5-10] On
the one hand, the broadcast network can achieve high spatial data reuse. More importantly, it
allows any patterns of data reuse, making it possible to be applied for any dataflow. However,
the data bandwidth from the source (e.g., the global buffer) is quite limited. If the amount of
data reuse is low, i.e., different destinations (e.g., PEs) require unique data for processing, the
broadcast NoC has to deliver data to different destinations sequentially, resulting in reduced
performance. Even though it is possible to increase the data bus width to deliver more data to
the same destination at once, it would create high buffering requirements at each destination.
This solution also does not scale as the buffering requirement will go higher with the number
of destinations. On the other hand, the unicast network can achieve high bandwidth from the
source by leveraging many independent sources, e.g., banked memory. However, it cannot
exploit spatial data reuse, which will reduce the energy efficiency. A possible solution is the
all-to-all network, which has the ultimate flexibility that can adapt between delivering high
spatial data reuse and high data bandwidth from the source. However, it is very hard to scale
as both the implementation cost and energy consumption will increase quadratically with
the number of sources/destinations.

In order to build a NoC that is both adaptive and easy to scale, it is important to first
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Figure 5-10: The pros and cons of different NoC implementations.

understand the specific requirements from the dataflow, which is RS+ in this case. From
the features described in Section 5.3 we can summarize the types of data delivery patterns
required by the RS+ dataflow in the examples shown in Fig. These three examples

show four data delivery patterns:
e Broadcast: weights in Example 1 and inputs in Example 3
e Unicast: inputs in Example 1 and weights in Example 3
e Grouped Multicast: weights in Example 2
o Interleaved Multicast: inputs in Example 2

Note that the patterns always come in a pair, and there are two possible combinations. The
broadcast-unicast pair is required when the data dimensions mapped onto the same physical
dimension of the PE array only address one data type. For example, when only the output
channel (M) dimension is mapped onto the entire PE array width, the pattern will be the
same as in Example 3, where the same input activation is broadcast across the PEs to be
paired with unique weights from different output channels. The multicast pair is required
when multiple data dimensions are mapped onto the same physical PE array dimension, and
each data type is addressed by a unique subset of these data dimensions. For example, when

the input fmap height (E) and output channels (M) are mapped simultaneously onto the
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Figure 5-11: Example data delivery patterns of the RS+ dataflow.

width of the PE array, the pattern will be similar to the one in Example 2. In order to support
a wide range of mappings, it is critical to be able to support all four data delivery patterns.

One possible solution that has the potential to support these data delivery patterns and
is easy to scale is the mesh network. The mesh network can be constructed by taking
the unicast network, inserting a router in between each pair of source and destination, and
linearly connect the routers. Fig.[5-12]demonstrates how the mesh network can be configured
to support each of the data delivery patterns. While it can easily support broadcast, unicast
and grouped multicast, the interleaved multicast will cause a problem as the middle route
between the routers (colored in black) needs a higher bandwidth than other routes. The
number of routes with higher bandwidth requirement and the required bandwidth itself also
grow with the size of the mesh network. Therefore, the mesh network alone is still not the
answer.

To solve this problem, we propose a new NoC based on the mesh network, called a
hierarchical mesh network. Fig. shows a simple example of a 1D hierarchical mesh. It

has the following features:

e The architectural components, including sources, destinations and routers, are grouped
into clusters. The size of each type of cluster is determined at design time and fixed at

compile time and runtime.

e The router clusters are connected linearly as in a mesh network. The individual routers

in between adjacent clusters are one-to-one connected.

e Each router cluster is connected with a source cluster with one-to-one links between
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Figure 5-12: Configurations of the mesh network to support the four different data delivery
patterns.

each pair of source and router.

e Each router cluster is also connected with a destination cluster. The links between the

routers and destinations in the cluster are all-to-all connections.

Fig. [5-14] shows how the hierarchical mesh network supports the four data delivery
patterns. It is able to support all four patterns by explicitly defining the bandwidth between
all types of clusters through setting the size of these clusters at design time. Compared
with the plain mesh network, only the all-to-all network in between the router cluster and
the destination cluster incurs a higher cost, and this cost can be well-controlled locally.
When setting the size of these clusters, the key characteristics to consider are (1) what is the
bandwidth required from the source cluster in the worst case, i.e., unicast mode, (2) what
is the bandwidth required in between the router clusters in the worst case, i.e., interleaved
multicast mode, and (3) what is the tolerable cost of the all-to-all network.

The hierarchical mesh network has two advantages. First, there is no routing required at
runtime. All active routes are determined at configuration time based on the specific data

delivery pattern in use. As a result, no flow control is required, and the routers are simply
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Figure 5-13: A simple example of a 1D hierarchical mesh network.

multiplexers for circuit-switched routing that has minimum implementation cost. Second,
the network can be easily scaled. Once the cluster size is determined, the entire architecture
can be scaled at the cluster level, in which case the cost only increases linearly instead of

quadratically as in the plain all-to-all network.

One restriction the hierarchical mesh network imposes on the mapping space of the RS+
dataflow is that the tile size of the mapped data dimensions is further constrained by (1) the
cluster size and (2) the number of clusters in addition to the total height and width of the
PE array. For example, in the multicast delivery patterns, the data delivered with grouped
multicast has the maximum reuse constrained by the size of the PE cluster. Similarly, the
data delivered with interleaved multicast has the maximum reuse constrained by the number
of clusters. In Section we will discuss how does this affect the performance of the

architecture.

Fig. [5-15] shows an example DNN accelerator built based on the hierarchical mesh
network. The router clusters are now connected in a 2D mesh. The global buffer is banked
and distributed into each source cluster, and the PEs are grouped into the destination clusters

instead of one single array.
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Figure 5-14: Configurations of the hierarchical mesh network to support the four different
data delivery patterns.

5.5 Performance Profiling

In this section, we profile the performance of the co-design of the RS+ dataflow and the
hierarchical mesh network. We will first describe the methodology used to conduct the
experiment in Section [5.5.1] and then demonstrate and discuss the experiment results in

Section[5.5.2)

5.5.1 Experiment Methodology

The performance results are based on the number of active PEs and their utilization in
cases where the utilization of the active PEs are not 100% due to the limited bandwidth.
The number of active PEs for the various steps in Eyexam are evaluated analytically.

For situations where the performance is limited by characteristics of the mappings, we
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Figure 5-15: A DNN accelerator architecture built based on the hierarchical mesh network.

exhaustively search the mapping space and analytically model the consequences of each
mapping.

For the cases with performance limited by bandwidth constraints, we combine the
Eyexam results with roofline models for each of the data types. The bandwidths of the

rooflines are determined with an analytical model of the hierarchical mesh NoC.

5.5.2 Experiment Results

In this section, we will examine the performance of the combination of the RS+ dataflow and
the hierarchical mesh network, named Eyeriss v1.5, and compare it to the combination of
the RS dataflow and the broadcast network implemented in Eyeriss v1 [ll]ﬂ First, we will
compare them in terms of the number of active PEs from the optimal mappings generated
by their respective dataflows. Then, we will discuss the impact of data bandwidth on the
performance.

For each architecture, we simulate with three different PE array sizes, including 256,

1024 and 16384 PEs. For Eyeriss v1, the PE array is a square, i.e., 1616, 32x32 and

“The NoC in Eyeriss v1 is a broadcast network that is implemented with multicast capabilities.
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128x128. For Eyeriss v1.5, we fix the PE cluster size at 4 x 4, and scale the number
of PE clusters at 4x4, 8x8 and 32x32. In terms of data bandwidth, Eyeriss v1 uses a
single broadcast network for each of the three data types, which is capable of delivering 1
data/cycle. For Eyeriss v1.5, each data type has a separate hierarchical mesh network with
a router cluster size of 4. Each pair of source to router link can deliver 1 data/cycle. We
assume a PE architecture similar to the one described in [11]], which has the SPad sizes for
input activation, weight and psum at 12, 192 and 16, respectively. The PE is also assumed

to be able to sustain a processing throughput of 1 MAC/cycle if not bandwidth limited.

We evaluated the architectures with three different DNNs, including AlexNet [36],
GooglLeNet [65] and MobileNet [30]. Each layer in the three DNNs is mapped on the two
architectures for processing independently, and two types of performance are quantified:
(1) the number of active PEs, which is the performance at step 5 of Eyexam assuming an
infinite data bandwidth. (2) the overall utilization of the PE array, which further models the
impact of a finite bandwidth on the performance and is the performance at step 6 of Eyexam.
We serialize the layers in each DNN and name them starting from LO1. The layers in the
inception modules of GoogleNet are serialized in the following order: 3 x3 reduction, 5x5
reduction, 1 x1 CONYV, 3x3 CONYV, 5x5 CONV and 1x1 CONV after pooling. In all cases
we use a batch size of 1, which is a crucial criterion for many low-latency applications but

also greatly reduces the reuse of weights.

Fig.[5-16| [5-17] and [5-18]| shows the performance comparison between Eyeriss v1 and

Eyeriss v1.5 for each DNN layer in AlexNet, Googl.eNet and MobileNet, respectively, at
different PE array sizes. For each PE array size, the performance in the y-axis is normalized
to its total number of PEs (i.e., peak performance). The total bar height (white + colored
portion) indicates the performance accounting for the impact of workload and architectural
constraints excluding the impact of the NoC bandwidth, i.e., it is the performance assuming
all active PEs run at 100% utilization (step 5 of Eyexam). The color-only portion of the bars
indicates the performance further accounting for the impact of the finite bandwidth from
the specific NoC design, which reduces the utilization of the active PEs and represents the
overall utilization of the PE array (step 6 of Eyexam). Therefore, the white portion of the

bars, if any, indicates the performance loss due to the constraint of a finite NoC bandwidth.
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Figure 5-16: Performance of AlexNet at PE array size of (a) 256, (b) 1024 and (c) 16384.
Performance is normalized to the peak performance.
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Figure 5-17: Performance of Googl.eNet at PE array size of (a) 256, (b) 1024 and (c)
16384. Performance is normalized to the peak performance.
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Figure 5-18: Performance of MobileNet at PE array size of (a) 256, (b) 1024 and (c) 16384.
Performance is normalized to the peak performance.
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For each combination of the architecture and DNN layer, we generate the optimal

mappings for the following two different objectives:

e Mapping 1 is optimized to get the highest number of active PEs regardless the actual

utilization of them, i.e., it is optimized for the overall bar height (white + color).

e Mapping 2 is optimized to get the best overall utilization of the PE array that further
accounts for the impact of the finite bandwidth on performance, i.e., it is optimized

for the height of the colored-only bar.

First, we compare only the number of active PEs, i.e., total bar height, of the two
architectures. In most cases, Eyeriss v1.5 shows a better performance than Eyeriss v1 except
for a few cases at the PE array size of 16384. In these cases, the performance degradation
in Eyeriss v1.5 is because that the number of clusters becomes too large while the cluster
size is kept small. A small cluster size ensures that the implementation cost of the all-to-all
network is limited. As mentioned in Section [5.4] the hierarchical mesh network imposes
mapping constraints due to its two-level structure. It requires a high amount of reuse in one
data type to fully map the large number of clusters, while the other data type can only exploit
reuse up to the amount of the cluster size. Eventually, this can lead to spatial mapping
fragmentation, which reduces the number of active PEs. Eyeriss v1, on the other hand, may
adapt better at large PE array sizes in terms of number of active PEs since multiple layer
dimensions can be mapped onto the same physical dimension of its PE array even with less
number of data dimensions to choose from for spatial mapping. This phenomenon is more
significant in GoogLeNet than in AlexNet, since the layers in AlexNet are usually much
larger than that in Googl.eNet and have plenty of use for all data types, which results in less
mapping fragmentation. In general, mapping fragmentation is also less severe in smaller PE
array sizes, and the more flexible spatial mapping of the RS+ dataflow gives Eyeriss v1.5
an edge over Eyeriss v1. Specifically, the RS+ dataflow handles the mapping in the DW
CONYV layers of MobileNet much better than the RS dataflow as shown in the even layers
of MobileNet (except for L.28, which is a FC layer).

Next, we compare the performance in terms of the overall utilization of the PE array,

which is the colored-only portion of the bars. This comparison shows a drastic performance
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difference between the two architectures. For Eyeriss v1.5, most of the time it can keep
the overall utilization of the PE array up to the level of the number of active PEs. However,
for Eyeriss v1, there is usually a big gap between the number of active PEs and the overall
utilization of the PE array. The performance difference grows even higher when the PE array
size scales. In certain cases, however, Eyeriss v1.5 still loses performance due to the finite
bandwidth. For example, in the FC layers, e.g., L6 to L8 in AlexNet, L58 in GooglLeNet
and L28 in MobileNet, the overall utilization of the PE array is only one fourth of the
number of active PEs. The performance bottleneck comes from the insufficient bandwidth
for delivering weights. In our setup, each weight router cluster has 4 routers and connects to
4 GLB banks and 16 PEs, which means that 4 PEs in a cluster share the same GLB bank for
weight delivery. In the case when batch size is 1, there is no weight reuse, and therefore the

performance is reduced by 4 times.

Finally, we compare the impact of having the mapping being optimized for different
objectives. For Eyeriss v1, mapping 1 usually results in a higher number of active PEs than
mapping 2; however, mapping 2 still shows a higher overall utilization of the PE array than
mapping 1. This shows that optimizing for the maximum number of active PEs does not
necessarily yield the best performance after considering the finite bandwidth, especially
when the deliverable bandwidth is low. This is mainly because the mapping often relies on
certain layer dimensions that can provide a large tile to fully utilize the high parallelism.
However, this also results in a higher bandwidth requirement for a specific data type. Instead,
optimizing the mapping according to the actual overall utilization of the PE array, mapping
2 takes the bandwidth constraints into account and avoids placing too much pressure on the
bandwidth of certain data types. For example, in AlexNet LO1 with a PE array size of 256,
mapping 1 relies on a large number of output channels to fill the parallelism, which results
in a high bandwidth requirement for weights, while mapping 2 has a more balanced tile size
between the input and output channels, and therefore distributes the bandwidth requirement
between weights and input activations. This phenomenon, however, is less prominent in
Eyeriss v1.5. Since Eyeriss v1.5 can provide a more scalable data bandwidth, optimizing
for the number of active PEs is usually enough to guarantee a high overall utilization of the

PE array.

112



Table [5.3|quantifies the performance speedup of Eyeriss v1.5 over Eyeriss v1 in terms
of the overall utilization of the PE array. For each combination of DNN and PE array
size, it shows the range of speedup along with the averages across the layers in the same
DNN. At the end of each column, it also shows the average speedup across all layers in
the three DNNs at the same PE array size. The FC layers achieve the highest speed up, as
the increase in bandwidth for delivering weights has a significant impact on performance.
Another highlight is the performance of the DW CONYV layers in MobileNet, which receives
a speedup ranging from 25.4x (256 PEs) to 997.5x (16384 PEs).

256 PEs 1024 PEs 16384 PEs
range 43x—64.0x 16.8x-256.0x 80.0x—-4096.0x
AlexNet avq&ged 33.1x 132.4 % 2082.6
welghte 17.9% 71.5% 1086.7 %
average
range 1.8x-64.0x  9.1x-256.0x  13.1x-4096.0x
GooglLeNet av;rﬁtged 17.3x% 65.7 % 757.0x
welghte 10.4x 37.8x 448 .8
average
range  3.0x-64.0x 8.0x-256.0x  22.4x-4096.0x
MobileNet a;/ierﬁig:d 26.1x 101.0x 1083.2x
welg 15.7 57.9% 873.0x
average
average 21.3x 81.9x 967.0x
Overall  weighted ;1 50.3x 693.3

average

Table 5.3: Performance Speedup of Eyeriss v1.5 over Eyeriss v1. The average speedup
simply takes the mean of speedups from all layers in a DNN; the weighted average is
calculated by weighting the speedup of each layer with the proportion of MACs of that layer
in the entire DNN.

5.6 Conclusions

DNNss are rapidly evolving due to the significant amount of research in the field; however, the
current direction of DNN development also brings new challenges to the DNN accelerator

design due to the higher variation in data reuse among different DNNs. In this chapter,
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we propose Eyexam, a performance analysis framework that provides a seven step process
to systematically identify the sources of performance loss in a DNN accelerator and can
be used to develop a set of roofline models to assess the impact of bandwidth constraints.
Eyexam gives insights into the performance bottleneck in existing DNN accelerators and
inspires the design of Eyeriss v1.5. Eyeriss v1.5 achieves high flexibility through a new
dataflow, called row-stationary plus (RS+), that can maintain high utilization of PEs for
both large and compact DNNs that have a wide range of data reuse. To support RS+, it also
features a flexible NoC, called hierarchical mesh, that can provide high bandwidth when
data reuse is low while still being able to exploit high data reuse when available. Overall,
Eyeriss v1.5 achieves more than a 10x throughput speedup over Eyeriss v1 at 256 PEs, and
this performance advantage increases when the architecture scales to a higher number of

PEs.
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Chapter 6

Eyeriss v2

In this chapter, we introduce Eyeriss v2, a DNN accelerator architecture designed for the
processing of both large and compact DNNs, which have a wide range of data reuse. Eyeriss
v2 supports the RS+ dataflow and is built on the hierarchical mesh network introduced in
Chapter [5]and demonstrated on Eyeriss v1.5. In addition, it also leverages data sparsity and
SIMD to further improve performance and energy efficiency. We will first give an overview
of the architecture in Section @ and then dive into the architecture implementation details,
including the hierarchical mesh network (Section[6.2)), the PE architecture that supports the
RS+ dataflow and can further leverage data sparsity (Section [6.3]), and SIMD processing

(Section [6.4)). Finally, we will present the implementation results in Section [6.5]

6.1 Architecture Overview

Eyeriss v2 is built on the hierarchical mesh network, which is illustrated in Fig.[5-I5] Each
PE cluster in Eyeriss v2 has 12 PEs arranged in a 3 x4 array, and there are 16 PE clusters
arranged in a 8 X2 cluster array. In total, there are 192 PEs. Each PE cluster connects to three
router clusters for the delivery of three data types (i.e., input activations, weights and psums).
The three router clusters are then connected to a single global buffer (GBuff) cluster. Each
router cluster is also connected to its neighbor router clusters of the same data type. The
router cluster for input activations, weights and psums have 3, 3, and 4 routers, respectively.

Each GBuff cluster is a multi-bank memory, in which the memory banks can be allocated at
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compile time for the storage of the three data types and provide 3, 3, and 4 R/W ports for
accessing input activations, weights and psums, respectively. The architecture of each GBuff
cluster is similar to the global buffer implemented in Eyeriss v1 (Section[4.4.T)). The storage
capacity of each GBulff cluster is 11.25 kB; therefore, the total GBuff storage capacity in
Eyeriss v2 is 180 kB.

Eyeriss v2 is designed to process 8b fixed-point weights and input activations. However,
the psums are kept at 20b. Note that the 8b input activations can be set to be either signed or
unsigned through one configuration bit for an entire DNN layer. For example, the layers
after ReLU will have unsigned input activation, and therefore can take advantage of the

unsigned representation to improve precision.

6.2 Implementation of the Hierarchical Mesh Networks

In this section, we will describe the implementation of the hierarchical mesh networks
for the three data types. Specifically, we will discuss how to reduce the implementation
complexity of the network and how it affects the mapping space of the RS+ dataflow.

The 2D mesh connections of the router clusters and the all-to-all network between the
router cluster and PE cluster are required to guarantee that data can be delivered from any
port in any GBuff cluster to any PE. It is critical for the support of all four data delivery
patterns as shown in the 1D example in Fig.[5-14] However, we find it possible to relax this
condition when growing the network in 2D by treating the 2D network as many 1D ones for
specific data types, which reduces the implementation complexity.

For example, for the six data dimensions that can be mapped spatially in the RS+
dataflow, i.e., G1, N1, M1, E1, C1 and R1 in Fig. @], some of them can be restricted to be
mapped onto just one physical dimension of the PE array. For instance, if F'1 and N1 are not
allowed to be mapped onto the vertical dimension of the PE array, there will be no vertical
spatial reuse of weights. Therefore, weights from any one of the three ports of the GBuff
cluster only need to reach PEs on the corresponding row in a PE cluster. The optimized
weight hierarchical mesh network is shown in Fig. [6-1]

Similarly, if data dimensions R1 and C1 are not allowed to be mapped onto the horizontal
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Figure 6-1: Weight hierarchical mesh network in Eyeriss v2. All vertical connections are
removed after optimization.

dimension of the PE array, there will be no horizontal accumulation of psums. Therefore,
psums from any one of the four ports of the GBuff cluster only need to read PEs on the
corresponding column in a PE cluster. In addition, in order to take advantage of local psum
accumulation, direct vertical PE-to-PE links are added in between PEs within a cluster and
across clusters. Therefore, each PE cluster can select input psums either from the router
cluster or from its neighbor PE cluster. The router cluster can receive input psums from
any GBuff cluster on the same column. The output psums generated from a PE cluster
can also select its destination to either its neighbor PE cluster or back to the router cluster,
which then send the psums back to the corresponding GBuff clusters. The optimized psum
hierarchical mesh network is shown in Fig. The routing patterns are all deterministic

and are configured at compile time.
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Figure 6-2: Psum hierarchical mesh network in Eyeriss v2. All horizontal connections are
removed after optimization.

For the input activations, we found that it is important to keep the 2D mesh and the
all-to-all connections in order to maintain the performance of the RS+ mappings. Therefore,
the hierarchical mesh network described in Section [5.4]is implemented. Each router cluster
is connected to all of its four neighbor router clusters, and the 3 routers in the router cluster

are connection to all 12 PEs in the PE cluster.

6.3 Exploiting Data Sparsity

In Eyeriss v1, data sparsity of input activations, i.e., zeros, is exploited to improve energy
efficiency. In Eyeriss v2, we want to exploit sparsity in both weights and input activations
to improve not only energy efficiency but also performance. In addition, the processing
should directly take advantage of the compressed data representation. In this section, we

will introduce a new PE architecture that can support the mappings of the RS+ dataflow
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Figure 6-3: Processing mechanism in the PE.

while further achieving processing in the compressed domain to exploit sparsity for higher
performance.

Fig.[6-3|illustrates how the PE processes uncompressed weights and input activations
given mappings from the RS (and RS+) dataflow. For each input activation, the PE runs
through M0 MAC operations sequentially in consecutive cycles with the corresponding
column of M0 weights in the weight matrix, and accumulates to M0 psums. By going
through a window of CO x § input activations in the stream, the processing goes through all
MO x CO x S weights in the matrix and accumulates to the same MO psums. It then slides
to the next window in the input activation stream by replacing CO x U input activations at
the front of the window with new ones, where U is the stride, and repeats the processing
with the same M0 x CO x S weights but accumulates to another set of M0 psums. Note that
the access pattern of weights goes through the entire weight matrix once sequentially in a
column-major fashion for each window of input activations.

To speedup the processing when the input activations and/or weights are sparse, the
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goal is to be able to read only the non-zero data in the input activation stream and the
weight matrix for processing. The challenge, however, is to correctly and efficiently address
and access data from all three data types. For example, when jumping between non-zero
input activations in a window, the access pattern of weights does not go through the weight
matrix sequentially anymore. Instead, additional logic is required to fetch the corresponding
column of weights for the non-zero input activation, which is not deterministic. Similarly,
when jumping between non-zero weights in a weight column, it also has to calculate the

address of the corresponding psum instead of just incrementing the address by one.

In order to achieve the processing of sparse data as described above, we take advantage
of the compressed sparse column (CSC) compression format similar to what is described
in [17.24]]. For each non-zero value in the data, the CSC format records an additional count
value that indicates the number of leading zeros from the previous non-zero value in the
uncompressed data stream. The count value can then be used to calculate the address change

between the non-zero data.

For input activations, the data stream is divided into non-overlapping CO x U segments,
and each segment is CSC encoded separately. Doing so enables the sliding window pro-
cessing, which replace a CO x U segment of the data stream with a new segment when the
window slides. Since the data length of each segment will be different after CSC coding,
additional information is needed to address each encoded segment. Therefore, for each
encoded segment, an address value is also recorded in the CSC format that indicates the start
address of the encoded segment in the entire encoded stream. The filter weights are also
encoded with CSC compression by dividing each column of M0 weights as a segment and
encoding each segment separately. This helps to access each column of non-zero weights
quickly.

Fig.[6-4] shows an example of CSC compressed weights. The characters in the weight
matrix indicate the locations of the non-zero data. To read the non-zero weights from
a specific column, e.g., column 1 (assuming indexing starts from 0), the PE first reads
address[1] and address[2] from the address vector in the CSC compressed weights, which
gives the inclusive lower bound and non-inclusive upper bound of the addresses, i.e., 2

and 5, respectively, for reading the data and count vector. It then goes through the three
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Figure 6-4: Example of compressing sparse weights with compressed sparse column (CSC)
coding.

non-zero weights in the column, i.e., ¢, d and e, to perform the computation. At the same
time, the corresponding addresses of the psums to update can be calculated by accumulating

the counts from the count vector.

In summary, both the weights and input activations can be processed directly in the
CSC format. The processing can skip the zeros entirely without spending extra cycles, thus

improving the processing throughput as well as energy efficiency.

Fig. [6-5] shows the block diagram of the sparse PE that can perform the processing
of CSC encoded input activations and weights directly as described above. The PE has 7
pipeline stages and 5 SPads. The first 2 pipeline stages are responsible for fetching non-zero
input activations from the SPads. The input activation (iact) address SPad stores the address
vector of the CSC compressed input activations, which is used to address the reads from
the iact data SPad that holds the non-zero data vector as well as the count vector. After

a non-zero input activation is fetched, the next 3 pipeline stages read the corresponding
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Figure 6-5: Eyeriss v2 PE Architecture

weights. Similarly, there is a weight address SPad to address the reads from the weight data
SPad for the correct column of weights. The final 2 stages in the pipeline perform the MAC
computation on the fetched non-zero input activation and weight, and then send the updated

psum either back to the psum SPad or out of the PE.

In the CSC format, the count vector is a major overhead in addition to the non-zero data.
If the bitwidth of the count is low, it may affect the compression efficiency when sparsity is
high since the number of consecutive zeros can exceed the maximum count. If the count
bitwidth is high, however, the overhead of the count vector becomes more significant. From
our experiments, setting each count at 4b yields the best compression rate for the 8b input
activations and weights. Therefore, each count-data pair is 12b. This is similar to setting the
run-length in the RLC coding used in Eyeriss v1 as discussed in Section[4.3] In the previous
example, however, a longer run-length, i.e., count, of 5b is used since the data is 16b instead

of 8b.

In the Eyeriss v2 PE, the sizes of the input activation address and data SPads are 9 x4b
and 16x12b, respectively. The sizes of the weight address and data SPads are 16x7b and
96 x24b, respectively. The size of the psum SPad is 32x20b. This allows the mapping with

a maximum MO of 32 and a maximum CO X S of 15. Note that the weight data SPad can
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only hold a maximum of 192 count-data pairs, which is less than 32x15=480. This design
takes advantage of the fact that the sparse pattern of the weights is known at compile time;

therefore, it is possible to guarantee that the compressed weights will fit in a smaller SPad.

Since the degree of sparsity varies across different DNNs and input data, the PE is also
designed to adapt to the scenarios when sparsity is low. In such cases, the PE can directly
take in uncompressed input activations and weights instead of the CSC compressed versions
to reduce the overhead in data traffic. Also, both the iact and weight address SPads are
clock-gated to save energy consumption. Additional logic is used to address the iact and

weight data SPad.

6.4 Exploiting SIMD Processing

Profiling results of the PE implementation shows that the area and energy consumption of
the MAC unit is insignificant compared to other components in a PE. In Eyeriss v1, for
example, the MAC unit takes less than 5% of the PE area, and only consumes 2%-9% of the
PE power. This motivates the exploration of SIMD processing in a PE in order to achieve

higher performance.

SIMD is applied to the PE architecture shown in Fig. [6-5] by fetching two weights
instead of one for computing two MAC operations per cycle with the same input activation.
Therefore, the SIMD width is 2. SIMD processing not only improves the throughput but also
further reduces the number of input activation reads from the SPad. In terms of architectural
changes, SIMD requires the word width of the weight data SPad to be two-words wide,
which is why the size of the weight data SPad is 96 x24b instead of 192x 12b. The psum
SPad also has two read and two write ports for updating two psums per cycle. In the case
where only an odd number of non-zero weights exist in the column of M0 weights, the
second 12b of the last 24b word in a column of non-zero weights is filled with zeros. When
the PE logic encounters the all-zero count-data pair, it clock-gates the second MAC datapaths
as well as the read and write of the second ports in the psum SPad to save unnecessary

switching power consumption.
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6.5 Implementation Results

The Eyeriss v2 architecture was implemented in a 65nm CMOS process. The design was
placed-and-routed and the results reported in this section are from post-layout cycle-accurate
gate-level simulations with (1) technology library from the worst PVT corner, and (2)
switching activities profiled from running the actual weights of the DNNs and data from the
ImageNet dataset [56].

The implemented design consists of the PEs (Section [6.3]) and the hierarchical mesh
network for all data types (Section[6.2). The global buffer is not included in this result, and
we leave its implementation for future endeavors. Instead, we focus on the analysis of NoC
and PEs since it’s the main innovation of Eyeriss v2 from Eyeriss v1.

The overall gate counts of the implemented Eyeriss v2, excluding SRAMs, is approxi-
mately 2655k NAND-2 gates. The area breakdown shows that the 192 PEs dominates the
area cost, while the area of the hierarchical mesh networks of all data types combined only
account for 3.5% of the area. This result proves that it is possible to build in high flexibility
at a low cost. Fig.[6-6] shows the area breakdown for the Eyeriss v2 PE. All of the SPads
combined account for almost 75% of the PE area, while the two MAC units only account
for 5%. Among the SPads, the psum SPad is the largest one even though it does not have
the largest storage capacity. This is due to the need to support two read and two write ports
to support SIMD processing.

Table[6.1}[6.2]and [6.3]show the performance and energy efficiency of running AlexNet [36],
sparse-AlexNet [/1]] and MobileNet [30] on Eyeriss v2, respectively. The results can be

summarized as follows:

e While Eyeriss v2 can already exploit any sparsity in the original AlexNet, the per-
formance and energy efficiency are both much further improved when running the

sparse-AlexNet, which has around 90% zeros in the weights.

e The energy efficiency varies widely across the layers of the three DNNs. While
sparsity contributes a lot, the amount of data reuse still plays a key role. For example,
in sparse-AlexNet, even though the FC layers have at least on par, if not higher,

amount of sparsity than the CONV layers, the lack of reuse in the end still limits the
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Figure 6-6: Area breakdown of the Eyeriss v2 PE.

energy efficiency of FC layers. Overall, CONV3 in the sparse-AlexNet achieves the

highest energy efficiency due to its high data sparsity and high reuse.

e The depth-wise (DW) CONYV layers in MobileNet in general have the worst energy
efficiency for two reasons: (1) they have little data reuse due to the lack of input
and output channels; (2) the lack of output channels also renders the SIMD feature
useless. The overhead of supporting SIMD, such as the 2-word weight data SPad and

the multi-R/W-port psum spad, also reduces the energy efficiency.

e The performance in terms of GOPS and the energy efficiency in term of GOPS/W
of MobileNet are the lowest among the three DNNs. However, from an application
point of view, the more relevant metrics will be evaluating performance in in terms
of frames per second (fps) and energy efficiency in terms of number of inferences
per joule (Inf/J). In this case, MobileNet has the highest performance and energy
efficiency. This is due to the fact that it takes much lower number of operations to

complete a pass of inference in MobileNet than in AlexNet.

Fig. [6-7 shows the power breakdown of Eyeriss v2 running a variety of DNN layers.
We pick a representative set of layers to show how the different characteristics of the DNN

layers impact the hardware. The results are summarized as follows:
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Latency | Power | Performance | Efficiency

Layer | #0fMACS | “(1i9)" | mW) | (GOPS) | (GOPS/W)
CONV1 105.4M 1.53 915.3 137.5 150.3
CONV2 | 2239M 3.15 605.1 142.3 235.1
CONV3 149.5M 1.57 423.6 190.1 448.8
CONV4 112.1M 1.03 437.4 217.0 496.1
CONVS 74.8M 0.66 435.3 227.2 522.0
FCo6 37.7M 1.06 293.4 71.4 2433
FC7 16.8M 0.58 255.4 57.4 224.9
FC8 4.1M 0.18 225.1 45.6 202.3
148.3 277.9

Overall 724.4M 9.77 533.7 (102.4 fps) | (191.8 Inf/))

Table 6.1: Performance and Energy Efficiency of running AlexNet [36]] on Eyeriss v2. The
results are from post-layout gate-level cycle-accurate simulations at the worst PVT corner
with a batch size of 1 and a clock rate of 200 MHz.

Latency | Power | Performance | Efficiency

Layer | #0fMACs | = 0" | mW) | (GOPS) | (GOPS/W)
CONVI | 1054M | 074 | 4821 2837 5884
CONV2 | 2239M | 082 | 4700 549 4 1169.0
CONV3 | 1495M | 053 | 3629 562.0 1548.2
CONV4 | 1121M | 043 | 4152 519.0 1249 8
CONV5 | 74.8M 038 | 4142 3953 954.3
FC6 37.7M 039 | 215.1 195.2 907.4
FC7 16.8M 0.19 | 2002 172.4 861.3
FC8 4.1M 0.09 | 186.0 93.2 501.3
1053 T028.1

Overall | 7244M | 357 | 3047 | i ] 0B

Table 6.2: Performance and Energy Efficiency of running Sparse-AlexNet [[71] on Eyeriss
v2. The results are from post-layout gate-level cycle-accurate simulations at the worst PVT
corner with a batch size of 1 and a clock rate of 200 MHz.
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Latency | Power | Performance Efficiency

Layer #OEMACs | 9" | mW) | (GOPS) (GOPS/W)
CONV1 1.77M 290 | 5124 122.1 2383
CONV2DW | 0.59M 220 | 455.1 53.5 117.6
CONV2PW | 2.10M 429 | 455.1 97.8 214.9
CONV3DW | 029M 119 | 465.1 49.7 106.8
CONV3PW | 2.10M 264 | 756.4 159.0 210.2
CONV4DW | 0.59M 236 | 4545 50.0 110.1
CONV4PW | 4.19M 542 | 8002 154.8 193.5
CONV5DW | 0.15M 6.8 | 4320 43.6 100.9
CONV5PW | 2.10M 29.1 | 829.6 143.9 173.5
CONV6DW | 0.29M 13.4 | 425.6 44.1 103.6
CONV6PW | 4.19M 52.8 | 7445 159.0 213.6
CONVIDW | 0.07M 42 | 3549 34.9 98.4
CONV7PW | 2.10M 308 | 7793 136.2 174.8
CONVSDW | 0.15M 83 | 373.8 35.4 94.6
CONVSPW | 4.19M 532 | 720.1 157.8 219.2
CONVIDW | 0.15M 83 | 362.5 35.4 97.5
CONVIPW | 4.19M 521 | 7215 161.2 223.3
CONVI0DW | 0.15M 83 | 3472 35.4 101.8
CONV10PW | 4.19M 533 | 7049 157.3 223.1
CONVIIDW | 0.15M 83 | 364.0 35.4 97.1
CONVI1PW | 4.19M 529 | 7402 158.6 2143
CONVI2DW | 0.15M 83 | 3587 35.4 98.6
CONVI2PW | 4.19M 535 | 6988 156.9 224.6
CONVI3DW | 0.04M 29 | 3054 25.4 83.2
CONVI3PW | 2.10M 340 | 635.0 123.3 1942
CONVI4DW | 0.07M 56 | 290.7 26.2 90.2
CONVI4PW | 4.19M 61.5 | 606.4 136.5 225.0
FC15 0.51M 205 | 3616 50.0 138.4
126.4 198.5

Overall 49.2M T | 6366 | hecne o | (20208 i)

Table 6.3: Performance and Energy Efficiency of running MobileNet [30] on Eyeriss v2.
The results are from post-layout gate-level cycle-accurate simulations at the worst PVT
corner with a batch size of 1 and a clock rate of 200 MHz.
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e CONVI of AlexNet (Fig. is picked to examine the case when there is no sparsity
in the data. Compared to other layers, the high utilization of the PEs makes the
proportion of the clock network power consumption low. It also has the highest

proportion of MAC power consumption.

e CONV3 of sparse-AlexNet (Fig. is picked since it has the highest energy
efficiency among all layers. The proportion of the clock network power consumption is
higher than that of CONV1 of AlexNet. This is mainly due to the workload imbalance
induced by sparsity, which lowers the utilization of the active PEs. However, judging
from the large proportion of the SPad and MAC power consumption compared to
other components such as PE control logic, the PE is still kept fairly busy and data
reuse is effectively exploited by the SPads, which contributes to the high overall

energy efficiency.

e CONV13 DW CONV layer (Fig. of MobileNet is picked due to its lowest energy
efficiency among all layers. As expected, most of the energy is wasted on the clock
network. Inside the PE, the lack of reuse and not being able to utilize SIMD have also
hurt the energy efficiency, which is evident by the fact that most of the energy is spent

in the control logic instead of the SPads or MAC:s.

e FCS8 of sparse-AlexNet (Fig. [6-7d) is picked to examine the case when sparsity is
high but data reuse is low. This combination makes the architecture more bandwidth-
limited, and therefore the utilization of active PEs becomes low. That is why this
layer has the highest proportion of power consumed by the clock network. The lack
of reuse also makes the proportion of the SPad power consumption low and the NoC
power consumption high. However, thanks to sparsity, the overall energy efficiency of

this layer is still better than CONV1 of AlexNet.

6.6 Comparison of Different Eyeriss Versions

In this section, we compare the Eyeriss v2 architecture with Eyeriss v1 and v1.5 (Chapter[5)

in terms of performance and energy efficiency. Table [6.4] summaries the key specs and
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Eyeriss v1 | Eyeriss v1.5 | Eyeriss v2
Data Bitwidth weight/activation: 8b, psum: 20b
# of PEs 192
# of MACs 192 | 192 | 384
SPad size/PE 0.3kB
Total GBuff Size 180 kB
Clock Rate 200 MHz
Dataflow RS RS+ RS+
NoC Multicast | Hier. Mesh | Hier. Mesh
PE Architecture Dense Dense Sparse
SIMD Support No No Yes

Table 6.4: Key specs of the three Eyeriss variants. For the PE architecture, dense means it
can only clock-gate the cycles with zero data but not skip it, while the sparse means it can
further skip the processing cycles with zero data (Section|[6.3)).

differences of the three Eyeriss variants. Note that we adapt the data bitwidth and storage
capacity of Eyeriss v1 in order to make a fair comparison and show the improvements from

each architectural change. The simulations use the same setup as in Section[6.3]

Fig. [6-8] shows the performance speedup between different versions of Eyeriss on
AlexNet. Note that sparse-AlexNet is also included in the comparison (see green bar).
The result shows that Eyeriss v1.5 significantly speeds up FC layers. This is because the
performance of FC layers is bandwidth-limited in Eyeriss v1. Eyeriss v2, on the contrary,
significantly speeds up the CONV layers over Eyeriss v1.5, while the performance of the
FC layers only shows a marginal improvement. This is because the FC layers are still
bandwidth-limited even with the hierarchical mesh network; therefore, speeding up the
processing with sparsity does not improve the throughput of FC layers as significantly as
in CONV layers. The full potential of Eyeriss v2, however, is fully revealed when coupled
with sparse-AlexNet. The bandwidth requirement of weights is lower in sparse-AlexNet
since it is very sparse, and the CSC compression can effectively reduce the data traffic. As
a result, exploiting sparsity becomes more effective. Overall, Eyeriss v2 achieves 42.5x

performance speedup with sparse-AlexNet over Eyeriss vl with AlexNet.

Fig.[6-9|shows the improvement on energy efficiency. It largely correlates to the speedup
in Fig. since the higher overall utilization of the PEs reduces the proportion of the static

power consumption, e.g., clock network. Overall, Eyeriss v2 with sparse-AlexNet is 11.3 x

130



B v1 & AlexNet 5 v1.5 & AlexNet = v2 & AlexNet = v2 & sparse-AlexNet

30
n
[
E 20
S
=]
B 10
(7]
[= 1
w
0

CONV1 CONV2 CONV3 CONV4 CONV5

(a) CONV Layers of AlexNet

v1 & AlexNet = v1.5 & AlexNet = v2 & AlexNet = v2 & sparse-AlexNet

160
v 120
E
S 80
=5
o
$ 40
o3
w

0

FCé6 FC7 FC8
(b) FC Layers of AlexNet

Figure 6-8: Performance speedup between different Eyeriss variants on AlexNet. Eyeriss
v1 is used as the baseline for all layers. The experiment uses a batch size of 1.

more energy efficient than Eyeriss vl with AlexNet.

Fig. shows the performance speedup between different versions of Eyeriss on
selected layers of MobileNet. As discussed in Chapter[5] the lack of data reuse in MobileNet
results in low performance on Eyeriss vl due to the low-bandwidth NoC, which is why
Eyeriss v1.5 can achieve a significant speedup over vl. However, the speedup of Eyeriss
v2 over v1.5 is a mixed bag. While layers such as CONV1 and the point-wise (PW) layers
can still take advantage of the sparsity in input activations to improve the performance,
the performance of the DW CONYV layers actually goes worse. This is because the CSC
compression does not work when the number of input and output channels are both 1.
Therefore, the sparse PE in Eyeriss v2 does not bring any advantage over the dense PE

in Eyeriss v1.5. Furthermore, the deeper pipeline of the sparse PE actually makes the
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Figure 6-9: Energy efficiency improvement between different Eyeriss variants on AlexNet.
Eyeriss v1 is used as the baseline for all layers. The experiment uses a batch size of 1.

performance slightly worse in the DW CONYV layers. Overall, however, Eyeriss v2 is still

1.9 faster than Eyeriss v1.5, and is 10.9x faster than Eyeriss v1.

Fig. [6-11] shows the improvement on energy efficiency between different versions of
Eyeriss on selected layers of MobileNet. While the energy efficiency of Eyeriss v1.5 is
universally higher than Eyeriss v1 across all layers, it is again a mixed bag going from
Eyeriss v1.5 to v2. Specifically, since the sparse PE does not benefit the processing of the
DW CONYV layers, the extra features in the sparse PE over the dense PE becomes overhead
that reduce the energy efficiency of Eyeriss v2 as discussed in Section [6.5] Overall, Eyeriss
v2 achieves a slightly better energy efficiency than Eyeriss v1.5, and is 1.9 x more energy
efficient than Eyeriss vl on MobileNet. Note that the MobileNet used in this experiment is
not sparse. We expect the performance of Eyeriss v2 will be even better if the MobileNet is

pruned to improve sparsity as in the case of the sparse-AlexNet.
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Figure 6-10: Performance speedup between different Eyeriss variants on MobileNet.
Eyeriss v1 is used as the baseline for all layers. The experiment uses a batch size of 1.
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6.7 Conclusions

Eyeriss v2 is an DNN accelerator architecture that supports the RS+ dataflow and features
the hierarchical mesh network. It further improves the processing throughput and energy
efficiency by exploiting (1) data sparsity in both weights and input activations and (2) SIMD
processing. It can process sparse-AlexNet at 280.1 fps with an energy efficiency of 709.7
inferences/J. For MobileNet, which is a more compact DNN, it can achieve 1285.2 fps at
2020.8 inferences/J. We expect this result to further improve with pruned MobileNet that
introduces more sparsity. Compared with Eyeriss v1, Eyeriss v2 achieves a speedup of
40x and 10 x with 11.3x and 1.9 x higher energy efficiency on AlexNet and MobileNet,

respectively.
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Chapter 7

Conclusions and Future Work

7.1 Summary of Contributions

Research on the architectures for DNN accelerators is becoming popular for its promising
performance and wide applicability. Despite the high volume of related work, this thesis has

made the following unique contributions to the research community:

e Optimizing Dataflow for High Energy Efficiency: While data movement has already

been recognized as the key to efficient processing of DNNs, this thesis is the first one
to describe how to systematically exploit a multi-level storage hierarchy with an
optimized dataflow in the context of a spatial architecture for achieving superior
energy efficiency. Unlike the previous work that commonly applies one-size-fits-all
dataflows regardless of the size and shape of the DNN, we have shown quantitatively
that much better results could be achieved when the dataflow can adapt to the DNN

data structure with the support of a re-configurable architecture.

e Optimizing PE Utilization for High Performance: The bottleneck in processing emerg-

ing DNNGs is the high variation in data reuse, which can lead to reduced processing
throughput due to the low utilization of PEs. This thesis is also the first one to
describe how to systematically improve the processing throughput through in-
creasing both the number of active PEs and the percentage of active cycles for

each PE. Unlike the previous work that commonly uses looser performance bounds,
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such as the peak performance or just the number of active PEs, to assess the hardware
performance, we have quantitatively shown that the actual performance is often much
lower when dealing with a diverse set of DNNs. This also motivates the need for a

more flexible and adaptive architecture for data delivery.

Frameworks for Energy Efficiency and Performance Analysis: The above analyses

are only made possible thanks to our frameworks that can systematically analyze
and evaluate the energy efficiency and performance of different dataflows and
micro-architectural designs working for different shapes and sizes of DNNs.
This should prove valuable for the development of future architectures. The ap-
proach of these frameworks is simple yet general, making it easy to fit into different
architectural setups. In addition, the results are comprehensive, since it takes the
entire system into account, instead of just the processor itself, which helps decision
making during the design stage. The frameworks are also expandable and therefore
future-proof. We expect these frameworks to be used by other researchers to explore
architectural innovations, such as exploiting data compression and network sparsity,

and quickly assess their impact at the system level.

Global Design Optimization: This thesis will be referenced as evidence that neither

minimizing the energy of the processor chip nor the DRAM alone is optimal. Instead,
the evaluation has to consider the whole system at once. In addition, it shows that
optimizing for all types of data (weights, feature maps, and partial sums) is important.
Also, a system that cannot optimize for different shapes and sizes of the network
models will see performance degradation. This knowledge not only helps future work
to set the correct design objectives, but also urges them to consider the comparison
using a set of relevant and complete metrics. We believe this effort can thus have a

significant impact on the development of future architectures.

A Taxonomy of Dataflows: Based on the knowledge learned from our analysis frame-

works, we are able to identify the key differences between previous works that result
in the most impact on energy efficiency and performance. This insight is condensed

into a taxonomy that classifies related work into major categories based on their
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dataflows. This taxonomy is already gaining traction among researchers since it
helps them to compare and contrast different designs despite differences in the
lower-level details. It greatly helps researchers within or even across disciplines to
sift through the vast amount of publications by providing the big picture of the design.
The categorical pros and cons for each dataflow can also be used as guidelines to

improve future architectures.

An Energy-Efficient Dataflow: The Row-Stationary (RS) dataflow implemented in

Eyeriss vl is the first proof-of-concept of a highly adaptive dataflow that optimizes
for the system energy efficiency for deep neural network models. Its high efficiency

is verified by the measurement results on a fabricated test chip.

A Flexible Architecture for Data Delivery: To achieve a high utilization of PEs, we

have proposed a combination of an improved RS+ dataflow and an adaptive hierarchi-
cal mesh NoC. The RS+ dataflow can parallelize the processing in any data dimension,
which ensures a high number of active PEs; the adaptive NoC can provide enough
bandwidth across a wide range of requirements without sacrificing data reuse, which
ensures a high percentage of active cycles for each PE while maintaining high energy

efficiency.

A Milestone Domain-Specific Processor: Eyeriss sets a milestone example of a

domain-specific processor that serves a wide variety of DNNs in one simple de-
sign. It achieves orders of magnitude higher throughput and energy efficiency than
general-purpose processors while still being flexible enough to support a wide range
of state-of-the-art deep neural networks. In addition, the Eyeriss architecture is real-
ized by replicating low-complexity building blocks in a regular layout, which saves

implementation cost.

Overall, this thesis demonstrates the importance of the co-design between the software and

hardware architecture, in which dataflow is an important constituent, for the optimization of

performance, energy efficiency and flexibility for DNN accelerators. Achieving this balance

will open up more opportunities for Al to be applied in real-world applications with energy

and performance constraints.
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7.2 Future Work

As the research of DNNs is still moving at a very fast pace, many opportunities and

challenges still lie ahead for the design of future DNN accelerators:

e More Flexible Energy/Performance Modeling: While we have proposed frameworks
to analyze the energy efficiency and performance of DNN accelerators, oftentimes
the challenge lies in finding the right trade-offs in a large design space. Currently
the search for the optimal design is still a very manual process that requires insights
from experienced designers. Taking into account the fast changing nature of popular
DNN configurations, it is very hard for the designs of hardware architecture to keep
up with how the applications evolve. A tool that can perform more flexible modeling
on the energy and performance for the exploration of a large design space will be very

crucial and is still an active research area.

e Hardware-Friendly DNN Designs: As pointed out above, currently the design of
hardware architectures for DNN processing is still lagging behind the development
of DNNGs. This also creates a gap between what the algorithm designers perceive as
hardware-friendly features and what the hardware architects would like to see being
implemented in emerging DNNs. Research on how to provide instant feedback on the
processing throughput and energy efficiency in the design or training of a DNN will
become invaluable to bridge the gap and yield truly hardware-friendly DNNs. Some

recent work in this direction can be found in [71,/72]].

e Hardware Architecture for Training: This thesis mainly focuses on the inference part
of DNN processing, while training is also an important aspect. Currently, training
is usually done off-line due to its time-consuming nature and the high requirement
on hardware resources. Building high performance and energy efficient hardware for
training that can be applied across various compute platforms will open up even more

opportunities, such as applications that emphasize customization and privacy.

o Generalization to Other Applications: Many design principles discovered and dis-

cussed in this thesis have the potential to be generalized to deal with challenges in
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other fields. For example, many techniques proposed to deal with sparsity in DNNs
can also benefit sparse linear algebra. Graph processing is another blooming area that
can take inspirations from DNN accelerators since dataflow also plays a central role

in its design.
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