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Deep Neural Networks are Everywhere2

[image sources: Amazon, nature, sciencenews.org]



New Challenges for Hardware Systems3

• Performance: High Throughput / Low Latency

• High Energy Efficiency • High Flexibility

[images sources: Uber, livinglifetechway.com, lifewire.com]
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performance, energy efficiency and flexibility
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Focus of Thesis6

Eyeriss
Architecture for DNN acceleration optimized for
performance, energy efficiency and flexibility

Eyeriss v1
Targeting large DNNs with hundreds of filters and
channels

Eyeriss v2
Targeting both large and compact DNNs with
highly varying size and computation

Data Reuse Optimization

Processing Element Utilization



Key Contributions of Thesis7

• DNN Accelerator Architecture Analysis Methodologies
− Dataflow Taxonomy
− Energy Estimation Framework
− Performance Modeling Framework
− Analogy to General-Purpose Architecture

• Eyeriss v1 Architecture
− Energy-Efficient Dataflow
− Flexible Mapping Strategy for High Utilization
− Energy-Efficient and Flexible NoC
− Sparsity: Reduce DRAM Accesses with Feature Map Compression 
− Sparsity: Reduce Energy Consumption with Zero-Data Gating
− Prototype Chip Development
− System Demonstration on Prototype Chip

• Eyeriss v2 Architecture
• Flexible Dataflow
• Flexible Hierarchical NoC
• Sparsity: Feature Map and Weight Compression
• Sparsity: Operation Skipping for Higher Performance



What We Will Cover Today8

• DNN Accelerator Architecture Analysis Methodologies
− Dataflow Taxonomy
− Energy Estimation Framework
− Performance Modeling Framework
− Analogy to General-Purpose Architecture

• Eyeriss v1 Architecture
− Energy-Efficient Dataflow
− Flexible Mapping Strategy for High Utilization
− Energy-Efficient and Flexible NoC
− Sparsity: Reduce DRAM Accesses with Feature Map Compression 
− Sparsity: Reduce Energy Consumption with Zero-Data Gating
− Prototype Chip Development
− System Demonstration on Prototype Chip

• Eyeriss v2 Architecture
• Flexible Dataflow
• Flexible Hierarchical NoC
• Sparsity: Feature Map and Weight Compression
• Sparsity: Operation Skipping for Higher Performance



• Eyeriss v1
– ISCA 2016 (most downloaded from ISCA 2016)
– Micro Top-Picks 2017 (top-12  comp. arch. papers of 2017)
– ISSCC 2016
– JSSC 2017 (most downloaded JSSC paper in 2017)

• Eyeriss v2
– SysML 2018
– Micro 2018 (in submission)

• Survey and Tutorial
– Proceedings of IEEE 2017 (cover article)
– ISCAS 2017 
– CICC 2017 (best invited paper)

Summary of PhD Publications9



Primer on Deep Neural Networks10
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10s – 1000s layers

Primer on Deep Neural Networks12

“Car”DNN 
Layer

DNN 
Layer

DNN 
Layer

…

many layer types to choose from

NORMACT

…

[1]

POOL
CONV and FC layers account for
90% to 99% of the computation

CONV/FC

[1] Tesla



High-Dimensional Convolution (CONV/FC)13
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High-Dimensional Convolution (CONV/FC)14
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High-Dimensional Convolution (CONV/FC)15
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Accumulation

Output Fmap
an activation



High-Dimensional Convolution (CONV/FC)16
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Filter

W

E

F

an activation

Sliding Window Processing

Input Fmap Output Fmap

(for CONV layers only)



High-Dimensional Convolution (CONV/FC)17
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High-Dimensional Convolution (CONV/FC)18
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High-Dimensional Convolution (CONV/FC)19

…

M

……

R

S

R

S

… …

…

C …

C …

…

…

…

E

F
…

…

H

…

…C…

H

W

…

…

……C…

…

E
…

…

1 1

N N

W F

Filters

A Batch of
Output Fmaps (N)

A Batch of
Input Fmaps (N)

1

M



Widely Varying Layer Shapes20

AlexNet   Layer Shape Configurations[1]

Layer Filter Size (R) # Filters (M) # Channels (C) Stride
1 11×11 96 3 4
2 5×5 256 48 1
3 3×3 384 256 1
8 1×1 1000 4096 1

[1] Krizhevsky, NIPS 2012

34k weights

Layer 1

105M MACs*
307k weights

Layer 2

224M MACs
885k weights

Layer 3

150M MACs
4096k weights

Layer 8

4M MACs

* Multiply-and-Accumulate



Memory Access is the Bottleneck21

ALUfilter weight
fmap activation

partial sum updated partial sum

Memory WriteMACMemory Read



Memory Access is the Bottleneck22

ALU

Memory Read Memory WriteMAC

DRAM DRAM

• Example: AlexNet has 724M MACs 
à 2896M DRAM accesses required

Worst Case: all memory R/W are DRAM accesses



Leverage Local Memory for Data Reuse23

ALU

Memory WriteMAC

Extra levels of local memory hierarchy
Smaller, but Faster and more Energy-Efficient

MemDRAM DRAMMem

Memory Read



Types of Data Reuse in a DNN24

Convolutional Reuse
CONV layers only
(sliding window)

Filter Fmap

Reuse:
Fmap Activations
Filter Weights



Types of Data Reuse in a DNN25

Convolutional Reuse Fmap Reuse
CONV layers only
(sliding window)

CONV and FC layers

Filter Fmap
Filters

2

1

Fmap

Reuse:
Fmap Activations
Filter Weights

Reuse:
Fmap Activations



Types of Data Reuse in a DNN26

Filter ReuseConvolutional Reuse Fmap Reuse
CONV layers only
(sliding window)

CONV and FC layers CONV and FC layers
(batch size > 1)

Filter Fmap
Filters

2

1

Fmap Filter

2

1

Fmaps

Reuse:
Fmap Activations
Filter Weights

Reuse:
Fmap Activations

Reuse:
Filter Weights



Types of Data Reuse in a DNN27

Filter ReuseConvolutional Reuse Fmap Reuse
CONV layers only
(sliding window)

CONV and FC layers CONV and FC layers
(batch size > 1)

Filter Fmap
Filters

2

1

Fmap Filter

2

1

Fmaps

Reuse:
Fmap Activations
Filter Weights

Reuse:
Fmap Activations

Reuse:
Filter Weights

If all data reuse is exploited, DRAM accesses in AlexNet 
can be reduced from 2896M to 61M (best case)



Leverage Parallelism for Higher Performance28

Memory WriteMAC

DRAM DRAM
ALU

Memory Read

ALU

ALU

…

MemMem



Leverage Parallelism for Spatial Data Reuse29

Memory WriteMAC

DRAM DRAM
ALU

Memory Read

ALU

ALU

…

MemMem



Spatial Architecture30

Processing
Element (PE)

Global Buffer (100 – 500 kB)

ALU

ALU

ALU

ALU

ALU

ALU

ALU

ALU

ALU

ALU

ALU

ALU

ALU

ALU

ALU

ALU

DRAM

Control

Reg File 0.5 – 1.0 kB

On-Chip Network (NoC)
• Global Buffer to PE
• PE to PE



Multi-Level Low-Cost Data Access31

DRAM Global
Buffer PE

PE PE

ALU fetch data to run 
a MAC here

ALU

Buffer ALU

RF ALU

Normalized Energy Cost*

200×
6×

PE ALU 2×
1×
1× (Reference)

DRAM ALU

0.5 – 1.0 kB

100 – 500 kB

NoC: 200 – 1000 PEs

* Measured from a commercial 65nm process



Multi-Level Low-Cost Data Access32

ALU

Buffer ALU

RF ALU

Normalized Energy Cost*

200×
6×

PE ALU 2×
1×
1× (Reference)

DRAM ALU

0.5 – 1.0 kB

100 – 500 kB

NoC: 200 – 1000 PEs

* Measured from a commercial 65nm process

A Dataflow is required to maximally exploit data reuse 
with the low-cost memory hierarchy and parallelism



33

Taxonomy of
Existing Dataflows

• Weight Stationary (WS)

• Output Stationary (OS)

• No Local Reuse (NLR)

[Chen, ISCA 2016]



Weight Stationary (WS)34

• Minimize weight read energy consumption
− maximize convolutional and filter reuse of weights

• Examples:
[nn-X (NeuFlow), CVPRW 2014] [Park, ISSCC 2015]
[Origami, GLSVLSI 2015]

Global Buffer

W0 W1 W2 W3 W4 W5 W6 W7

PsumAct

PE
Weight

[Google TPU, ISCA 2017]



Output Stationary (OS)35

• Minimize partial sum R/W energy consumption
− maximize local accumulation

• Examples:
[Gupta, ICML 2015] [ShiDianNao, ISCA 2015]
[ENVISION, ISSCC 2017]

Global Buffer
Act Weight

PE
Psum

[Thinker, JSSC 2017]

P0 P1 P2 P3 P4 P5 P6 P7



No Local Reuse (NLR)36

• Use a large global buffer as shared storage
− Reduce DRAM access energy consumption

• Examples:
[DianNao, ASPLOS 2014] [DaDianNao, MICRO 2014]
[Zhang, FPGA 2015]

PE
Act

Psum

Global Buffer
Weight
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Energy-Efficient Dataflow:
Row Stationary (RS)

• Maximize reuse at RF

• Optimize for overall energy efficiency
instead for only a certain data type

[Chen, ISCA 2016]



1D Row Convolution in PE38

* =
Filter Output Fmap

Input Fmap



1D Row Convolution in PE39

* =
Filter Partial Sums
a b c a b c

a b c d e

PEReg File
b ac

d ce ab

Input Fmap



1D Row Convolution in PE40

* =
Filter
a b c a b c

a b c d e

e d

PE
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Reg File

b ac

a

Partial Sums
Input Fmap



1D Row Convolution in PE41

* =
a b c

a b c d e Partial Sums
Input Fmap

PE
b ac

Reg File

c bd
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Filter
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1D Row Convolution in PE42

* =
a b c

a b c d e Partial Sums
Input Fmap

PE
b ac

Reg File

d ce

c
b a

Filter
a b c



1D Row Convolution in PE43

PE
b ac

Reg File

d ce

c
b a

• Maximize row convolutional reuse in RF
− Keep a filter row and fmap sliding window in RF

• Maximize row psum accumulation in RF



2D Convolution in PE Array44

Row 1 Row 1

=*

*
PE 1



2D Convolution in PE Array45

Row 1 Row 1
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2D Convolution in PE Array46

Row 1 Row 1

Row 2 Row 2

Row 3 Row 3

Row 1

=*

Row 1 Row 2

Row 2 Row 3

Row 3 Row 4

=*

* *

* *
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2D Convolution in PE Array47

PE 1

Row 1 Row 1

PE 2

Row 2 Row 2

PE 3
Row 3 Row 3

Row 1

=*

PE 4

Row 1 Row 2

PE 5

Row 2 Row 3

PE 6
Row 3 Row 4

Row 2

=*

PE 7

Row 1 Row 3

PE 8

Row 2 Row 4

PE 9
Row 3 Row 5

Row 3

=*

* * *

* * *

* * *



Convolutional Reuse Maximized48

Row 1

Row 2

Row 3

Row 1

Row 2

Row 3

Row 4

Row 2

Row 3

Row 4

Row 5

Row 3

* * *

* * *

* * *
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Convolutional Reuse Maximized49
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Row 3

Row 1

Row 1
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Row 3
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Row 2

Row 3

Row 3

* * *
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Fmap rows are reused across PEs diagonally
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Maximize 2D Accumulation in PE Array50

Row 1 Row 1

Row 2 Row 2

Row 3 Row 3

Row 1 Row 2

Row 2 Row 3

Row 3 Row 4

Row 1 Row 3

Row 2 Row 4

Row 3 Row 5

* * *

* * *

* * *

Partial sums accumulate across PEs vertically

Row 1 Row 2 Row 3

PE 1

PE 2

PE 3

PE 4

PE 5

PE 6

PE 7

PE 8

PE 9



Flexibility to Map Multiple Dimensions51

Multiple fmaps:

Multiple filters:

Multiple channels:

PE
Row 1 Row 1

PE
Row 2 Row 2

PE
Row 3 Row 3

PE
Row 1 Row 2

PE
Row 2 Row 3

PE
Row 3 Row 4

PE
Row 1 Row 3

PE
Row 2 Row 4

PE
Row 3 Row 5

* * *

* * *

* * *

Image 1
=

PsumFilter 1

*
*

Fmap 1
=

Psum 1 & 2Filter 1 & 2



Finding the Optimal Mapping52
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ALU
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• Same total hardware area

• 256 PEs

• 16b AlexNet Configuration

• Batch size = 16

Dataflow
Simulation Results



Dataflow Comparison: CONV Layers54

RS uses 1.4× – 2.5× lower energy than other dataflows

Normalized
Energy/MAC

ALU

RF

NoC

GBuff

DRAM

0

0.5

1

1.5

2

WS OSA OSB OSC NLR RS

DNN Dataflows



Dataflow Comparison: CONV Layers55

0

0.5

1

1.5

2

Normalized
Energy/MAC

WS OSA OSB OSC NLR RS

psums

weights

acts

RS optimizes for the best overall energy efficiency

DNN Dataflows
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Eyeriss v1 Architecture
• Optimizes Data Reuse with RS dataflow

• Improves PE Utilization with flexible mappings

• Reduces Processing Power & DRAM Traffic
with data sparsity

[Chen, ISSCC 2016, JSSC 2017]



Eyeriss v1 Architecture for RS Dataflow57

Off-Chip DRAM

…

…

…

…

… …

Decomp

Comp ReLU

Input Fmap

Output Fmap

Filter Filter

Fmap

Psum

Psum

Global
Buffer
SRAM

108KB

64 bits

Link Clock Core Clock 

12×14 PE Array



64 bits

Flexibility Required for Mapping58

Off-Chip DRAM

Comp ReLU
Output Fmap

Filter

Global
Buffer
SRAM

108KB

Link Clock Core Clock 

…

…

…

…

… …

Filter

Fmap

Psum

Psum

12×14 PE Array
RS Dataflow

Mapping Patterns

How to map different shapes with a fixed-size PE array?

PE
Row 1 Row 1

PE
Row 2 Row 2

PE
Row 3 Row 3

PE
Row 1 Row 2

PE
Row 2 Row 3

PE
Row 3 Row 4

PE
Row 1 Row 3

PE
Row 2 Row 4

PE
Row 3 Row 5

* * *

* * *

* * *



Flexible Mapping Strategy59
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Flexible Mapping Strategy60

Replication Folding
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Multicast Network for Data Delivery61

Off-Chip DRAM

Comp ReLU
Output Fmap

Filter

Global
Buffer
SRAM

108KB

Link Clock Core Clock 

64 bits

Supports any delivery pattern & saves
over 80% energy compared to broadcast

Filter
Delivery

Fmap
Delivery

Data Delivery Patterns
…

…

…

…

… …

Filter

Fmap

Psum

Psum

12×14 PE Array



Exploit Data Sparsity62

• Save 45% PE power with Zero-Gating Logic

== 0 Zero 
Buff 

  
  Scratch Pad   

Enable 

Zero Data Skipping 

Reg File
No R/W No Switching



Exploit Data Sparsity63

• Save 45% PE power with Zero-Gating Logic

• Reduce off-chip DRAM traffic with compression
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Eyeriss v1 Chip Measurement Results64

4000 µm
4000 µm

Global
Buffer

Spatial Array
(168 PEs)

To execute 2.66 GMACs (16GB inputs and 5.4GB outputs),
only accesses 208.5MB GBuff and 15.4MB DRAM
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Comparison to a Mobile GPU65

Eyeriss v1 NVIDIA TK1 (Jetson Kit)
Technology 65nm 28nm
Clock Rate 200MHz 852MHz

# Multipliers 168 192

On-Chip Storage Buffer: 108KB
Spad: 75.3KB

Shared Mem: 64KB
Reg File: 256KB

Word Bit-Width 16b Fixed 32b Float
Throughput1 34.7 fps 68 fps

Measured Power 278 mW Idle/Active2: 3.7W/10.2W
Energy Efficiency 124.8 image/J 10.5 image/J
DRAM Bandwidth 127 MB/s 1120 MB/s 3

1. AlexNet CONV Layers Only
2. Board Power
3. Modeled from [Tan, SC 2011]

10× higher energy efficiency



Demo of Image Classification on Eyeriss66



Eyeriss v1: Summary of Contributions67

3 major categories
of DNN dataflow

Dataflow Taxonomy
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Eyeriss v1: Summary of Contributions69

3 major categories
of DNN dataflow

Dataflow Taxonomy

1.4 – 2.5× more energy efficient 
than existing DNN dataflows

Row-Stationary (RS) Dataflow

Eyeriss v1 Architecture Flexibility Performance Energy Efficiency

• Optimizes data reuse with RS dataflow (        )F E



Eyeriss v1: Summary of Contributions70

3 major categories
of DNN dataflow

Dataflow Taxonomy
1.4 – 2.5× more energy efficient 

than existing DNN dataflows
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Eyeriss v1 Architecture Flexibility Performance Energy Efficiency

• Optimizes data reuse with RS dataflow (        )
• Saves 45% PE power & up to 1.9× DRAM traffic with sparsity (    )
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Eyeriss v1: Summary of Contributions71

3 major categories
of DNN dataflow

Dataflow Taxonomy
1.4 – 2.5× more energy efficient 

than existing DNN dataflows

Row-Stationary (RS) Dataflow

Eyeriss v1 Architecture Flexibility Performance Energy Efficiency

• Optimizes data reuse with RS dataflow (        )
• Saves 45% PE power & up to 1.9× DRAM traffic with sparsity (    )
• Improves PE utilization with flexible mapping strategy (        )
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Eyeriss v1: Summary of Contributions72

3 major categories
of DNN dataflow

Dataflow Taxonomy
1.4 – 2.5× more energy efficient 

than existing DNN dataflows

Row-Stationary (RS) Dataflow

Eyeriss v1 Architecture Flexibility Performance Energy Efficiency

• Optimizes data reuse with RS dataflow (        )
• Saves 45% PE power & up to 1.9× DRAM traffic with sparsity (    )
• Improves PE utilization with flexible mapping strategy (        )
• Supports any delivery patterns with multicast NoC while saving

over 80% energy compared to broadcast (        )

F E
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Eyeriss v1: Summary of Contributions73

3 major categories
of DNN dataflow

Dataflow Taxonomy
1.4 – 2.5× more energy efficient 

than existing DNN dataflows

Row-Stationary (RS) Dataflow

Eyeriss v1 Architecture Flexibility Performance Energy Efficiency

• Optimizes data reuse with RS dataflow (        )
• Saves 45% PE power & up to 1.9× DRAM traffic with sparsity (    )
• Improves PE utilization with flexible mapping strategy (        )
• Supports any delivery patterns with multicast NoC while saving

over 80% energy compared to broadcast (        )

F E

PF

E

F E

• 10× more energy-efficient than a mobile GPU!

• Demonstrated an image classification system
with the Eyeriss v1 chip



Survey on Efficient Processing of DNNs74

V. Sze, Y.-H. Chen, 
T.-J. Yang, J. Emer, 

“Efficient Processing of 
Deep Neural Networks: 
A Tutorial and Survey,” 
Proceedings of the IEEE, 

Dec. 2017

http://eyeriss.mit.edu/tutorial.html

We identified various limitations to existing approaches

http://eyeriss.mit.edu/tutorial.html


DNNs are Becoming More Compact!75

Year Accuracy* # Layers # Weights # MACs

AlexNet 2012 80.4% 8 61M 724M

MobileNet[1] 2017 89.5% 28 4M 569M
[1]

* ImageNet Classification Top-5

[1] Howard, arXiv 2017

Filter Decomposition
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C …

…

…

R

S

…
…

C

1

1

*

Bottleneck Layer



Data Reuse Going Against Our Favor76

[1] Szegedy, arXiv 2014

Data Reuse
(MAC/data)

100

101

102

103

104

AlexNet MobileNetGoogLeNet

Amount of Input Fmap Reuse

[1]

median value

(2012) (2014) (2017)



How Does Reuse Affect Performance?77

Example: reuse the same Weight with different Inputs

PE PE PE PE

I1 I2 I3 I4

W1



How Does Reuse Affect Performance?78

Example: reuse the same Weight with different Inputs

PE PE PE PE

I1 I2 I3 I4

W1

Case 1: Dataflow not flexible enough 

I1 I2

W1

PE PE PE PE

Idle PEs

If weight reuse is low, performance will go down!



How Does Reuse Affect Performance?79

Example: reuse the same Weight with different Inputs

PE PE PE PE

I1 I2 I3 I4

W1

I1 I2 I1 I2

W1 W2 W1 W2 …

W1 W1 W2 W2
PE PE PE PE

Case 2: Insufficient NoC bandwidthCase 1: Dataflow not flexible enough 

I1 I2

W1

PE PE PE PE

Idle PEs

If weight reuse is low, performance will go down!



A More Flexible Mapping Strategy80

4 Inputs

1 Weight

2 Inputs

2 Weights

1 Input

4 Weights

PE PE PE PE PE PE PE PE PE PE PE PE

• Dataflow: always keep as many PEs busy as possible

• NoC: adapt to the bandwidth and reuse requirements



A More Flexible Mapping Strategy81

4 Inputs

1 Weight

2 Inputs

2 Weights

1 Input

4 Weights

PE PE PE PE PE PE PE PE PE PE PE PE

• Dataflow: always keep as many PEs busy as possible

• NoC: adapt to the bandwidth and reuse requirements

Unicast

Broadcast
Grouped Multicast

Interleaved Multicast

4 Data Delivery Patterns



Delivery of Input Fmaps (RS)82

Horizontal Vertical

unicast

multicast

broadcast unicast

multicast

AlexNet



Delivery of Input Fmaps (RS)83

Horizontal Vertical

unicast

multicast

broadcast unicast

multicast

Horizontal Vertical

unicast
multicast
broadcast unicastmulticast

AlexNet

MobileNet



Eyeriss v2: Design Goals84

• Supports a wide range of data reuse

[Chen, submitted to Micro 2018]

Low Reuse High Reuse

Provide High BW Exploits ReuseNoC
DataflowReduce Idle PEs Exploits Reuse



DNNs are Becoming More Compact!85

[1] Yang, CVPR 2017

pruning 
neurons

pruning 
synapses

after pruningbefore pruning

Network Pruning

Year Accuracy* # Layers # Weights # MACs
AlexNet 2012 80.4% 8 61M 724M
AlexNet
(pruned) 2017 79.6% 8 5.7M

(non-zero)
58M

(non-zero)

* ImageNet Classification Top-5

[1]



Eyeriss v2: Design Goals86

• Supports a wide range of data reuse

• Supports a wide range of data sparsity
− exploits sparsity in both feature maps and weights to

achieve higher throughput and energy efficiency

[Chen, submitted to Micro 2018]

Low Reuse High Reuse

Provide High BW Exploits ReuseNoC
DataflowReduce Idle PEs Exploits Reuse



Eyeriss v2: Design Goals87

• Supports a wide range of data reuse

• Supports a wide range of data sparsity
− exploits sparsity in both feature maps and weights to

achieve higher throughput and energy efficiency

[Chen, submitted to Micro 2018]

DataflowReduce Idle PEs Exploits Reuse

Low Reuse High Reuse

Provide High BW Exploits ReuseNoC

Today’s Focus



Row-Stationary Plus (RS+) Dataflow88

• Any data dimension can be mapped spatially
output channels

input
channels

PE 
Array

output channels

fmap
columns

PE 
Array

Example:
Num. of Input Channels

many few



Row-Stationary Plus (RS+) Dataflow89

• Any data dimension can be mapped spatially

• Mult. data dimensions on the same PE array dimension

input
channels

fmap columns

filter
columns

output channels
PE
Array

Example:
Num. of Input Channels

many few

output channels

input
channels

PE 
Array

output channels

fmap
columns

PE 
Array



output channels

input
channels

PE 
Array

output channels

fmap
columns

PE 
Array

Row-Stationary Plus (RS+) Dataflow90

• Any data dimension can be mapped spatially

• Mult. data dimensions on the same PE array dimension

input
channels

fmap columns

filter
columns

output channels
PE
Array

Example:
Num. of Input Channels

many few
• Minimize the number of idle PEs with very

flexible spatial mappings

• RS+ is a superset of RS à same or better
performance



On-Chip Network (NoC) is the Bottleneck91

src

dst

Broadcast Network
(Eyeriss v1 NoC)

Unicast Networks All-to-All Networks

src

dst

src

dst

High Reuse

Low Bandwidth

Low Reuse

High Bandwidth

High Reuse

High Bandwidth

Hard to Scale



Mesh Network – Best of Both Worlds92

src

dst

router
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src

dst

router

src

dst

router

High-Bandwidth Mode



Mesh Network – Best of Both Worlds94

src

dst

router

src

dst

router

High-Reuse Mode

src

dst

router

High-Bandwidth Mode



Mesh Network – More Complicated Cases95

Grouped-Multicast Mode

src

dst

router



Mesh Network – More Complicated Cases96

Grouped-Multicast Mode

src

dst

router

src

dst

router

Bandwidth-limited route
(flow control required)

Interleaved-Multicast Mode
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Hierarchical
Mesh Network
• Flexible to support patterns ranging from
high reuse to high bandwidth scenarios

• Can be easily scaled at a low cost



Hierarchical Mesh Network98

src
cluster

dst
cluster

router
cluster



Hierarchical Mesh Network99

src
cluster

dst
cluster

router
cluster

Mesh Network for inter-cluster connections



Hierarchical Mesh Network100

src
cluster

dst
cluster

router
cluster

All-to-All Network for intra-cluster connections
Complexity is contained within a cluster



Hierarchical Mesh Network101

High-Bandwidth Mode



Hierarchical Mesh Network102

High-Reuse Mode
from any one src



Hierarchical Mesh Network103

Grouped-Multicast Mode



Hierarchical Mesh Network104

Interleaved-Multicast Mode



Hierarchical Mesh Network105

Interleaved-Multicast Mode

Can interleave more by scaling up the cluster size



Hierarchical Mesh Network106

Interleaved-Multicast Mode

All routes are determined at configuration time
à Routers are circuit-switched (only MUXes)



Scaling the Hierarchical Mesh Network107

… …

Cost of the mesh network scales linearly

Cluster size can scale up depending on
tolerable cost of the all-to-all networks



Eyeriss v2 Architecture108

PE 
Cluster

Router 
Cluster

GBuff
Cluster

PE 
Cluster

Router 
Cluster

GBuff
Cluster

PE 
Cluster

Router 
Cluster

GBuff
Cluster

PE 
Cluster

Router 
Cluster

GBuff
Cluster

src dst



Eyeriss v2 Architecture109

11.25 kB

PE 
Cluster

GBuff
Cluster

PE 
Cluster

GBuff
Cluster

PE 
Cluster

GBuff
Cluster

PE 
Cluster

GBuff
Cluster

4×4 PE Array

Router 
Cluster

Router 
Cluster

Router 
Cluster

Router 
Cluster



Eyeriss v2 Architecture110

Router 
Cluster

Router 
Cluster

Router 
Cluster

Router 
Cluster

The NoC consumes around 3% – 5% of total Energy

PE 
Cluster

GBuff
Cluster

PE 
Cluster

GBuff
Cluster

PE 
Cluster

GBuff
Cluster

PE 
Cluster

GBuff
Cluster
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Simulation Results
• Throughput Comparison: Eyeriss v1 vs. v2

• Both have 256 PEs
− Eyeriss v1: 16×16 PE Array
− Eyeriss v2: 16 Clusters, each with 16 PEs

• Batch Size = 1
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Throughput Comparison: AlexNet113
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FC layers require high BW for weights



Throughput Comparison: MobileNet114
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Throughput Comparison: Summary115

256 PEs

AlexNet 17.9×

GoogLeNet 10.4×

MobileNet 15.7×

Overall 13.3×

Throughput Speedup of Eyeriss v2 over Eyeriss v1



Throughput Comparison: Summary116

256 PEs 1024 PEs 16384 PEs

AlexNet 17.9× 71.5× 1086.7×

GoogLeNet 10.4× 37.8× 448.8×

MobileNet 15.7× 57.9× 873.0×

Overall 13.3× 50.3× 693.3×

Throughput Speedup of Eyeriss v2 over Eyeriss v1

Eyeriss v2 has over 10× throughput speedup than Eyeriss v1



Eyeriss v2: Summary of Contributions117

Flexibility Performance Energy Efficiency

Supports a Wide Range of Data Reuse

• Minimizes number of idle PEs with the RS+ dataflow (        )
• Provides sufficient bandwidth and exploits data reuse with the 

hierarchical mesh NoC (            )

PF

F E P
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Flexibility Performance Energy Efficiency

Supports a Wide Range of Data Reuse

• Minimizes number of idle PEs with the RS+ dataflow (        )
• Provides sufficient bandwidth and exploits data reuse with the 

hierarchical mesh NoC (            )

PF

F E P
Over 10× Speedup in Throughput than Eyeriss v1



Eyeriss v2: Summary of Contributions119

Flexibility Performance Energy Efficiency

Supports a Wide Range of Data Reuse

• Minimizes number of idle PEs with the RS+ dataflow (        )
• Provides sufficient bandwidth and exploits data reuse with the 

hierarchical mesh NoC (            )

PF

F E P
Over 10× Speedup in Throughput than Eyeriss v1

Supports a Wide Range of Data Sparsity

• Processes both feature maps and weights in compressed format 
to improve throughput and energy efficiency (        )

• Processes in raw format when sparsity is low (    ) 
P

F

E
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Flexibility Performance Energy Efficiency

Supports a Wide Range of Data Reuse

• Minimizes number of idle PEs with the RS+ dataflow (        )
• Provides sufficient bandwidth and exploits data reuse with the 

hierarchical mesh NoC (            )

PF

F E P
Over 10× Speedup in Throughput than Eyeriss v1

Supports a Wide Range of Data Sparsity

• Processes both feature maps and weights in compressed format 
to improve throughput and energy efficiency (        )

• Processes in raw format when sparsity is low (    ) 
P

F

EAn additional 3.0× Speedup in Throughput



• Data reuse is the key to achieving high energy efficiency.

• High PE utilization with adaptive on-chip networks is the
key to achieving high performance.

• Flexible hardware is required to deal with the diverse set
of DNNs, which is constantly evolving.

• Co-design of dataflow and hardware is critical for the
optimization of performance, energy efficiency and
flexibility for DNN accelerators.

• Achieving this balance will open up more opportunities for
AI to be applied in real-world applications.

Conclusion121


