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Breaking news: Computers actually need energy!

» Power consumption primer
» Orders of magnitude

Hardware Accelerated Al ML NN

» DNN as seen by HW guys
» What is HW by the way and why use it?
» Ways to "enhance” NN computations
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Digital Electronics 101

Current Computer Technology

» Modern electronic: semi-conductor based devices

» Digital computations based on (nano-)electronic devices working in base two
Blnary diglIT: {0, 1} (a.k.a bit)

» Device: CMOS transistor used as a switch
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Switch Electrical Behavior

CMOS transistor # ideal switch

Second order model with parasitics:
» Cin: grid capacitance,

D Rin: input resistance ~» oo
G Ron » Ron: resistance when closed
C Rof: resistance when open ~~ oo
n
S

» causes of non-instantaneous energy consuming

transitions
Charging a capacitance through a Discharging a capacitance through a re-
resistance: . sistance: .
Vout = Viga X (1 - eﬁ) Vout = Vigg X (eﬁ)

Power consumption: P = aCV2,f + lieakVad
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Complementary Metal Oxyde Semiconductor

Why CMOS?

» Very small dimensions
Mass production smallest transistor width in 2024/2025 : 3 nm

B TSMC - Apple A14/A15, Huawei Mate 40, HiSilicon Kirin 9000 -: 173 MTr/mm?2
Apple M1 (16 Mrds Trs): 134 MTrs/mm? actual transistor density

B Samsung - Exynos, Snapdragon 8xx, Nvidia Hopper -: 127 MTr/mm?

B Intel - 123.4 MTr/mm?2

Si atomic radius is = 0.11 nm !

2 nm production expected for 2025, 1 nm for 2027
» Very high yield
» Boolean logic computation in < 10 x 10~!2 seconds
» Power consumption < 1 x 10~1% joules / transition*
» Allows us to reason with zillions of 0 and 1

= CMOS: hyper-hegemonic digital technology
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Energy production

‘4 ELECTRICITY MAPS FAQ Methodology We're hiring!  Open Source  Blog
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Energy production
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Al Market Forecast

ARTIFICIAL INTELLIGENCE (Al) MARKET GLOBAL FORECAST TO 2030
(USD BN)

1,339.1
£
) 4 -,
CAGR OF @
35.7%
The Global Artificial Intelligence
market is expected to be worth 145.1 2146
USD 13391 billion by 2030, - —
growing at a CAGR of 35.7% during
the forecast period. = _
2023 2024 2030

®North America ®Europe © Asia-Pacific ®Middle East and Africa ™ Latin America
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Al Market Forecast

PRECEDENCE  ARTIFICIAL INTELLIGENCE [AI) IN HARDWARE MARKET SIZE 2023 T0 2033
RESEARLH (USD BILLION)

480 $473.53

§381.98
$307.93
$248.08

§ 199.75

$160.73
$129.25

§103.87

$53.71 $ 66.96

zo2nly 2024 W oocs W o0z 2027 W 208 2020 W 2030 J 203t 2032 2033 |

Source: https:/Iwww.plecedenceresealch.cum/altificial»inteiligence—in-hardware-malket
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Neural Network 101

Graph
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Neural Network 101, cont.

Math
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Computer System 101

Overview
Processor Dynamic S
Memory | | Bive
Static
Memory
e s e
| Interconnect |
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Computer System 101, cont.

Storage order of magnitude for size, access time, and cost

Registers
1980 2023 2023 vs 1980
Tacc (ns) 300 0.20 +1500
Typ. size (B) 64 512 X8
Static memory
1980 2023 || 2023 vs 1980
$/MB 19,200 5 +3840
Tacc (ns) 300 1 =300
Typ. size (KB) 32 8192 %256
Dynamic memory
1980 2023 || 2023 vs 1980
$/MB 8,800 0.003 +2,930,000
Tacc (Ns) 375 30 +12.5
Typ. size (MB) 0.064 32,000 x500,000
Hard drive
1980 2023 || 2023 vs 1980
$/MB 500 .000018 +27,800,000
Tacc (Ms) 87 12 +7
Typ. size (GB) 0.001 8,000 x1,500,000

Sources : John C. McCallum (https://jcmit.net/) and various (D/S)RAM vendors web sites
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Computer System 101, cont.

Compute trends
50 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 2010-2021 by K. Rupp
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Computer System 101, cont.

Compute trends

b Hardware development

Computing performance (x10° operations per W)

108

i Neuromophic architectures (research prototypes)
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Mehonic, A., Kenyon, A.J. Brain-inspired computing needs a master plan. Nature 604, 255-260 (2022).

https://doi.org/10.1038/541586-021-04362-w 13761
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Computer System 101 + Neural Networks 101 = 1€ € ¢

Raw Power Consumption:
» CPUs: 100/150/300 Watt
» GPUs: 250/300/700 Watt

Training Example

NVidia MegatronLM
» Used 45 Tera Bytes of data
» On 512 V100 NVIDIA GPUs during 9 days
> 512 x 300 x 9 x 24 = 33177 kWh
7 x the energy an average French family uses per year! (4590 kWh)
= We ought to do better!

Carbon Emissions and Large Neural Network Training, David Patterson et al,
https://arziv.orqg/pdf/2104.10350.pdf
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Artificial Neural Nets: Multi-Layer Perceptrons (late 1950’s)

Zo

Weights

I
Neurons %

—
2 is is Two phases :
Training and Inference
S J :
» Elementary computations
o yi = Zj X + by B conceptually pretty simple
n; = act(y;) » Parameters: Weights and Biases
= "Found” during training
S S = "Used” during inference
b, ! ! » Available computing power limits

Ym

Bias training

TN
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NaA ve FC in C

void dense(int inputs,
int outputs,
float input[inputs],
float weight [outputs] [inputs],
float bias[outputs],
float output [outputs])

for (int j = 0; j < outputs; j ++) {
for (int i = 0; i < inputs; i ++) {
output[j] += input[i] * weight[j][i];

}
output[j] = activation(output[j] + bias[jl);

}
}
Boils down to matrix-vector multiplication

» Input data can be large: small 32x32 pixels images = 1024 NN inputs
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Artificial Neural Nets: Convolutional NN (Mid 2010’s)

Concat
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Another view of GoogleNet's architecture.

» Same elementary operations, just repeated zillions times
» Additional inter-layer operations, fork and merge of connections
» Training possible thanks to GPU based compute farms
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NaA ve conv2D software implementation in C

void conv2d(int in_channels, int out_channels, int img_size, int kernel_size,
float input[img_size] [img_size] [in_channels],
float kernel[out_channels] [kernel_size] [kernel_size] [in_channels],
float bias[out_channels],
float output[img_size - 2 * (kernel_size / 2) + !(kernel_size & 1)]
[img_size - 2 * (kernel_size / 2) + !(kernel_size & 1)]
[out_channels])

int fm_size = img_size - 2 * (kernel_size / 2) + !(kernel_size & 1);

for (int o = 0; o < out_channels; o++)
for (int k = 0; k < fm_size; k++)
for (int 1 = 0; 1 < fm_size; 1++) {
float mac = 0;
for (int m = 0; m < kernel_size; m++)
for (int n = 0; n < kernel_size; n++)
for (int i = 0; i < in_channels; i++)
mac += kernel[o] [m] [n][i] * input[k + m][1 + n][il;
output [k] [1] [o] = relu(mac + bias[o]);
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Conv2D software implementation compiled with gcc -03

shrq  $2, Yrdi .L21: movups  (Yrsi,%rax), %xmm0  jle  .L13 .L16:
shrq  $2, Yrax movl  -96(%rsp), %eax movups  (Yrcx,%rax), %xmmd  cltq movslq  -92(%rsp), Yrax
movq  Yrdi, Yrsi testl  Yeax, Yeax addq  $16, Yrax addq movq  -56
novq rax, -56(%rsp) jle 124 mulps  Yxmmd, addq  %r9, movq
testl  %r8d, %r8d movq  Y%rcx, -16(%rsp) addss  Yxmm0, addq  Yrdi, imilq  %ri5, Yrax
jle .14 xorl movaps  Yxmm0, movss  (4r10,%rdx,4), %xmm0 movq  -48(%rsp), %rls
movslq  %r8d, Yrcx xorl shufps  $85, Yxmm0, xmm2 mulss  (4ri4,%rax,4), %xmm0  addl si
leal -1(%r13), Y%eax pxor addss Yxmm2, addss Yxmm0, Yxmmi movl si, -92(%rsp)
movl  %ri3d, %r14d movl  Y%r8d, -4(Yrsp) movaps  Yxmm0, Yxmn: .L13: addq 15, Yrax
xorl  Yedi, Yedi movq %9, Chrsp) unpckhps  Yxmm0, Yxmm2 movq  -112(%rsp), %rdi movss  Yxmml, (rdx,%rax,4)
imulg  Yrex, %rdx movq  %rdx, 8(/rsp) shufps  $255, %xmm0, %xmm0  leal  1(%r8), %eax cmpl  Yesi, %r8d
movl %eax, -80(%rsp) movq %ri1, 16(%rsp) addss addq %rdi, %rex jne .L21
subq  $32, Yrsp movl  %ri3d, L19: movaps cmpl  Yeax, -96(%rsp) movl  -8(Yrsp), %esi
movl  Yecx, -96(’rsp) andl  $-4, %ri4d movl  -8(%rsp), Yecx addss je L1 movq  Yrcx, %ris
movslg %esi, shrl $2, Yeax movslq heax, cmpq. movl %heax, %r8d movq -24(%rsp), Yrcx
imulq %rdx, Y%rex xorl %r16d, %ri5d movq Yrdi, -88(%rsp) jne jmp .L15 movq %rdi, Yrax
movq  %r8, -104(%rsp) pxor xorl  Yr8d, %r8d movl JL11: addl  $1, Yesi
movq  %r10, -112(%rsp) salq imlq  %rdi, %re cmpl  Yebx, %r13d movq  -88(Yrsp), %rdi addq  Yrex, Yrdx
movq  Y%rcx, -64(%rsp) movq movl  Yeax, -76(’rsp) je  .L13 movl  -76(Yrsp), %eax cmpl  Yesi, %r8d
movslq %ri6d, %rex movq leal (Yirax,%rex), Yritd .L8: movq ~72(%rsp), %rsi jne .L22
imlq  Yrex, %rdx movq movq  -64(%rsp), Yrcx movslq  %r8d, %rdi leal  1(Yrax), %edx movq  %r9, %rdx
movq  Yrcx, fhrbx movg movq  Yrsi, -72(%rsp) imulq  Yrbp, Yrdx addq  Yrdi, %rsi movq  -32(Yrsp), Yrdi
movl  %risd, Yecx movq movslq  Yrild, %rit movslq  Yeax, Yrsi cmpl  %r8d, %eax movq  -40(%rsp), %r9
shrl  $31, %ecx movq  Yrbx, %r9 imulg  Yrex, %rii imulq  Yrbp, %rdi je  .L28 addq  $1, %ris
addl  %r15d, %ecx movl  Yridd, Yebx movq  -104(%rsp), Yrcx leaq  (Yrsi,%r9), %r1s movl  Yedx, %eax addq 9, Yrdx
andl  $-2, Yecx LT: leaq  (rex,%rit,), %r10 addq  Yrdx, %rsi jmp .L19 cmpq  %r1S, %rdi
movq  96(lrsp), %ri4 leaq  (Vr1d,%rsi,4), i .L23: jme L7
s movq Yrdi, -32(%rsp) .L15: Yxmm0  xorl ‘heax, Jeax \L4:
movl %ri5d, %ecx leag (%r11,%rdx,4), %r10 testl %r13d, %ri3d Yxmm0  movslq ‘hedx, Yrdx addq $32, Yrsp
notl  Yecx movslq  %ri6d, Yrsi jle jmp L8 popq  Yrbx
andl  $1, Yecx movq  Yrsi, -48(%rsp) movl sp), leax L28 Ppopq
leal  (drsi,’rcx), %r8d xorl  Yesi, Yesi cmpl  $2, -80(%rsp) movq  -16(%rsp), %rcx popq
testl  Yeax, %eax movq  %r9, -40(%rsp) leal (Yrax,%r8), %edx movl -4(%rsp), Yr8d popq
jle .14 movq  Yrdx, %r9 jbe 123 movq irsp), Popq
movq  %r9, Yrii movq  Yrid4, Yrdx movslq  Yedx, %rdx movq  8(Yrsp), popq  Uris
movq  %r10, Yri4 movq 04(%rsp), %rdi r9), %ris movq  16(%rsp), ret
L22 movq addq  Yrdx, Yrsi L14: .L24:
movl  $0, -92(%rsp) imulq addq rdi, %ris movq  88(%rsp), frax pxor  Yxmml, Yxmmi
movq  Yrax, Yrdi addq  Yrit, Yrax movss 14,%r15,4), %xmm0  addss  (drax,%rcx,4), Yxmmi  jmp  .L14
movl  Yesi, -8(4rsp) leag  (Yrdi,%rax,4), Yrsi mulss %xmm0  comiss  Yxmmi, %xmm3
movq  Yrcx, -24(Yrsp) xorl  Yeax, Yeax addss jbe  .L16
movq  Y%ris, Yrex : cmpl pror  Yxmml, %xmmi 19/ 61




ANN Models: Accuracy, Operations and Parameters
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Operations [G-Ops]
A. Canziani, E. Culurciello, A. Paszke, “An Analysis of Deep Neural Network Models for Practical Applications”, 2018 (EfficientNet-B0/B7 added by myself)
https://culurciello.medium.com/analysis-of-deep-neural-networks-dcf398e71aae
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ANN Models: Accuracy, Operations and Parameters

NLP’s Moore’s Law: Every year model size increases by 10x

1800
Google "
= Switch Transformer
21440 /
a
<
21080 ® ;
[ NLP model size and computation are increasing exponentially OpenAl
g GPT:3
£ 720 EH Microsoft 170B
8 NG
7]
3 ®  Snvioid .-
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= Transformer GPT  BERT GPT-2 ~ ~ 8:38
0.058 0118  0.34B . 1,68
o L 908 015,238
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Year
https://www.labellerr.com/blog/
an-introduction-to-large-language-models-1lms
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What Al do we really need?

D. PerA“z, Flikr, 2015
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t Al do we really need?

J. Vitti and D. Silverman, “Bart the Genius”, The Simpsons, 1990 K. Usher, “The Dwarf in the Dirt”, Bones, 2009
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Hardware Accelerated Neural Network

What's the interest?

Silicon alternatives

TRAINING EVALUATION
CPUs and GPUs, limited FPGAs, CPUs and FPGAs,
ASICs under investigation ASICs under investigation

ASICs
e

FLEXIBILITY EFFICIENCY

Microsoft Azure Machine Learning Documentation
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Hardware Accelerated Neural Network

What's the interest?

Parallel Processing in GPUs and FPGAs

A GPU is effective at processing the same set of operations in parallel - single instruction, multiple data
(SIMD). A GPU has a well-defined instruction-set, and fixed word sizes - for example single, double, or

half-precision integer and floating point values. —— DRAM

= Bomg iy T T
= G- IO
PRI = Fnag E:;U B3 E;rhn FPGA in
AR e = 2880 of : g 3 " § ’ mana;an:m
Cache — these these celis
— cores L
DRAM DRAM R
DRAM DRAM
CPU GPU FPGA
ong Cone)
An FPGA is effective at processing the same or different operations in parallel — multiple
instructions, multiple data (MIMD). An FPGA does not have a predefined instruction-set, or a
fixed data width. ¥
“. amazon |Webha's

Amazon Web Service Documentation
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Hardware Accelerated Neural Network
What's the interest?

%F"—(J:ijhiized
FPGA vs. ASIC vs. GPU vs. CP= | [I‘{“, M“J |

GEMV accelerator M IoTE s %

Stratix V/Arria 10
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" [NoBaten
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Titan X GPU
GEMV on optimized <

W lib(MKL, cuBLA:! ikin ok e o b dimetaon
Sl Sueths] Xeon CPU PeriormanceWattvs CP[U I

| sarchio)
FPGA ~10x better in perf/watt vs CPU/GPU [l I I I ‘I ]
= bR - ' Eéés!‘lm gé"g!;
FPGA ~7x worse in perf/watt vs ASIC HEELE SR

z2(2(2 8
E. Nurvitadhi, J. Sim, D. Sheffield, A. Mishra, S. Krishnan, D. Marr, Intel Labs

Xeon CPU
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Hardware Accelerated Neural Network

What's the interest?

Optimize server side Al Local computation possible!
» Energy » Energy
Minimize TCO for Al workloads No router, cloud server, ...
Greener Al for social = Huge constraint in Edge Computing
acceptance = Worse in loT
» Throughput = Transmitting data costs energy
Enhance job throughput at » Latency
constant energy budget Immediate response, no dead zone, no
network reliability issue, ...
» Privacy/security
No storage in someone else’s servers
Neither wire nor wireless sniffing
possible
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Hardware Accelerated Neural Network

What are the constraints?

» Accuracy needs depend on the application Ad-hoc hardware means:

» Silicon resources: » ANN HW/SW partitioning
= Computations to perform » Clever SW scheduling
= Parameters storage and access » Clever SW data access

» Energy efficiency

: : Burden on SW implementation:
Typical constraints :
M 10-100 uW for wearables,
B 10-100 mW for phones, » Compilation Frameworks
B 1-10 W for plugged edge devices needed!

B 100-1000 W for plugged cloud devices » No "one-size fits all” network
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Computation Demanding

Inference involves a lot of computations, ...

> H|gh number Of ﬂoating point (FP) Operation: E?eﬁy Relative Energy Cost | Area | Relative Area Cost
. P (um?)
operations 8b Add 003 || s |
16b Add 0.05
0.5G = Nb of FLOPs = 40G 320 Add 01
16b FP Add 0.4
» Floating point operations are energy | ZrAe =
and area costly 320 Mult EX]
16b FP Mult 1.1
(My 4 core-i7 PC ~120 GFLOPs = 30 GFLOPs/core) 32b FP Mult 37
1 10 102 108 104 1 10 102 10°

"Hardware Architectures for Deep Neural Networks”, ISCA Tutorial, 2017
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Memory demanding

Inference involves a lot of memory accesses, ...
» Mem holds millions of (64 or 32-bit) weights

dPr pnasl = 4M (GooglLeNet), 60M (AlexNet), 130M
mfl INST.IDATA Sta“c’ * (VGG)
( e kl » Mem temporarily retains intermediate results
nterconnec
= 1M to several M depending on network
Cperaton: oy | ReeveEne st Mem access becomes the bottleneck
R Real BB 2 __ = Each op needs 2 operands and produces a
1 10 102 103 10¢ result

"Hardware Architectures for DNN”, ISCA Tutorial, 2017 > H |g h poWer consum pt|0 n
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Coping with GFLOPs and GBytes

Alternatives: trade FLOPs for (some) accuracy loss

Simplify the operations
» Avoid sigmoid, tanh, sqrt and stuff
» FP arithmetic is not really HW friendly

Alternatives: trade bytes for (some) accuracy loss

» Use “small” data types, not 32/64-bit floats or ints

Alternatives: re-architect the “system”

» Integrate many memory cuts with processing
elements and use them wisely

» Integrate computation into the memory itself
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Using small floats

Introduction of a new floating point representation (mainly needed for training):
Google bfloat16 (“b” for brain)

Sign Exponent Significand Used for both weights and activations
5 bits 10 (+1) bits

fp16 _ » Large dynamic range, still small

differences close to zero

Sign Exponent Significand
8 bits 7 (+1) bits » Reduction of multiplier power and
et | [ footprint
N. Higham, 2020 » Optimized storage and bandwidth

Quickly adopted and implemented in HW and SW

» Google TPU v2/v3, TensorFlow
» Intel Nervana, Intel Quartus FPGAs

» CPUs: Intel Xeon (AVX-512), ARMv8.6-A, IBM Powerl0
Supported from gcc 10.1 and 11vm 9.0 on
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Using smaller floats!

Microsoft BrainWave project:

ms-fp Microsoft Floating-Points

I?xpon ent (5 bltl?) M?snuti'éasa

E[E[E[E[E[M[M]M[M]M]

Exponent (5 bits) Mandss:
I i

ms-fpg  |SIE|E|E[E|E

ms-fpll |S

M| M|

FPGA Performance vs. Data Type
Impact of Narrow Precison on

100 Accurac)
o~ StralxV D5 @225z 0 4
g Strtx 10280 @ 500MHz 1.00
g 70 65 s.0.90
2 080
'% 60 g
50 § 070
g 40 31
I3 060
& 30
20 12 050
I Model2  Model 3

Model 1
(GRU-based) (LSTM-based) (LSTM-based)
16bitint  8-bitint ms-p9 ms-fp8 "float32 ®ms-fpd ®me-fpd retrain
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Using even smaller floats!

Sep 14, 2022

NVIDIA, Arm, and Intel have jointly authored a whitepaper, FP8 Formats
for Deep Learning, describing an 8-bit floating point (FP8) specification. It
provides a common format that accelerates Al development by optimizing
memory usage and works for both Al training and inference. This FP8
specification has two variants, ESM2 and E4M3.

This format is natively implemented in the NVIDIA Hopper architecture and
has shown excellent results in initial testing. It will immediately benefit
from the work being done by the broader ecosystem, including the Al
frameworks, in implementing it for developers.
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FP8/FP4 Primer

FP8
sign exponent mantissa > E4M3 '1448 and NaN
i I I 0 S D More precision, used during forward
BF16 | O 0 1 1 1 1 1 0 1 1 0 ) 1 0 1 0 | =0.394531 pass
» E5M2 :+57344, +Inf and NaN
FP8EAM3| 0 |0 |1 |0 |1 |1 |0 |1 =0.40625 ngher dynamic range, used during
FP8ESM2| O 0 1 1 0 1 1 0 =0.375 baCkWard pass
https://docs.nvidia.com/deeplearning/ » Efficiency demonstrated on training
transformer-engine/user-guide/examples/fp8_ Transformers!

primer.html

FP4: 1 sign bit, 3 or 2 bits of exponent, 1 or 0 bits of mantissa
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Using other fancy representations

Logarithmic Number System

Instead of encoding a real value a, encode its logarithm.

Why? log(a x b) = loga + log b!

However, back to linear for addition, ... But tabulatable for small size numbers
Ooups, looks a lot like FP4 with 0-bit mantissa ...

Balanced Ternary and Binary

x,w e {-1,0,1}
x,we{-1,1}
Where will this nonsense stop?
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Integer Quantization

Quantization levels and accuracy...

© Copyright 2017 Xilinx

15.00 \
Just redueing precision < Qnary 0O INT2 A INT4 INT8 X%X—INT16 O FP32
s
reduce hardware cost & 1600 X o}
increases error ' ]
2 \
§ 13.00 \
Recuperate accuracy by =
retraining & increasing 2
network size 5 12.00 O
< o
-
1b, 2b and 4b provide pareto O g oo

\\x
optimal solutions %

10.00 o
N
Q@ =
9.00

1.0E+03 1.0E+04 1.0E+05 1.0E+06

Computation Resource

Kees Vissers, "A Framework for Reduced Precision Neural Networks on FPGAs”, MPSOC, 2017
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Typical Architectures for HW ANN

Dynamic
Pr | Memory . .
\Static . External HW accelerator for training and inference on
Yy
INT. [DATA |:| w laptop/servers
™M oA A A
( Interconnect |
i [PE] PE]
T
MStatic
INST.[DATA emery % iy (HemeRy M+P) M-+P| M-+P)
M N =N A
( Interconnect ]
Exploit weight sparsity to op- Use low preci- Integrate computation in-
timize memory usage and sion/high efficiency side the memory itself, di-
weight placement computation along rectly where the data is

with on-chip memory  stored
storage of the weights
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Neuron core design

Sequential MAC computation

Weight —<a

Data —~<—»]

1 weight and 1 input per cycle per neuron
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Neuron core design

Partly parallel computation

Weight 0
Data 0

Weight 1
Data 1

Weight 2
Data 2

Weight 3
Data 3

p weights and p inputs per cycle per neuron (p << n)
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Neuron core design

Fully parallel computation

Weight 0
Data 0

Weight 1
Data 1

Weight 2
Data 2

Weight 3
Data 3

Weight n-4
Data n-4
Weight n-3
Data n-3
Weight n-2
Data n-2
Weight n-1
Data n-1

n weights and n inputs per cycle per neuron, not really practicall!
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High-Level Architectures

RAM

RAM
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High-Level Architectures

RAM

m

RAM
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High-Level Architectures
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Accelerator Zoo, Sept 2021 Overview

107 % 9] Legend
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- f o G'°°'N°de + 5 Computation Precision
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Qo TsurfAlm < int1
(" raphCoreNode %roqNodé:S 1 !
=~ 10 > int2
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" £ Ainotiv ik int12.16
o y'hlc.‘ss':mbrlcog chyonix % int32
£ & Aphale MVE EW} * 16
© O alray, RRIRR MD-Mi60
E r «a’\ 0, Mythic76T oshil awerNX *  fp16.32
o Kscend < ® p32
10t Q-
5 10t [\ “ siMa.ay wﬂ(avleﬂﬂi Swp-MbEZY-sC2 % fp6d
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X 103 N KL72 #""‘a'" . | o Card
o0 o Xa ray ar
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N a o reenWaves
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Fig. 2. Peak performance vs. power scatter plot of publicly announced AI accelerators and processors.
A. Reuther et al., "Al Accelerator Survey and Trends”, arXiv, 2021
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General Purpose Computing on a GPU

Scalable Al Computations thanks to SIMT

NVIDIA Hopper Architecture In-Depth | NVIDIA Technical Blog developer.nvidia.com




General Purpose Computing on a GPU

Latest NVidia GPU: Blackwell

2 Chips on a chiplet, 104 Billions Tr/chip,
814 mm?2, 700 W, 4 nm TSCM, 10 To/s Chip to Chip
%2 in training performance compared to latest Hopper

GPU B200 B100
FP4 Tensor Core

18 petaFLOPS

14 petaFLOPS

FP8/FP6 Tensor Core

9 petaFLOPS

7 petaFLOPS

INT8 Tensor Core

9 petaOPS

7 petaOPs

FP16/BF16 Tensor Core

4.5 petaFLOPS

3.5 petaFLOPS

TF32 Tensor Core

2.2 petaFLOPS

1.8 petaFLOPS

FP32

80 teraFLOPS

60 teraFLOPS

FP64 Tensor Core

40 teraFLOPS

30 teraFLOPS

FP64

40 teraFLOPS

30 teraFLOPS
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Exploit Sparsity and Quantization

Custom hardware for sparse matrix-vector multiplication

Deep Compression Technique

Reduces storage requirements B CPU Dense (Baseline) BCPU Compressed
q q . ]
» Dedicated sparse matrix/vector representatiof O © Dense  ©GPU Compressed — mEIE

L. . 100000x 34,522x 61,533x
= Eliminates redundant connections

14,826x

10000x
» Quantizes weights down to 5 bits 1000x
100x

Quantization of AlexNet weights 10x

» 256 shared weights (Conv layers) = 4 bits

» 35x of reduction (240MB = 6.9MB) Power efficiency
600 mW for Alexnet Fully-

Connected layers

Energy Efficiency

Alex-6 Alex-7 Alex-8

Weights stored into on-chip SRAM
= 5 p)/access (vs. 640 pj/access off-chip DRAM)

S. Han et al., "EIE: Efficient inference engine on compressed deep neural network”, ISCA, 2016
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Acceleration using Low-Precision (ternary) weights

Only balanced ternary weight are used {—1,0,+1}
» Floating point accumulations are kept
» Multipliers are not needed

Most of the FP operations operate on zero values

> Zero-skipping FwdPass (Inference) |
BWD Pass |
Grad Update |
0.00 0.25 0.50 0.75

Demonstrated highest accuracy Non-Zero Fraction

= 93% on the ImageNet object classification challenge
= Divide by 3 the number of FP operations

G. Venkatesh et al., "Accelerating Deep Convolutional Networks Using Low-Precision and Sparsity”, ICASSP, 2017

S. Ma et al, The Era of 1-bit LLMs: All Large Language Models are in 1.58 Bits, arxiv, 2024

1.00
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Exploit full-quantization

YodaNN: VLSI Implementation of binary-weights CNN Accelerator

Based on BinaryConnect [Courbariaux, NeurlPS 2015]
» Binary weights € {—1,+1}
» 2’'s complement and multiplexers instead of
multipliers
» Still full fledge adders: 12-bit activations

Large on-chip weights storage thanks to their
size

» Latch-based standard cell memory

Flexible accelerator
» 7 kernel sizes supported

= 61.2 TOP/s/W at 0.6V

R. Andri et al., “YodaNN: An architecture for ultralow power binary-weight CNN acceleration”, IEEE TCAD, 2017

Channel Bias
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int8_t for parameters and activations

Google Edge Tensor Processor Unit

TPUv1Recap VT 3 V3
Clock Frequency (MHz) 800 1066 1066
DDR3 W-corve [ # of (X, Y)-PEs @5 @ @D
e PE Memory 2 MB 384 KB 2 MB
stlﬁs - Matrix # of Cores per PE 4 1 8
T L S VY Core Memory 32 KB 32 KB 8 KB
Slcloe Unit # of Compute Lanes 64 64 32
Instruction Memory 16384 16384 16384
T l Parameter Memory 16384 8192 8192
Activation H Accumulators ‘ Activation Memory 1024 1024 1024
HfElie /O Bandwidth (GB/s) 7 32 32
Peak TOPS 26.2 8.73 8.73

Comes for free in Tensorflow lite

Yazdanbakhsh et al., “An Evaluation of Edge TPU Accelerators for Convolutional Neural Networks”, Google, 2021
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8, 4, 2-bit computations

Greenwaves GAP9

Explicit memory architecture minimizes the
expensive data movements in combination with SW tool

Sophisticated audio and camera
interfaces

— FCclock & voltagd domain  —

Cluster clock & voltage domain

Multiple DVFS

domains with

Shared L1 Memory ultra fast state
I transitions

Cooperative Al
accelerator

-

Ultra low latency audio stream processing Single, homogeneous extended l Parallel architecture
for ANCand uitra low power filtering RISC-V core ISA with uniform memory map for DSP and software Al

https://greenwaves-technologies.com/, 2021

330 yW/GOp

Up to 15.6 GOPs and
32.2 GMACs

8, 4, 2-bit SIMD
computations

Support from ML
frameworks

(RISC-V based)
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Exploit small FP representations

Kalray MPPA3 Tensor Coprocessor
» Extend VLIW core ISA with extra issue lanes
= Separate 48x 256-bit wide vector register file

= Matrix-oriented arithmetic operations
» Full integration into core instruction pipeline
= Move instructions supporting SMEM (SPM / L2Cache)
matrix-transpose @m-w
= Proper dependency / cancel management o| o ] e Jecor g
» Leverage MPPA memory hierarchy S 17 N I T g
= SMEM directly accessible from coprocessor = ecution e §
= Memory load stream aligment operations = ™ conrol "L -
» Arithmetic performances » Integration within
= 128x INT8—-INT32 MAC/cycle learning frameworks?

= 64X INT16—INT64 MAC/cycle
= 16x FP16—-FP32 FMA/cycle
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Very Heterogeneous Architecture

Vector Microcode Processors:
CV dedicated VLIW SIMD engines

Multithreaded Processing Cluster:
in between CPU and GPU

Programmable Macro Array:
probably some sort of CGRA

Full cache coherency!

10+ Watt, 24 Tops
Very ad-hoc programming approach (AFAIU)

www.mobileye.com/our-technology/evolution-eyeq-chip/

Mobileye EyeQ5

LPDDR4-4267
4x32b

LPDDR4 PHY

LPDDR4
Ctrl & Sched

it

<L

L2 Cache

PLL

Interconnect

Cache
Coherent

QoS

s

L2 Cache

9 b Hp Jb




Very Heterogeneous Architecture

Synopsys ARC NPX6

@ DesignWare ARC NPX6 w/ 440 TOPS* Performance

MetaWare MX Development Toolkit

Virtual
Compilers & | Runtimes &
=

I . 4

DesignWare ARC NPX6 NPU IP

4K MAC to 96K MAC Configurations

L2
Controller

= with MMU

T iov\v:)lulvov\
with MMU ccelerator

Ll Memory @]

High-bandwidth, low latency interconnect with DMA Broadcast

Streaming
L2 Shared Memory Transfer Ur?\(s

I syoesys

+ Scalable NPX6 architecture
— 1to 24 core NPU up to 96K MACS (440 TOPS*)
— Multi-NPU support (up to eight for 3500 TOPS*)
« Trusted software tools scale with the architecture

« Convolution accelerator — MAC utilization
improvements with emphasis on modern network
structures, including Transformers

« Generic Tensor accelerator — Flexible Activation &
support of Tensor Operator Set Architecture (TOSA)

* Memory Hierarchy — high bandwidth L1 and L2
memories

« DMA broadcast lowers external memory bandwidth
requirements and improves latency

* 1.3 GHz,5nm FFC worst case conditions using sparse EDSR model

30 TOPs/W in 5 nm
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Challenge with ASIC Design

Mobile VIT (Apple, March 2022), https://arxiv.org/pdf/2110.02178.pdf

Model #Params || FLOPs | Top-1T Inference Time (ms)
iPhonel2 - CPU  iPhonel2 - Neural Engine

MobileNetv2 35M 03G 733 7.50 ms 0.92 ms m) CPU/NNE = 8.1X
DelT 57M 1.3G 72.2 28.15 ms 10.99 ms
PiT 49M 0.7G 73.0 24.03 ms 10.56 ms

MobileViT (Ours) 23M 0.7G 74.8 17.86 ms 7.28 ms mp CPU/NNE =2.5X
0.7X 2.3X +1.5% 2.4X 7.9X
Model FLOPs Accuracy Time Time
Size

(Courtesy of Pierre Paulin, Synopsys)

Apple Al NPU not well suited to support Transformers, ...

46 / 61


https://arxiv.org/pdf/2110.02178.pdf

General Purpose Embedded Al

HW accelerated Al for less than $100

» Google Coral:
byte based matrix x matrix TPU,
2 Watt, 4 TOPs

» NVIDIA Jetson Nano:
float and int GPU (128-cores),
10 Watt, 472 GFlops

» Intel Neural Computing Stick 2:
float VPU (128-bit VLIW vector (?) procs),
2 Watt, 4 TOPs

Software support out-of-the-box
by major "generic” frameworks

» Tensorflow[lite]
» Pytorch
Or ad-hoc ones
» OpenVino
> ...
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Binary-Quantized Digital Computations

FINN: Framework for building FPGA

Convolution layer

Mapping binarized neural networks to
hardware All values € {—1,+1}

» Binary input activation

F

weight
memory

S

XNOR
S

S

ploysaiy

Aowaw

input vector index
output vector

» Binary synapse weights

4
. JojeInwnooe

» Binary output activation popeount 7
Weights kept in on-chip memory » Dot-product between input
= Zynq-7000 FPGA technology vector and row of synaptic
= 80.1% accuracy for CIFAR-10 weight matrix
= Total system power 25W » Compares result to a threshold

» Produces single-bit output

Y. Umuroglu et al., “FINN: A Framework for Fast, Scalable Binarized Neural Network Inference”, FPGA, 2017
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Ternary weights and ternary activations

Sliding Window Layer (SWL) Neuron Layer (NL)

2 n_neurons

Weights | | ]

Ternarization Layer (TL)

2

e
Max Pooling Layer (MPL)

2
e

Ternary NN FPGA Architecture NN-64 with parallelism degree 128

» Balanced ternary values >
te{-1,0,+1}

» Ternarization layer —
Learnable thresholds

vVvyyvyy

» Speed vs Area/Power trade-off
possible

(LUT+B)RAM throughput of 18.7 Th/s
End to end latency: 135 us

Max performance: 18.7 T(T)OP/s
Max power: 11.5 W

Peak efficiency of 5226 fps per Watt =
1.62 T(T)OP/s/W or 810 G(T)MAC/s/W

A. Prost-Boucle et al., “"High-Efficiency Convolutional Ternary Neural Networks with Custom Adder Trees and Weight Compression”, ACM TRETS, 2018

49 /61



Neuromorphic accelerators

Name suggests it mimics brain-like functioning
Comes in two (orthogonal) flavors

Sp|k|ng Neural Networks In/Near Memory Computlng

Synapse Instruction Decoder & CTRL

=
0 o | ® - L
WX, @ L - ' o

o, [T
o

12x2s6

Output axon to

o7 SRAM
BiceAmay

Row Decoder & Driver

P— t-neuron 4
+a  Activation pos! | i . T T
SNN Rk function 1| Hisa] —\‘ ,m , ..
L4l 4
1 01 O 1 1 01 Synapse - JlﬂulumnM)llx : -

Normal SRAM Interface

Veer WEN Latch_EN

Axon from pre-neuron’\ <
o

Dendrite

Lo
Tn-Memory Part] cBL

Ax D,

Output axon to cov | [ s R I e oo | ..

WY Neural Post-neuron B 2 B
dynamics CBLE

A. Basu et al. Spiking neural network integrated circuits:
A review of trends and future directions, CICC 2022.

SAE Latch_EN
J. Wang et al, A 28-nm compute SRAM with bit-serial logic/arithmetic
operations for programmable in-memory vector computing, JSSC 2020.
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Computations using spikes, not bits

TrueNorth: Integrated Chip for Spiking Neural Networks (IBM)

neurosynaptic core

dendrites

synaptic
crossbar

—[Buffer -

. .
.

axons

Gl AAA:---

} neurons

—| Network

= 4096 neuromorphic cores
= 1 million digital neurons
= 256 millions synapses

= 46 GSOP/s/W at 65 mW
Made w/ Asynchronous logic

Romain Brette, Computing with spikes

» Neurons communicate sending
spikes

» Data encoded according to
frequency, time, and spatial

distribution of spikes
Non-“Von Neumann” architecture

» Neuromorphic core
256 neurons (PE) + 64k synapses (memory)
» Memory and computation physically close to
each other
» Reduction of power consumption

F. Akopvan et al.. “Truenorth: Desian and Tool Flow of a 65mW 1 million Neuron Proarammable Neurosvnaptic Chin”. TCAD. 2015 51/61



Neuroncores:

Max neurons:

Max synapses:

Max P cores:

Parallel IO

128 128l mm.| ‘

"
S EE
128M  12am [ [_neurons
2xmore
processors

3 — 6

Parallel [O

[

Parallel [O

E
g‘

Computations using spikes, not bits

Ol [Blleled

Loihi: Integrated Chip for Spiking Neural Networks (Intel)

More Resources, Better Packing, Greater Density

Input

Better Synaptic Compression |

Neuromorphic core
Programmable neuron model
Programmable learning
Up to 128kB synaptic memory
Up to 8192 neurons
Asynchronous design

Microprocessor cores
Efficient spike-based communication
Data encoding/decoding
Network configuration

Parallel off-chip interfaces
Faster chip-to-chip links, 3D scaling,
Support for standard synchronous
protocols and event-based vision
sensors

Low overhead NoC fabric
8x16-core 2D mesh
Scalable to 1000s of cores
Dimension order routed
Two physical fabrics
Acceleration for handshaking
between cores

spikes
Convolution  Synapses

Store kernelinstead
of connection matrix

Eactorized
On?)to On)

compression
Zpmpmpm Neuron state

! ~4xcompression vs Loihi

g Axon Routing
Up to 256x compression vs Loihi

Stochastic
Upto80x
compression

Neuron Core

1 Better Utilization of Core Memory

oihi Fixedpartiioning per function

Coihi2 Pragrammanleparitioning
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Emerging Processing-In-Memory (PIM) Approaches

. . Computation accelerated by NVM arrays
MAC operations using
_Non Volatile Memory (NVM)  » Synaptic weights are not stored in external
° memories

BL;
—@I *WGL‘WI —Wﬁl —WGL‘WI " = Zero transfers between memory and
o
[

Vi

v,

| e o " processing elements
: ; = Reduction of energy consumption

Gz F . Gy

Peripheral circuitry

v, H
wi,

'4- % ’4 =¢—@’I¢H@ Arrays of resistive RAM devices
| Peripheral crevtry | » Resistances vary according to voltages

1%} .
vz L=vi6y+vaGy+ . +v.c, » N0 CMOS access devices but complex
peripheral circuitry
» Analog, intrinsically approximate,
computations

\
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Resistive RAM Crossbar Implementations E

B

receptive feld v, " "2 From receptive field to feature maps...
vivalva R o] o
Va|Vs|Ve| [grorgy Y2 | Sui| G . » Receptive field = row voltages
V,| Vg | V. | iy ! . .
2 lewesles|  ITHEHTEEE . Convolution kernel = column of resistive

- \\G71Fixry\1 Vo i o : H
e L (Em T devices | |
vijva|vs| |, %l %2 p» Convolution operation = column current

Image Va| Vs | Ve R b4 0
V, | Va|Vo| — = .
e e O Interactive protocol programs kernels
Gr2[Gs 'T* Featu:‘e
Kernel 2 Map 1 Map 2

Single demonstration on digits of MNIST

L. Gao et al., "Demonstration of Convolution Kernel Operation on Resistive Cross-Point Array”, |IEEE Electron Device Letters, 2016
P. Chi et al., “PRIME: A Novel Processing-In-Memory Architecture for Neural Network Computation in ReRam-Based Main Memory”, ISCA, 2016
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Analog Inference Engine iﬁﬁﬁ

ReRAM based Analog-In-Memory Computing
Forsees 2 to 3 order of magnitude better power efficiency compared to Digital
(https://ailinear.com/inference/)



https://ailinear.com/inference/

B

s
Technologies =

Artificial synapse using NVM
» Modeling synapses between neurons

Pre-spike /‘F"’S"S"‘ke » Input and output potentials fired between
. neurons (spikes)

» Synaptic connections are potentiated or
depressed

Axon

hillock Synapse Post-synaptic neuron

Pre-synaptic neuron

Electronic Synapses Modeled by Phase Change Memory (PCM) Devices

» Programmed in different
states (conductances) Trnetc

» Compatible with CMOS
components Taryst |-

"RESET" pulse

F= Chalcogenide
Y (Ge,Sb,Tes)

\Crystalline

bottom electrode T 4

» Scalable to nanometric
dimensions Tamb

time
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PCM as Synaptic Element

500x661 PCM Crossbar Array

— Synaptic weight -~ Selector device.

Large scale implementation

» 3-layer perceptron
» 916 neurons
» 164865 synaptic connections

= Accuracy: 82% (MNIST)
= Low-power: at least 120x (vs. GPU)

S. Burc et al., “Experimental Demonstration of Array-Level Learning with Phase Change Synaptic Devices”, IEDM, 2013
G.W. Burr et al., “"Experimental Demonstration and Tolerancing of a Large-Scale NN (165000 Synapses) using PCM as the Synaptic Weight Element”, 2015
G.W. Burr et al., “Large-Scale Neural Networks Implemented with NVM as the Synaptic Weight Element: Comparative Performance Analysis”, IEDM, 2015
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Classical digital (CMOS) architectures are here to stay

Design of more efficient HW for inference and training
» Ad-hoc circuits necessary for high-performance, low energy solutions
» Quantization
= Simpler arithmetic circuits
= Lower memory size and bandwidth requirements
» Memory organization

= Optimized access to parameters and intermediate results
= Structured sparsity

In/Near Memory Computing is progressing

» Minimal data movements, in-place computations
» Might even be analog
» But harder to manufacture and use
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IELCWATEY

But HW guys cannot do that alone!

Relevant number representations

Compression

Quantization aware training

Sparsity aware training

HW accelerated low bit-width learning
Frameworks to facilitate HW accelerators usage

VVyVYVYVYYVYY
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MIT Tutorial on Digital ML Hardware
https://www.rle.mit.edu/eems/publications/tutorials/
NVIDIA Arith keynote on number representation
https://arith2022.arithsymposium.org/keynotes.html#Dally
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Q&A

And to my fellow coworkers

©@TIMA

Adrien Prost-Boucle,
Ana Pinzari,

Liliana Andrade,
Olivier Muller,
Alban Bourge,

and elsewhere

Hande Alemdar (LIG, now METU)
Vincent Leroy (LIG, now Google)
Henri-Pierre Charles (CEA),
Florent de Dinechin (CITI),
Fabrice Rastello (INRIA),
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