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EES2 program goal is 1000X
improvement in energy efficiency
over the next 20 years

Operation

Wireless data

Internet: access

Internet: routing

Internet: optical WDM links

Reading DRAM

Communicating off chip

Data link multiplexing and timing circuits

Communicating across chip

Floating point operation

Energy in DRAM cell

Switching CMOS gate

1 electron at 1V, or

1 photon @1eV

Energy per bit
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On the current trajectory of energy use
versus energy production,
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(From Algorithms
to Atoms)

RS. This is not good...

Part of the looming energy
crisis are fundamental
inefficiencies of
applications and
programming languages

Python programming is
orders of magnitude less
energy efficient than C
programming (ChatGPT is
Python-based)

Cryptocurrency in
particular consumes 20.5%
of world energy resources

already



Circuits and Architectures

ReRAM vs NAND

STTRAM vs NAND

NRAM vs DRAM

ReRAM vs DRAM

CNT NVM

Metis SRAM

Molecular dynamics ASIC

FPGAs for machine vision 1

SRAM stacked 3D DNN accelerator 2

MIV stacked ReRAM 3

HBM Cache 4

Neuromorphic memcapacitive devices 3
6
7
8
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Algorithms and Software

Reduced energy for ML algorithms
Algorithm-specific energy (tooling)
Algorithm-specific energy (benchmarking)
Languages, compilers, and runtime systems
Communication protocols

Homomorphic encryption

Software for emerging architectures
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There is no silver
bullet that fixes
everything
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Neuromorphic memristor matrix multiplier
Neuromorphic asynchronous computing
CMOS SRAM CIM

CXL optimized DDR5
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The DoE has identified

Advanced Packaging & Heterogeneous Integration Materials and Devices

a wide variety of
incremental solutions
to address the power

crisis
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LMP solder with polymer

Nanostructured thermal interface surface
CNTTIM

Graphene TIM

Graphene interconnects

CNT interconnects

Rh/Irinterconnect

CNT for 3D ICs

3D IC MIVs

Feveros

Si-GAA

CNT Memory

CNTFET (Logic)

TFET

Spintronic memory

FeFET (Flash)

Analog devices for neuromorphic computing
FeFET (SRAM)

Contact & interconnect

Novel ILD

e
HD(.DM--IG)U‘I-&WMI—-

TSVfor3DIC

Hybrid bonding (Cu-Cu)
Optical off-chip interconnect
Optical on-chip interconnect
Optical bus

UCle chiplet standard

3D stacked SRAM

MIV stacked ReRAM

HBM on logic

Spintronic logic
2D materials
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Let’s zoom in on the

software specific Algorithms and Software
potential solutions @ Reduced energy for ML algorithms
Algorithm-specific energy (tooling)
Algorithm-specific energy (benchmarking)
— Languages, compilers, and runtime systems
12 Communication protocols
Homomorphic encryption
ﬁL Software for emerging architectures
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As a software nerd
turned hardware geek

let’s take a dive into computer
architecture

examine how the software and
hardware work together

to see what we can do for our planet




A Application Software

I Operating System

Shell

Fundamentals of Computing

System Hardware

Processing

Communications



Traditional picture of computing
/ \ resources helps visualize relative
Disk

speed, latency, capacity, and cost
/ Communications \

_ e \
However, it does not CPU
adequately describe the -
requisite electrical g [~ (—)| 2
interfaces, each of which is \ )
a distinct source of issues / ﬁ

_— &9
Communications N/




Simplified but realistic case of program execution and data movement

Each transfer takes time

. 4 - N D/
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Each transfer burns energy Each transfer imposes
inefficiency
NZ

/ Communications b\

Typical application flow

1.

2

App read from disk
through CPU to RAM
App read from RAM
to CPU for execution

. Info read fromI/O

through CPU and
written to RAM
App reads RAM to
process

. App writes results to

disk



CPU registers have an intrinsic waste
with various size data types

CPUs have all added caches
for recently accessed data

Industry standard is 64 bytes
per cache line

64 Byte Cache Line

Discrepancy between cache line
Size and data item size creates
significant wasted data access

If an application needs a
yes or no answer (1 bit)

But accesses a cache line
(64 bytes)

Waste = 99.8%



. 0, 1
L1:96% hit rate, 1 cycle access The good news: near-CPU caches do have high hit rates

(reduces waste from unnecessary accesses)

L2: 95% hit rate, 25 cycles access
L3: 98% hit rate, 80 cycles access

A question I have posed
that CPU guys refuse to

By the time an access gets to the answer:

local DRAM, though, hit rates start
to drop dramatically

Read hit ~82%

Write hit ~62%

How much performance
gain are we getting for
each watt expended?

ESPECIALLY when it comes
to speculative operations

Access to remote memory drops even further,
especially with increased thread count

Hit rate ~65%
...and this is before memory pooling... a

Max QPS
Normalized to DDR 100%

e
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https://www.futureplus.com/blog/critical-memory-performance-metrics-for-ddr4-systems-page-hit-analysis \7

https://arxiv.org/pdf/2303.15375#:~:text=Meanwhile%2C%20as%?20the%?20block%?20size%?2 L
Oincreases%20beyond, latency%20begins%?20to%20dominate%20the%20p99%:20latency. 13



Facebook RocksDB X (Twitter) Twemcache

mUDB mZippyDB mUP2X
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Object size (Byte)

The average key size (AVG-K), the standard deviation of

— e key size (SD-K), the average value size (AVG-V), and the
unn® DRAM | | standard deviation of value size (SD-V) of UDB,
it G e | a <: ZippyDB, and UP2X (in bytes)
: B B e ]
""'“"';"""“"”““”'~"‘ ! T [ i!i;llljmmlﬁ.;!ii“iim:!;!m!mn;i;zjz' 1e| 64B CaChe Ilne AVG_K

UDB 27.1

ZippyDB 47.9
UP2X 10.45

Typical disk block transfer size is 4KB

Average number of bytes actually used is 100

Waste = 97.5%

This is Best Case... even worse if the block is cached i N




64 byte

B b !!E@!!!!!!!!!!!!!!!!!!! X 2
T T ——
Columns RAMs are grouped in 10s to form a “rank”
A
[ |
 EEEREEEEEEEREEEEEEREEEE Each RAM has a 1KB page buffer size (access granularity)
ORAAT T T Activations are destructive and data rewrite is needed
(0)) [ [ [ [ TANpalS T [T T T T TTTTTTT]
S | SEmsedERRCRnceieRnce: :
V| ettt Therefore, every data access requires 20KB of data movement

Waste =99.7%




Computer systems continue to evolve

Electrical challenges with
supporting more memory got worse
resulting in fewer memory slots

IT managers
got very sad

Development of faster, higher
capacity memories slowed

X
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® Demand @ Supply

Demand for media outstrips supply

Media speeds can’t keep up with demand

@ Transistor Count (1000s), CPUs
~—QTransistor Count (1000s), GPUs

Source: hitps //en wikipedia org/wiki/Transistor_count

GPU-Computing
perf, 2x per year,

Single-threaded
CPU perf

Bandwidth

2020

Source: Frank Schirrmeister, Arteris, plotted based on https://bit.ly/3P5y90K, NVIDIA
and “Fast Validation of DRAM Protocols with Timed Petri Nets”, M. Jung et. al, MEMSYS 2019

Parameter Count (Billion)

Al and Memo

10TB Baidu RecSys
®
Transformer Size:
Al HW Memory:

410x / 2 yrs
2x /2 yrs

Switch Transformer

GShard “Megatron-Turing
[ ] | ®
GPT-3
([ ]

Microsoft T-NLG
i A100-80 (80GB)
MegatronLM @ Y

&

H100 (80GB)

V100 (32GB) TPUvV3 (32GB)

®
P100 (12GB) GPT-2 A100 (40GB)

()
TPUV2 (16GB) @

BERT

GPT-1
Transformer @

Inception V4 ResNext101
©

ResNet50 DenseNet

Al algorithms largely drive new demand

How is the industry addressing the need
for more capacity and higher bandwidth?



One way is to add memory to the processor

High Bandwidth Memory (HBM)

Added to most new processors
Limited capacity (16GB per part)
Limited mm distance from the CPU

Fast yet relatively low power

very $$$$expensive
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Or you can steal your neighbor’s memory!

Resource Pooling via NUMA

Non-Uniform Memory Architectures (NUMA) have
been common ways to pool memory resources

Buses such as HyperTransport and Ultra Path
Interconnect have been around for decades

These NUMAs created a tier of resources
» Fastest memory attached to CPU

« Slower memory one hop away

» Slowest memory two hops away

kMemony
Controller
13]|0UOD

fowapy

1=
ol
5=
=
E S
a =
=
Eu

13]|01UOD
fowapy

I/O
Controller
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CXL 3.0: SWITCH CASCADE/FANOUT CXL 3.0: MULTIPLE DEVICES OF ALL TYPES PER ROOT PORT

Proprietary NUMA buses |
inhibited the industry for w "
fabric based computer o

complexes

@ Multiple switch levels
(aka cascade)
* Supports fanout of
all device types

@ Each host's root port
can connect to more
than one device type

For decades, it was R —

- - |_ ki gl u \i‘ i/ &) »il
impractical to create a CXL 3.0: FABRICS OVERVIEW CXL 3.0: FABRICS EXAMPLE USE CASE
connection fabric for Composable Systamis wilh Spine/Leaf Architectura

W O M CXL 3.0 Fabric Architecture
reso u rces " X , - ?;:tr:ssln:e:l::ﬂ::mt: Switch

XL 3.0 d T l_:eaf Switch Accelerator Enclosure
WWWW ga}‘.?,{vitch Memory Enclosure
L

o

e

In March 2019, all that B EASAN | B Rpeteveaitid

- D Switch witch [P N\ _* Each node can be a CXL '
Cha nged WIth the n Uf\\ Host, CXL device or PCle
introduction of CXL

device

CXL: Compute Express Link changed systems architecture
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¢
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Processing

S 1
1 [ - [

Storage

\ i

Communications



CXL Memory

CXL Memory

CXL Memory







CXL 3.0: POOLING & SHARING

The CXL fabric can be used to
improve memory usage

Memory pooling allows each
memory resource to be broken
into chunks and allocated to
different processors

Memory sharing allows multiple
processors to share a memory
chunk

Example: Multiple AI engines may
share a machine learning data set

= .
<
;“:;’_
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HEM The resource tier map got
Local DRAM more complicated

/ NUMA DRAM 1 hop \
/ NUMA DRAM 2 hops \ ...bUt...
/ Local CXL DRAM \

CXL DRAM 1 hop

The same factors apply:
speed, latency, capacity, cost

CXL DRAM 2 hops

Hybrid Memory

Solid State Drive (SSD)

Communications



Artificial intelligence is particularly
sensitive to memory capacity

Once an Al application hits the intensity
wall, performance peaks

Some Large Language Model applications
are splitting into Small Language Models to
avoid the intensity wall

Inference is not as good with SLMs

Roofline Model

Attainable
Performance

Performance
Headroom

Adding memory moves

this intercept

Operational
Intensity

FLOP/Byte

Adding memory allows LLMs to process
complex data sets

CXL memory pooling is a great asset
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* All this hardware stuff!

What's a software nerd to do?




Personal story
In the 1980s I wrote the boot code for this voicemail system

I wrote the memory test algorithm in PL/M (C-like programming
language)

Execution time = 27 minutes

I dumped the output of the PL/M compiler to assembly and
tweaked the code

Execution time = 7 minutes

I used clock counting and loop unrolling to recode

Execution time = 7 seconds
(231X better than PL/M)

Lesson learned: high level languages J
can cause great evil




One of my favorite sayings:

When all you have is 9
hammer,

everything looks like 2 nail”

AS



Sometimes the development language is fixed
When you have a choice, consider efficiency
Python may be great for Al

but it is overkill for a calendar program

Energy efficiency of programming languages

"Python Meets
Planet Earth” N y Ny
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Least Most
efficient efficient

Call to action includes BETTER COMPILERS

Interpreters are great for prototyping but are power pigs
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There are many APIs for accessing memory and storage

Eve g - - - -
oLy All have different uses and different efficiencies
application
mayhave @ uwicin @ wricin | @ wwiin | @ i | @) vl
pplication pplication pplication pplication pplication
Iegacy 1 A 7§ A
mechanlsms /‘, ........................................................................ S oy T W e e . =, _ T g
[ Malloc/ Load/ Load/ Malloc/ )
i Free Store NVMe-oC Store Free :
New E SVIVIEe Block 1/0 Standard !
- - i Wrapper File API i
applications Memory ,
d Allocator BAEBI 5
Ccan use newer : 4 SPDK !
more efficient ‘. = goerPacey
methOdS ," ," Kernel Space \‘\
i DAX Filesystem i
: NVMe-oC t — — A4 !
i Memor . !
E.G., DAX : e NVMe-oC DAX Pooling/ N\E/;'l\":BTC D:I;(“‘A’r |
mode memory ' Driver Sharing i
! CXL.mem ;
mapped X CXLio CXL 1CXL CXL.mem JCXL.io I_CXL ICXL %
filesystems 7V - -
! Device
- : NVMe-oC NVMe-oC NVMe-oC NVMe-oC NVMe-oC A :
Avoid OS i Controller Controller Controller Controller Controller 'y ]
1 1
traps to , L
improve : I BRAM I NAND I DRAM I NAND I DRAM I NAND I DRAM I N+ O I DRAM I NAND. Energy SOUrCe;
efficiency ;



PMEM eliminates
the need to
checkpoint




Matrix math is heavily deployed in Al

algorithms and Python programming

b. +a,b,, a.b,+a,b,,
] e T Oz Adding a parameter can explode the number of

a, b, +a,.b, a,b,+a,b, p
a7 TR T TR calculations that must be executed

a,b, +a,b, a,b, +a,b,

a, b, +a,b, a,b,+a,b, Many parameters are not used in some calculations

A lot of rows or columns are one of three values:

a,b, +a,b, a,b,+a,b,

a,b, +a,b, a,b,+a,b, :|

a,b, +a,b, a,b,+a,b,
a,b, +a,b, a,b,+a,b, 0
+1

Conclusions:
1. A lot of efficiency can be gained by avoiding under-utilized parameters

2. Picking appropriate data types can reduce processing overhead S

3. Low-hanging fruit: compressed memory for sparse matrices



Example of combined HW/SW solution

Algorithms and Software

Reduced energy for ML algorithms
Algorithm-specific energy (tooling)

3  Algorithm-specific energy (benchmarking) Hardware mu|t|p|y_

4 Languages, compilers, and runtime systems

5 Communication protocols accumulate units in

6 Homomorphic encryption NPUs
@ Software for emerging architectures
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In-Pixel Neuromorphic Encoding Post-ANN

Weight Vector
O‘ Output
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Encoded Data
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, Image Classification

Image lllumination Memorized Image

(Encoding)




Consider the temperature of your data

: Coldest data

T ] B

=30

LOC§:|

QU -4

|
|

|
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|

ok . e |

£ 4o T R T |
I

|

|

I

|

|

|

NUMA-1

O T

Map your data into the appropriate memory tier

by its temperature rating

NuMé\iz

W 4 LT e TR T B BB

CXL Memory-1

CXL Hybrid

CXL Memory-2




What's this nerd doing
to make things better?

37



Internal memory bus is 512 bits wide

= 64 bytes = one cache line

Precharge

Bit deskew This is a 2000X improvement over

CXL Native At g g 4
g $923238002233002238002233004 Activation + rewrite still required
Memory ,I
Controller o . e .
 Iiiaaaaa2222222222333333332 Resulting efficiency is 50%
5 e 1::
CXL § ,,,,,,,,,,,,,,,,,,,,
Port o
2
0
o

current DRAM rank approach

FIF() B e e e i i 4

Error Correction

Refresh
Attack Handling
Post-package Repair

Wide 1/O 512 bits + ECC + Metadata



PCIe/CXL.io

Flash Current systems separate
NVMe SSD < storage and memory

CPU
DRAM Data is copied between
storage and memory as
DDRI ATV needed in 4KB blocks
Main Memory CMM :
With 100 bytes used
DRAM CXL.mem DRAM on CXL efficiency is 2.5% ’
New high efficiency design
combines storage and
memory PCle/CXL.io NVMe-oC Flash
ﬁ
CPU SSD 4KB
4KB transfers kept on the CXL.mem
module DRAM

64 bytes

CPU accesses only the data it =,
needs in cache line size With average access of 100 bytes, )
chunks efficiency increased to 78% (31X better)



Key Takeaways

Hardware matters and affects your application
Architectures are evolving and making your life complicated

Programmers can help us deal with the energy crisis

= Choose the right language for the job

= \We need better compilers

= Optimizing a matrix can have a hugeimpact

= Be hardware aware; know. your tiers

= Put data where it belongs

= Not all APIs are the same — some are more efficient, €.g., o OS traps
s Persistent memory enables rethinking process integrity

I'm still trying to figure out how to implement sparse matrices — on the fly
MEMmOory. Compression?

We are part of the problem so we must be part of the solution



We have an obligation to bring
the next generation into the process

CHIPS funding coming
to have students help
with efficiency projects

RD

bridge to connect

Mentoring STEM students in
“beyond the job description”
skills
https://www.bridge-to-connect.org/

A




What Else Can We Do?
Audience feedback...

42



Thank You

Bill Gervasi
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