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Abstract

Machine-Learning tasks are becoming pervasive in a broad
range of domains, and in a broad range of systems (from
embedded systems to data centers). At the same time, a
small set of machine-learning algorithms (especially Convo-
lutional and Deep Neural Networks, 1.e., CNNs and DNNs)
are proving to be state-of-the-art across many applications.
As architectures evolve towards heterogeneous multi-cores
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

neurons outputs additions) in a small footprint of 3.02 mm?
and 485 mW; compared to a 128-bit 2GHz SIMD proces-
sor, the accelerator is 117.87x faster, and it can reduce the
total energy by 21.08x. The accelerator characteristics are
obtained after layout at 65nm. Such a high throughput in
a small footprint can open up the usage of state-of-the-art
machine-learning algorithms in a broad set of systems and
for a broad set of applications.

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
benchmarks of PARSEC [2], a suite partly introduced to
highlight the emergence of new types of applications, can be
implemented using machine-learning algorithms [4]. This
trend in application comes together with a third and equally
remarkable trend in machine-learning where a small number
of techniques, based on neural networks (especially Convo-
lutional Neural Networks [27] and Deep Neural Networks

Permission to make digital o hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full eitation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, of republish,
to post on servers of o redistribute to lists, requires prior specific permission and/or a
fee. Request permissions from permissions@acm.org,

ASPLOS *14, March 1-5, 2014, Salt Lake City, Utah, USA.

Copyright © 2014 ACM 978-1-4503-2305-5/14/03...$15.00.
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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++;

1388
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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
-}
-}
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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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Awm | MLPUu CNN eWQail Mu(OP

Parameters Settings | Parameters Settings
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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Eyeriss: A Spatial Architecture for Energy-Efficient Dataflow
for Convolutional Neural Networks
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Abstract—Deep convolutional neural networks (CNNs) are

ity comes from the need to simultaneously process hundreds

The large size of such networks poses hoth lhmughput

and energy i to the
lun'dwm Convolutions account for over 90% of the CNN
and i runtime [10]. Although these

of filters and channels in the high.

which involve a significant amount of data movement. Although

Mghly~p.n|]¢lmpnh such as SIMD/SIMT, effec-
ly address the computation requirement to achieve high

mmuﬂpul. energy consumption still remains high as data

movement can be more expensive than computation. Accord-

ingly, finding a dataflow that supports parallel processing with

npenuons can leverage highly-parallel compute p:nd:gms.

such as SIMD/SIMT, may not sca]e

due to the i and the

energy consumption remains high as data movement can be

more expenswe than computation [11-13]. In order to achwvc
fficient CNN i

minimal data movement cost is crucial to energy-

accuracy.
In this paper, we present a novel dataflow, called row-
that data energy con-
wmpdnnonu:pnhlndummmhmlmdbyex-
ploiting local data reuse of filter weights and feature map
phels,l.e. 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

of the different dataflows, we pmpm an analysis h-mevmrk

without

LhmughpuL we need to develop 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 have proposed specialized CNN
on various pl Tudi: 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
does not provide much insight into the relative energy

Ihnlmmp-mmerumundgr same

uﬂn;lhe
CNNcwﬂgunﬂmloiAtheleuthepnpuedls
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 obJect recognition [2-5] and detection [6, 7]

to scene und 18]. These state-of-the-art CNNs [2—
5] are orders of magnitude larger lhan those used in the
1990s [9], iring up to for filter

weight storage and 30k-600k opemuons per input pixel.

of different In this paper, we evaluate
the energy efficiency of various CNN dataflows on a spatial
architecture under the same hardware resource constraints,
ie., area, i ism and Based
on this evaluation, we will propose a novel dataflow that
maximizes energy efficiency for CNN acceleration.
To evaluate energy consumption, we categorize the data
in a spatial i 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

ISSCC 2016 / SESSION 14 / NEXT-GENERATION PROCESSING / 14.5
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Deep learming using convolutional neural networks (CNN) gives stat-of-the-art
acouracy on many computer vision tasks (a.g. object detection, recognition,
segmentation). Convolutions account for over 80% of the pracessing in CNNs
for both inferencefesting and traiing, and fuly convoltional nfworks are
inoreasingly being used. To the-art vith
notonly a larger number o layers, but aiso el her weights, and varying
shapes (i. filter sizes, number of filters, number of channels) as shown inEi.
1451, Forinstance, Alexet [1] ses 2.3 mllllvn weights (4 6MB of storage) and

227227 ima VGG16 (2] uses
147 millon weghts (28,4MB of Storage and requires 15 billon MAGS 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
harduware (spatial array, memory hierarchy and on-chip network) that minimize
data g data reuse and hapes; (2) exploit

supported. Furthermore, the same data value is often needed by multiple PEs,
whose physical location in the array depends on the data type (fiter, image or
partial sum) and layer.

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
Network-on-Chip (NoC) is needed to support address based data delivery.
Hawmr traditional every PE

le delays. A full
o vy PE Col wiork, B Would ConSum enormous pover.

To optimize data movement, it is important to exploit spatial reuse, where a single
buffer read can be used by multiple PEs (i.e. multicast). Eig 1454 shows our
NoC that supports configurable data patterns, and provides an energy-cfficient
multicast to a variable number of PEs within a single-cycle. The NoG comprises
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) o receive. To support igh bandwidih, we use separate input NaCs
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. 145.3 is shown in £ig 14 5.4,

Each i hown in fig. 1455, is a thi i ibl
for nalnummq the inner product of the input image and filter welgmnnr asingle
row of the filer. The sequence of partial sums for the sliding filter window is

ol
data statistis to minimize energy through zeros ki ing to avoid

ons; and data 0 reduce off-chip
memory bandwidth, which is the most expensive data movement.

t shows the top-level architecture and memory hierarchy of the
accelerator. Data movement is optimized by butfering input image data (Img),
filter weights (Fit) and partial sums (Psum) in a shared 108KB SRAM buffer.
which facilitates temporal reuse of loaded data. Image ata 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 array. The spatial array
computes inner products between the image and flter 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 2x. Gonfigurable 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 butfer determine the number of such ‘passes' needed to do the
calculations for a specific layer. Unused PEs are clock gated.

Figure 14.5.3 shows the dataflow within the array for fiter weights, image values
and partial sums. I the filer 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
fod from the buffer into the lft column of the array (ons fler row per PE) and
e fiter weights move from ftto right within the array; (2) image values are fed
into the left column and bottom row of the array (ane image row per PE) and the
image values move up diagonally;(3) partial sums for each output row move up
vertically, and can be read out of the top roviat the end of the compuational pass,
[f the partial sums are used in the next pass, they are fed into the bottom row of
the array from the buffer at the beginning of the next computational pass.

In order to maximize utilization 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 as compared to the purely logical dataflow deseribed above. Cases Il
il 1V, and V in Fig. 14.5.3 illustrate the replication and folding of image values
for various layers of AlexNlet. The same data values are shown in the same color.
Across the six example cases, which include physical mapping of fifter weights,
image values and partial sums onto the fixed-ize spatial array, we See the logical
dataflow patterns translating to myriad physical datafiow patterns that need 1o be

The partial sums for the row are passed on a local lnk to
the neighboring PE (see , where the cross-row partial sums are
computed. Local scraich pads allow for energy-efficient temporal reuse of input
image and fiter weights by recirculating values needed by diferent windows. A
‘partial sum Scrateh pad allows for temporal reuse 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 a 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%, 16.6% and 2.7% of the total
‘powier, respectively. The core and link clocks can scale up to 250MHz and 90MHz,
rspocivly This arabiosus 1o a3 hrodghptof 448 i 117,
145 6 shows ateach layer, includi . power
consumption, PE utilzation, and memory access to highlight the Feduston m
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.
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