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Abstract—A recent trend in deep neural network (DNN)
development is to extend the reach of deep learning applications
to platforms that are more resource and energy constrained, e.g.,
mobile devices. These endeavors aim to reduce the DNN model
size and improve the hardware processing efficiency, and have
resulted in DNNs that are much more compact in their structures
and/or have high data sparsity. These compact or sparse models
are different from the traditional large ones in that there is
much more variation in their layer shapes and sizes, and often
require specialized hardware to exploit sparsity for performance
improvement. Therefore, many DNN accelerators designed for
large DNNs do not perform well on these models. In this work,
we present Eyeriss v2, a DNN accelerator architecture designed
for running compact and sparse DNNs. To deal with the widely
varying layer shapes and sizes, it introduces a highly flexible
on-chip network, called hierarchical mesh, that can adapt to the
different amounts of data reuse and bandwidth requirements
of different data types, which improves the utilization of the
computation resources. Furthermore, Eyeriss v2 can process
sparse data directly in the compressed domain for both weights
and activations, and therefore is able to improve both processing
speed and energy efficiency with sparse models. Overall, with
sparse MobileNet, Eyeriss v2 in a 65nm CMOS process achieves
a throughput of 1470.6 inferences/sec and 2560.3 inferences/J at
a batch size of 1, which is 12.6x faster and 2.5x more energy
efficient than the original Eyeriss running MobileNet.

Index Terms—Deep Neural Network Accelerators, Deep Learn-
ing, Energy-Efficient Accelerators, Dataflow Processing, Spatial
Architecture

I. INTRODUCTION

The development of deep neural networks (DNNs) has
shown tremendous progress in improving accuracy over the
past few years [1]. In addition, there has been an increas-
ing effort to reduce the computational complexity of DNNs,
particularly for those targeted at mobile devices [2]. Various
different techniques have been widely explored in the de-
sign of DNN models including reduced precision of weights
and activations [3-8], compact network architectures [9-11]
(i.e., compact DNNs), and increasing sparsity in the filter
weights [12-14] (i.e., sparse DNNs). While these approaches
provide theoretical reductions in the size and number of
operations and storage cost, specialized hardware is often
necessary to translate these theoretical benefits into measurable
improvements in energy efficiency and processing speed.

Support for reduced precision has been demonstrated in
recent hardware implementations, including Envision [15],
Thinker [16], UNPU [17], Loom [18], and Stripes [19]. These
works have shown various methods that efficiently translate
reduced bitwidth from 16-bits down to 1-bit into both energy
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Fig. 1. Various filter decomposition approaches [10, 26, 28].

savings and increase in processing speed. Specialized hard-
ware for binary networks have also been widely explored [20-
24]. In this work, we focus on complementary approaches
that have been less explored, specifically the support for
diverse filter shapes for compact DNNs, as well as support for
processing in the compressed domain for sparse DNNs. While
compact and sparse DNNs have fewer operations and weights,
they also introduce new challenges in hardware design for
DNN acceleration.

A. Challenges for Compact DNNs

The trend for compact networks is evident in how the
iconic DNNs have evolved over time. Early models, such
as AlexNet [25] and VGG [26], are now considered large
and over-parameterized. Techniques such as using deeper
but narrower network structures and bottleneck layers were
proposed to pursue higher accuracy while restricting the size
of the DNN (e.g., GoogleNet [9] and ResNet [27]). This
quest further continued with a focus on drastically reducing the
amount of computation, specifically the number of multiply-
and-accumulates (MACs), and the storage cost, specifically the
number of weights. Techniques such as filter decomposition as
shown in Fig. 1 have since become popular for building com-
pact DNNs targeted at mobile devices (e.g., SqueezeNet [11]
and MobileNet [10]). This evolution has resulted in a more
diverse set of DNNs with widely varying shapes and sizes.
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TABLE I
REASONS FOR DIMINISHING DATA DIMENSIONS IN A DNN LAYER.

One effect of compact DNNs is that any data dimension
in a DNN layer can diminish. In addition, due to latency
constraints, it is increasingly desirable to run DNNs at smaller
batch sizes (i.e., smaller /N). Table I summarizes the data
dimensions that are used to describe a DNN layer and the
common reasons for each dimension to diminish. This suggests
that less assumptions can be made on the dimensions of a DNN
layer.

For hardware designers, widely varying DNN layer shapes,
especially diminishing dimensions, is challenging as they
result in changes in a key property of DNNs: data reuse, which
is the number of MACs that use the same piece of data, i.e.,
MACs/data. Most DNN accelerators rely on data reuse as a
means to improve efficiency. The amount of data reuse for each
of the three data types in a DNN layer, i.e., input activations
(iacts), weights and partial sums (psums), is a function of the
layer shape and size. For example, the amount of iact reuse is
proportional to the number of output channels as well as the
filter size in a layer. Therefore, diminished data dimensions
suggest that it is more difficult to exploit data reuse from any
specific dimension.

Fig. 2 shows that the variation in data reuse increases in
all data types in more recent DNNs, and the amount of reuse
also decreases in iacts and psums. This variation and overall
reduction in data reuse makes the design of DNN accelerators
more challenging in two ways.

1) Array Utilization: Many existing DNN accelerators [15—
17, 29-32] rely on a set of pre-selected data dimensions to
exploit both high parallelism across an array of processing
elements (PEs) for high performance and data reuse for high
energy efficiency. For instance, Fig. 3 shows two designs that
are commonly used. A spatial accumulation array architecture
(Fig. 3a), which is often used for a weight-stationary dataflow,
relies on both output and input channels to map the operations
spatially onto the PE array to exploit parallelism. At the same
time, each iact can be reused across the PE array vertically
with weights from different output channels, while psums from
the PEs in the same row can be further accumulated spatially
together before written back to the global buffer. Similarly, a
temporal accumulation array architecture (Fig. 3b), which is
often used for a output-stationary dataflow, relies on another
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Fig. 3. Two common DNN accelerator designs: (a) Spatial accumulation
array [29-32]: iacts are reused vertically and psums are accumulated hori-
zontally. (b) Temporal accumulation array [15-17]: iacts are reused vertically
and weights are reused horizontally.

set of data dimensions to achieve high compute parallelism. In
this case, each iact is still reused vertically across different PEs
in the same column, while each weight is reused horizontally
across PEs in the same row.

When the set of pre-selected data dimensions diminish due
to a change in DNN shapes and sizes, e.g., the number of
output channels in a layer (M) is less than the height of the PE
array, efficiency decreases. Specifically, these spatial mapping
constraints result in both reduced array utilization (i.e., fewer
PEs are used) as well as lower energy efficiency. Furthermore,
these inefficiencies are magnified as the size of the PE array
is scaled up, because the diminished dimension is even more
likely to be unable to fill the array. For example, as shown in
Fig. 4, the aforementioned spatial and temporal accumulation
arrays will find it difficult to fully utilize the array due to
the lack of input and output channels in the depth-wise (DW)
layers in MobileNet. In contrast, Eyeriss [33] can still achieve
high array utilization under such circumstances by mapping
the independent channel groups onto different part of the PE
array due to the flexibility of its Row-Stationary (RS) dataflow.

2) PE Utilization: A lower data reuse also implies that a
higher data bandwidth is required to keep the PEs busy. If the
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Fig. 4. Array utilization of different architectures for depth-wise (DW) layers
in MobileNet. The colored blocks are the utilized part of the PE array. For
Eyeriss [33], the different colors denote the parts that run different channel
groups (G). Please refer to Table I for the meaning of the variables.

on-chip network (NoC) for data delivery to the PEs is designed
for high spatial reuse scenarios, e.g., a broadcast network,
the insufficient bandwidth can lead to reduced utilization of
the PEs (i.e., increased stall cycles), which further reduces
accelerator performance. For instance, even though Eyeriss can
better utilize the array as shown in Fig. 4, its broadcast NoC
(which supports multicast) is not going to provide adequate
bandwidth to support high throughput processing at high
parallelism, thus the performance will still suffer. However,
if the NoC is optimized for high bandwidth scenarios, e.g.,
many unicast networks, it may not be able to take advantage
of data reuse when available.

An additional challenge lies in the fact that all DNNs
that the hardware needs to run will not be known at design
time [34]; as a result, the hardware has to be flexible enough
to efficiently support a wide range of DNNs. To build a truly
flexible DNN accelerator, the new challenge is to design an
architecture that can accommodate a wide range of shapes and
sizes of DNN layers. In other words, the data has to be flexibly
mapped spatially according to the specific shape and size of
the layer, instead of with a set of pre-selected dimensions, in
order to maximize the utilization of the PE array. Also, the data
delivery NoC has to be able to provide high bandwidth when
data reuse is low while still being able to exploit data reuse
with high parallelism when the opportunity presents itself.

B. Challenges for Sparse DNNs

Sparse activations naturally occur in DNNs for several
reasons. One is that many DNNs use the rectified linear unit
(ReLU) as the activation function, which sets negative values
to zero; this sparsity tends to increase in deeper layers and can
go above 90%. Another increasingly important reason is that
many popular DNNs are in the form of autoencoders [35-37]
or generative adversarial networks (GAN) [38], which contain
decoder layers that use zero insertion to up-sample the input
feature maps, resulting in over 75% zeros.

There has also been a significant amount of work to make
the weights in a DNN sparse. Various metrics are used to
decide which weights to prune (i.e., set to zero), including
saliency [12], magnitude [13], and energy consumption [14].
These pruned networks have weight sparsity of up to 90%.

Sparsity in weights and activations can be translated into
improved energy efficiency and processing speed in two ways:
(1) The MAC computation can be either gated or skipped; the

former reduces energy while the latter reduces both energy and
cycles. (2) The weights and activations can be compressed to
reduce the amount of storage and data movement; the former
reduces energy while the latter reduces both energy and cycles.
However, it is quite challenging to design DNN accelerators
that can actually harness these benefits from sparsity due to
the following reasons:

1) Irregular Accesses Patterns: Computation gating can
effectively translate sparsity in both weights and activations
into energy savings, and its implementation can be realized at
a low cost by recognizing if either the weight or activation is
zero and gating the datapath switching and memory accesses
accordingly. For example, Eyeriss has demonstrated gating for
sparse activations.

To improve throughput in addition to saving energy con-
sumption, it is desirable to skip the cycles of processing MACs
that have zero weights or iacts. However, this requires more
complex read logic as it must find the next non-zero value
to read without wasting cycles reading zeros. A natural way
to address this issue is to keep the weights and iacts in a
compressed format that can indicate the location of the next
non-zero relative to the current one. However, compressed
formats tend to be of variable length and thus must be accessed
sequentially. This makes it difficult to divide up the com-
pressed data for parallel processing across PEs without com-
promising compression efficiency. Furthermore, this presents
a challenge if sparsity in both weights and activation must be
simultaneously recognized, as it is difficult to ‘jump ahead’
(e.g., skip non-zero weights when the corresponding iact is
zero) for many of the most efficient compression formats; the
irregularity introduced by jumping ahead also prevents the use
of pre-fetching as a means of improving throughput. Thus,
the control logic to process the compressed data can be quite
complex and adds overhead to the PEs.

Accordingly, there has been limited hardware in this space.
Cnvlutin [39] only supports skipping cycles for activations
and does not compress the weights, while Cambricon-X [40]
does not keep activations in compressed form. Due to the
complexity of the logic to skip cycles for both weights and
activations, existing hardware for sparse processing is typically
limited to a specific layer type. For instance, EIE targets fully-
connected (FC) layers [41], while SCNN targets convolutional
(CONV) layers [42].

2) Workload Imbalance and PE Utilization: With compu-
tation skipping for sparse data, the amount of work to be
performed at each PE now depends on sparsity. Since the
number of non-zero values varies across different layers, data
types, or even regions within the same filter or feature map,
it creates an imbalanced workload across different PEs and
the throughput of the entire DNN accelerator will be bounded
by the PE that has the most non-zero MACs. This leads to a
decrease in PE utilization.

C. Contributions of This Work

To address these challenges, we present Eyeriss v2, a
flexible architecture for DNN processing that can adapt to a
wide range of filter shapes and sizes used in compact DNNs



such as MobileNet. This is achieved through the design of a
highly flexible on-chip network (NoC), which is currently the
bottleneck for dealing with a more diverse set of DNNs. In
addition, Eyeriss v2 also supports sparse DNNs by exploiting
the sparsity in the weights and activations across a variety of
DNN layers and translates them into improvements in both
energy efficiency and processing speed. Finally, similar to the
original Eyeriss, Eyeriss v2 does not make any assumption
about whether the total storage capacity required by a DNN
layer can fit on-chip or not; instead, it optimizes the way to
tile data of different types to achieve high on-chip reuse and
energy efficiency. In summary, the contributions of this paper
include:

« A novel NoC, called hierarchical mesh, that is designed to
adapt to a wide range of bandwidth requirements. When
data reuse is low, it can provide high bandwidth (via
unicast) from the memory hierarchy to keep the PEs busy;
when data reuse is high, it can still exploit spatial data
reuse (via multicast or broadcast) to achieve high energy
efficiency. For a compact DNN such as MobileNet, the
hierarchical mesh increases the throughput by 5.6 and
energy efficiency by 1.8x. (Section III)

o A PE that exploits the sparsity in weights and activations
to achieve improved throughput and energy efficiency
across a variety of DNN layers. Data is kept in com-
pressed sparse column (CSC) format for both on-chip
processing and off-chip access to reduce storage and data
movement costs. Mapping of the weights to a PE is
performed by taking the sparsity into account to increase
reuse within PE, and can therefore reduce the impact of
workload imbalance. Overall, exploiting sparsity results
in an additional 1.2x and 1.3 x improvement in through-
put and energy efficiency, respectively, for MobileNet.
(Section IV)

o A flexible accelerator, Eyeriss v2, that combines the
above contributions to efficiently support both compact
and sparse DNNs. Eyeriss v2 running sparse MobileNet
is 12.6x faster and 2.5x more energy efficient than
the original Eyeriss (scaled to the same number of
PEs and storage capacity as Eyeriss v2), i.e., Eyeriss
vl, running MobileNet (49.2M MACs). Eyeriss v2 is
also 42.5x faster and 11.3x more energy efficient with
sparse AlexNet compared to Eyeriss vl running AlexNet
(724.4M MAC:s). Finally, Eyeriss v2 running sparse Mo-
bileNet is 225.1x faster and 42.0 x more energy efficient
than Eyeriss vl running AlexNet. It is evident that
supporting sparse and compact DNNs have a significant
impact on speed and energy consumption. (Section V)

II. ARCHITECTURE OVERVIEW

Fig. 5 shows a comparison between the original Eyeriss [33]
and the Eyeriss v2 architecture. Similar to the original Eyeriss
architecture, Eyeriss v2 is composed of an array of processing
elements (PE), where each PE contains logic to compute
multiply-and-accumulate (MAC) and local scratch pad (SPad)
memory to exploit data reuse, and global buffers (GLB), which
serve an additional level of memory hierarchy between the PEs
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Fig. 5. Comparison of the architecture of original Eyeriss and Eyeriss v2.
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and the off-chip DRAM. Therefore, both the original Eyeriss
and Eyeriss v2 have a two-level memory hierarchy. The main
difference is that Eyeriss v2 uses a hierarchical structure,
where the PEs and GLBs are grouped into clusters in order
to support a flexible on-chip network (NoC) that connects the
GLBs to the PEs at low cost; in contrast, the original Eyeriss
used a flat multicast NoC between the GLB and PEs. As with
the original Eyeriss, Eyeriss v2 uses separate NoCs to transfer
each of the three data types, i.e., input activation (iact), weight,
and partial sums (psums), between the GLBs and PEs, with
each NoC tailored for the corresponding dataflow of that data
type. Details of the NoC are described in Section III.

Fig. 6 shows the top-level architecture of Eyeriss v2 and
Table II summarizes the components in the architecture. It
consists of 16 PE clusters and 16 GLB clusters arranged in
an 8x2 array. Each PE cluster contains 12 PEs arranged in
a 3x4 array. Each GLB cluster has a capacity of 12 KB and
consists of SRAMs that are banked for different data types:
iacts have three banks, each of which is 1.5 kB, and psums
have four banks, each of which is 1.875 kB.

A hierarchical NoC is used to connect the PEs and GLBs:
the PE and GLB clusters are connected through 2D mesh
on-chip networks that consist of router clusters. Within each
router cluster, there are 3, 3, and 4 routers for iact, weight
and psum, respectively. Between the PE cluster and the router
cluster, an all-to-all NoC is used to connect all the PEs to the
routers for each data type. Between the GLB cluster and the
router cluster, each router is paired with a specific port of the
GLB cluster, which can read from and write to one SRAM
bank or off-chip I/O. Therefore, data from either off-chip or a



# of Components

82 PE clusters

8x2 GLB clusters

8% 2 router clusters

3x4 PEs

3% 1.5 kB SRAM banks for iacts
4x%1.875 kB SRAM banks for psums

3 iact routers (4 src/dst ports, 24b/port)

3 weight routers (2 src/dst ports, 24b/port)
4 psum routers (3 src/dst ports, 40b/port)

TABLE II
EYERISS V2 ARCHITECTURE HIERARCHY.

Hierarchy

Cluster Array

PE cluster
GLB cluster

router cluster

GLB cluster first goes into the router cluster, and then can be
unicast to the local PE cluster, multicast to PE clusters on the
same row or column in the mesh network, or broadcast to all
PE clusters. The decision is based on the shape and size of the
DNN layer and the processing dataflow. The design motivation
and implementation details of this hierarchical mesh network
and the dataflow are described in Section III.

The data movement through the two-level memory hierarchy
on Eyeriss v2 is as follows:

o iacts are read from off-chip into the GLB cluster, where
they can be stored into the GLB memory or get passed
directly to the router cluster depending on the configura-
tion.

o psums are always stored in the GLB memory once they
get out of the PE cluster. The final output activations skip
the GLB cluster and go directly off-chip.

o weights are not stored in GLB and get passed to the router
clusters and eventually stored in the SPads in each PE
directly.

Eyeriss v2 adopts the Row-Stationary (RS) dataflow [43] used
in the original Eyeriss, and further explores tiling the MAC
operations spatially across PEs through any layer dimension,
including the channel group dimension (G in Table I). This
is especially important for layers such as the depth-wise
(DW) CONV layers in MobileNet, which lacks the input and
output channels that are commonly used for spatial tiling and
therefore greatly improves the array utilization.

Each PE contains multiply-and-accumulate (MAC) datap-
aths designed to process 8-bit fixed-point iacts and weights,
which is the commonly accepted bitwidth for inference. Since
many layers receive iacts after ReLU, the iacts can be set to
either signed or unsigned, which further extends the scale of
iact representation. Psums are accumulated at 20-bit precision,
which has shown no accuracy impact in our experiments.
When the accumulation is done, the 20-bit psums are con-
verted back to 8-bit output activations and sent off-chip. The
PE contains separate SPads for iact, psum and weights. Details
of the PE architecture are described in Section IV.

Finally, Eyeriss v2 has a two-level control logic similar to
the original Eyeriss. The system-level control coordinates the
off-chip data accesses and data traffic between the GLB and
PEs, and the lower-level control is within each PE and controls
the progress of processing of each PE independently. The chip
can be reconfigured to run the dataflow that maximizes the
energy efficiency and throughput for the processing of each
DNN layer. This includes setting up the specific data traffic
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pattern of the NoCs, data accesses to the GLB and SPads, and
workload distribution for each PE. For each layer, a 2134-bit
command that describes the optimized configuration is sent to
the chip and accessed statically throughout the processing of
this layer. Only one layer is processed at a time. When the
processing for a layer is done, the chip is reconfigured for the
processing of the next layer.

III. FLEXIBLE HIERARCHICAL MESH ON-CHIP NETWORK

One of the key features required to support compact DNNs
is a flexible and efficient on-chip network (NoC). This section
will provide details on the implementation of the NoC in
Eyeriss v2 as well as describe how the NoC is configured
for various use cases.

A. Motivation

The NoC is an indispensable part of modern DNN acceler-
ators, and its design has to take the following factors into
consideration: (1) support processing with high parallelism
by efficiently delivering data between storage and datapaths,
(2) exploit data reuse to reduce the bandwidth requirement
and improve energy efficiency, and (3) can be scaled at a
reasonable implementation cost.

Fig. 7 shows several NoC designs commonly used in DNN
accelerators. Due to the property of DNN that data reuse for
all data types cannot be maximally exploited simultaneously,
a mixture of these NoCs is usually adopted for different data
types. For example, a DNN accelerator can use a 1D horizontal
multicast network to reuse the same weight across PEs in
the same row and a 1D vertical multicast network to reuse
the same iact across PEs in the same column. This setup
will then require an unicast network that gathers the unique
output activations from each PE. This combination, however,
implies that each weight needs to have the amount of reuse
with different iacts at least equal to the width of the PE array,
and the number of iact reuse with different weights at least
equal to the height of the PE array. If these conditions are not
fulfilled, the PE array will not be fully utilized, which will
impact both throughput and energy efficiency.

While it was easy to satisfy such conditions with large
DNNs, the rise of compact DNN models has made this design
approach less effective. The key reason is that it is much more
difficult to assume the amount of data reuse or required data
bandwidth for each data type, as it will vary across layers
and DNN models. For example, the lack of input or output
channels in the depth-wise layers of MobileNet or in the
bottleneck layers of ResNet and GoogLeNet has made it very
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difficult to efficiently utilize the aforementioned example well
due to its rigid NoC design. In layers such as fully-connected
layers, commonly used in RNNs and CNN:gs, it will also require
a large batch size to improve the amount of reuse for weights,
which can be challenging in real-time applications that are
sensitive to the processing latency.

The varying amount of data reuse for each DNN data
type across different layers or models pose a great challenge
to the NoC design. The broadcast network can exploit the
most data reuse, but its low source bandwidth can limit the
throughput when data reuse is low. The unicast network can
provide the most source bandwidth but misses out on the data
reuse opportunity when available. Taking the best from both
worlds, an all-to-all network that connects any data sources
to any destinations can adapt to the varying amount of data
reuse and bandwidth requirements. However, the cost of its
design increases quadratically with the number of nodes, e.g.,
PEs, and therefore is difficult to scale up to the amount of
parallelism required for DNN accelerators.

B. High-Level Concept and Use Cases

To deal with this problem, we propose the hierarchical mesh
network (HM-NoC) in Eyeriss v2 as shown in Fig. 8a. HM-
NoC takes advantage of the all-to-all network, but solves the
scaling problem by creating a two-level hierarchy. The all-to-
all network is limited within the scope of a cluster at the lower
level. In Eyeriss v2, there are only 12 PEs in each cluster,
which effectively reduce the cost of the all-to-all network. At
the top level, the clusters are further connected with a mesh
network. While this example shows a 2x1 mesh, Eyeriss v2
uses a §x2 mesh. Scaling up the architecture at the cluster
level with the mesh network is much easier than with the all-
to-all network since the implementation cost increases linearly
instead of quadratically.

Fig 8b to 8e shows how the HM-NoC can be configured into
four different modes depending on the data reuse opportunity
and bandwidth requirements.

o In the high bandwidth mode (Fig. 8b), each GLB bank
or off-chip data I/O can deliver data independently to the
PEs in the cluster, which achieves unicast.

o In the high reuse mode (Fig. 8c), data from the same
source can be routed to all PEs in different clusters, which
achieves broadcast.

« For situations where the data reuse cannot fully utilize the
entire PE array with broadcast, different multicast modes,
specifically grouped-multicast (Fig. 8d) and interleaved-
multicast (Fig. 8e), can be adopted according to the
desired multicast patterns.

Fig. 9 shows several example use cases of how HM-
NoC adapts different modes for different types of layers. For
simplicity, we are only showing a simplified case with 2 PE
clusters with 2 PEs in each cluster, and it omits the NoC for
psums. However, the same principles apply to NoC for all data
types and at larger scales.

o Conventional CONV layers (Fig. 9a): In normal CONV
layers, there is plenty of data reuse for both iacts and
weights. To keep all 4 PEs busy at the lowest bandwidth
requirement, we need 2 iacts and 2 weights from the data
source (ignoring the reuse from SPad). In this case, either
the HM-NoC for iact or weight has to be configured
into the grouped-multicast mode, while the other one
configured into the interleaved-multicast mode.

o Depth-wise (DP) CONV layers (Fig. 9b): For DP CONV
layers, there can be nearly no reuse for iacts due to the
lack of output channels. Therefore, we can only exploit
the reuse of weights by broadcasting the weights to all
PEs while fetching unique iacts for each PE.

o Fully-connected (FC) layers (Fig. 9¢): Contrary to the
DP CONV layers, FC layers usually see little reuse for
weights, especially when the batch size is limited. In this
case, the modes of iact and weight NoCs are swapped
from the previous one: the weights are now unicast to
the PEs while the iacts are broadcast to all PEs.

C. Implementation Details

To support the various uses cases described in Section III-B,
each of the HM-NoC employs circuit-switched routing, which
mainly consists of muxes and is statically configured by the
configuration bits as described in Section II. Therefore, the
implementation cost of each router is very low. A separate
HM-NoC is implemented for each data type (iact, psum,
and weights) that is tailored for their given dataflow. The
specifications of the routers for each data type are summarized
in Table II. For iacts and weights, each port has a bitwidth of
24 bits such that it can send and receive three 8b uncompressed
iact values or two 12b compressed iact run-data pairs per
cycle. Section IV describes the compression format in more
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detail. For psum, each port has a bitwidth of 40-bit to send
and receive two psums per cycle. We will now describe how
the routers, GLB and PEs are connected in the HM-NoC for
each data type.

1) HM-NoC for input activations: The HM-NoC imple-
mentation for iacts is shown in Fig. 10. There are three iact
routers per router cluster, one for each iact SRAM bank in
the GLB cluster. Each router for iact has four source ports
(to receive data) and four destination ports (to transmit data).
Three of the source and destination ports are used to receive
and transmit data from the other clusters in the mesh, which
are highlighted with bold arrows in Fig. 10; while a mesh
network typically requires four pairs of source and destination
ports, we only require three pairs since we only have 8x2
clusters and thus either the east or west port can be omitted.
The fourth source port connects to the GLB cluster to receive
data either from the memory bank or off-chip, and the fourth
destination port connects to all the 3x4 PEs in the cluster.
Thanks to the all-to-all network in the PE cluster, data from
any router can go to any PE in the same cluster.

Fig. 11 shows the implementation details of the mesh
network router for iacts. It has four source (src) and four
destination (dst) ports. In addition to data (d), each port
also has two additional signals, ready (r) and enable (e),
for hand-shaking. Each source port generates four enable
signals (e.g., ego-€p3), each for one destination port, based
on its own enable signal and the statically configured routing
mode (m). The routing mode can be one of the following:
unicast, horizontal multicast, vertical multicast, or broadcast.
It determines which ports can be enabled for passing data. For
example, in the horizontal multicast mode, ports that connect
to other routers in the vertical direction of the mesh network
will not be enabled. At each destination port, the destination-
specific enable signals from all source ports (e.g., epg-e3o for
destination port 0) go through an OR gate to generate the final
enable output. The ready signal from the destination ports to
the source ports are generated in a similar fashion with the
difference that the source-specific ready signals (e.g., 7go-703
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for source port 0) go through an AND gate to generated the
final ready output at each source port. The output data from all
source ports (dp-ds) is MUXed at each destination port, and is
chosen based on the enable signals from the source ports, i.e.,
the data from the enabled source port will be passed through.

2) HM-NoC for weights: The HM-NoC implementation
for weights is shown Fig. 12. There are three weight routers
per router cluster, one for each row of PEs within a cluster.
Since Eyeriss v2 uses the RS dataflow, a significant amount
of weight reuse can be exploited using the SPad within the
PE, and only spatial reuse across horizontal PEs needs to
be further exploited. Therefore, the implementation of the
NoC for the weights can be simplified at both levels of
the HM-NoC to reduce cost but still satisfy the flexibility
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requirements. Specifically, the vertical connections of the 2D
mesh between the clusters can be removed. Furthermore,
within each cluster, each router only needs to connect to one
row of PEs. Accordingly, each weight router has two source
ports and two destination ports. A source port and a destination
port are used to receive and transmit weights coming from
neighboring cluster; again, we only need one pair of ports
here since we only have 82 clusters and thus either the east
or west port can be omitted. The second source port connects
to the GLB cluster to receive data from off-chip, while the
second destination port connects to one row of PEs within the
cluster. The implementation of the mesh network router for
weights is similar to that in Fig. 11.

3) HM-NoC for partial sums: The HM-NoC implemen-
tation for psums is shown in Fig. 13. There are four psum
routers per router cluster, one for each psum SRAM bank
in the GLB cluster or, equivalently, one for each column of
PEs within a cluster. Similar to the weight NoC, the psum
NoC is simplified for its given dataflow; specifically, the
psums are only allowed to be accumulated across PEs in the
vertical direction. This is due to the fact that, in the row-
stationary dataflow, weights are reused across PEs horizontally,
which makes it impossible to accumulate psums across PEs
horizontally. Thus, the horizontal connections of the 2D mesh
between the clusters can be removed since psums won’t be
passed horizontally. Within each cluster, the PEs are vertically
connected and each router in the cluster only needs to transmit
the psum from the psum bank in the GLB cluster to the bottom
of each PE column, and receive the updated psum from the
top of the same PE column. Accordingly, each psum router
has three source ports and three destination ports. One of the
source ports is used to receive data from the neighboring router
cluster to the north, while one of the destination ports is used
to transmit data to the neighboring router cluster to the south.
The second pair of source and destination ports are assigned
to the psum bank in the GLB, while the third destination port
is assigned to the bottom PE in a column of the PE cluster
and the third source port is assigned to the top PE in a column
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Fig. 13. Hierarchical mesh network for psums. This only shows the a 2x2
portion of the entire 8 X2 cluster array.

of the PE cluster.

D. Scalability

A key design focus of the HM-NoC is to enable strong
scaling for Eyeriss v2. In other words, as the architecture
scales with more PEs, the performance, i.e., throughput, should
scale accordingly for the same problem size. Performance,
however, is a function of many factors, including the dataflow,
NoC design, available on-chip and off-chip data delivery
bandwidth, etc. To examine the impact of the HM-NoC, we
will assume no limitation on the off-chip bandwidth and
no workload imbalance (i.e., no sparsity) in the following
scalability experiments.

We profile the performance of Eyeriss v2 at three different
scales: 256 PEs, 1024 PEs, and 16384 PEs, where each PE is
capable of processing at 1 MAC/cycle. The PE cluster for all
scales has a fixed array size of 4 x4 PEs, and the number of PE
clusters scales at 4x4, 8x8, and 32x32. For comparison, we
also examine the scalability of the original Eyeriss, i.e., Eyeriss
vl, at the same set of scales. For Eyeriss vl, the PEs are
arranged in square arrays, i.e., 16 x16, 32x32, and 128x128.
Both versions of Eyeriss use the row-stationary dataflow. For
rapid evaluation of architectures at large scales, we have built
an analytical model that can search for the operation mappings
with the best performance at different scales considering the
data distribution and bandwidth limitations of different NoC
designs in the two versions of Eyeriss.

Fig. 14a and 14b show the normalized performance of
Eyeriss v2 and Eyeriss v1, respectively, running three DNNs:
AlexNet, GoogleNet, and MobileNet (with width multiplier
of 1.0 and input size of 224x224)! at the three different scales
with a batch size of 1. For all three DNNs, the performance

IThe large MobileNet model used here is not used for performance and
energy efficiency benchmarking in Section V since the post-place-and-route
simulation turn-around time is not practical; the smaller MobileNet model
also has the same accuracy as AlexNet, which makes it a better comparison.
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of Eyeriss v2 scales linearly from 256 to 1024 PEs, and
achieves more than 85% of the linearly scaled performance
at 16384 PEs. In contrast, the performance of Eyeriss vl
hardly improves when scaled up. This is due to the insufficient
bandwidth provided by the broadcast NoC in Eyeriss vl as
discussed in Section III-A. For example, the performance of
the FC layers in AlexNet and depth-wise layers in MobileNet
do not see any improvement going from 256 PEs to 16384
PEs in Eyeriss vl due to the insufficient NoC bandwidth for
delivering weights and input activation, respectively, to the
PEs. The HM-NoC in Eyeriss v2, however, is capable of adapt-
ing to the bandwidth requirements, therefore achieving higher
performance at large scales. The HM-NoC is doing so while
still being able to exploit available data reuse to achieve high
energy efficiency, which will be demonstrated in Section V-A
and V-B. Also note that, at large scales, the external data
bandwidth will eventually become the performance bottleneck,
and it will require more efforts to integrate the accelerator into
the system to harness its full potential.

The implementation of the HM-NoC described in Sec-
tion III-C targets the size of 8 x2 PE clusters, and will require
modifications when scaled up. Specifically, the mesh routers
for input activations and weights need an extra pair of source
and destination ports in order to handle data delivery for more
than two columns of PE clusters. As the area and energy cost
of the router grows with the number of ports, the overall cost
will increase. However, the same routers can then be used for
any architectural scales. Also, as will be shown in Section V,
the entire NoC only accounts for less than 3% of the area
and 6%-10% of the total energy consumption. The additional
complexity in the routers is unlikely to add significant cost. In
addition, the proportion of cost of different components will
stay roughly constant as the system scales thanks to the design
of the hierarchical mesh network.

IV. SPARSE PROCESSING WITH SIMD SUPPORT

In the original Eyeriss, sparsity of input activations (iacts),
i.e., zeros, is exploited to improve energy efficiency by gating
the switching of logic and data accesses. In Eyeriss v2, we
want to exploit sparsity further in both weights and iacts
and improve not only energy efficiency but also throughput.
Whereas the original Eyeriss only used compression between
the GLB and off-chip DRAM, in Eyeriss v2, we keep the data
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in compressed form all the way to the PE. Processing in the
compressed domain provides benefits in terms of reducing on-
chip bandwidth requirements as well as on-chip storage, which
can result in energy savings and throughput improvements.
However, as compressed data often has variable length, this
presents challenges in terms of how to manipulate the data
(e.g., distributing data across PEs, and sliding window pro-
cessing within the PE). In this section, we will introduce a new
PE architecture that can process sparse data in the compressed
domain for higher throughput. We will also introduce support
for SIMD in the PE such that each PE can process two MACs
per cycle.

A. Sparse PE Architecture

Fig. 15 illustrates how the PE processes uncompressed
weights and iacts in the original Eyeriss, where M0 and C0
are the output and input channels processed within the PE, .S
is the filter width, and U is the stride. Recall that for the
row-stationary dataflow, multiple 1-D rows of weights and
iact are mapped to a given PE and processed in a sliding
window fashion; here, the C'0 x MO rows of weights with
width S are assigned to the PE, and the weights belong to M0
output channels and CO input channels. For each iact, 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 partial sums (psums).
By going through a window of C'0 x S iacts in the stream,
the processing goes through all M0 x C'0 x S weights in the
matrix and accumulates to the same M0 psums. It then slides
to the next window in the iact stream by replacing C0 x U
iacts at the front of the window with new ones, and repeats
the processing with the same weight matrix but accumulates to
another set of 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 iacts.

To speedup the processing when the iacts and/or weights are
sparse, the goal is to read only the non-zero data in the iact
stream and the weight matrix for processing. In addition, we
only want to perform the read when both iact and weights
are non-zero. The challenge, however, is to correctly and
efficiently address data for all three data types. For example,
when jumping between non-zero iacts in a window, the access
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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 iact, 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. Since the access order
is also not deterministic, prefetching from the weight SPad is
very challenging.

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 [41,
44]. For each non-zero value in the data, the CSC format
records a count value that indicates the number of leading
zeros from the previous non-zero value in the uncompressed
data stream; this is similar to the run length in run length
coding (RLC). The count value can then be used to calculate
the address change between the non-zero data. The added
advantage of CSC over RLC is that it has an additional address
value that allows the data to be broken into segments (e.g.,
columns) for easy handling, which we will discuss next; this,
of course, also adds overhead in the compression.

Both the iact and weights are encoded in the CSC format.
For iacts, the data stream is divided into non-overlapping C0 x
U segments, and each segment is CSC encoded separately.
Doing so enables sliding window processing, which replaces
a segment of data with a new one from the stream 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
enable fast access of each column of non-zero weights.

Fig. 16 shows an example of CSC compressed weights.
The characters in the weight matrix indicate the locations
of non-zero values. 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. The first address (in this example,
address[1]) is the location of the first non-zero weight in each
column, highlighted in bold in Fig. 16, within the data vector;
it then goes through the three non-zero weights in the column,
ie., ¢, d and e, to perform the computation. If there is no
non-zero weight in a column, the location of the next first
non-zero value is repeated (e.g., since there are no non-zero
values in column 3, the value 6 which is the location of g, is
repeated such that the difference in consecutive address values
is zero, which reflects the all zero column.). At the same time,
the corresponding addresses of the psums to update can be
calculated by accumulating the counts from the count vector.

In the CSC format, the count vector is an 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 iact and weights. Therefore, each
count-data pair is 12b and is stored in a 12b word of the data
SPad for both iact and weight. This is similar to setting the
run-length in the RLC, where 5b was allocated to the run-
length in [33].

In summary, both the weights and iacts 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. 17 shows the block diagram of the sparse PE that
can perform the processing of CSC encoded iacts and weights
directly as described above. Processing only non-zero data in
the compressed format introduces read dependencies. For the
compressed format, the address must be read before the data-
count pair. To ensure only non-zero values are read, iact is
read before the weight such that a non-zero weight is only
read when the corresponding iact is non-zero. To handle these
dependencies while still maintaining throughput, the PE is
implemented using seven pipeline stages and five SPads. The
first two pipeline stages are responsible for fetching non-zero
iacts from the SPads. The iact address SPad stores the address
vector of the CSC compressed iacts, 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 iact is
fetched, the next three pipeline stages read the corresponding
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 two stages in the pipeline perform the
MAC computation on the fetched non-zero iact and weight,
and then send the updated psum either back to the psum SPad
or out of the PE.

Since either iact and weight can be zero or non-zero, there
are three possible scenarios:

e Ifthe iact is zero, the CSC format will ensure that it is not

read from the spad and therefore no cycles are wasted.
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o If the iact is not zero, its value will be fetched from the
iact data SPad and passed to the next pipeline stage.

— If there are non-zero weights corresponding to the
non-zero iacts, they will be passed down the pipeline
for computation. The zero weights will be skipped
since the weights are also encoded with the CSC
format.

— If there are no non-zero weights corresponding to the
non-zero iacts, the non-zero iacts will not be further
passed down in the pipeline. This may not necessar-
ily introduce bubbles in the pipeline since the later
stages, i.e., after the weight data Spad stage, can still
be working on the computation for the previous non-
zero iact if it has multiple corresponding weights.

In the Eyeriss v2 PE, the sizes of the iact address and
data SPads are 9x4b and 16x12b, respectively, which allow
for a maximum iact window size of 16. The sizes of the
weight address and data SPads are 16x7b and 96x24b,
respectively. This allows for a maximum weight matrix size
of 96x(24b/12b)=192. The size of the psum SPad is 32x20b,
and allows for a maximum weight matrix height of 32 (i.e.,
maximum number of output channels MO0). If we fully utilize
the iact SPads and psum SPad, it will require a weight matrix
size of 32x16=512, which is larger than the limit of 192;
however, the sparse PE design takes advantage of the fact
that the sparse pattern of weights is known at compile time;
therefore, it is possible to guarantee that the compressed
weights will fit in a smaller SPad. Table III shows how many
weights are stored in the SPad of each PE for sparse AlexNet.
While in most layers the nominal number of weights is higher
than 192, the number of non-zero weights after compression
in the worst case is smaller and fits in the SPad for processing.
By mapping more non-zero weights into each PE instead
of mapping based on the nominal number of weights, more
operations are performed in a PE, which statistically helps
to reduce the amount of workload imbalance caused by the
sparsity.

Since the degree of sparsity varies across different DNNs
and data types, the PE is also designed to adapt to the scenarios
when sparsity is low. In such cases, the PE can directly
take in uncompressed iacts and weights instead of the CSC

Mo | co S Num: of Non-Zero Weights
Nominal Compressed
CONV1 12 1 11 132 64
CONV2 32 2 5 320 86
CONV3 32 5 3 480 126
CONV4 24 4 3 288 100
CONV5 32 4 3 384 174
FCeé 32 2 6 384 92
FC7 32 15 1 480 84
FC8 32 15 1 480 170
TABLE III

DISTRIBUTION OF WEIGHTS IN SPARSE ALEXNET TO THE SPAD
IN EACH PE OF EYERISS V2.

compressed versions to reduce the overhead in data traffic.
Both iact and weight address SPads are not used and therefore
clock-gated to save energy consumption, and the count in the
CSC format is fixed to zero to address the data SPads correctly
for processing.

B. SIMD Support in PE

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, 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
speedup of at most two times.

SIMD is applied to the PE architecture as shown in Fig. 17
by fetching two weights instead of one for computing two
MAC operations per cycle with the same iact, i.e., a SIMD
width of two. The changes are noted in the red text in the
figure. SIMD processing not only improves the throughput but
also further reduces the number of iact reads from the SPad.
In terms of architectural changes, SIMD requires the word
width of the weight data SPad to be two-word wide, which
is why the size of the weight data SPad is 96x24b instead
of 192x12b. The psum SPad also has to have 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 zero. 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 avoid unnecessary
switching, which reduces power consumption.

V. IMPLEMENTATION RESULTS

Eyeriss v2 was implemented in a 65nm CMOS process and
the specifications of the design are summarized in Table IV.
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, (2) switching activities profiled from running the
actual weights of the DNNs and data from the ImageNet
dataset [1], and (3) a batch size of one, which represents a
more challenging setup for energy efficiency and throughput,
but captures the low latency use case.



Technology TSMC 65nm LP 1P9M
Gate Count (logic only) | 2695k (NAND-2)
On-Chip SRAM 246 KB

Number of PEs 192

Global Buffer

192 KB (SRAM)

weight addr: 14B (Reg)
weight data: 288B (SRAM)

Scratch Pads jact addr: 4.5B (Reg)

(per PE) iact data: 24B (Reg)
psum: 80B (Reg)

Clock Rate 200 MHz

Peak Throughput 153.6 GOPS

weights & iacts: 8b fixed-point
psums: 20b fixed-point

TABLE IV
EYERISS V2 SPECIFICATIONS.

Arithmetic Precision

Hier. Mesh NoC
(2.6%)

192kB Global Buffers

Control Logic (11.1%
(32.1%) gle (11.4%) —
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Weight Addr Spad (5.7%)

(a) Overall Area Breakdown (b) PE Area Breakdown

Fig. 18. Eyeriss v2 area breakdown.

The overall gate count of Eyeriss v2, excluding SRAMs,
is approximately 2695k NAND-2 gates. The area breakdown
(Fig. 18) 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 2.6% of the area. This result
proves that it is possible to build in high flexibility at a low
cost. Within each PE, all of the SPads combined account for
around 72% of the area, while the two MAC units only account
for 5%.

A. Performance Analysis

To demonstrate the throughput and energy efficiency im-
provements brought on by the hierarchical mesh network and
sparse PE architecture, we have implemented three different
variants of Eyeriss: v1, v1.5, and v2. Table V lists the key
differences between these Eyeriss variants. For the PE archi-
tecture, Dense means the PE can only clock-gate the cycles
with zero data but not skip it, while Sparse means the PE can
further skip the processing cycles with zero data. Eyeriss v1
is the same design as the original Eyeriss [33], but with the
storage capacity, number of PEs and data precision scaled to
the same level as v1.5 and v2 for a fair comparison. In short,
the comparison between vl and v1.5 shows the impact of the
hierarchical mesh network, while the comparison between v1.5
and v2 shows the impact of the sparse PE architecture along
with the support for SIMD processing. These architectures are
placed-and-routed and benchmarked with four DNNs that have
the same accuracy on the ImageNet dataset: AlexNet [25],
MobileNet (with a width multiplier of 0.5 and input size of
128x128) [10], and the sparse version of them as pruned by
the method introduced in [14]. In this section, unless otherwise
specified, AlexNet and MobileNet are referring to the dense
model.

Eyeriss v1 | Eyeriss v1.5 | Eyeriss v2
Data Precision activations & weights: 8b; partial sums: 20b
# of PEs 192
# of MACs 192 192 384
NoC Multicast Hier. Mesh Hier. Mesh
PE Architecture Dense Dense Sparse
PE SIMD Support No No Yes
Global Buffer Size 192 kB
Area (NAND-2 gates) 1394k ] 1354k [ 2695k

TABLE V

KEY DIFFERENCES BETWEEN THE THREE EYERISS VARIANTS. THE AREA
IS LOGIC ONLY.

The implementation shows that Eyeriss v2 has an area
increase of around two times compared to the other versions.
The increase in mostly in the PE, which is 73% larger than
the original one. The main reason is due to the need to
support sparse processing, which requires deeper pipelining
in the control logic and additional SPads to store the CSC
compressed data. This contributes to a nearly 50% increase in
area. Supporting SIMD also contributes to an additional 15%
area increase due to the two sets of read and write ports for the
psum SPad and the wider bus-width of the PE I/O in addition
to the doubling of MAC units.

1) AlexNet: Fig. 19a shows the throughput improvements
of different versions of Eyeriss on AlexNet over Eyeriss vl.
Results on sparse AlexNet are also included (yellow bars)
along with a breakdown of the processing latency across the
different layers shown in Fig. 20. For AlexNet, the result
shows that Eyeriss v1.5 significantly speeds up FC layers.
This is because the throughput of FC layers is bandwidth-
limited in Eyeriss v1, which is addressed by the hierarchical
mesh network in Eyeriss v1.5. Eyeriss v2, on the contrary,
significantly speeds up the CONV layers over Eyeriss v1.5
due to the increased number of multipliers and sparsity in the
activations. However, the throughput of the FC layers only
shows a marginal improvement because the FC layers are still
bandwidth-limited even with the hierarchical mesh network.
Therefore, speeding up the processing with sparsity and SIMD
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 require-
ment 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 speedup with
sparse AlexNet over Eyeriss vl with AlexNet.

Fig. 19b shows the improvement on energy efficiency. It
largely correlates to the speedup in Fig. 19a 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 11.3x more energy efficient than
Eyeriss vl with AlexNet.

2) MobileNet (width multiplier of 0.5, input size of
128%x128): Fig. 21a and 21b show the improvement on
throughput and energy efficiency, respectively, of different
versions of Eyeriss on selected layers of MobileNet over
Eyeriss v1l. Results on sparse MobileNet are also included
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Fig. 19. (a) Speedup and (b) energy efficiency improvement of different versions of Eyeriss over Eyeriss vl benchmarked with AlexNet.
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Fig. 20. Breakdown of processing latency across the different layers of sparse
AlexNet running on Eyeriss v2.

(yellow bars). The lack of data reuse in MobileNet results in
low throughput on Eyeriss v1 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 throughput, the throughput of
the Depth-wise (DW) CONV layers becomes worse. This is
because the CSC compression does not create skippable cycles
when the number of input and output channels are both one.
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 throughput
slightly worse in the DW CONV layers.

Sparse MobileNet brings additional benefits on throughput
and energy efficiency on Eyeriss v2; however, the improve-
ment is not as significant as with the sparse AlexNet, since
the CSC compression is less effective on sparse MobileNet
than on sparse AlexNet due to its small layer sizes. Overall,
Eyeriss v2 with sparse MobileNet is 12.6x faster and 2.5x
more energy efficient than Eyeriss vl with MobileNet.

B. Benchmark Results

Table VI summarizes the throughput and energy efficiency
of Eyeriss v2 benchmarked with four DNNs that have com-
parable accuracy at a batch size of one. Although Eyeriss
v2 achieves the highest GOPS/W? with sparse AlexNet, it
consumes the least amount of time and energy per inference
with the sparse MobileNet. This result echos the trend of
DNN development going toward compact models that are
more lightweight but also have less reuse for the hardware to

’In this paper, we calculate GOPS based on the nominal number of
operations in the DNN, i.e., including operations with data values of zero.

explore, which makes it harder to reduce GOPS/W but can still
improve inference/J. Also, Eyeriss v2 achieves 12.6x higher
inference/sec for MobileNet than AlexNet, which correlates
well to the 14.7x reduction in the nominal number of MACs.
This proves that the design has high flexibility to perform well
for compact DNN models.

Fig. 22 shows the normalized 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. Note that these layers have
different energy consumption and efficiency. The results are
summarized as follows:

e CONVI1 of AlexNet (148.1 GOPS/W) shows the case of
no sparsity in both activations and weights. 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 (1423.2 GOPS/W) has the
highest amount of sparsity in all layers we have tested.
Compared to CONV3 of AlexNet (392.0 GOPS/W), the
proportions of the clock network, HM-NoC and GLB
power consumption are higher. This is mainly due to
the workload imbalance induced by sparsity, which low-
ers 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.

« CONVI13 DW layer of MobileNet (77.7 GOPS/W) has
the lowest GOPS/W among all the layers we have tested.
As expected, most of the energy is spent on the clock
network. Inside the PE, the lack of reuse and not being
able to utilize SIMD 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 MACs.

o FC8 of sparse AlexNet (465.1 GOPS/W) shows the case
of high sparsity and low data reuse. This combina-
tion 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
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Fig. 21. (a) Speedup and (b) energy efficiency improvement of different versions of Eyeriss over Eyeriss vl benchmarked with MobileNet. Due to the large
number of layers, only a few representative layers are presented.
ImageNet | Nominal Num. DRAM Ace. PE
DNN Accuracy! of MACs Inference/sec | Inference/J | GOPS/W (MB) Utilization?
AlexNet 80.43% 724.4M 102.1 174.8 253.2 71.9 100%
sparse AlexNet 79.56% 724.4M 278.7 664.6 962.9 22.3 100%
MobileNet 79.37% 49.2M 1282.1 1969.8 193.7 4.1 91.5%
sparse MobileNet 79.68% 49.2M 1470.6 2560.3 251.7 3.9 91.5%

! top-5 accuracy for the image classification task.

2 measured in terms of number of utilized MAC datapaths; each PE has 2 MAC datapaths.

TABLE VI
THROUGHPUT AND ENERGY EFFICIENCY OF EYERISS V2 BENCHMARKED WITH FOUR DNNS THAT HAVE COMPARABLE ACCURACY AND A BATCH SIZE
OF 1. NOTE THAT THE MOBILENET USED FOR BENCHMARK HAS A WIDTH MULTIPLIER OF 0.5 AND AN INPUT SIZE OF 128x128.

100% = PE Ctrl & Misc
= PE I/0 FIFO
75% " MACs
= SPads
50% Global Buffers
= Hier. Mesh NoC
= Clock Network
25%
0%
AlexNet  AlexNet  sparse MobileNet sparse
CONV1 CONV3 AlexNet CONV13  AlexNet
CONV3 DW FC8
Fig. 22. Eyeriss v2 power breakdown running different DNN layers.

still better than CONV1 of AlexNet.

In terms of external DRAM accesses, AlexNet requires
much more data than MobileNet as shown in Table VI, which
is mainly due to the large amount of weights in the fully-
connected layers. For CONV layers only, the required DRAM
accesses are 7.1 MB and 4.6 MB for AlexNet and sparse
AlexNet, respectively. Note that Eyeriss v2 does not perform
the pooling layers on-chip, and the required DRAM accesses
will further decrease if pooling layers are processed on-chip.
We have also profiled the impact of a limited peak external
bandwidth on the performance. With an aggregated external
read and write bandwidth of 25600 MB/s, which is at the level
of DDR4-3200, the throughput of Eyeriss v2 running sparse
AlexNet and sparse MobileNet will decrease by 16% and 24%,
respectively, due to the bursty external data access patterns.
However, we believe that additional on-chip buffering can
alleviate the performance degradation, which we will leave for
future endeavors. This result also confirms that, with efficient
hardware that can maximize utilization even when data reuse

is low, DNNs that do not have enough data reuse to exploit
will put more pressure on the external data bandwidth, which
should be addressed in the design of future DNN models.

C. Comparison with Prior Art

Table VII shows the comparison between Eyeriss v2 and
the state-of-the-art prior art. Eyeriss v2 is the first one to
report benchmark results on both large DNNs, e.g., AlexNet,
and compact DNNG, e.g., MobileNet. For AlexNet, Eyeriss v2
still achieves comparable throughput and slightly less energy
efficiency compared to other works that are tailored for the
large models. This result is achieved with a batch size of one
(while other results use larger batch sizes), and the overhead
associated with its additional flexibility to handle the drasti-
cally different layer shapes in the compact models. We report
results for Eyeriss v2 on a sparse network which is a widely
used approach for large DNN models, particularly on mobile
devices; unfortunately, the available results for the other works
are only on AlexNet. We would expect the sparse AlexNet to
potentially provide additional energy efficiency improvements
on those works, but not throughput improvements.

For MobileNet, Eyeriss v2 achieves 5.3x throughput im-
provement and 3.9x energy improvement over AlexNet, with
the same accuracy. Although the other designs do not report
results for MobileNet, our understanding of those designs
leads us to believe that they would not achieve comparable
improvements, similar to the original Eyeriss, due to the NoC
limitations as well as additional mapping inefficiencies of the
dataflow. However, we conjecture that the NoC limitations can
be addressed by the proposed HM-NoC.

D. Discussion

Eyeriss v2 focuses its design on improving the throughput
and energy efficiency for compact and sparse DNN models,



Eyeriss [33] | ENVISION [15] | Thinker [16] UNPU [17] This Work
Technology 65nm 28nm 65nm 65nm 65nm
Area 1176k gates 1950k gates 2950k gates 4.0mm x4.0mm 2695k gates
(NAND-2) (NAND-2) (NAND-2) (Die Area) (NAND-2)
On-chip SRAM (kB) 181.5 144 348 256 246
Max Core Frequency 200 MHz 200 MHz 200 MHz 200 MHz 200 MHz
Bit Precision 16b 4b/8b/16b 8b/16b 1b-16b 8b
Num. of MACs 168 (16b) 512 (8b) 1024 (8b) 13824 (bit-serial) 384 (8b)
DNN Model AlexNet AlexNet AlexNet AlexNet sparse AlexNet | sparse MobileNet
Batch Size 4 N/A 15 N/A 1 1
Core Frequency (MHz) 200 200 200 200 200 200
Bit Precision 16b N/A adaptive 8b 8b 8b
Inference/sec (CONV only) 34.7 47 - 346 3424 -
(Overall) - - 254.3 - 278.7 1470.6
Inference/J (CONYV only) 124.8 1068.2 - 1097.5 743.4 -
(Overall) - - 876.6 - 664.6 2560.3
TABLE VII

COMPARISON WITH STATE-OF-THE-ART DESIGNS. FOR EYERISS V2, THE THROUGHPUT AND ENERGY EFFICIENCY ARE BENCHMARKED ON THE SPARSE
VERSION OF ALEXNET AND MOBILENET.

which is very different from the direction taken in many of
the state-of-the-art previous works. With a similar amount
of resources, i.e., area, Eyeriss v2 has much fewer number
of MACs. However, with the flexibility of the on-chip net-
work and the sparse processing logic that effectively improve
throughput based on the sparsity of the data, Eyeriss v2
still achieves comparable throughput and energy efficiency for
large DNNs against the state-of-the-art that optimizes directly
for them. Furthermore, Eyeriss v2 shows a significant through-
put and energy efficiency improvement on sparse MobileNet
against Eyeriss vl as shown in Section V-A.

Supporting sparse processing is a challenging task from
an architecture design point of view. First of all, the PE
design complexity and cost becomes much higher due to the
additional required logic and storage. This has resulted in a
significant increase in area as shown in Table V. In addition,
it makes the support for high SIMD width processing difficult
because of the workload imbalance and the high cost in the
SPad due to the non-deterministic access patterns. Eyeriss
v2, however, still demonstrates a design that can effectively
translate the sparsity to significant throughput and energy
efficiency improvement as compared to Eyeriss v1.

It is worth noting that the flexibility provided by the
hierarchical mesh network and the throughput boost from the
sparse processing logic can be applied separately. Therefore, if
sparse networks are not the target workload, the flexible NoC
can still be used in conjunction with other techniques such
as lower precision and higher parallelism to achieve higher
throughput and energy efficiency.

VI. CONCLUSION

DNNs 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 design
of DNN accelerators due to the widely varying layer shapes in
compact DNNs and the varying data sparsity in sparse DNNs.
In this work, we propose a new DNN accelerator architecture,
called Eyeriss v2, that addresses these challenges. First, the
varying layer shapes makes the on-chip network (NoC) the
performance bottleneck since conventional NoC design poses

strong assumptions on the amount of data reuse and required
data bandwidth for each data type, which is too rigid to
adapt. We solve this problem by introducing the hierarchical
mesh network (HM-NoC). HM-NoC can be configured into
different modes that can deliver from high bandwidth to high
data reuse. More importantly, its implementation cost is also
minimized through the hierarchical design that limit the costly
all-to-all communication within local clusters as well as the
circuit-switched routing. This helps to bring over an order
of magnitude speedup for processing MobileNet compared
to the original Eyeriss, i.e., Eyeriss vl, scaled to the same
number of multipliers and storage capacity as Eyeriss v2.
Furthermore, Eyeriss v2 incorporates a new PE architecture
that support processing sparse weights and input activations
directly in compressed domain to improve not only energy
efficiency but also throughput. It also adds SIMD support so
that each PE can process 2 MACs per cycles. Overall, Eyeriss
v2 achieves 42.5x and 11.3x improvement in throughput and
energy efficiency, respectively, with sparse AlexNet compared
to Eyeriss vl running AlexNet; it also achieves 12.6x and
2.5x improvement in throughput and energy efficiency, re-
spectively, with sparse MobileNet compared to Eyeriss vl
running MobileNet.
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