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Perfect storm:

Moore’s law Is
slowing,

Dennard scaling is
ending and

von Neumann
architecture

became a bottleneck

MOORE’S LAW KEEPS SLOWING
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Current Code Performance

Stagnation
of code
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Unless we take action, our future will be keeping performance from
deteriorating rather than improving

B. Meisner, The Bump in the road to ExaFlops and Rethinking LINPACK,
HPC User Forum, June 2014

(@ The Challenge: Beyond von Neumann Computing

Current von Neumann architecture spends more time moving data
than processing it

Neural Programmer (LSTM) ResNet-152 (CNN) Alex Net (CNN)
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= Compute Memory Data from S. Mitra of Stanford

Data for 7nm instantiation of a state-of-the-art Machine Learning accelerator

Accelerators don't help (enough) if using the same architecture
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Large New, more scalable
. ’ . Architectures
Industry wide

approach but

Reducing

without a Data access cost L g bass _h
master plan
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continued Class “citizen”

scaling

Bridge the latency gap with
New Memory technologies

AAicron



New, Non Von
Neumann
Architectures
Scale well (for
a while) with
process
technology
Improvements

Improved
Scalability
&

Efficiency
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General
purpose CPU
performance
CAGRIs
declining

42 Years of Microprocessor Trend Data
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Original data up to the year 2010 collected and plotted by M. Horowitz, F. Labonte, O. Shacham, K. Olukotun, L. Hammond, and C. Batten
New plot and data collected for 2010-2017 by K. Rupp

https://www.karlrupp.net/2018/02/42-years-of-microprocessor-trend-data/
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Machine Learning
+

Deep Learning

emerging as the

key application for

data analytics

Arich target for
Domain specific
computing

Chart 3.5 Annual Artificial Intelligence Revenue by Technology, World Markets: 2016-2025
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On a given
technology node,
Domain Specific
Architectures
deliver greater
performance on
targeted
applications

OPTIMIZING SYSTEM PERFORMANCE
WITH ACCELERATED COMPUTING

— — Semi-Custom SoCs & FPGAs

ﬂ — GPGPU
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FOR ILLUSTRATIVE PURPOSES.

Pattern for domain specific architectures

Simpler, lower performance, more efficient processing elements
High degree of parallelism (1000s of processing elements)

Highly optimized on die data movement
New, application specific ISA
Custom compiler
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An example of
Domain Specific
Architecture
delivering greater
performance

Optimized Al
processors deliver
even better gain

~400% perf
jump vs. 25%
for CPU

1L
125 Tensor TFLOPS of Mixed Precision
&
o
=
=
50
25
2014 2015 2016 2017
Figure 3. Tesla V100 Provides a Major Leap in Deep Learning Performance
with New Tensor Cores
DGX Station 15 hours, 47X faster
4X GPU Workstation |36 hours, 20X faster >
2X CPU Server ] 711 hours
0x 10X 20X 30X 40X 50X

Deep Learning Training Speed-up

Figure 32.  NVIDIA DGX Station Delivers 47x Faster Training
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There are over 300
Al processor
designs worldwide
Innovating from
Low End to High
End

Claimed performance
2.8 TOPS @1.6W
~2x faster vs. CPU

1/15% power vs. CPU

The Hailo-8 ac-hiievesr26 TOPS (Image: Hailo)

EETimes 08.29.10 Details of Hailo Al Edge Accelerator Emerge

Cerebras Wafer Scale Engine

Largest GPU
21.1 Billion Transistors
815 mm? Silicon

Hot Chips 2019, Cerebras Presentation A{(Q?K:ron'
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“Cost” of 10 is critical to
performance scaling and
energy consumption

The goal Is improving
Bandwidth, reducing
Latency & reducing Data
movement

Pr OXimity,

COm D

bas
Utfng ed

Improved
Scalability

&
Efficiency
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Improving Data
Proximity Is a
vehicleto
address IO cost

* For simplicity single socket CPU Hosts are shown
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Various approaches

%\

Classic
Architecture

DRAM

Host

Data Residentin DRAM
or
In Direct Connect SSD

Near Data Near Memory

DRAM DRAM

Host

% Host

LA

Processingon On DIMM
locally stored persistent Processingon
data DRAM loaded data

In Memory

DRAM

Host

On Die Processingon
DRAM loaded data

D Processing
Element

AAcron
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NAND die capacity
continues to grow
enabling more
dense SSDs and
storage solutions

j i“ Memory density trend

Flash Memory Summit

* Flash density growth will continue via 3D NAND layer count scaling 2018-2022+ - TLC, QLC, LL-NAND
* 3D NAND scaling on a 18-24 month cadence thru 2020 — 64L > 96L >120L >190L

* Flash with increasing density can allow for lots of data — accelerating Al growth

32 Layer 64 Layer 96 Layer 8 : ) )
Gen. 1 Gen. 2 Gen. 3 1 bit/cell 2 bits/cell 3 bits/cell 4 bits/cell

Difficult to Beat the NAND Cost Structure

Aicron



|10 BW (GB/s) vs. SSD capacity (TB)

SSD 10 Bandwidth

IS lagging SSD -
Cap a-C i ty g rOWt h g 'O 4TB 8T8 16TB 2578 3278 30TB 75TB ?[:TB

S8D capacity

——PCleGxd ==PCleG5x4

Query of very large data sets
Will take an increasingly long time
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NAND stacks and
SSDs are designed for
capacity scaling

Device level aggregate
BW is ~100x vs. SSD
External IO Bandwidth
Die level Bandwidth is
~1000x

NAND Device Die Stack NAND Die

Upto 8 Die bussed together
~125MB/s per die

~1GB/s

Upto 4 packages share
an expander ~32 MB/s per die

5 | AT
NVMe (PCle) 8 1l 1~ <y
5
(@)
3.6GB/s UD)
(PCle Gen3) w

400 GB/s aggregate
device level BW

AAcron



Moving processing into
SSD can benefit from the
high Embedded
Bandwidth

Timeto Insight on very
large shardable data will
also benefit from

Massive parallelism

* For simplicity single socket CPU Hosts are shown
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9.6 TB/s aggregate untapped RAW
652 GB/s aggregate IO

internal BW
BW at SSD connector Usable BW can be as much as ~25%

DRAM DRAM

I 8% of Drive Bay BW I .05% of NAND BW

Opening up
this to

applications _
\[

I lc NAND

Devices
Potential Internal BW

Host
Host

Parallel Processing coupled with
Near Data Computing
enables faster time to insight

Note: In both cases there are 24 drives per JBOF, identical PCle G5 NVMe interface.
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Near Memory Computing
can Deliver 5-10x better

Bandwidth to applications
iIn a 2.5D packaging
technology

“Classic” architecture

DDR Memory

Data Store

Code/OS

CPU/APU

CPU based designs

Large Data Set size
Modularity
“DDR” speed
~160 GB/s
General computing
DRAM (speed)
and 3DXP (capacity)

Near Memory Computing

HBM

GPU/AI processors/FPGAs

Limited Data Set size
No modularity
“HBM/GDDR speed”
~900 GB/s
Domain Specific computing

AAcron
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Tighter integration
of processing and
memory can lead to
even greater
Performance at
lower Power

Near Memory Computing example

Programmable, scalable platform as processor in memory

Memory vault

NoC
| Buffer ‘ ‘ Buffer ‘
ol Logic die [MAc][MAC || | [MAC | MAC]
PIM based accelerator |MAcHMAc\ \MACHMAC|

for neural computing

Processing Engine

Parallel cores
architecture

Q1. Neural computing layer should meet
thermal and area constraint in 3D stacked

DRAM

Q2. NeuroCube should be programmable
to cover different types of neural network

[Kim et al., NeuroCube, ISCA 2016]

AAcron
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On Die integration of
compute and memory
can take advantage of
~160x on Die bandwidth
on smaller Data sets

Low off Memory BW € High on Memory BW

DRAM Ship Read
—4- « VLN Bank 1

Ship Read
<ED « EXZ) Bank 2
Ship Read
BUS to CPU «—EEJ) «— <[EE) « Bank 3
|
|
!
Ship Read
L «E <« Bankn

25 Gb/s 4,000 Gb/s

Processing
Element

AAcron
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Large
Investment into
Improving
Platform 10

Improved
Scalability
&

Efficiency
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Increasing
iIntegrated IO lane
count to grow
connectivity

Faster PCle will
enable higher
speed devices

Silicon photonics to
extend reach

* For simplicity single socket CPU Hosts are shown

“Classic JBOF based
Architecture”

DRAM

Host
PCle

48 PCle lanes for
Storage
Networking
Local IO
Accelerators

“Enhanced Direct attached

Architecture”

DRAM

CPU

ost
PCle

128 PCle lanes for
Storage
Networking
Local IO
Accelerators

2010

&) PCle 3.0 @ 8GT/s
2006
® ccezo@socTs

Continuous improvement with
data rate as well as usage
models; doubling bandwidth
and improving capabilities

2003
@ PCle1.0 @ 2.5GT/s

—a
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Emerging Media
technologies to
Improve capacity,
latency and
access methods

Improved
Scalability

&
Efficiency

AAicron



DRAM

Difficult to beat
DRAM Performance
& Energy

Density (Mb)

But

DRAM density growth

Emerging Memory s soving :

gy Density{Mb)

research Is
Intensifying

PCM/1TIR Cross point

STTRAM NAND

RRAM RRAM

~ 50ns ~100ns-200ns | ~100ns-200ns
rite Latency ~50ns ~us ~us
Fiead Endurance |  >1e15 >10" >107 >0
}Nn‘te Endurance |  >1e15 >10" >10° »10f
rite/Read . )
tlnel'ﬂwbﬂ <10pJibit ~25pJibit | ~100-200 wbl' ~100-200 pJ/bit

Emerging Memories

T 1

Lower

Higher .
Latency Density [y}ICl‘OD
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Emerging
Memories can fill
data access
latency gaps and
enable new
storage models

Log Latency in ns

E+01
[o]

Memory Hierarchy

DRAM

Interest

111111

-ow Cost, Block Addressable storage

AAppIication Memory

Fast, Byte Addressable storage
Emerging Memories

Fast, Block Addressable storage

AAcron
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Attaching EM
requires server

architecture changes

CXL Is the emerging

Standard for EM
attach

* For simplicity sake single CPU Hosts are shown

Today

DRAM
Memory I I I I
semantics

PCIeI 0
semantics

PCle Gen4
IO devices
SSD
Accelerators

Host

~2022

DRAM
Memory I I I I
semantics

CXL IMemory +10

semantics

Host

PCle Genb
2x 10 Bandwidth
|O devices
SSD
Emerging Memory
Coherent Accelerators

Aicron



Some possible memory examples

CXL en.ableS _ —e— — i
innovations ranging gnan | | memm
_ EEEN EEEN
from different siad | | EHaE
EMM EMM
memory types to
heterogeneous ‘piosty | [Eewessn| [
i REEE | | EEEE | | EEES
computing BI | | BEED | | EEEE
DRAM DRAM NAND

AAcron
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Scaling Emerging
Memory capacity

IS critical to address
use case
requirements

* For simplicity, single CPU Hosts are shown

DRAM DRAM

CXL I Memory Semantics CX LT Memory Semantics
v

. CXL d
Emerging memory based

Expansion modules

Host
Host

~TB Many TB

Aicron
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The collection of
these new
technologies and
architectures will
Impact how we
build future Data
Centers and
Systems

Improved
Scalability
&
Efficiency

AAcron



Co locating Compute
and Data requires
change Iin data
placement,
provisioning and
load balancing
strategies

* For simplicity single socket CPU Hosts are shown
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asle

Processing on
locally stored persistent
data

DRAM

On DIMM
Processing on
DRAM loaded data

DRAM

Host

On Die Processingon
DRAM loaded data

Strict provisioning
and
data placement rules

Emergence of
non uniform
resource pools

Complex data
Partitioning models

AAcron



Std Compute Small Object

In Memory
Data Grid

Analytics
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Large Data Object

Block/Object

Low Latency
Data Cache/Buffer

Analytics

Data Store

Heterogeneous
Resource
Pools

Example

* For simplicity single socket CPU Hosts are shown

AAcron
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Summary

Exciting times.

The Data Growth and the need for Faster Insight drives transitioning
from decades old architectures to a new, emerging model utilizing
breakthrough technologies

Buckle your seatbelt!
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Thank you!

bfleischer@micron.com



