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What is on the menu today and who is cooking?

* Frank K. Glirkaynak, ETH Zirich

 Senior scientist in the group of Luca Benini
 Director of Microelectronics Design Center (dz.ethz.ch)

« Open source and IC Design
 Active in the open source HW community
« Community representative on the board of directors of RISC-V

* Involved in IC Design since 1995
» Energy efficient processor design

» Cryptographic Hardware accelerators

 Contact

» e-mail: kgf@iis.ee.ethz.ch

« Homepage: https://iis.ee.ethz.ch/~kgf
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What is on the menu today

 Brief introduction into how computer architectures evolved

 How we have addressed the need for ever more computing, what are our issues

« What are the characteristics of (present) Al/ML algorithms

* Why throwing more and more cores are not helping much

 What is the PULP team doing about it
« Efficient cores (SIMD, Quantization)

Shared memory accelerators (PULP cluster)

Scaling to 100s and 1000s of cores (Mempool, Occamy, FlooNoC)

Vector processing (Ara, Spatz)

Heterogeneous acceleration (Kraken, ITA)
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Emergence of Microprocessors

These slides ”borrowed"ﬂ ﬁbm
Viviane Potocnik

Intel 4004: First commercially available microprocessor, operating at 740 kHz.
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Emergence of Microprocessors

et
== -L’fl"j‘

-

.w ﬁé

Intel 4004: First commercially available microprocessor, operating at 740 kHz.

Intel 8080/8086: More powerful and set foundation for the x86 architecture.
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Moore’s Law (Early Phase)

LOG2 OF THE
NUMBER OF COMPONENTS

PER INTEGRATED FUNCTION

O=NUDANANDOO —-RHEDRO
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Transistor density doubled roughly every 1.5-2 years, enabling more complex
yet still rudimentary chips.

Lower cost + higher integration: allowed CPUs to move from large mainframes
to personal computers.
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Basic Pipelining

Clock -
H Control Unit

L ] | s e gl T T s

v Eout

| #
These systems are too limited for large-scale data processing.
However, the basic idea of packing more transistors to improve

performance lays groundwork for future, more parallel designs.

Some early CPUs started using simple pipelines (fetch, decode, execute).

Modest gains but established the principle of overlapping instruction stages.

e
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Instruction Level Parallelism

CPU Shop Floor Clock cycle

i G 4 2 3 4 5% 6 & 8§

N Cache Buffer

:‘ ..‘ } RAM Control Unit WH Operator .

l‘ : ALU Machine Waiting .
BT NS | Pecode T InOrder Execution instructions "\ [l
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workloads. ML requires more parallel, vector-based operations,
beyond what ILP alone efficiently handles.

X
X
X
X
|
L]
O
[]

Superscalar Approach | Qut-Of-Order Execution Speculative Execution
CPUs COU_|d dispatch HW scheduling of instructions to Guessing the outcome of
multiple insns/cycle bypass stalls branches to minimize idle cycles
S.ignificant increase in Register renaming and large Increasing HW complexity
single-threaded performance reorder buffers keeps pipeline full (branch predictor, caches, ...)

L}
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The Clock Frequency Race

Pipeline Stages Evolution
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Intel P6
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Intel 8086

Intel Pentium 4
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# Pipeline Stages

[ Long pipelines to achieve higher frequencies ]

Years
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The Clock Frequency Race

1000000 Pipeline Stages Evolution @
VA
Intel CPU Trends "/ " | Basic Pentium* lll Processor Misprediction Pipeline
(sources: Intel, Wikipedia, K. Olukotun) .
100,000 1 2 3 4 | s 6 | 7 8 9 10

Fetch Fetch |Decude Decode | Decode RenamelROE Rd |[Rdy/Sch Dispatch  Exec

10,000

Costlier branch misprediction penalties!

1,000 1,L! 3|4 5 ur|sn1n 11 12| 13 14[15 |16 |17 |18 | 19 |20
Tﬂ:I iP TcFirhh Drive |Alloc HIr:nm Que | Sch | Sch | Sch |Disp|Disp | RF | RF | Ex |Flgs |Br Cki Drive
100 | . 777]
Long pipelines to achieve higher frequencies
10
Years
B o e S
p< ° ° ‘M“pe‘e)a( 1) . )
i I Each incremental GHz requires
0 . .
1970 1975 1980 1985 1990 1995 2000 2005 2010 dlsproportlonately more power and

produces more heat.

[Initial performance gains with increased clock speeds]

-
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The End of Dennard Scaling

denamic':N *C * V? *f A

Transistors

(thousands)

Single-thread
Performance

(SpeciINT)

i i i F—
1975 1980 1985 199

Scaling down transistors
allows proportional voltage + |
power reductions

End of Dennard Sc
TAICHIP Winter Schoo

2000 2do5 2010 2015

K. Olukotun, L. Hammond and C. Batten
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ity (W/cm 2)

. AMD
® Intel
* Power PC
T —Trend

1994

—_—

2010

Power Wall: higher frequencies cause
exponential increase in heat + power
density

Rocket Nozzle

//Nuclear Reactor

Single-thread optimizations and frequency ramp-ups 'at¢ |
are not enough to sustain large (ML) workloads.

Memory Wall: CPUs greatly outpace
DRAM speeds; even caches cannot fully
mask memory access latencies

VAXAUTB0

64-bit Intel Xeon

Processor-memory

performance gap

Processor

2Gb

DRAM memory

2005 1 :ECHD
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The Multicore Era

Relative Single- vs. Dual-Core Performance

2
1.73x 1.73x
1.5
1
0.5
0
Single-Core Dual-Core
20% over-clocked 20% under-clocked

B Performance ™ Power

A single-core system delivers just a 13% performance boost but
consumes 73% more power, while a dual-core setup provides a
73% performance increase with only a 2% rise in power

ST consumption.
; i 5 NIVERSITA DI BOLOGNA TAICHIP Winter School - February 2025 - PULP and Al Acceleration - Frank K. Glrkaynak s,

12




+ ¥

P

If your problem is too big, just throw more cores at it

Strong Scaling Speedup

1024 ¢
— — PReal speedup Diminishing e At this stage, adding more processors leads to
512 ¢ Ideal speedup S nearly ideal speedup.
956 | * Tasks are well-parallelized, and overheads are
128 | What is happcullls
Speedup P e . .
*  eal €ré . Real speedup starts deviating from the ideal
g speedup
O 327 * Communication overhead, memory bottlenecks,
= 6l or serial parts of the program limit scaling
8 * Adding more processors causes speedup to drop
Al e Synchronization overhead increases
Dro p-Off « Communication between processors
2t Point becomes the bottleneck
* Not enough parallel work left to distribute.
1

1 2z il 8 16 3z 64 128 256 512 102<
No of Processors — *problem Size is fixed

o UBIORLIM LA
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Weak Scaling

Scaled Speedup

ETH:zurich

Scaled Speedup for Scaled Problem Sizes

120 ~

100 ~

S=1+(1 —N)Xxp

S: speedup
p: parallelizable fraction of the
code

s: fraction that must be run
sequentially

N: number of processors
G(N): memory boundness
w.r.t. problem size

|deal

|
Sun-Ni Law

Gustafson
Law

Amdahl’s
‘ Law

64

mpber of Cores

~Nu
TAICHIP Winter Schoo

128

S
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Weak Scalin
& Scaled Speedup for Scaled Problem Sizes 0
T (deal
120
Sun-Ni Law
100
Gustafson
o
3 801 Law
Q
()]
o
m 60_
©
Q
§ 40 - real
Communication
207 Bound
e e — —  AmdaNhl’s
0 Law
I2|4 8 16 32 64 128

%) ALMAMATER STUD Number of Cores
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The Rise of ML

Computing Power demanded by Deep Learning

10" Deep Leamning

Turning point in
compute demand

Hardware Performance

Deep Learning era

Relative Computation
=

Dennard-scaling era Multicore era

1985 1990 1995 2000 2005 2010 2015 2020

Year
The need arises to understand the

» underlying computations and thus,
computational requirements in

ML inference and training start to require
far more processing power than

traditional scaling can reliably provide. |
VERSITA DI BOLO TAICHIP Winter School - February 2025 - PULP-and Al Acceleration - [rankK GU gynsa'k — 16




Classic Compute ML
Web, Mobile, Text, Data, Audio, Web, Mobile, Text, Data, Audio,
Users, Sensors, ... Cloud ... Video, ... Users, Sensors, ... Cloud ... Video, ...
Input Applications Output Input Inference Predictions
X80, M3, ARM. " classic CPUS (local or cloud) GPUs, CPUs, Cloud...
FPGAs, ...
Trained ML/Al Model
Local or ) Multi-core Al
Cloud Classic CPUs (local or cloud) chips, Cloud Ie:so_rflgw,_Pltoich_, I\ixliet_
for large GPUs, FPGAs, ASICs, TPUs

Buthon. R models

ython, Rust, Programming Language
C/C++, ... - .

Training Algorithm
Humans -
Human-Programmed Rules Training Data




Classic Compute

Input Applications

Classic CPUs (loca

Output

Predefined Rules, Logic

and Knowledge are coded

into programs by humans.

Classic CPUs (local or cloud)

1

Programming Language

]

Human-Programmed Rules

v
q
o
]
q
]
3
3
S
¢a

Sujuted] - N

ML

Input

Inference Predictions

GPUs, ( Teaches a DNN to learn

from examples (training
data), rather than being
Trained  explicitly programmed.

%

Tensorflow, Pytorch, MxNet

GPUs, FPGAs, ASICs, TPUs

4

Training Algorithm

[}

Training Data



Classic Compute ML

Input Applications Output Input Inference Predictions

Classic CPUs (local or cloud) GPUs, CPUs, Cloud...

Trained ML/AI Model
4

- Classic CPUs (local or cloud) E Tensorflow, Pytorch, MxNet
- 1 D e
® | = GPUs, FPGAs, ASICs, TPUs
o} Q

g Programming Language § 1

3. T 0% Training Algorithm

~ 4

0Q

Human-Programmed Rules Training Data




Classic Compute ML

Input -» Inference - Predictions
GPUs, CPUs, Cloud...

Programs take input from humans, , ,
Once the system has been trained it can
sensors or other programs. They run on —

the same type of classic CPUs as they be deployed/run on specialized -
d) hardware tailored for inference tasks et
were developed on.

Input => Applications =  Output

T

Classic CPUs (local or cloud)

| GPUs, FPGAs, ASICs, TPUs
o : '

= Programming Language

3 T Training Algorithm

R §

oa

Human-Programmed Rules Training Data




The Era of GenAl: ML is Yesterday’s News
Traditional ML Foundation Models

Training Tasks Massive external data

‘/ .................. > ‘All ------------------ > @ / %

Js. .................. > .A|2 .................. > (;/J\ J} @

@ QBA

Prompting

B? .................. > @® A|3 .................. > @ - - > C;'// Translation
. =R &
_J_‘_i """""""""""" > . A4 seeeeennnennanaens > (C//'\

- aa III|II|
E .................. > . A5 weerereensnarenens > (/)

7 P
@ .................. > @ Al oo > (V) @ / pmi’;it:t’(‘;r’;ssam o @) classfcaton

C) Code Gen

St

%
¢ |Individual siloed models e Massive multi-tasking model
¢ Require task-specific training ¢ Adaptable with little or no training
¢ Lots of human supervised training e Pre-trained unsupervised learning
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https://humanloop.com/blog/foundation-models

The Era of GenAl: Scaling Laws

Training compute (FLOPs) of milestone Machine Learning systems over time

n=99

Deep Learning Era
Large Scale Era

Training compute (FLOPSs)

Publication date

o SZTaB Al MA MATER STUDIORUM .
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GenAl Efficiency: Learning from the Best Hardware

1/6 basketball
=\ J (80 cubic

3 pounds inches or Up to 1,000,000 trillion

(14kg) 1.300 cm?) operations per second 20 watts
Basketball
court
(cabinets over
4350 square
feet. or 400 93.000 trillion operations

150 tons m?) per second 10 million watts
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https://www.educba.com/artificial-intelligence-vs-human-intelligence/

ML & Al: The Energy Challenge

ifnnni
orus [9f¢) s
ASICs
ULARRRRAAN RARMAAARL)
ifninii

10" —=2150.0 : 10° (—23d4 12 - .
- - CPU = | - CPU 10 106.9 = CPU
3 799.0 .. = GPU | 3 3 GPU o 1 GPU
E - 369.6 338.0 (= FPGA | é 10 369.6 204.2 !:1 FPGA E 8 B3 FPGA
‘ . - AsIC N ASIC
510 8107 5 ' g 60 53.853.
= e
2. . 14.: 101 % 40
w 10 @ 10 ) 19.0
— , —
100 L . L I - | o 100 L I 0.1
DET TRA LOC DET LOC DET LOC

(a) Mean Latency Across Platforms (b) 99.99th-Percentile Latency Across Platforms (c) Power Consumption Across Platferms
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Performance (log)

The Trend: Accelerators

+ ¥

Deep learning

General Specific Dedicated 4§
processor performance

Purpose Purpose ASIC
|

I

100x

60%

GPU performance

Energy-Efficiency

10x

CPU

Flexibility

CPU performance . .1 . .
I Gap grows at Specialized Compute chip for specific

50% per year 7% workloads

« Today mostly for Machine learning

* GPUs dominate, but even more specialized
Time accelerators are coming

RETET v g
Siirich ALMA MATER STUDIORUM TAICHIP Winter School - February 2025 - PULP and Al Acceleration - Frank K. Gurkaynak -.‘




An Overview of Accelerators

Highly Parallel Massive parallelism o\ \ /o NNs: Efficient . NVIDIA A100, AMD
Accelerat VEIP GRENTS image processin HEIE BT MI300, PULP cluster
ccelerators computations. gep 8. ’

Data Data
Mem
Data

Logarithmic Interconnect

|OD R1800 =] : 0®D errovn -

shared F’U Sh.ned FPU

PULP Cluster

Shared Instruction Cache

e 5] TR ) A e A AR O A0 e R - - i
E'HZUFICh ’ UNIVERSITA DI BOLOGNA TAICHIP Winter § NV'DIA A].OO Ieration |



An Overview of Accelerators e

Exploits sparsity to Sparse Attention: Tensor Cores, Sparse
S EIFNAEIEIEGIEY  reduce computation Efficient for NLP and BERT, GPT, ViT Stream Semantic

and memory costs. vision tasks. Registers (SSSRs)
: 1

SpaiceJ:mor I \

Select

*

Fine-grained
structured pruning
Dense trained Non-zero
weights G, data values
Fine-tune weights Fine-tuned sparse and
compressed weights

20 ALMA MATER STUDIORLIM
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An Overview of Accelerators

Computes near
memory to reduce

GNNs: Applications in

recommendation Samsung FIMDRAM
latency and GraphSAGE, GCN & ’
: systems and graph UPMEM DPUs
bandwidth nalvtics
bottlenecks. yHES.
i __PIM Chip_
PIM array for MVM operation e
_""7
>|13
§ - 5 Matrix element M, is
4 B stored in the form of |/
.>_. Ly @ | resistance R of NVM cell ¥ W\
2 5. at (row, column) = (i, j)
o
=8 —t HBM DRAM Die Bank : —
- H : / From
\ "‘“ N BANK  BANK BANK  BANK BANK  BAMK BANK ;g:ﬁ
Peripheral Circuit |\ P . ey T
‘ ‘ ‘ '. UNIT UNIT UNIT UNIT UNIT
Output Vector O BANK BANK BANK BANK BANK  BANK BANK
TSVs & Periphery To 1 w
L | BANK _ BANK BANK _ BANK _BANK : [ oo :
2 ALMA MATER STUDIORUM ) . M
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An Overview of Accelerators

&

Optimized for matrix

Foundation Models:

e Powering GPT-4 Google TPU, Tesla
Tensor multiplications and e ’ GPT-4, PaLM, e ’ :
Accelerat tensor-heav Stable Diffusion, and MedSAM Dojo, Habana Gaudi,
ccelerators -
workloads Y other large-scale Al Occamy, MemPool
' models.
MemPool Tile
To Extern To Extom To Exterm Scrmtchped Memory
e NORTH A f .f
’ WEST 18 ]
P s Lmﬁ” l_l - e 1248 I ____,
1L QiR ”m 230 ity {
e i L - | - | e
b \ oy ’ o — o
-/— "'u:' * Doo)x'c -
5{ i Usitied . s wr Matrtx Mutvgty sy ”’:‘1{1—’;— o m ? =
14 G :: Osta Mr:m | Soem et 1268 . Group 3 G-louu [ =3
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’ O i i | | S S s
m & i) o = I BEEE srwaes | gy | poew | PRl | occe-e--c-ce--s
o] o =l Sew 2 N e
‘[’?m J‘—-_ S e 1247 . rie 4851
h —— sivo
— o = (e .}‘:‘l
GOOGLE TPU [ 2
e e ATER STUDIOR TESLA DOJO et | o
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An Overview of Accelerators g2

P

Mimics the brain, LA LT
. ) : Networks (SNNs): : e
Neuromorphic using spikes for Robotics and vision- Spikformer, Intel Loihi, SpiNNaker,
Accelerators asynchronous event- SSTFormer, SCNN Kraken

based event

driven processing. detection

. _ (8
Rl - Neuromorphic Core 8
"'3":—':4‘;,—‘:,5—;‘:. » Programmable neuron model | > )]
| Neuromorphic Mesh « Programmable learning | B
._:}&_._ﬂg—_;‘. 2 + Up to 128 KB synaptic memory = 1
p ] 1 + Up to 8192 neurons | E I ! o
-:; ol L 4 «» Asynchronous design | i I i © E
T }'—'3 o 1 ]
g l -------- : E\ S
L Microprocessor | wN | ! 0 .?
~ e | === i
—-l—-—-—r ) Cores ARMSGS ARM968 ARMS6S 1 <T [
v ¥ \1 I I 1 = L]
\ ST o0 « Efficient spike-based communication Core Cory Care i = Interconnect — 4
3 A 5 « Data encoding/decoding | \ ) / | i E_Z)J cl : FPU 3
oIFSS O == « Network configuration I i
B J ] g | System NoC | INTC |3 RISC-V/
T | b S “ X 1
J e -~ - ‘O- I l t \ I E
Svalem s . . —————————————————————————————
-f-‘—-'“f: [r-'-‘ = | o = B theenet I | Timer/PWM
Y o 1 ] -
1 L, | T | !
/F:[ et '8 N ﬂt ______ ,I_ —_— - ) Padfram Fabric Controller (FC) Accelerator
T T T
.

v SDRAM v
2 . S z ALMA MATER STUDIORLIM 3
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Looking up to the Leader

Gains from
4500.00
# « Number Representation
- FP32,FPI16, Int8 4000.00
- (TF32, BF16)
. ~16X 3500.00
# . Complex Instructions R
« DP4, HMMA, IMMA
»n 250000
o o | 2.5X S
E 2000.00
» Process
« 28nm, 16nm, 7nm, 5nm 1500.00
« ~2.5X%
1000.00
# « Sparsity
o ~2X
# « Model efficiency has also s

improved - overall gain > 1000x

ETHzUrich ouuiainson

50000 Scalar FP32

Dally HotChips 2023

Single-Chip Inference Performance - 1000X in 10 years

H100

FPB 4000.00
Transformer Eng

A100
Structured
Sparsity
1248.00
IMMA

HMMA  nt8 Tensor
Tensor Cores

FP16
DP4A Cores

M40 1" 12500
684 2120

12/27/14 5N0/16  8f22/17  2/4/19  6/18/20 10/31/21 3/15/23
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Team of 100 people in ETH Zurich — University of Bologna Q%

 Research on open-source energy-efficient computing

- - - - - -

R —
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Our research focus: cluster-based many-core accelerators

Multiple Scales of acceleration
High-speed on-chip interconnect (NoC, AXI, other..)

Extensions to processor cores

* Explore new extensions External L2
* Efficient implementations Memoury Accelelrator Mem | | Mem || mem | | mem | | mem | mem
Controller b bank bank bank bank bank bank
Shared-memory Accelerators
L2 memory DMA Tightly coupled data memory interconnect
* Domain specific
T ACC ACC
° Local memory Host Accelerator core core core core #1 #2
core #
Multiple Decoupled Accelerators
L2
° Commun|cat|0n Peripherals Accelerator Instruction Cache
#M Cluster 1
e Synchronization \ || J \ |
Y Y Y
Decoupled Computing cluster with tightly coupled accelerators

Host, L2, L3 IOs
accelerators

e CORAEE ALMA MATER STUDIORUM
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Ariane
CVA6

RV64

Single core Multi-core Heterogeneous, Many-core
* PULPino, PULPissimo * OpenPULP * Hero, Carfield, Astral

* Cheshire e ControlPULP * Occamy, Mempool
m
Accelerators and ISA extensions

. D A MATER STUDIORUM .- ™
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We make everything (we can) available openly

* All our development is on GitHub using a Eermissive license

« HDL source code, testbenches, software development kit, virtual platform

» Allows anyone to use, change, and make products without restrictions.

.% pulp-platform

P

(0 Overview LI Repositories 239 [ Projects 1

Pinned

& pulp Public

This is the top-leyel peoject for the PULP Platfoem. It instantiates a

PULP cpen-towre am with a PULP SoC {microcontroller) domain
accelarated by a PULP ciustor with B corgs
SystemVeriog Y32 Y a3
e snitch Public
gan but mean RISC -V system!

ETHziirich = s

0 Packages A People 14

& pulpissimo  Publc

Heterogeneous Research Platform (HERO)

HERO is an FPGA-based research platform that enables accurate and fast exploration of heterogeneous
computers consisting of programmable many-core accelerators and an application-class host CPU. Currently,
32-bit RISC-V cores are supported in the accelerator and 64-bit ARMvS or RISC-V cores as host CPU, HERO
allows to seamiessly share data between host and accelerator through & unified heterogenecus programming
interface based on OpenMP 4.5 and a mixed-data-model, mixed-1SA heterogeneous complier based on LLVM.

HEROQ's hardware architecture, shown below, combines a general-purpose host CPU (in the upper left corner)
with a domain-specific programmable many-core accelerator (on the right side) so that data in the main memory
(in the lower left corner) can be shared effectively,

xybd | Host - ™ = - = ™ ,.. -
This i% the top-leved project for the PULPicsimo Platform. It instantiates C?veﬂ v.. Loerl g —= Cluster ;::: g.x g'é §.§ gf‘ gﬁ gz gi
2 PULPissimo open-source aystem with a PULP SeC domain, but na MW | MNY SPM - S agn 0 33 :a'n%- S& o4 :2 seene :E Sf:! :5
1 Cackw L1 Cache e
clustor 1 | s L l l l l l..,,.,'.,_..' y""-'-‘l ] 1
Systemverilog 17 288 Y a3y UC&(N&C'ON..’\WCO.‘ — g 1] Cllllﬂvf R iiii .TCDM i 3 o
! F i 10 ﬁ*" iy - U i = | l Fxlrd
System Interconnect del 190 Lo . ol DMA =D RV32 D RV32 D Rv32 — fled
3 e § : 3Tengne =R peo SR per TR pepa S S0G
- . Memory Ctrl & PHY L = chust - ? ¥ Tnstrvction §fetch |
& hero (pubiic Accel- = lem  C-1 5-0_ Shared Instruction Cache
Hoterogenecus Research Platform (HERD) for exploration of to main memory grator
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https://github.com/pulp-platform
https://github.com/pulp-platform

RISC-V the open ISA : / RISC

ETHzirich = oo

+ ¥

P

Originally developed at UC Berkeley as part of a class
Open ISA managed by RISC-V international since 2015

e ETH Zirich is a founding member (currently Frank is in the Board of Directors)
« Headquarters officially in Zurich

Simple Base ISA (RV32 / RV64 / RV128)

 Extensions to cover many aspects (vector, matrix..)

Open development
» Technical working groups where members discuss and propose new extensions

* Public review and comments, ratified by the Board of Directors

Allows processors to be designed and extended easily

* While allowing a common SW infrastructure to be built around it.



P  RISC-\/ afree ISAto build SOA computer systems Q%

* |Itis FREE

* Everybody can build, sell, and make RISC-V cores available
* The description is FREE, implementations can be FREE or proprietary

 Itis a modern design, no historical baggage

« Some common ISAs (ARM, Intel..) have been around for 20+ years
Newer implementations, still need to be compatible to older designs.

» RISC-V benefited form the mistakes made by others, cleaner design
* Major design decisions have been properly motivated and explained

* Reserved space for extensions, modular

* Open standard, you can help decide how it is developed

e s PP Y ——— S
ETHzurich = 00iiioai TAICHIP Winter School - February 2025 - PULP and Al Acceleration - Frank K. Giirkaynak ._’ 37



Are P/, RISC-\/ processors better than XYZ?

« Actual performance depends on the implementation

« RISC-V does not specify implementation details (on purpose)

 Itis a modern design, should deliver comparable performance

* Ifimplemented well, it should perform as good as other modern ISA
implementations

* In our experiments, we see no weaknesses when compared to other ISAs
* |t also is not magically 2x better

* High-end processor performance is not much about ISA

* Implementation details like technology capabilities, memory hierarchy,
pipelining, and power management are more important.

. MA MATER STUDIORUM o
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Exposing Quantization to SW: ISA Extensions

* RISC-V has Reserved opcodes for standard extensions
« Rest of opcodes free for custom implementations

 Custom extensions can be standardized

 Standard extensions will be frozen/not change in the future

inst[4:2] | 000 001 010 011 100 101 110 111

inst[6:5] (> 32b)
00| LOAD LOAD-FP | eustom-0 | MISC-MEM | OP-IMM | AUIPC OP-IMM-32 48b
01| STORE |STORE-FP | custom-1 AMO OP LUI OP-32 64b
10| MADD MSUB NMSUB | NMADD OP-FP | reserved | custom-2/rvi28 48b
11 | BRANCH JALR reserved JAL SYSTEM | reserved | custom-3/rvi28| > 80b

Extensibility is fundamental in the RISC-V ISA!

. D A MATER STUDIORUM .- ™
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Achieving ~100% dotp Unit Utilization e

8-bit Convolution RV32IMC RV32IMCXpulp Yes! dotp+1d

addi a0,a0,1 N/4 (\ Ip.setup can we remove? ~ Init NN-RF (outside of the loop)
addi t1,t1,1 p.lw wi, 4(a0!) Ip.setup

LD/ST with post addi t3,t3,1 p.lw w2, 4(al!) N/4 pv.nnsdotup.h s0,ax1,9

addi t4,t4,1 p.lw x1, 4(a2!) pv.nnsdotsp.b s1,aw2,0
lbu a7,-1(a0) p.lw x2, 4(a3!) pv.nnsdotsp.b s2, aw4, 2
lbu a6,-1(t4) pv.sdotsp.b s1,wl, x1 pv.nnsdotsp.b s3, aw3, 4

lbu a5,-1(t3) pv.sdotsp.b s2, wil, x2 pv.nnsdotsp.b s4, ax1, 14
lbu t5,-1(t1) pv.sdotsp.b s3, w2, x1 end

mul sl1,a7,a6 pv.sdotsp.b s4, w2, x2
mul  a7,a7,a5 end pv.nnsdot{up,usp,sp}.{h,b,n,c} rD, rsl, Imm
add s0,s0,s1
mul  a6,a6,t5 sig/unsig Immediate rsl DT rD OPCODE
add  0,t0,a7 i1t 24 20 f t { 0
mul  a5,a5,t5 {up,usp,sp} Addr for next {h,b,n,c}  Accumulator
add  12,t2,a6 mem access (RF)

add t6,t6,a5
bne s5,a0,1c000bc

9x less 14.5x less instructions
instructions at an extra 3% area cost

than RV32IMC (~600GEs)

ALMA MATER STUDIORLIM
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Next: Sub-byte precision

SoA Quantization Results Quantizazion of a MobilenetV1_224 1.0 (*)
ResNet-18 / ImageNet Quantization Top1 Accuracy Weight Memory
.20 Method Footprint
218 ® ..
S 16 I Full-Precision 70.9% l I 16.27MB | |
= \
T4 \ INT-8 70.1% 1 0.8% |406MmB || 4x
z \
§ 12 . INT-4 66.46% ' |4.4% |235MB Y| 7x
510 o
§ 8 \\ ° Mixed-Precision | 68% v2,9% 2.09 MB vV 8x
- 9
e 6 h Courtesy of Rusci M. «Example on MobilenetVl 224 1.0.»C
F 4 2N ®
i N 5b
g 2 N 3b
o) - _ 8b
§ 0 Rl e o
< 0 5 10 15 20 25

Mixed-precision approach key to meet

Weight Footprint [MB] ) ) )
the memory constraints of tiny devices

Quantized Neural Networks (QNNs) are a natural target for execution on constrained extreme edge platforms.
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Processor HW Extension

« Goal

" ([ Mem-Interco |
0 Controller D—\_{Mé%, « HW support for mixed-
', 1su precision SIMD instructions;
B
Prefetch ¢
* Challenge
* Enormous number of

instructions to be encoded in
X the ISA;

WB

PC

« Solution

T « Status-based execution.

B
=
4T \l" / ;

Debug Interface ii

-

() Modified Core IPs [ | New Core IPs

P '_m'm:‘ ALMA MATER STUDIORLIM .- :
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Virtual SIMD Instructions

* Encode operation as a virtual SIMD in
the ISA (e.g. sdotsp.v)

* Format specified at runtime by a
Control Register (e.g. 4x4)

« 180->18 Instructions needed for
SIMD DOTP

» Potential to avoid code replication for
different formats

* Tiny Overhead on QNN for Switching SCALAR
format ik 2
. . VIRTUAL SIMD INSTR  SDOTP.v
* Format switch not frequent in DNN, e.g. m— SIMD  MIX8x4
every layer. AL
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8-Cores x Cluster + XpulpNN + M&L (22nm)

m STM32L4 (M4) W STM32H7 (M7) W PULP (RI5CY) 0.65V
m PULP (RI5CY) 0.8V B PULP (XpulpNN + m&I) 0.65V ® PULP (XpulpNN + m&l) 0.8V
356x
294x 6X _ 7.4x

—_ 146x 1.6x L
3 1 - = . 1600x
4 401x R I
(@) R e R
= || e |
S 2 | i
S 9 0.1 F & | i .
S w L By
E S | | i I !
L . g |
> || e -
O L i I
& 0.01 | L [
P * | T
w : i I

| N

e |
- i |
0.001 iR -
8-bit convolution 4-bit convolution 2-bit convolution
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Parallel, Ultra-Low Power (PULP) PE Cluster

= As VDD decreases,
operating speed
decreases

= However efficiency
increases—> more work
done per Joule

= Run parallel to get
performance and
efficiency!

Efficiency (parMatrixMul2) [MOPs/mW]

Al is parallel and scales
More parallel with NN size

ETHZzirich = i

50

y & f ----- fast at low efficiency

Better have N PEs at optimum
Energy efficiency than 1 PE running

0.4

0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.2
VDD [V] (+50mV SoC, +100mV Mem)

600

550

500

450

- 400

350

300

250

200

{ 150

100

50

Rossi et al. IEEE Mi 2017
Optimum I Efficiency vs VDD chip01 [Rossi et a icro 2017]

Max. Frequency [MHz]



Let's design a cluster with multiple (4-16) RISC-V cores Q@

RISC-VERRISC-VERRISC-VERRISC-V
core core core core

CLUSTER

FORESTN

ETHzUrich ¢ R0 ees TAICHIP Winter School - February 2025 - PULP and Al Acceleration - Frank K. Gurkaynak * 46




* Parallel memory access
with low contention

* Multi-banked, address-
interleaved L1

Tightly Coupled Data Memory BF=2

| 4

* Fast interconnect with
physical design
awareness

» Logarithmic depth of
combinational switchboxes

RISC-VERRISC-VERRISC-VERRISC-V
core core core core

1l 1IcTCED

Trade-off between memory size and latency ’ s

ation - Frank K. Gurkaynak



DMA based, non-blocking mem copy with fast sync. g2

200

Hl scu barrier |

150 Tightly Coupled Data Memory BF=2

[cycles)
=

50

2 4 8
participating cores

15

interconnect

ygarithimic Interdonnect

RISC-VERRISC-VERRISC-VERRISC-V
core core core core

2 B 8
participating cores

rlicTeD

[Glaser TPDS20]

~15x latency and energy reduction for a barrier

ation - Frank K. Gurkaynak



Shared instruction cache with private “loop buffer”

« Two-level instruction
cache
 Private (P) + Shared (S)

Tightly Coupled Data Memory BF=2

* Most instrunctions
fetched form Private
Instruction Cache

* Low fetch energy

interconnect

. . Logarithmic Interconnect
 Shared instruction cache

to augment capacity RISC-VERISC-VIE RISC-VEIRISC-V
core core core core

* Reduces miss
latency Q ‘ ‘ ‘
1$-S 48 1$-P

CLUSTER

1$-P 1$-P 1$-P
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Host for sequential, /O + Data-Parallel Accelerator Cluster Qs%

Tightly Coupled Data Memory BF=2

SYNC mmmm

<G> Logarithmic Interconnect

| Ext. 1
IMemI

I

interconnect

RISC-VERRISC-VERRISC-VERRISC-V
core core core core

|$ |$ 1$ 1S

://github.com/pulp-platform/pulp




Combining ISA extension + Efficient parallel execution Q%

* 8-bit convolution 90 == PULP(RV32IMCXpulp)
--® - |deal Speed
* Open source DNN library eal Speedup

80 @
. 10x through xPULP . | Overall Speedup of 75x \ :

» Extensions bring real speedup

g
. Near-Linear
* Near-linear speedu ;
P P 5 Speedup
 Scales well for regular s

workloads 40 1
) 10x Speedup w.r.t.

« 75x overall gain RV32IMC
. 7-8 GMACsS (ISA does matter©) b

- 250MHz 10 l

« 4 MAC/Cycle (8bit) 0 .

1 CORE 1 CORE 2 CORES 4 CORES 8 CORES
More GOPS Iess power [Garofalo et al. Philos. Trans. R. Soc 20]
¢ AICHIP Winter School - February 2025 - PULP and Al Acceleration - Frank K. Girkaynak ’ 51




What'’s next? Tightly-coupled accelerators

P
I Ext. |

IMemI

| -

interconnect

Tightly Coupled Data Memory BF=2

i 44

1a&inic Intefconnect

=P

RISC-VERRISC-VERRISC-VERRISC-V

W core

1$-S 1$
Nl 1ICcTED

core core core

1$ 1$ 1$

Acceleration with flexibility: zero-copy HW-SW cooperation AT ’ -




Kraken: 22FDX SoC, Multiple Heterogeneous Accelerators Q‘%

The Kraken: an “Extreme Edge” Brain

) 3000 pum .
’RISC-VCI t “‘fi"MNMu.n&0‘a‘.'ﬂltuﬂmnmmhnn#&nnhnumunnr"
uster [T Technology 22 nm FDSOI
8 Compute cores +1 DMA core v
H 2
. CUTIE Chip Area 9 mm
Dense ternary-neural-network SRAM SoC 1 MiB
accelerator SRAM Cluster | 128 KiB
" SNE £ VDD range 0.55V-0.8V
Energy-proportional spiking- g
o ~
neural-network accelerator ™ AT (Fee SVl
SNE Freq ~250 MHz
CUTIE Freq ~140 MHz
\ 4 L E R A RN AR N REERERNREERREREREREE NN NN I'.;"

. MA MATER STUDIORLIM o
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CUTIE: Perception from Frame Sensors

Ternary Activations
(2bits)

=
@)
N -
n
Q
S
N o
-

Ternary Weights ~
(2bits) 864 Ternary Multipliers Y,

Output channel compute unit (OCU)
* Completely Unrolled Ternary Neural Inference Engine: K x K window, all input channels, cycle-by-cycle sliding

* One Output Compute Unit (OCU) computes one output activation per cycle!

* Zeros in weights and activations, spatial smoothness of activations reduce switching activity

Aggressive quantization and full specialization
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Kraken's CUTIE Implementation

10000

Compression
Data in 1.6 bits (Ternary value) with

On-the-fly Compression/Decompression G ‘ =

1000
Memory
Configuration in Kraken (double

* 96 channels (Output compute units)
* 3 x 3 kernels

* 64 x 64 pixels feature maps (158 KiB)
* 9 layers of weights (117 KiB)

Lots of TMAC/cycle

* 96 OCUs, 96 Input channels, 3 x 3 kernels:
* 96 x 96 x 3 x 3 = 82'944 Ternary-MAC/cycle

10

Compute

Decompress

y Binareye [6] l’fﬂ#ﬁﬂ
1fJ/MAC (1POP/s/W)
Ternary OPS
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SNE: Perception on Event Sensors

Event Sensors — DVS camera Spiking Neural Engine (SNE)
Ultra-low latency
Energy- proportional interface

0 Leaky Integrate & Fire (LIF) neurons
I EE Uth
20
v;(t)
J—‘ﬂ‘ i a-trl:’.fr \
; = G a
%0 » Ureset —
— L s;(t) | |
60
Si(t)
80 ‘t

[Di Mauro et al. DATE22]

100

0] 20 40 60 80 100 120

SNE works seamlessly with DVS (event-based) sensors

. MA MATER STUDIORUM o
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Event consumption, and output spikes generation

Event Stream . 10000
Synaptic Leaky Integrate & Fire (LIF) neuron
connection
’ Thresholdis 0 ™
exceeded
i)
t 3 2
llllll 5 HL&]GD
2 = 1x1xTtensor ©
LA . e Ipr 7 | WELpF p7 (B7 [} gq:_) _ =
y3 x 3 x T Event-Frame patch ’ O = :a_,T = per output neuron
List of Coordinate (COO) ) g o i . 10
convolutionall g 5 @ t
3x3kernels 1= & i
SNN’s neuron processing element (PE) 1
A more complex dynamic than conventional DNNs neurons: Tanjic 5] o)
. . . . g - 1% 4b-ADD +
Membrane Potential Accumulation/Activation 1x SynAcc 4b-A 1TSyOp/s/W

* Membrane Potential decay 1x SynDec = (1x 8b-MUL) + (1x 8b-MUL + 1x 8b-ADD)

T ALMA MATER STUDIORLIM .- :
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Kraken Shield and System Architecture

» 7g payload

* DVS and frame-based cameras - real-time multi-modal perception.
» Designed for integration into nano-UAV platforms

Kraken-DVS shield on the CF Kraken-DVS shield DVS Module

External RAM/FLASH T P ——
Connector
NINA - " —
s aLLiy 3 DVS1325

Flex Cable
connecior

Bottom View
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Spiking Neural Networks for Depth Estimation ‘%

SNN —> SCNNs for depth estimation.

Collector
Input
confice & fee i _>
Cluster ®& Cluster ® Cluster ®& Cluster
..
Cluster ® Cluster ® Cluster ® Cluster [ l
“ LIF Datapath Output
P Events
—> Cluster ® Cluster ® Cluster ® Cluster 1 T
COl |eCt0r Cluster @ Cluster ® Cluster ® Cluster
Depth Estimation Energy Efficiency Low Power
1.02k inferences/s 18 wJ per inference 98mW @ (220MHz, 0.8V)

P AMATER STUDIORLIM p
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Ternary Neural Networks for Object Classification

CUTIE = TNN for object classification.

\— :
g

B

&

<

<

Input Image
Target Port

’) uble-buffered
Feature Map Memory

o

0]
Q
@

g =
L
£
®
0
9p)

Weight Memones

Object Classification Energy Efficiency Low Power

10k inferences/s 6 W per inference 110mW @ (330MHz, 0.8V)

60

. o v 2 A MAMATER STUDIORLIM .- y
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Kraken Power Consumption (all Included)

Combined power consumption of SNE, CUTIE, PULP cluster

0
200

= . Power
% Model Inference/s | w/inf (mW)
100 SNE 1.02k 18 98
cu
5 “ i CUTIE 10k 6 110

00 1 2 3 4 Time (ms) 5 PULP 221 750 165

0.Conv 1.MaxPool 2.DW 3.PW 4.DW 5.PW 6.DW 7.PW 8.DW 9.PW 10.DW 11.PW 12.DW 13.PW 14.FC

Kraken power waveform executing Tiny-PULP-Dronet at FC@280 MHz, CL@300 MHz, Vdd@0.8 V

P=373mW, representing just 5% of the UAV’s power budget
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How to deploy applications to PULP/Kraken?

QuantLab

Quantization Laboratory

Deeploy —

PULP-NN
PULP Neural Netwerk
backend

ETHZUrich - oo

Memory-aware
deployment
Optimized
DNN library

Training

Accelerator
mapping

CUTIE
primitives

gl Specification and dataset selection

QA SNN
Training

Accelerator
mapping —

- O PyTorch

SNE
[ Toolbox

CUTIE/SNE
— Hardware Abstraction

Layer

Q@ Kraken
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Tightly Coupled Data Memory

Mem Mem Mem Mem Mem

N-EUREKA large NE
configuration Logarithmic Interconnect

(~8x RBE v2) IXXXXXX

At-MRAM NE RV O RV 1
(N-EUREKA) core core

Tight coupling with MRAM SR

provides ultra-efficient
weight storage & access CLUSTER

1S 15

ALMA MATER STUDIORUM
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Siracusa: Memory Hierarchy and Dataflows

SRAM (4 MiB)[BIMIRAM (4 MiB e IS
MEME BVMEME  Weight
vMEME BVE M —

N-EUREKA
288b

L1 Interconnect (N-EUREKA routing branch)
M N BN BN BN B D BEE e e

Stationary Input Buffer
Dispatching network

Periph interco Shallow branch

Cluster Interconnect (AXI)

)
R
=
—
S =
c- 0y
— (®)
c -0
] - LN
E oo ‘;nd Stjob Register File + Control —~—
- NxM Cores

L1 Interconnect (Logarlthmlc Xbar branch)

4x32b $11¢

1 Core = receptive field of 1x1 pixel in/foutput
across 32 out-channels

Output stationary, Input quasi-stationary
Parametric number of Cores (NxM out-pixel)
Hierarchical IS 8b activations, 2-8b weights

T 4KiB shared + 512B L
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Siracusa: 16nm SoC, Tightly Coupled at MRAM Accelerator

i T T s i G —" i — 0y T T b0 B P 0 00— AW —
S . alwoud 4 & % 13 Wb AR R TR ey Y

L2 Memo
2 MiB SRA

SoC
&
Peripherals
Neureka

!

I-Cache

Cores

) 8
L
§
:
L 8
¥
b
X
x
T
T
3
x
T
= |
= >
9
X
T
x
¥
T,
¥
S
1
X
x
x
x
r
3
£
x
xr
| 8
:

4 MiB MRAM
4 MiB SRAM Tile Memory Weight Memory

PLLs .
= : 22nm FDX 22nm FDX 22nm FDX
gé = 10mm? 10.24mm? 8.7mm?
n =
QE, m = 1728 KBSRAM 896 KB SRAM 1152 KB SRAM
=¥ = 4 MB MRAM (L3)
Chas 32.2 GOPS 140 GOPS 90 GOPS
N =
1.3 TOPS/W 2.07 TOPS/W 1.8 TOPS/W
1.3 TOPS/W 4.1TOPS/W 12.4 TOPS/W
(2x2b) (2x2b)
600 TOPS/W
(analog)

3.2 GOPS/mm? 21.2 GOPS/mm?  47.4 GOPS/mm?

[1] D. Rossi et al., JSSC’'21
[2] P. Houshmand et al., JSSC’23

[4] M. Chang et al., ISSCC’22
[5] Q. Zhang et al., VLSI Symposium’22

LA R AR

40nm
25mm?

768 KB

N/A
0.94 TOPS/W

60.6 TOPS/W
(1x1b)

N/A

22nm
8.76mm?

1428 KB

146 GOPS
0.7 TOPS/W

0.7 TOPS/W

58.3 GOPS/mm?

l

16nm FinFET
16mm?

6400 KB SRAM
4 VB MRAM (L1)

698 GOPS
2.68 TOPS/W

8.84 TOPS/W
(2x8b)

65.2 GOPS/mm?

Balance efficiency, peak performance, area efficiency
[3] F. Conti et al., JSSC'23 without compromises in precision

N-EUREKA 36-cores configuration

[A. Prasad et al., “Siracusa: a 16nm Heterogeneous RISC-V SoC for Extended Reality with At-MRAM Neural Engine,” IEEE Journal of Solid-State Circuits]

ETHzirich = ohidnaltson
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Achieving Scale through Hierarchical Design

Snitch Core Snitch Cluster

I t ECIushr
| l Occamy Group

il I

111l

IFRENEREN

1118 ]

Occamy Chiplet B =
S

&
S
R
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Snitch Core: Tiny Integer Control Core with Large FPU

 Snitch: tiny, extensible RV core
» Extensible through

 Latency-tolerant through scoreboard
—> can issue ~10 non-blocking memOPs

Memory

Snitch
RV32|
Core

FREP
Sequencer

» Usually paired with FPU subsystem
 Large, pipelined double-precision FPU
« FP8-FP64 SIMD capable

« Multiple subsystems supported (e.g. Spatz
vector unit, INT-SIMD,...)

Memory
Shared L1 IS

* |ISA extensions for near-ideal FPU util. FPU

Subsystem

* SSRs: map memory streams to FP registers

* FREP: dedicated HW loop for FPU
- FPU & int. core can compute in parallel

P A MATER STUDIORUM i
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SSR & FREP: the Key for PE efficiency

« SSR: Link register read/writes into implicit LD/ST
« Extension around the core’s register file
« Address generators (2-3KGE/SSR)
« Configured out of inner loop (LD/ST elision)

« Staggering: generators prefetch from memory (latency tolerant!)

Fetch &
Decode

=

« FREP: LO instruction buffer (no IS access)

« Pseudo-dual issue (Int pipeline can proceed in parallel)

Addr. Gen.

Register
File

Memory

Load/Store

Unit

I

a[2]
b[2]
a[0]
b[0]

a[3]
b[3]
a[1]
b[1]

a[2]
b[2]

a[3]
b[3]

FMA
[0]

FMA
(1]

FMA
(2]

FMA
[3]

« No boundary checking for loop (similar HW loop in DSPs) CPU Core
« Boost FPU utilization 2 100% (once setup is amortized) . a0l all]
em Req: b0 b[]
dOtp: 30% FPU dOtp: 90% FPU Mem Resp:
loop: scfg 0, %[a], 1dA .
fld ro, %[a] » scfg 1, %[b], 1d8 i
fld r1 ’ %[b] 1UDD: T Oyoles
fmadd r2, ro, r fmadd r2, ssr@, ssri

Less expensive than 000 (CPU) and Multi-threading (GPU), complements SIMD/Vec/Mat instructions

ETHzirich = omins
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8 Snitch compute cores
« SIMD 64b FPU with SSRs & FREP

9th Core: DMA engine

e 512b interface to interconnect

* HW support for autonomous < 2D transfers,
higher dimensions through SW

« Latency-tolerance block transfers (100s of cycles)

128 KiB TCDM

« 32-bank, low-latency shared scratchpad
* Double-buffer large chunks with DMA

Shared I-cache and peripherals

SB2 SuperBank 3

B16 BZo B31
' | N

Shared L1 1$

ll ZeroMemory 512b AXI Crossbar

.......................................................................

64 GB/s duplex



Four Clusters form a Group

 Hierarchically shared bandwidth

 Clusters fully connected through crossbars
- high-bandwidth local data exchange

* Single shared 64b / 512b ports to top

 Shared resources

FlElEld

e 32 KiB constant cache

« |OTLB for address remap & access control

« SW-controlled clock gating and reset

« Simplified physical implementation
« 6 groups =2 24 clusters per chiplet
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Occamy Chiplet: Six Groups with HBM a 2D Link

6 fully connected groups [

|

» 24 clusters, 216 cores total
« 512b NoC for data, 64b for messages

* Autonomous 64b host domain
* CVA6 RV64GC Linux-capable core
* Rich peripherals (SPI, 12C, UART...)

. 16 GiB, 410 GB/s HBM2E =———"

« Optional page-level interleaving

« 12.8 GiB/s die-to-die link
« Fully digital and fault-tolerant\p
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Occamy 2.5D System: Chiplets on Passive Interposer

* Hedwig interposer
* 65nm, passive (BEOL only)

o 1 | |1 —_4_.-[

R I

-

« Connects 2x 73 mm? Occamy chiplet
(GF 12LP+) and 2x Micron HBM2E

 Distributes power and 10s

« Carrier PCB
« RO43508B (low CTE, high stability)
* LGA 2011 pinout adapted to fit ZIF socket

 Stabilizes assembly and power

Occamy HBM2E
Chiplet 1 DRAM 1

45.00mm

E HBM2E Occamy E
%% A DRAMO Chiplet0 (/&

» Occamy system module
 432+2 RISC-V cores, 32 GiB HBM2E

- 768 DP-GFLOP/s peak performance (HPC) Carrier PCB

* 6144 FP8-GFLOP/s peak performance (ML) o
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LLVM Snitch Extensions

 Why extend LLVM?

« Make extensions accessible (intrinsics,
inference)

* Improve scheduling and register allocation
(default tuned for renaming OoO machines)

* Improve reassociation (many RAW stalls)

 LLVM 15 with Snitch extensions:

 Tuned in-order machine model

Xssr, Xfrep, Xdma assembly and intrinsics

Tuned tree height reduction pass!
(efficient reassociation of unrolled FP math)

SSR inference based on scalar evolutions

FREP inference loop pragma

ETHzirich &0 Raisiooa

[1] https://reviews.llvm.org/D132828

+ ¥

P
naive register allocation
= RAW stalls, low IPC

FREP?

fmadd.d [fa@
—_—
da-p =) l fmadd. d

fmadd.d [fao

| fte, ft1, fae
, ft2, ft3, fae
. fta, ft5, fae

SSRs? SRy
SSR  Repeat Bound Stride Data

double sum=0.0, alN b|N

= ®<-"-
[OR¢

v v v
__builtin_ssr_setup_1d N-1 8 a
__builtin_ssr_setup_1d 0, N-1 8 b
__builtin_ssr_enable
#pragma frep infer
for (unsigned i = 0; i < N i
sum __builtin_ssr_pop(®) * _ builtin_ssr_pop(1);

_ builtin_ssr_disable();

e
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Runtime Support

Data Movement m Synchronization

1D/2D DMA transfers for

block transfers

Intrinsics for:

1. Setup

2. Coarse and Fine-Grained
Synchronization

Dual-chiplet

Connectivity
Fault-tolerant double-data-
rate die-to-die links for robust
inter-chiplet data exchange

Sparsity-capable SUs
Specialized streaming units
facilitate indirection and
merging, tailored for sparse
computations.

FREP

Decouples the floating-point and
integer pipeline by sequencing
instructions from a micro-loop
buffer

DMA Synchronization
Can be exploited for different
applications that require, e.g.

double buffering or full synch.

Hierarchical Synch.
Flexibility to synchronize on
cluster, and global level or
partial synchronization.

ETH:zirich

e
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Matmul Benefits from Large Shared-L1 clusters
« Why?

« Better global latency tolerance if L1

size > 2% L2 i0ney % L2 awiawn (Little’s law + double buffer)

* Smaller data partitioning overhead

« Larger Compute/Boundary bandwidth ratio: N3/N? for MMUL grows linearly with N!

« Alarge “MemPool”: 256+ cores and 1+ MiB of shared L1 data memory

A North ¥
Tile Tile
4 5

MemPool Cluster

' Group

Tile
Multi-banked 0
Scratchpad Memory
Tile Tile Tile
HE HE
pué——

Local
T|Ie T|Ie Tile
12
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What is the cost of traversing MemPool? ¢X

Energy per instruction (p)J) Efficient arithmetic
operations
ad [
ol |
mac | | Remoteloadsonly
cost 12.7 pJ
ocal |
remote lw
0 2 4 6 8 10 12 14

Energy (pJ)

B Core M MemoryBanks M Interconnect ™ Remainder
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MemPool Cluster: A physical-aware design

ETH:zirich

A Scalable Manycore Architecture with Low-Latency Shared L1 Memory

MemPool
« 256+ cores &
« 1+ MiB of shared L1 data memory Terapool
« < 8cycle latency (Snitch can handle it)
Hierarchical design MemPool Group MemPool Cluster

Implemented in GF22
 Targeting 500 MHz (SS/0.72V/125°C)
« Reaching 600 MHz (TT/0.80V/25°C)

» Targeting iso-frequency with PULP

Tile 10

Cluster area of 13 mm?
* 5 mm diagonal

* Round trip in 5 cycles

AR S

AMA MATER STUDIORUM
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How well do we scale? Close to ideal scaling Oi%

 Evaluate highly optimized kernels 750
« Baseline: single core system

 No synchronization overhead or contention 200
« Compute-heavy kernels achieve more

than 88% of the ideal speedup i

(0]

 Memory-bound kernels still achieve 2 100

75% of the ideal speedup

50
O N N N N N

MatMul2DConv DCT  axpy dotp

B Single Core ® MemPool

SR TP " g
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Where do we lose performance?

« Compute-heavy kernels: Utilization IPC

} |

* Mainly synchronization overhead

_ Compute ' Control Synchronization 1S LSU R:¥:\"'}
* Interconnect congestion

L 4
L 4
L 4
L 4

» Achieve up to 66% MAC unit Instructions Stalls
utilization ot ﬁ
* Memory-bound kernels: SR ALSE T
» Short execution time utilization
« Synchronization overhead act m
+ still achieve IPC of 75% axpy Bl @ e
Minimal = D ]
architectural stalls 0% 20% 40% 60% 30% 100%

ETH:zurich UNIVERSITA DI BOLOGNA TAICHIP Winter School - February 2025 - PULP and Al Acceleration - Frank K. Giirkaynak ’ 79



System Performance

74% MAC unit
 Double-buffer the kernels utilization

* Overlap compute and data

transfer phase [0 Compute Phase [ 3N ~ Compute Unit Utilization (%)
DMA:  Transfer In B | de L2 BW Utilization (%)

« Compute-bound kernels:

matmul 60% 55%
« Eliminate strict barriers L 95% 97% 97% . 95%

* Achieve up to 74% MAC unit 2dconv | g4, 9g%

utilization
dct
 Memory-bound kernels: 539
. axpy OO o0 c'0
« Performance restricted by the L2 o —

bandwidth dotp 5

« Almost at the roofline with
97% DMA utilization

RETET [
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Accelerator for Attention — Transformer

Encoder Block of Transformers

T

-

\_

md Add & Norm

Feed
Forward

f

B on

Multi-Head
Attention

L

~N

J

ETH:zurich

‘ Z0ALMA MATER STUDIORUM
3k - \ \ 1
S UNIVERSITA DI BOLOGNA
.

TAICHIP Winter School - February 2025 - PULP and Al Acgelerat

Attention Mechanism

Attention

Softmax

MatMul

|
love
PULP

e
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Accelerator for Attention — MobileBERT

Latency Latency

Arithmetic Operations Everything on Cluster GEMM on Accelerator

84x

6300 ms

HGEMM mAdd HGEMM mAdd H GEMM mAdd
W Softmax M NoNorm B Softmax M NoNorm B Softmax M NoNorm
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Accelerator for Attention — MobileBERT B

. . . Latency
Arithmetic O t Latency ,
rithmetic Operations GEMM on Accelerator GEMM & Attention on Accelerator

Softmax fused with GEMM

2.5x

B GEMM mAdd B GEMM ® Add B GEMM mAdd
W Softmax ™ NoNorm B Softmax ® NoNorm W Softmax ™ NoNorm
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Integer Transformer Accelerator — Dataflow

Heterogeneous Accelerated Architecture
» Attention accelerator for Transformers!
* INT8 quantized networks
 Fused Q x KTand AX V computation
« Special Softmax unit!

——4 Requant Number of
S parameters Dot Product Units (@ vector Length

ITAMax In [ ar bt “ ITAMax Out

Input - -~ Accumulator &
: Requantizer
Req(x + bias + sum)

ETH:zurich



Toward Attention-based TinyML

Heterogeneous Accelerated Architecture  snitch Cluster with Integer Transformer

« Snitch multi-core cluster with an Attention Accelerator (ITA)
accelerator (ITA)
« Communication via shared L1 memory Shared 128 KB L1 memory

End-to-end Deployment with an

Automated Flow using Deeploy TCDM interconnect 2
i
« Map DNN layers to kernel templates < To SoC
_ Level
- Solve tiling and memory allocation as one CP DMA Z -
roblem i : V
eau o I snitch [l 2
» Requires a very minimal accelerator model RV32IMAXdma

e Collaborative execution between cores and

ITA. Narrow AXI — 64b
Wiese, Philip, et al. "Toward Attention-based TinyML: A I
Heterogeneous Accelerated Architecture and Automated

Deployment Flow”, 2024 To SoC
P Interconnect

37 3 A MATER STUDIORLIM p
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https://github.com/pulp-platform/ita
https://github.com/pulp-platform/deeploy
https://arxiv.org/abs/2408.02473

Toward Attention-based TinyML

Step 1: Integrate Accelerator as HWPE Engine

Hardware-Software Architecture Template

‘RTL Shared 128kB L1 TCDM

SB1 SB2 Super Bank 4
B8 | Bi6 ..~ ' B24 | B31

¥
- p_ses B _eee B eer 9 s ]
i 64-bit TCDM Interconnect
T 1 <=1
To SoC Level .
Memory .§ . Snitch Snitch Wrcon |
tn PHMIRV32IMAXdma RV32IMA Axz Subsystem
To SoC ; o '
Interconnect ¥

> > 64-bit Narrow AXI Peripherals

-

Hardware
Accelerator

AXI

Register File

Accelerator |

\ --------------

Hardware Processing Engines, https://hwpe-doc.readthedocs.io/
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https://hwpe-doc.readthedocs.io/

Toward Attention-based TinyML e

Step 2: Tune Interconnect Bandwidth )
Hardware-Software Architecture Template Hardware
Accelerator
RTL Shared 128kB L1 TCDM AXI

SB1 SB2 Super Bank 4
B8 | B16 | | B24 | B31

P ses B see B  ean. B e 4
64-bit TCDM Interconnect

Register File

Shared L1 1I$

L [ £ | Accelerator ‘
To SoC Level _ - -
Memory . Snitch Snitch [ con | m
HE RV32IMAXdma RV32IMA AXT Subsystem
To SoC : m HWPE
Interconnect 22

1 1...1

TCDM

< 64-bit Narrow AXI Peripherals

-

\,

Hardware Processing Engines, https://hwpe-doc.readthedocs.io/
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Toward Attention-based TinyML

Step 3: Develop Register Interface & Extract Accelerator Constraints

Hardware
Accelerator

static inline void _attribute((always_inline)) ita_wait_job() { = = : \
while (snrt_hwpe_busy() != 0); Register
} Interface

static inline void __attribute((always_inline)) ita_trigger( { I}ccele_ratpr
*(uint32_t *) (SNITCH_CLUSTER_ITA_HWPE_BASE_ADDR + 0x00) = O; Dimensioning
{ } ' AXI

hames DMA =R = GRS IS R O QR MRS I 1

SBO £1:5 sB2 Super Bank 4
Register File

BO .| B8 [ | B16 . |B24 | B31

Hardware-Software Architecture Template

¥ 1| ||
-4 BTN, SO ST I m
i 64-bit TCDM Interconnect —
o X
b :
To SoC Level bl .
Memory 2 Snitch Snitch [l vcon
m HE RV32IMAXdma RV32IMA AXT
To SoC —
Interconnect 22

. > 64-bit Narrow AXI Peripherals

-

\,

Hardware Processing Engines, https://hwpe-doc.readthedocs.io/
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Toward Attention-based TinyML

Step 4: Specify Workload

Software
Workload

Workload

Hardware-Software Architecture Template

Register
Interface

Accelerator
Dimensioning

AXI

!

Register File

1=12 ‘
“28x128 1x128x128 128x128 | 20 1x128x128

Add SRR Reshape

Reshape

. 1= 347
1x128x128 128xize (A 128 1x128x128 | 2=0 1x128x128
To SoC

| 512 l 64-bit TCDM Interconnect
I
Snitch Snitch HWPE
Hll RV32IMAXdma e ‘Subsystem
Interconnect y ¥ 3 —

To SoC Level
< 64-bit Narrow AXI Peripherals

Shared L1

Memory

ONNX, Deeploy, https://github.com/pulp-platform/Deeploy
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Toward Attention-based TinyML

Step 5: Use Deeploy to Optimize and Schedule Operators

Software
Workload
d Optimization &

Workload M| Scheduling

Hardware-Software Architecture Template Hardware
s Accelerator

Register
Interface

Accelerator
Dimensioning

AXI

!

Register File

Shared 128kB L1 TCDM

SB1  SB2  SuperBankd
| B16 .. | B24 | B31
64-bit TCDM Interconnect

4 4
To SoC Level , '
Memory Snitch Snitch Wcon
Hl RV32IMAXdma RVI2IMA AXI
To SoC
Interconnect ¥ 3

64-bit Narrow AXI Peripherals

Deeploy, https://github.com/pulp-platform/Deeploy
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https://github.com/pulp-platform/Deeploy

Toward Attention-based TinyML

Step 6: Use Deeploy to Tile & Calculate Static Memory Allocation

Workload

Workload

T

M X L

A L

Accelerator

Software Hardware-Software Architecture Template Hardware

Optimization & @ Tiling & i
Scheduling Memory Allocation Register

il Interface
 Accelerator
Dimensioning

gSequenceLengthvar = tilerModel.getTensorDimvar(tensorName = qBufferName, dimIdx = 1)

[..]

def addGeometricalConstraint(..)
tilerModel.addConstraint(gSequenceLengthvar kSequenceLengthvar)
tilerModel.addConstraint(gSequenceLengthvar outputSequenceLengthvar)
[..]

def addPolicyConstraint(..):
tilerModel.divisiblePerfHint(qEmbeddingLengthvar, 64, prio
[..]

.....................................................................

..................................................

Deeploy, https://github.com/pulp-platform/Deeploy

20 ALMA MATER STUDIORLIM
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https://github.com/pulp-platform/Deeploy

Toward Attention-based TinyML

Step 7: Use Deeploy to Generate Code

Software Hardware-Software Architecture Template Hardware
.| Accelerator

Workload
P — W H Optimization & Tiling &

Workload { Scheduling Memory Allocation Generation Register
E Acc IMemory Hierarchyl ITile Const.] [DMA .5',,;'};" :@ E% 4 Interface
: Accelerator

imensioning

class ItaMHSATemplate(NodeTemplate):

def computeTransientBufferssize(..):
bufferssize = [(self.nameMangleTransientBuffer("qp", noderRep), H * S * P), ..]

ItaMHSATemplateSstr = r
ita_soft_clear(Q);
ita_acquire_job(Q);

// Step 1
ita_write_regs(

Encoder Layer (uint32_t)${q},
: (uint32_t) ${wg_weight},

(uint32_t) ${wk_weight},

Deeploy, https://github.com/
o ' 2 A MA MATER STUDIORLIM .- y
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https://github.com/pulp-platform/Deeploy

MemPool + Integer Transformer Accelerator (ITA)

Tightly coupled Acceleration Enginee
* Matmul & Softmax

« Reduce pressure on memory and interconnect

Collaborative Execution
» Cores prepare activations for the next attention head
* Final head accumulation computed in cores

ITA DMA
 Nonlinearity in cores (PACE)

AXI Hierarchical Interconnect
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MemPool + Integer Transformer Accelerator (ITA)

Integer Attention Accelerator

» 8-bit inputs, weights & outputs

 Builtin data marshaling & pipelined operation
« Streaming partial Softmax adding no additional latency D —

« Fused Qx KT, Softmax and A x V computation ——r——

» Support for hardware-aware Softmax

approximation in QuantLib P output | | ‘ | ‘ ;
Dot Product . A
Units
Softmax
7
ediTAmaxpt1 = i~ %maxn . p%maxpT%maxpyq

; AMATER STUDIORLIM 4
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Attention on ITA

Attention Efficiency

7
; B Performance (1?3)
Pe rforma nce 6 - mmm Energy Efficiency (p2)

TOp
mm?

B Area Efficiency (

increase of 15x

Energy Efficiency
increase of 36x 3

Area Efficiency
increase of 74x

Multiple Heads 8 Heads 1024 Heads
(256 C) (16 C + 4 ITA) (16 C + 4 ITA)
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Final words

There is a lot of work to be done in efficient computer architectures

» These are exciting times, lot of new opportunities

There is plenty to do also for embedded Al
* The large datacenter chip discussions are between few big players

« But Al/ML is not only in the datacenter, there is plenty to do on edge devices

There is a 50 year history of computing architectures
* Important to understand what has already been done, and what the limits are

« Changing paradigms allow us to take a look at some older problems once again

Acceleration requires matching of compute and memory resources
« What and how much can be stored and replenished determines much of performance

« Understanding data movement in and off chip to keep compute units occupied essential

. MA MATER STUDIORUM o
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Our WWW page ‘contains a wide collection of talks/papers Q%

PULP Platform Resources * ut = Privacy Policy Cont

PULP Plaéorm

f
¥ Open hardware, the wawit should be!

N

RISCY § Zero R} Snitch NIz Arlane
CVI2E] lhex CVAR

ava2 | avaz | oava2 BRRAAERR RyviGa

VLSI-SoC 2024 In Tangier.

Accelorators snd ISA extensions
XpulpNN, Nz 28 August 2024

Luca Benini received the 2024 TCMM Open Source

Hardware Contribution Award for his work on the PULP
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