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Abstract neurons outputs additions) in a small footprint of 3.02 mm?
and 485 mW; compared to a 128-bit 2GHz SIMD proces-

Machine-Learning tasks are becoming pervasive in a broad . .
sor, the accelerator is 117.87x faster, and it can reduce the

range of domains, and in a broad range of systems (from v
embedded systems to data centers). At the same time, a lclﬁl_ energy by 21.08x. The accelerator :;haraclerlstlcs are
small set of machine-learning algorithms (especially Convo- obtained aﬁer.layout at 65nm. Such a high throughput in
lutional and Deep Neural Networks, 1.e., CNNs and DNNs) a sm:?ll footpqn( can open up the usage of state-of-the-art
are proving to be state-of-the-art across many applications. machine-leaming algolnlh.ms in a broad set of systems and
As architectures evolve towards heterogeneous multi-cores for a broad set of applications.

composed of a mix of cores and accelerators, a machine-

learning accelerator can achieve the rare combination of ef- 1. Introduction

ficiency (due to the small number of target algorithms) and
broad application scope.

Until now, most machine-learning accelerator designs
have focused on efficiently implementing the computa-
tional part of the algorithms. However, recent state-of-the-art
CNNs and DNNs are characterized by their large size. In this
study, we design an accelerator for large-scale CNNs and
DNNs, with a special emphasis on the impact of memory on
accelerator design, performance and energy.

We show that it is possible to design an accelerator with
a high throughput, capable of performing 452 GOP/s (key
NN operations such as synaptic weight multiplications and

As architectures evolve towards heterogeneous multi-cores
composed of a mix of cores and accelerators, designing
accelerators which realize the best possible tradeoff between
flexibility and efficiency is becoming a prominent issue.
The first question is for which category of applications
one should primarily design accelerators ? Together with
the architecture trend towards accelerators, a second si-
multaneous and significant trend in high-performance and
embedded applications is developing: many of the emerg-
ing high-performance and embedded applications, from im-
age/video/audio recognition to automatic translation, busi-
ness analytics, and all forms of robotics rely on machine-
learning technigues. This trend even starts to percolate in
our community where it turns out that about half of the

Permission to make digital or hard copies of all or part of this work for personal or benchmarks of PARSEC [2], a suite partly introduced to
classroom use is granted without fee provided that copies are not made or distributed o= o
for profit or commercial advantage and that copies bear this notice and the full eitation highlight the emergence of new types of applications, can be

on the first page. Copyrights for components of this work owned by others than ACM . i ine-] ine aloorithms .
must be honored. Abstracting with credit is permitted. To copy otherwise, of republish, implemented using machine-learning algorithms [4]. This

1o post on servers or 1o redistribute to lists, requites prior specific permission and/or trend in application comes together with a third and equally
fee. Request permissions from permissions@ac.org remarkable trend in machine-learning where a small number
ASPLOS 14, March 1-5, 2014, Salt Lake City, Utah, USA. . .

of techniques, based on neural networks (especially Convo-

Copyright © 2014 ACM 978-1-4503-2305-5/14/03. .. $15.00.
hup:Afdx doi.org/10.1145/hup://dx.doi org/10.1145/2541940.2541967 lutional Neural Networks [27] and Deep Neural Networks
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for (int nnn = 0; nnn § Nn; nnn += Tnn) { // tiling for output neurons;

for (int iii = 0; iii | Ni; iii += Tii) { // tiling for input neurons;
for (int nn = nnn; nn  nnn + Tnn; nn += Tn) {

for (int n =nn; n j nn + Tn; n++)

sum|[n] = 0;

// — Original code —

for (int n =nn; n < nn + Tn; n++)

for (inti=1i;1 < 11 + Ti; i++)
sum[n] += synapse[n][i] * neuron[i];

for (int n = nn; n < nn + Tn; n++)

neuron[n] = sigmoid(sum[n]);

+}

for (int yy = 0; yy j Nyin; yy +=Ty) {
for (int xx = 0; xx | Nxin; xx +=Tx) {
for (int nnn = 0; nnn | Nn; nnn += Tnn) {
// — Original code — (excluding nn, ii loops)
int yout = 0;
for (inty =yy; y < yy + Ty; y += sy) { /tiling for y;
int xout = 0;
for (int x = xx; X < xx + Tx; X +=sXx) { / tiling for x;
for (int nn = nnn; nn < nnn + Tnn; nn += Tn) {
for (int n = nn; n < nn + Tn; n++)
sum[n] = 0;
// sliding window;
for (int ky = 0; ky < Ky; ky++)
for (int kx = 0; kx < Kx; kx++)
for (int ii = 0; ii < Ni; ii += Ti)
for (int n = nn; n < nn + Th; n++)
for (inti=ii;1 < ii + Ti; i++)
// version with shared kernels
sum[n] += synapse[ky][kx][n][i]
« neuron[ky + y][kx + x][i];
// version with private kernels
sum[n] += synapse[yout][xout][ky][kx][n][i] }
+ neuron[Ky + y][kx + x][i];
for (int n =nn; n < nn + Tn; n++)
neuron[yout][xout][n] = non_linear_transform(sum[n]);
} xout++; } yout++;
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for (int yy = 0; yy j Nyin; yy +=Ty) {
for (int xx = 0; xx | Nxin; xx +=Tx) {
for (int ii1 = 0; 111 | Ni; ii1 += Tii)
// — Original code — (excluding ii loop)
int yout = 0;

7 for (inty =yy; y <yy + Ty; y +=sy) {
ABL" ° P(]:X P l'lJ int xout = 0;
AU o ATDIT T Wu = for (int x = xx; X < xx + TX; X +=s%) {
A ¢ . F,) P :D IA, ! E P for (int ii = 11i; 11 < ii1 + Tii; 11 += Ti)
A P 1"*"Hae nDMA o o for (int i = ii; i < ii + Ti; i++)
| LovQbe v interleaving v "HE ¢ value[i] = 0;
m d’l L e E ¥ n YK\ E V5 A for (int ky = 0; ky < Ky; ky++)

for (int kx = 0; kx < Kx; kx++)
for (inti=1i;1 < il + Ti; i++)
. // version with average pooling;
A 1 A5l K W ()] value[i] += neuron[ky + y][kx + x][i];
// version with max pooling;
value[i] = max(value[i], neuron[ky + y][kx + x][i]);
P}
// for average pooling;
neuron[xout][yout][i] = value[i] / (Kx * Ky);
xout++; } yout++;

S
-}
-}

0ys * NkXy <0



All g &r R& & DianNao

Ax 7 CPU*SIMD NeH»#a- v N WY’

Anaea TP 1 Nek n Hvt A ¥
Aw nd Y|~ DRAM
M Acc/ideal [ SIMD/Acc.
1060 B nBin +NBout M sSB  Memory [l Logic
100 S —
100 > 75
}:: 50
=
10 B 25
o
\3&’5\ po c,o"‘" to“'%o‘“oo‘”‘ ?00\"300\’6

G\.P"l’e 75’% o"‘“l \1“ o“pcp““hod“ﬁ 900"\?00"3?00";0\50"“

<b1>



All ' &r RO & DaDianNao

AMICRO 2014 A n
AMulti -chip™ A A A

A

i
!
|

ez X%

DaDianNao: A Machine-Learning Supercomputer
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Abstract—Many companies are deploying services, either
for consumers or industry, which are largely based on
machine-learning algorithms for sophisticated processing of
large amounts of data. The state-of-the-art and most popular
such ‘hine-learning algorithms are Ci lutional and Deep
Neural Networks (CNNs and DNNs), which are known to be
both computationally and memory intensive. A number of
neural network accelerators have been recently proposed which
can offer high computational capacity/area ratio, but which
remain b d by memory

However, unlike the memory wall faced by processors on
general-purpose workloads, the CNNs and DNNs memory
footprint, while large, is not beyond the capability of the on-
chip storage of a multi-chip system. This property, combined
with the CNN/DNN algorithmic characteristics, can lead to high
internal bandwidth and low external communications, which
can in turn enable high-degree parallelism at a reasonable
area cost. In this article, we introduce a custom multi-chip
‘machine-learning architecture along those lines. We show that,
on a subset of the largest known neural network layers, it
is possible to achieve a speedup of 450.65x over a GPU, and
reduce the energy by 150.31x on average for a 64-chip system.
We implement the node down te the place and route at 28nm,
containing a combination of custom storage and computational
units, with industry-grade interconnects.

1. INTRODUCTION

Machine-Learning algorithms have become ubiquitous in
a very broad range of applications and cloud services;
examples include speech recognition, e.g., Siri or Google
Now, click-through prediction for placing ads [27], face
identification in Apple iPhoto or Google Picasa, robotics
120], pharmaceutical research [9] and so on. It is probably
not exaggerated to say that machine-learning applications are
in the process of displacing scientific computing as the major
driver for high-performance computing. Early symptoms
of this transformation are Intel calling for a refocus on
Recognition, Mining and Synthesis applications in 2005
[14] (which later led to the PARSEC benchmark suite
[3]), with Recognition and Mining largely corresponding
to machine-learning tasks, or IBM developing the Watson
supercomputer, illustrated with the Jeopardy game in 2011

[19].

Remarkably enough, at the same time this profound
shift in applications is occurring, two simultancous, albeit
apparently unrelated, transformations are occurring in the
machine-learning and in the hardware domains. Our com-
munity is well aware of the trend towards heterogeneous
computing where architecture specialization is seen as a
promising path to achieve high performance at low energy
J21], provided we can find ways to reconcile architecture
specialization and flexibility. At the same time, the machine-
learning domain has profoundly evolved since 2006, where a
category of algorithms, called Deep Learning (Convolutional
and Deep Neural Networks), has emerged as state-of-the-art
across a broad range of applications [33], [28], [32], [34]. In
other words, at the time where architects need to find a good
tradeoff between flexibility and efficiency, it turns out that
just one category of algorithms can be used to implement a
broad range of applications. In other words, there is a fairly
unique opportunity to design highly specialized, and thus
highly efficient, hardware which will benefit many of these
emerging high-performance applications.

A few research groups have started to take advantage of
this special context to design accelerators meant to be inte-
grated into heterogeneous multi-cores. Temam [47] proposed
a neural network accelerator for multi-layer perceptrons,
though it is not a deep learning neural network, Esmaeilzade-
h et al_[16] propose to use a hardware neural network
called NPU for approximating any program function, though
not specifically for machine-learning applications, Chen et
al. [5] proposed an accelerator for Deep Learning (CNNs
and DNNs). However, all these accelerators have significant
neural network size limitations: either small neural networks
of a few tens of can be d. or the
and synapses (i.e., weights of connections between neurons)
intermediate values have to be stored in main memory. These
two limitations are severe, respectively from a machine-
learning or a hardware perspective.

From a machine-learning perspective, there is a significant
trend towards increasingly large neural networks. The recent
work of Krizhevsky et al_[32] achieved state-of-the-art
accuracy on the ImageNet database [13] with “only” 60
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Frequency 606MHz | tile eDRAM latency ~3 cycles
# of tiles 16 | central eDRAM size 4MB
# of 16-bit multipliers/tile 256432 | central eDRAM latency ~10 cycles
# of 16-bit adders/tile 256+32 | Link bandwidth 6.4x4GB/s
tile eEDRAM sizeltile 2MB | Link latency 80ns

Table II1: Architecture characteristics.
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Since different layers have diferent shapes and hence different mappings, a
design-time fixed interconnect topology will not work. Every PE can potentially
be a destination for a piece of data in some particular configuration, and so a

Accelerator for Deep Convolutional
Massachusetts Institute of Technology, Cambridge, MA, Network-on-Chip (NoC) is needed to support address based data delivery.
“Nvidia, Westford, MA Howexer,tradtional NoG design sat every PE o but i Neural Networks

10 one or multiple result le delays. A
Deep learning using convolutional neural natworks (GNN) gives state-of-the-art 1o every PE could work, but would consume enormous power.

acouracy on many computer vision tasks (e.g. objest detection, recognition,

segmentation). Convolutions account for over 30% of the processing in CNNs  To optimize data movement, itis important to exploit spatial reuse, where a single
for both inference/testing and training, and fully convolutional networks are  buffer read can be used by muttiple PEs (i.e. multicast). Eig 1454 shows our
increasingly being used. To achieve state-of-the-art accuracy requires CNNs with  No that supports configurable data patterns, and provides an energy-efficient
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Abstract—Deep convolutional neural networks (CNNs) are
widely used in modern Al systems for their superior accuracy
but at the cost of high computational complexity. The complex-
ity comes from the need to simultaneously process hundreds

The large size of such networks poses both throughput
and energy efficiency challenges to the underlying processing
hardwam Convoluuons account for over 90% of the CNN

and runtime [10]. Although these

of filters and channels in the high
which involve a significant amount of data movement. Although
highly-parallel compute paradigms, such as SIMD/SIMT, effec-
tively address the computation requirement to achieve high
throughput, energy consumption still remains high as data
movement can be more expensive than computation. Accord-
ingly, finding a dataflow that supports parallel processing with
minimal data movement cost is crucial to achieving energy-
efficient CNN processing without compromising accuracy.

ln this paper, we pmenl a novel dataflow, called row-

v (RS), that data energy con-

sumption on a spatial architecture. This is realized by ex-
yloiung local d-u reuse of filter wduhu and feature map
pixels, i. in the high:
and minimizing data movement of partial sum accumulations.
Unlike dataflows used in existing designs, which only reduce
certain types of data movement, the proposed RS dataflow
can adapt to different CNN shape configurations and reduces
all types of data movement th maximally utilizing the
processing engine (PE) local storage, direct inter-PE communi-
cation and spatial parallelism. To evaluate the energy efficiency
of the different dataflows, we propose an analysis framework
that compares energy cost under the same area

operations can lcvemg.e highly-parallel compute pamdngms
such as SIMD/SIMT, may not scale di
due to the p g bandwidth requil and the
energy consumption remains high as data movement can be
more cxpc e than computation [11-13]. In order to :n.hu.vc
ient CNN ing without p
lhmughplll we need to develnp dataflows that support parallel
processing with minimal data movement. The differences
in data movement energy cost based on where the data is
stored also needs to be accounted for. For instance, fetching
data from off-chip DRAMs costs orders of magnitude more
energy than from on-chip storage [11, 12].
Many previous papers haw pmpmed <pec|ahmd CNN
on various p GPU [14],
FPGA [15221], and ASIC [22-26]. However, due to dif-
ferences in technology, hardware resources and system
setup, a direct comparison between different implementations
doc) not provide much insight into the relative energy

and processing parallelism constraints. Experiments using the
CNN configurations of AlexNet show that the proposed RS
dataflow is more energy efficient than existing dataflows in
both convolutional (1.4x to 2.5x) and fully-connected layers
(at least 1.3x for batch size larger than 16). The RS dataflow
has also been demonstrated on a fabricated chip, which verifies
our energy analysis.

I. INTRODUCTION

The recent popularity of deep learning [1], specifically
deep convolutional neural networks (CNNs), can be attributed
to its ability to achieve unprecedented accuracy for tasks
ranging from uhjcu recognition [2-5] and detection [6, 7]
to scene und [8]. These state-of-the-art CNNs [2—
5] are orders of magnitude larger than those used in the
1990s [9], requiring up to hundreds of megabytes for filter
weight storage and 30k-600k operations per input pixel.

y of different In this paper, we evaluate
the energy efficiency of various CNN dataflows on a spatial
architecture under lhu same Iumlu are resource constraints,
i.e., area, and technol Based
on this evaluz we will propose a novel dataflow that
maximizes energy efficiency for CNN acceleration.

To evaluate energy consumption, we categorize the data
in a spatial archi into several levels of
hierarchy according to their energy cost, and then analyze
each dataflow to assess the data movement at each level.
This analysis framework provides insights into how each
dataflow exploits different types of data movement using
various architecture resources. It also offers a quantifiable
way to examine the differences in energy efficiency between
different dataflows.
Previously proposed dataflows typically optimize a certain
type of data movement, such as input data reuse or partial

notonly alarger number of layers, but also millions of filters weights, and varying  multicast to a variable number of PEs within a single-cycle. The NoG comprises

shapes (i filer sizes, number of filers, number of channels) as shown in Eig

i1 Forinlnce, Ao 1] ses 2.3 o vttt (463l storage) nd

74227 image ( . VGG16 [2] uses

14.7 millon weights (29.4ME of storage) and requires 15.3 bilion MACs per

224224 image (306KMACs/pixel). The large number of fiter weights and

channels results in substantial data movement, which consumes significant
energy.

Existing accelerators do not support the configurability necessary to efficiently
support large CNNS with different shapes [3), and using mobile GPUS can be
expensive [4]. This paper describes an accelerator that can deliver state-of-the-
art accuracy with minimum energy consumption in the system (including DRAM)
in real-time, by using two key methods: (1) efficient datafiow and supporting
hardware (spatial array, memory hierarchy and on-chip network) that minimize
data movement by explolting data reuse and supportdifferent shapes; (2) exploit

one Global Y bus, and 12 Global X buses (one per row). Each PE is configured
with a (row, cal) ID at the beginning of processing viaa scan chain. Multicast to
any subset of PEs is achicuad by assigning the same ID to multiple PEs. Data
from the bufer is tagged with th target PEs’ (row, col) ID, and multicast
controlles at the input of oach X bus and each PE deliver data only to those X
buses and PEs, respectively, that match the target ID to avoid unnecessary
switching, Data s sent on the buses only if altarget PEs are ready (.2, have an
‘emply buffer) to receive. To support high bandwidth, we use separate input NeCs
for filter, image, and partial sums. Th partal sum NoC has a separate set of
output links o the buffer to write the final partial sums. The NoC data delivery for
four of the cases from Fig. 1453 is shown in

Each processing engine, shown in £ig 1455, is a three-stage pipeline responsible
for calculating the inner product of the input image and fitter weights for a single
vow of the filter. The sequence of partial sums for the sliding filter window is

data statistics m minimize energy mmugn 28108 1o avoid
and 1o reduce off-chip
memory nandwwmm which is the most expenswe Gata movement.

shows the top-level architecture and memory hierarchy of the
accelerator. Data movement is optimized by butfering input image data (Img),
filter weights (Filt) and partial sums (Psum) in a shared 108KB SRAM bufter,
which facilitates temporal reuse of loaded data. Image data and filter weights are
tead from DRAM to the buffer and streamed into the spatial computation array
allowing for overlap of memory traffic and computation. The streaming and reuse
allows the system to achieve high computational efficiency even when running
the memory link at a lower clock frequency than the spatial aray. The spatial array
computes inner products between the image and filter weights, generating partial
Sums that are returned from the array 10 the buffer and then, optionally rectified
(ReLU) and compressed, to the DRAM. Run-length-based compression reduces
the average image bandwidth by 2«. Configurable support for image and filter
sizes that do not fit completely into the Spatial array is achieved by saving partial
sums in the buffer and later restoring them to the spatial rray. The sizes of the
spatial array and buffer determine the number of such ‘passes' needed to do the
calculations for a specific layer. Unused PEs are clock gated.

Figure 1453 shows the dataflow withinthe array for fiter weights, image values
and partial sums. Ifthe filter height (R) equals the number of rows in the array
(in our case 12), the logical dataflow would be as follows: (1) filter weights are
fed from the buffer into the left column of the array {one filer row per PE) and
the filter weights move from left to right within the array; (2) image values are fed
into the left column and bottom row of the array one image row per PE and the
image values move up diaganally; (3) partial sums for each output row move up
vertically, and can be read out of the top row at the end of the computational pass.
Ifthe partial sums are used in the next pass, they are fed nto the bottom row of
the array from the buffer at the beginning of the next computational pass.

In order to maximize uilization of a fixed-size array for different shapes, the
mapping may require either folding or replication if the shape size s larger or
smaller than the array dimension, respectively. Replication results in increased
throughput d to the purely logical above. Cases I,
il 1V, and V in Fig. 14.5.3 illustrate the replication and folding of image values
for various layers of Alexllet. The same data values are shown in the same color.
Across the six example cases, which include physical mapping of fiter weights,
image values and partial sums onto the fixed-size spatial array, we see the logical
dataflow patterns translating to myriad physical dataflow patterns that need to be

The partial sums for the row are passed on a local link to
the neighboring PE (see where the cross-row partial sums are
computed. Local scratch pads allow for energy-effcient tamporal reuse of input
image and filter weights by recirculating values needed by ditterent windows. A
partial sum scrateh pad allows for temporal euse of partial sums being generated
for different images andor channels and filters. Data gating is achieved by
recording the input image values of 2ero ina ‘2ero buffer' and skipping flter reads
and computation for those values resulting in  45% power savings in the PE.

“The test chip is implemented in 85nm CMOS. It operates at 200MHz core clock
and 60MHz link clock, which results in a frame rate of 34.7fps on the five
convolutional layers in Alextiet and a measured power of 278mW at 1V. The PE
array, NoC and on-chip buffer consume 77.8%, 15.6% and 2.7% of the total
povier, respectively. The core and lnk clocks can scale up to 250MHz and S0MHz,
respectively. This enables us to achieve a throughput of 44.81ps at 1.17V. Elg.

1456 shows ateach layer, ratio, power

consumption, PE utilization, and memory access to highlight the reduction in
DRAM bandwidth, efficiency of the reconfigurable mapping and reduced data
access due to data reuse, respectively. A die photo of the chip and the range of
the shapes it can support natively are Shown in £ig 1457,
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Abstract—Eyeriss is an accelerator for state-of-the-art deep
neural networks (CNNs). It opt for the energy
efficiency of the entire system, including the accelerator chip
DRAM, for various CNN shapes by reconfiguring
the architecture. CNNs are widely used in modern AI systems
but also bring challenges on throughput and energy efficiency
to the underlying hardware, This is because its computation
requires a large amount of data, creating significant data
movement from on-chip and off-chip that is more energy-
ing than it linimizing d: t energy
cost for any CNN shape, therefore, is the key to high throughput
and energy efficiency. Eyeriss achieves these goals by using a
proposed processing dataflow, called row stationary (RS), on a
spatial architecture with 168 processing elements. RS dataflow
reconfigures the computation mapping of a given shape, which
optimizes energy efficiency by maximally reusing data locally
to reduce expensive data movement, such as DRAM accesses.
Compression and data gating are also applied to further improve
energy efficiency. Eyeriss processes the convolutional layers
at 35 frames/s and 0.0029 DRAM access/multiply and accumula-
tion (MAC) for AlexNet at 278 mW (batch size N = 4), and
0.7 frames/s and 0.0035 DRAM accesyMAC for VGG-16
at 236 mW (N =3).

Index  Terms—Convolutional neural networks ~ (CNN),
fHicient

processing of CNNs has to not only provide high parallelism
for high throughput but also optimize for the data movement of
the entire system in order to achieve high energy efficiency.
In addition, this optimization needs to adapt to the varying
shapes of the high-dimensional convolutions in CNN.

To address these challenges, it is crucial to design a compute
scheme, called a dataflow, that can support a highly parallel
compute paradigm while optimizing the energy cost of data
movement from both on-chip and off-chip. The cost of data
movement is reduced by exploiting data reuse in a multilevel
memory hierarchy, and the hardware needs to be reconfig-
urable to support different shapes. To further improve energy
efficiency, data statistics can also be exploited. Specifically,
CNN data contains many zeros. Techniques such as compres-
sion and data adaptive processing can be applied to save both
memory bandwidth and processing power.

Previous work has proposed hardware designs for CNN
acceleration [12]-[22], However, most of them only have
simulation results that are not verified by the measured results
from fabricated chips; implementations using FPGA also do
not reveal the actual throughput and energy efficiency of the

dataflow cep learning, energy
spatial architecture,

L. INTRODUCTION

EEP learning using convolutional neural networks

(CNNs) [1] has achieved unprecedented accuracy on
many modem Al applications [2]-[9]. However, state-of-the-
art CNNs require tens to hundreds of megabytes of para-
meters on billions of operations in a single inference pass,
creating significant data movement from on-chip and off-
chip to support the computation. Since data movement can
be more energy-consuming than computation [10], [11], the
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. A few efforts have demonstrated the measurement
results of fabricated chips . However, these works
do not benchmark their implementations using widely used
publicly available state-of-the-art CNNs, which is critical to
the hardware evaluation. Specifically, Park et al. [23] propose
a deep-learning processor for running both training and infer-
ence using an MIMD architecture, which was tested on a cus-
tom four-layer network using 5 x 5 filters. Cavigelli et al. [24]
present a CNN accelerator for inference that is tested on a four-
layer CNN using 7 x 7 filters. Sim et al. [23] demonstrate a
CNN processor and only report the theoretical peak throughput
along with the power measured on a CNN for the MNIST
data set [26], which has storage and computation requirements
that are orders of lower than the
CNNs. With the exception of [24], these works did not report
the required DRAM bandwidth for the proposed compute
schemes. It is not sufficient to look at the processor power
alone, since DRAM access is one of the most important factors
dictating the system energy efficiency.

In this paper, we have implemented and fabricated a CNN
accelerator, called Eyeriss, that can support high through-
put CNN inference and optimizes for the energy efficiency
of the entire system, including the accelerator chip and
off-chip DRAM. It is also reconfigurable to handle different

00139200 © 2016 IEEE. Personal use is permitied, but leuthxuun/xcdnlnhuuun requires IEEE permission,
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il for more information.
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