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Al, ML Disruption: Technology cannot Keep the Pace

THE DRIVE TO BIGGER Al MODELS 10x every 2 years

The scale of artificial-intelligence neural networks is growing exponentially, as measured
by the models’ parameters (roughly, the number of connections between their neurons)*.

® Language Image generation @ Vision @ Other
1 tnlhon ............................................................................................................... ‘)
100 bllhon ............................................................................................................ .gz Year of VOIL'Jme
manufacturing
@
10 b|u|on .................................................................................................. s .’:
&
% 1 bllllon .......................................................................................................... < :,;a
e ® ]
) Y
5 100 m,[hon ................................................................................. o...c......b..‘.‘:%;g-« So
g ’&? ’» ﬁgﬁ@
o © 10 mlulon ................................................................................. $ ... 3 ...... ) S FEPRRRRIeS
a 8 ® o '3 :a'
R 1 m|u|on ................................................ @ i B ersrsamrres . S . "5. ® .
» O L] L
o=
e e L ]
= 100, 000 ............................................................................ ;........5% ..........................
=
= = — @ @
1()’()0().é ................................................. P - — § 8 12 TN
= P @ ®
1,000 0 rsessasmrauspsmpanparssissspasmssqnepsonssnsssrssissapsnd 5 R AR SRR SR
= ° e °
)
[0 s s rermsmmsmmmiormen o B vecomaemnsaest) ./
‘o0
.

1950 1960 1970 1980 1990 2000 2010 2020

*'Sparse’ models, which have more than one trillion parameters
but use only a fraction of them in each computation, are not shown.
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Necessity is the Mother of Invention S
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The Renaissance of Design

Gains from Single-Chip Inference Performance - 1000X in 10 years
4500.00
» Number Representation H100
FP8 4000.00
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“ANVIDIA |

ETH:zurich

Dally HotChips 2023



Energy-Efficient Computing: Core to Platform

= Core

* |mproving core efficiency with ISA and

uAch extensions

= Cluster

m Ffficient shared-mem cluster

= From a few to thousand processing
elements

" Full platform

= Heterogeneity: host, processor,
accelerator(s)

= |Os, main memory
= Chips—2>chiplets—>stacks (2D to 3D)

ETHziirich &
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Logarithmic Interconnect
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Proving ideas on Silicon

2013 2014 2015 2016 201/ 2018 2019 2020 2021 2022
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PULPv1 Diana Fulmine VivoSoC 2.001 Mr. Wolf Poseidon Baikonur Dustin Kraken Occamy
STM 28FDSOI UMC 65 UMC 65 SMIC 130 TSMC 40 GF 22FDX GF 22FDX TSMC 65 GF 22FDX GF 12LPP
Multi-core 4-core system 4-core system Mixed signal 8+1 core loT 64bit RISC-V Dual 64bit RISC-V |oT processor loT processor ML accelerator
processor with with ML and system for processor core, 32bit core, 3x 8core with 16 cores with Spiking with 216 + 1
approximate Crypto biosignal Microcontroller shitch clusters,  and QNN Neural and cores and HBM
FPUs accelerators acquisiton system, ML Body biasing test enhancements  Ternary interface
accelerator vehicle Inference
Engines
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SIGNALS INTELLIGENCE (SIGINT)

MARKET $(Million)
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Edge ML Market 0

= Automotive and
Transportation

= Healthcare

CAGR: 16 %

= Consumer 9566.3
Electronics

= Retail and
Ecommerce

= Manufacturing

Others

2021 2022 2023 2024 2025 2026 2027 2028 2029 2030
[Researchdive22]

TinyML challenge
Al capabilities in the power envelope of an MCU: 10-mW peak (1mW avg)




The Challenge: Energy efficiency@GOPS

ARM Cortex-M MCUs: MO+, M4, M7 (40LP, typ, 1.1V)*
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High performance MCUs *data from ARM's web
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High-Performance vs. Energy-Efficient

|nStr Memory [Azizi et al. ISCA10]
Instr Data Data Memory .
Instr Address Data Address Data ——in-order. 1-lesue
200} | 7@ "in-order, 2-issue Fid
_E —‘in-order, 4-issue )
Align and W 7:‘; 950+ | T out-of-order, 1-issue d
Decompress R; E —&— Out-Of-Order, 2-issue
it et
;";_ 200} out-of-order, 4-issue
s
& 150
Jumps @ :
LE L .I ]
Branches " — ! - |
o H 77 . . 50 1 i L : !: i 1
Classical” core performance scaling trajectory 0 50 | 1000 {1500 | 2000

Performance (MIPS)i

. FaSter CLK 9 deeper plpellne 9 IPC drops 1-issue | 2-issue | 4- | 2-issue | 4-issue

= Recover IPC = superscalar = ILP bottleneck (dependencies) St i N
=  Mitigate ILP bottlenecks = OOO = huge power, area cost!
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A way Out: Processor Specialization
3-cycle ALU-OP, 4-cyle MEM-OP-> only IPC loss: LD-use, Branch

Instr Memory |
InStr Data Data Memory [GaUtSChI et al. TVLSI 2017]
Instr Address Data Address Data ‘B'gg 27 70, A
M/D
Align and ,
' RF 28.6 12.2%
70% RF+DP A
Branches 20.8 24.7% 5
Py RISC-\/° ISAis extensible by construction (great!)
V1 Baseline RV (not good for ML)
Extensions for Data Processing V2| | 108 e
V2  Data motion (e.g. auto-increment) V3
Data processing (e.g. MAC) 5.2 12.8%

Domain specific data processing
V3 Narrow bitwidth

HW support for special arithmetic ISA extension cost 25 kGE > 40 kGE (1.6x), energy efficient if 0.6Texec
ETHziirich (& sy .



Achieving 100% dotp Unit Utilization

_bi i RV32IMC RV32IMCXpulp
8-bit Convolution Yes! dotp+1d
N ddi 20.20 1 N/4 (\ Ip.setup can we remove?
addi t1t11 p.lw w1, 4(a0!) A Init NN-RF (outside of the loop)
: addi t3't3'1 p.lw w2, 4(all) Ip.setup
LD/ST with post A p.lw x1, 4(a2!) N/4 pv.nnsdotup.h s0,ax1,9
increment addi - t4,t4,1 [ 2, 4(a3!)
lbu a7,-1(a0) P.IW X2, 4as: pv.nnsdotsp.b s1,aw2,0
Ibu a61-1(t4) pv.sdotsp.b s1,wi,x1 pv.nnsdotsp.b s2, aw4, 2
] by a5’-1(t3) pv.sdotsp.b 2, wl, x2 pv.nnsdotsp.b s3, aw3, 4
8-bit SIMD sdotp ' pv.sdotsp.b s3, w2, x1 pv.nnsdotsp.b s4, ax1, 14
lbu  t5,-1(t1)
pv.sdotsp.b s4, w2, x2 end
8-bit sdotp + LD mul  s1,a7,a6 end

mul a7,a7,a5

add  s0,s0,s1 pv.nnsdot{up,usp,sp}.{h,b,n,c} rD, rsli, Imm

mul  a6,ab,t5

add t0,t0,a7 sig/unsig Immediate rsl DT rD OPCODE
mul  a5,a5,t5 31 f 24 20 f 1' (2
add  t2,t2,a6 {up,usp,sp} Addr for next {h,b,n,c} Accumulator
add t6,t6,a5 mem access (RF)

bne s5,a0,1c000bc

14.5x less instructions
at an extra 3% area cost
(~600GEs)

9x less instructions
than RV32IMC

AL

ETHziirich ©©
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Hardware for dotp+1d E3

NN RF: 6 32-bit regs (weights and input activations)

| I$ | ]
J
° > [A. Garofalo et al., TEC21]
""é Controll % t:
1 ontroller
£ ~ 2 CSR mP g g
b F‘\»l 4 = =
RF opA // = 8
APrefetch T T By ops ALU RO / =
1ns |.._
[ : wB opC V4 O
Buffer & 7 y - +
‘.GJJ " 1 c
g e ¢ -
s oy L |2
PCT HWloop | RF :)D( — = ggc mac F° y EX
Control [Z# N EF_. V4 WB \_}
e ~| WB
[T -1 I -
K
Debug
Interface
() out of Core IPs (] Extended RISCY IPs [ ] New core IPs Special-purpose registers
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Mixed Precision SIMD Processor

[Ottavi et al. ISVLSI20]

= 16x16, 16x8, 16x4, 16x2 Operand A Operand B
. 848, 8xd, 8x2 I T T 1]
= 4x4, 4x2

= 2x2 U
) 4

= Avoids Pack/unpack Overheads

= Maximized performance (SIMD)
= Maximizes RF use (Data Locality) DOT-PRODUCT MODULE

= (Can support all variants:

\ 4

Result

How to encode all these instructions?

13
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Virtual SIMD Instructions

= Encode operation as a virtual SIMD

in the ISA (e.g. sdotsp.v) pv.dotsp.v pv.sdotsp .v
pv.dotsp.sc .v pv.sdotsp.sc .v
= Format specified at runtime by a pv.dotsp.sci.v. pv.sdotsp.sci.v
] pv.dotup .v pv.sdotup .v
Control Reg|5ter (e-g- 4X4) pv.dotup.sc .v pv.sdotup.sc .v
. pv.dotup.sci .v pv.sdotup.sci .v
= 180218 Instructions needed for pv.dotusp .v pv.sdotusp .v

SIMD DOTP pv.dotusp.sc.v  pv.sdotusp.sc.v
pv.dotusp.sci.v  pv.sdotusp.sci.v

= Potential to avoid code replication
for different formats

SCALAR 1AC3
= Tiny Overhead on QNN for DECODER INSTR MULT/ALU
. . VIRTUAL SIMD INSTR
SW|tCh|ng format SIMD MULT/ALU
CSR FORMAT

= Format switch not frequent in DNN,
e.g. every layer.

ETHzirich &
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Scaling performance: Parallel, Ultra-Low Power (PULP)Q&

- N Efficiency vs VDD chipO1 [Rossi et al. IEEE Micro 2017]
Optimum 500
= AsVDD decrea‘;es' : Better to have N PEs running at
operating spee EREEEY ™ R . . 550
dp 5 5P _ optimum Energy than 1 PE running
€creases 50 D O o0 c 500
| fast at low Energy efficiency
= However efficiency z 4| o O — m— — — E— o 450
increases=> more work @ g
done per Joule % 40 - B e B A i By - 1400
. T e . ; 350 =
= Until leakage effects start 2 | | » 9
to dominate % 30 [ [ A " 300 3
= : - ;' 4 o
= Put more units in parallel § 2° [ . A e a ndy 250
- : : : d
to get performanceup 3 20 fi g e — S— & 200 =
and keep them busy with -2 s | | | e
a parallel workload T 5 |
ML is massively parallel and 10 g B L p & ol | 100
scales wgll | shoo g gl — r- 56
(P/S N with NN size) |
0 0
0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.2

VDD [V] (+50mV SoC, +100mV Mem)

ETHzirich =
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Multiple RISCY Cores (1-16)

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

CLUSTER

I S
ETHzuUrich (5 suasmession
L 16




Low-Latency Shared TCDM

= Parallel memory access
with low contention

= Multi-banked, address-
interleaved L1

= Fast interconnect with
physical design awareness

® | ogarithmic depth of
combinational switchboxes

ETHzirich

Mem4 Mem5 Mem©6 Mem7

MemO Mem/ AMam?2 Mem3

Logarfthmic Int¢gragdonnect

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

CLUSTER
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Fast synchronization, non-blocking DMA L1-L2 copies €

200 T
Il SCU barrier|

150 B s - Tightly Coupled Data Memory BF=2

[cycles]
=
=

-
ul

2 4 8
participating cores
5 g
c
c
S S
% g
2 £ Bogaritiimic Interdonnect
! R RISC-V| RISC-V| RISC-V| RISC-V
e core core core core
~15x latency and energy CLUSTER
reduction for a barrier (Glaser TPDS20]

ALMA MATER STUDIORUM
UNIVERSITA DI BOLOGNA 18
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=]

Shared instruction cache with private “loop buffer” €38

Tightly Coupled Data Memory BF=2

= Two-level IS
= Private (P) + Shared (S)

= Most IFs from IS-P

= Low IF energy

= |S-S for capacity

= Reduces miss latency

interconnect

Logarithmic Interconnect

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

1$-S I$-P = I$-P — I$-P == I$-P
CLUSTER

ETHziirich
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Tightly Coupled Data Memory BF=2

interconnect

Logarithmic Interconnect

RISC-VEERISC-VEERISC-VEERISC-V
core core core core

1$-S 1$ 1$ 1$ 15
CLUSTER

Open sourced since 2017: github.com/pulp-platform/pulp

ETHziirich
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Combining ISA extension + Efficient parallel executlonQ%

I PULP(RV32IMCXpul
8-bit convolution 20 = IdeaI(Speedup pulp)
= Open source DNN library 80 o
10x through xPULP 70 | Overall Speedup of 75x |
= Extensions bring real speedup 60
Near-linear speedup 50 Nsar L(Ijnear

pee up

= Scales well for regular 40

workloads 10x Speedup w.r.t.

RV32IMC
(ISA does matter@)

/-8 GMACs B

10 :
= 250MHz .
0 —

" 4 MAC/Cycle (8bit) 1CORE  1CORE  2CORES 4CORES 8 CORES
= 8 Cores [Garofalo et al. Philos. Trans. R. Soc 20]

75x overall gain

21
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7.4x

356x

b6Xx

294x

1.6x

146x

9|eas 807
[M/SdOL] ADN3IDI443 AD¥3INI
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2-bit convolution

4-bit convolution
More GOPS, Less Power?

8-bit convolution

AT
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What's next? Tightly-coupled HW Compute Engine 0@

Tightly Coupled Data Memory BF=2
p | 4 y ) §

..’ 4 4 VIS VIS
$t1118 % . ¥ %

interconnect




Hardware Processing Engines (HWPEs)

Data plane

Shared
Memory

Cores

HWPE wrapper

MAC
A(mm?2),E(J),W (bps)

HWPE efficiency ( ) vs. optimized RISC-V core

1. Dedicated control (no I-fetch) with shadow registers (overlapped config-exec)
2. Specialized high-BW interco into L1 (on data-plane)
3. Specialized datapath: supporting configurable & aggressive quantization «

AT

ETH:-urich &JQ AL MATER STURIORUM
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Reconfigurable Binary Engine
Y(kout) = quant( y y ;: Zizj(wbin(kout»kin) ® Xbin(kin))>

i=0..M j=0..N kin

reduction reduction
Fmap Buffer ; fiee : oS Peak throughput

BinConv & BinConv 10368=9x9x4x32

S/

Block Block Block

reduction reduction
tree tree
X X

8 Block Block Block

% & BinConv §  BinConv
:» i M — ~ Scale&Add
'\

~ inputs

P~ « } 9x9 array ~ stationary (32b)

S

(319 zEX6) HUN 1S/ 10399/

i #® .. 65 4 3 210
Block Block Block 5 | _ M
31— a1 |y ;
ke 6 S {6
Q‘ 5 » : —|5
S O — »
Ctrl & ‘ g. gﬁ weights 4 - . — 4 oum 3
. N = streamed {3 ! S B | streamed |
Quant Quant Quant Regfile - = 3 (320) |, B N S " |
: 0 e IO

S
Energy efficiency 10-20x (0.1pJ/OP) wrt to SW on cluster sameaccuray

L] ] ﬁ;?\
ETHzlUrich (0 susessnaie:

Oba
>§6
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All together in VEGA: Extreme Edge loT Processor

[Rossi et al. 1SSCC21]

= RISC-V cluster (8cores +1)
614GOPS/W @ 7.6GOPS (8bit DNNs),
79GFLOPS/W @ 1GFLOP (32bit FP
appl)

= Multi-precision HWCE(4b/8b/16b)
3%3%x3 MACs with normalization /
activation: 32.2GOPS and 1.3TOPS/W
(8bit)

= 1.7 uW cognitive unit for autonomous

interconnect

wake-up from retentive sleep mode

SoC: SoA MCU Parallel SW prog. accelerator

In cooperationwith GREENW AVES

TH ziirich




All together in VEGA: Extreme Edge loT Processor

B
In cooperation with GREEM WAVES § }-}

= RISC-V cluster (8cores +1)
614GOPS/W @ 7.6GOPS (8bit DNNs),
79GFLOPS/W @ 1GFLOP (32bit FP
appl)

= Multi-precision HWCE(4b/8b/16b)
3%x3x3 MACs with normalization /
activation: 32.2GOPS and 1.3TOPS/W
(8bit)

3000 ym

e .

Technology | 22nm FDSOI
Chip Area | 12mm?

SRAM 1.7 MB

MRAM 4 MB

VDD range | 0.5V-0.8V

VBB range |0V-1.1V
Fr.Range |32 kHz-450 MHz
Pow. Range | 1.7 uyW -49.4 mW

wrl oot

= 1.7 W cognitive unit for autonomous

wake-up from retentive sleep mode

= Fully-on chip DNN inference with 4MB
MRAM (high-density NVM with good
scaling)

ETHzurich
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Full DNN Energy (MobileNetV2) on Vega

Bandwidth [MB/s] Energy per byte [pJ/B]

10000 8000 1000 880

¥, HyperRAM (ext)—L2 w/ 1/0 DMA
B MRAM—L2w/ 1/0 DMA

B 201w Cluster DMA
M L1access

1900

1000
300
200
100

100

10

1.4 <1
-

end-to-end on-chip computation 3.5x less energy

1

1.19m) &
weights on MRAM Emm—m 4.16 mJ

weights on HyperRAIN ZAA777L7LLLLLLSLLLISSSSILLSSLLLSISSISSSSSLS LSS

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5
Energy per Inference [mJ]
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PULP->GAPS, VEGA=> GAP9 creenyavesf)) R

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

Sophisticated audio and camera

interfaces
— FCclock & voltagg domain  — Cluster clock & voltage domain _
Multiple DVFS
domains with
Low Shared L1 Memory ultra fast state
Latency 128K8 transitions
interconnect I
RAM
64KB
Private
1.5MB
Intericaved
Flash Cooperative Al
2MB accelerator
Ultra low latency audio stream processing L Single, homogeneous extended J L Parallel architecture
RISC-V core ISA with uniform memory map for DSP and software Al

for ANC and ultra low power filtering

Respectively 85% and 65% of GAP8 and GAP9 are based on open-source IPs
ETH:zurich




PULP->GAPS8, VEGA—>GAP9

November 09, 2022 — Inference: Tiny v1.0 mlcommons.org

Benchmark Results
Task Visual Wake Words | Image Classification Keyword Spotting Anomaly Deteciton
Visual Wake Words Google Speech
Data Dataset CIFAR-10 Commands ToyADMOS (ToyCar)
Model MobileNetV1 (0.25x) ResNet-V1 DSCNN FC AutoEncoder
Accuracy 80% (top 1) 85% (top 1) 90% (top 1) 0.85 (AUC) |
Pr (s) & |Accelerator(s) & Latency in |Energy in |Latency in |Energy in |Latency in |Energy in |Latency in |[Energy in ||
[Subimittar [Board Name JBoC Nama' _|Numbar Numbrar | Software Notes snits jms | L jud LU fuJ UL jud !
Greenwaves RISC-V Core GAP9 (370MHZ,
Technologies GAPI EVK GAPS (1+9) NE16 (1) GreenWaves GAPFlow 0.8Vcore) 1:13 584 0.62 404 0.48 287 0.18 7.29
Greenwaves RISC-V Core GAP9 (240MHZ,
Technologies GAPY EVK GAPS (1+9) NE16 (1) GreenWaves GAPFlow 0.85Veore) 1.73 40.8| 0.95 27T 0.73 188 0.27 5.25
Arl )
OctoML NRF5340DK nRF5340 M33 micreTVM using CMSIS-NN backend 128MHz 232.0 316.1 76.1 6.27 |
STM32L4R5Z |Arm® Cortex®-
OctoML NUCLEO-L4R5Z| |ITEU M4 microTVM using CMSIS-NN backend 120MHz, 1.8Vbat 301.2 15531.4 389.5 20236.3 99.8 5230.3 8.60 443.2||
STM32L4R5Z |Arm® Cortex®-
OctoML NUCLEO-L4R5Z| |[ITBU M4 microTVM using nalive codeg 120MHz, 1.8Vhat 338.5 17131.8 389.2 213423 144.0 7850.5 "7 633.7]|
Arm® Cortex®-
Plumerai B_US5851_IOT02A [STM32U585 |M33 Plumerai Inference Engine 2022.09 160MHz 107.0 107.1 354 4.80 |
CY8CPROTO-062-|PSoC 62 Arm@& Cortex®-
Plumerai 4343w MCU M4 Plumerai Inference Engine 2022.09 150MHz 192.5 193.1 614 6.70 |
Arm® Corlex®-
Plumerai DISCO-F746NG  [STM32F748 |M7 Plumerai Inference Engine 2022.09 216MHz 57.0 64.8 191 2.30 |
STM32L4R5Z |Arm® Cortex®-
Plumerai NUCLEO-L4R52Z| |[ITEU M4 Plumerai Inference Engine 2022.09 120MHz 208.6 173.2 7.7 5.80 |
Arm® Cortex®- TensorFlowLite for Microcontrollers, CMSIS-NN,
Silicon Labs xG24-DK2601B EFR32MG24 |M33 Silicon Labs MVP(1) | Silicon Labs Gecko SDK 111.6 1139.2 120.9 1234.7 36.3 401.9 543 47.3||
NUCLEOQ-HTA3ZI- |STM32HTA3Z |Arm® CortexB-
STMicroelectronics  |Q IT6Q M7 X-CUBE-AI v7.3.0 280MHz, 3.3Vbat 50.7 7978.5 54.3 8707.3 16.8 2721.8 1.82 266.5]|
STM32L4R5Z |Arm® Cortex®-
STMicroelectronics  |NUCLEO-L4R52Z1 |[ITEU M4 X-CUBE-Al v7.3.0 120MHz, 1.8Vbat 230.5 10086.6| 226.9 10881.6 751 3371.7 7.57 323.0)l
NUCLEOQ-US75Z1- |STM32U575Z |Arm® Cortex®-
STMicroelectronics  |Q IT6Q M33 X-CUBE-AI v7.3.0 160MHz, 1.8Vbat 1334 3364.5 139.7 3642.0 44.2 1138.5 4.84 119.1}
Syntiant NDP9120-EVL NDP120 |MCI + HiFi Syntiant Core 2 (98MH] Syntiant TDK Syntiant Core 2 (98MHz, 1 4.10 97.2 5.12 138.4 1.48 432.8 |
Syntiant NDP9120-EVL NDP120 MO + HiFi Syntiant Core 2 (30MH{] Syntiant TDK Syntiant Core 2 (30MHz, O 12.7 7.7 16.0 101.8 4.37 315 |
MNext
Next Generation | Generation
Snapdragon Snapdragon
Qualcomm Mobile Platform Mobile Qualcomm Kryo |Qualcomm Sensing
Innovation Center HDK Platform CPU(1) Hub({1) Qualcomm Al Stack 0.098
RISC-V (PULP) Currently dominates the TinyML benchmarks
. TUDIORUM
ETH:zurich
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Extreme Edge Use Case: Nano-Drones

Advanced autonomous drone

[1] A. Bachrach, “Skydio autonomy engine: Enabling the next
generation of autonomous flight,” IEEE Hot Chips 33 Symposium
(HCS), 2021 >

A’]

https://www.skydio.com/skydio-2-plus

= 3D Mapping & Motion Planning
= Object recognition & Avoidance
= (0.06m2 & 800g of weight

= Battery Capacity 5410mAh

@ s

Nano-drone

https://www.bitcraze.io/products/crazyflie-2-1

= Smaller form factor of 0.008m?2
= \Weight 27g (30X lighter) 4
Battery capacity 250mAh (20X smaller) (mm)

Can we fit sufficient intelligence in a 30X smaller payload, 20X lower energy budget?

L

ETHziirich

N\

) ALMA MATER STUDIORUM
,

-
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Achieving True Autonomy on Nano-UAVs

Object detectlon

(i’,

:‘ w

Multiple, complex, heterogeneous
tasks at high speed and robustness
fully on board

Obstacle avoidance & Navigation |

Environment exploration
TS -ﬂ' I
_ " :

ARSI E A X

. Mu Itl GOPS workload at extreme efficiency = P__, 100mW
ETHzirich =
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[ Resampling }
i

Convergence + Low ATE for Npart > 1024, 2ToF, FP16 acceptable

Speedup

10

8_

6_.

Il observation
s motion

resampling
pose comp.

64 256

1024 4096

Particle Number

m= toral | 1 12MHz, 1Kpart. 13mW, 60msec
400MHz, 1Kpart 61mW, Imsec
400MHz 16Kpart 61mW, 30msec

{

%

GREENWAVES

R

16384
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What's next? Multiple Heterogeneous Accelerators

Brain-inspired: Multiple areas, different structure different function!

Somatosensory
Higher Mental Functions g Association Area
Concentration Understanding of weight,
0 Planning texture, temperature, etc.
Judgment for recognizing and
Emotional expression comprehending an object
Creativity
Inhibition - Ability to Visual Areas
control self Sight
Ability to recognize
@ Motor Function Area / pictures
Eye movement and £ S Awareness of size and
placement of eyes (/" shape
Broca’s Area
Ability to talk
Ability to write

Motor Function Area
Ability to move
muscles

Association Area
Short-term memory
Emotion

Sensory Area
Touching and feeling

i FUNCTIONAL AREAS OF THE CEREBELLUM
Wernicke’s Area Motor Functions
Written and spoken Coordination of movement

language understanding Balance
Posture

5

O-

6 Auditory Area
8

ETHzurich

¢
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What’s next? Multiple Heterogeneous Accelerators 0%

The Kraken: an “Extreme Edge” Brain

3000 pm

< »
<« Ll

™ R|SC_V ClUSter (8 CoreS + 1) A mnans s AR AR EE R AR MG

Technology 22 nm FDSOI

* CUTIE —dense ternary neural :
Chip Area 9 mm?

= SNE — energy-proportional spiking SRAM SoC 1MB
neural network accelerator SRAM Cluster | 128 KB

network accelerator

£
. . . 1
= PULPO - Floating point online § VDD range 055V -08V
optimizer (advanced control, «
L Cluster Freq ~370MHz
state estimation...)
SNE Fre ~250MHz
Zz=Ax+y (M) q
z =y —1Afx (H) CUTIE Freq ~140MHz
Z=pI‘OX(pX) (:})) Vv"erL'?ICGL‘lfi:ITGEJlﬁﬂl‘.ﬂl."v“-wl."M&a&hihlé‘-ﬁlé“h“ﬂl‘a:%&]
[Di Mauro HotChips22] MMN’
T(:ITI'IlIIIY IPTITéT

Iy . GRS
e ALMA MATER STUDIORUM
Zurlc 2 4 VERSITA DI BOLOGNA




CUTIE: Minimize Switching Activity & Data Movement .%

[Scherer et al. TCAD22]

2 Popcownt units \

S

.. o)

Ternary Activations =

(2bits) v

=

/I N N §Im |—

Ternary Weights _1| L.

(2bits) =l 864 Ternary Mult. Y

Output channel compute unit (OCU)
KxK window on all input channels unrolled, cycle-by-cycle sliding

Completely unrolled inner products one output activation per cycle!

Zeros in weights and activations, spatial smoothness of activations reduce switching activity
96 OCUs, 96 Input channels, 3x3 kernels: 96 * 96 * 3 * 3 =82'944 TMAC/cycle
Aggressive quantization and full specialization

/ \ \ ALMA MATER STUDIORUM
Zurlc ‘T' /g' UNIVERSITA DI BOLOGNA
%_a
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Different Sensor Type, different Acceleration Engine Q%

P

Event Sensors:
DVS

Ultra-low latency
Energy- proportional «

20

40

= SNE Engine: 16 Adaptive-LIF neuron data paths (NG). A NG

. executes one Synaptic Operation (SOP) per cycle
interface . ynap P ( ) per cy
= 1SOP = + 2 8b-MUL + 1 8b-ADD + 1 8b-CMP
(Di Mauro et al. DATE22] = For fully connected layers one NG is time-shared for 64
Weight memory (~1.1kB) Virtual neurons

Neuron 256 slots of 9 4bits weights Sp/ke eventin

Sequencer

= Optimized buffering and neuron state update for 64x16
neurons in just 12 cycles for a 3x3 event receptive field

= Equivalent number of 85 SOP/cycle per engine (682 SOP/cycle
on 8 engines)

State memory (4kB)
64x16 32bits states

(85 SOP/cycle) T Spike event out

~ SNE works seamlessly with DVS (event-based) sensors

TH - iirich R
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Specialization in perspective

Using 22FDX tech, NT@0.6V, High utilization, minimal 10 & overhead

Energy-Efficient RV Core = 20pJ (8bit)

$
ISA-based 10-20x ->1-5pJ (8bit) » XPULPV2 &V3
$
Configurable DP 10-20x - 20-100f) (4bit) B) HWCE, RBE
$

Highly specialized DP 10-20x - 1-5f) (ternary) » XNE, CUTIE*

STy E 3 .
ETHziirich (& s sub 1f) in 7nm




Advancing the SOA on all tasks

10000 10000 10000
W float32b ®mint32
W int 8b ®int 4b
RISC-V Cluster mint 2b

= Comparable 32bits-8bits SOA Energy

1000 1000
efficiency to other PULPs [7]
= The highest energy efficiency on sub- . >
byte SIMD operations (4b-2b) > [ &
S 100 ! &100 = 100
SNE < & S
= 1.7X higher than SOA [5]
energy/efficiency 10 10
CUTIE
= 2X higher energy efficiency improvement : 11
over SOA [6] 1 -- . 1 1
Vega [7] (RISCV Cluster) Tianjic (5] (SN Binareye (6] (F17E)

CUTIE, SNE can work concurrently for SNN + TNN “fused” inference (never done so far)

[5] L. Deng et al., “Tianjic,” JSSC 2020
[6] B. Moons et al., “Binareye,” CICC, 2018
[7] D. Rossi et al., “Vega,” JSSC 2022. 39
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Not only Efficiency: Achieving sub-mW Average Power? 4%

1mW average power with 10mW active power (10GOPS @ 1pJ/OP) = sub mW sleep

—_—— e == = = = = = I
Digital Processor | [
Cluster I I
Cagio0 I -
w = v
L2 Memory Core 1] 2 I : o
Core 2 8 I CYW4343W
Core 3 - | I
; Core 4 | l - UART $DIO
Fabric = | imbps |7 ] |200 mbps [Her
Controller Core 5 ‘BD I s‘rg:iﬂm ‘ I
Core Core 6| S [ N I
Core 7|| ~ | | = = === ===
———————————— d

Duty cycling not acceptable when input events are asynchronous - watchful Sleep

Log(P) 4

Stream—> 100mW
Detect& Compress—>1-10mW

Watchful sleep 2 <1mW

ey

ETHzirich &

% ALMA MATER STUDIORUM 40
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Need puW-range always-on Intelligence

I Ext. ‘

:Mem'

L----

Mem

interconnect

1$

CLUSTER
Smart Wakeup Module

ETHziirich &

Tightly Coupled Data Memory BF=2

Logarithmic Interconnect

RISC-VEERISC-VE RISC-VERRISC-V
core

core core core

1$ 1$ 1$

41



HD-Based smart Wake-Up Module

PULPissimo

Preprocessor

Iy
EIRIED ALMA MATER STUDIORUM
\flii ] ONTVERSITA DI BOLOGNA

i 42
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HD-Based smart Wake-Up Module

Tightly Coupled Data Memory BF=2

= L 4 g DMA - Mem Mem Mem Mem
Mem = SYN
o
: ¢ ¢
- s Logarithmic Interconnect
R $ $ $ $
RISC-V RISC-V RISC-V RISC-V
core core core core
R t ottt
1§ wm S == S P S
PULPissimo

Ext Autonomous

XT. .

ADC Preprocessor HD-Computing
Unit

Always-on Domain

43



HD-Based smart Wake-Up Module

Tightly Coupled Data Memory BF=2

= -y
I Ext

|Mem
L--I

Logarithmic Interconnect

RISC-VEERISC-VEE RISC-VER RISC-V
core core core core

PULPissimo CLUSTER

Autonomous

Preprocessor HD-Computing
Unit

Always-on Domain

44



Not Only CNNs: Hyper-Dimensional Computing

250

LBP = ‘000010’

1st 2nd 3rd 4th

Mapping

50 100 150 200

Low Dimensional
Input Data
(e.g. 7-bit LBP)

0

-50

— [0 1 O 1 e 1]

Associative Memory

0 0.1 0.2 !lmoe'[zs] 04 05
0101 Search Vector
[L110 f 1 \
[L100 —> (1101 ......000u.... 1]

0111 Encoding

s « Component-

wise Majority
» 90% « XOR

* Permutation

I Qurs
Data et. al

Accuracy
1 1

Highly parallel, fault-tolerant binary
operators, assoc-min-distance search

L - o . — .
2048 4096 8192
Dimensionality

ETH:zurich

Similarity Search
(e.g. Hamming Distance)

=

PrototyE)e Vectors

[o
[1
[1
[o
[1
[o
[o

Merge storage & computation
i.e. In-memory computing

45



In-memory Hyperdimensional Computing

Write l

Associative Memory

Associative Memory

D Q
[0100010 =
[1000101

[0100107..veeeeeeeeeeeeeeeseesseseeeeeees

[0100101

ETHzurich
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#®

[Eggiman et al. TCAS22] F

HD-Based smart Wake-Up Module - Hypnos

github.com/pulp-platform/hypnos l

Design (post P&R)

Technology GF22 UHT Implemented with

lowest leakage cell
Area 670kGE library (UHVT)
Max. Frequency 3 MHz

clk 32kHz 200kHz

max. sampling rate 150 SPS/Channel 1kSPS/Channel
SWU, dynamic 0.99uW 6.21uW

Pswu, leakage 0.7uW 0.7uW

Psp, dynamic 1.28uW 8.00uW

Pswu, tota) Measured 2.97uW 14.9uW

PP Py
(ZRUE S ALMA MATER STUDIORUM
Zurlc GlEi ) UNTVERSITA DI BOLOGNA




Many Accelerators = Dataflow Orchestration Challenge e

Processors with their narrow memory ports and LIC are arbitrated
vs. HWPEs at the memory interface via a shallow interconnect

HWPE

1111"11"111"11"111"1'1’1'1’11111
EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

AT
' ’ 7*‘. ALMA MATER STUDIORUM
Zurlc ‘E‘j UNIVERSITA DI BOLOGNA
N




HWPEs expose a unified high-bandwidth port (e.g., 256-bit or
512-bit) towards a simple Port Reordering block ("wide” access
without self-contention)

ogarlthmlc Interconnect

A4da

ETH:-urich w AL MATER STURIORUM
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High-Bandwidth access: Heterogeneous Cluster Interconnecf’w

A Shallow Interconnect dispatches accesses to single 32-bit
memory banks and manages by means of rotating
configurable priority (e.g., max 3 cycles of stall)

RV] RV] RV RV RV RV RV RV]JRV]RVJ RV RV RV RV RV RV

Logarithmic Interconnect rt Reordering
v REQ v REQ v

Shallow Interconnect

'REQ ff

N
AAAAAAAAAAAAAAAAAAAAAAAA

| conFLicT

How much can we scale it? ... a lot with a bit of latency!

TER STUDIORUM
ITA DI BOLOGNA

ETHzirich &
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Scaling up: The MemPool Family

Hierarchical low-latency interconnect + Latency-Tolerant Core (snitch)

Z}ME éii 5&5&&.’ -

zaki m,; ’3
deel Rxeﬂel

MinPool: first tape-out MemPool: main driver TeraPool: going even bigger
= 16 cores, 64 KiB, 3cycles = 256 cores, 1 MiB, 5cycles = 1024 cores, 4 MiB, 7cycles
= TSMC 65 = GF 22FDX = GF 12 (500MHz+)
= 500 MHz (wc) = Break the TOPS barrier
= MemPool-3D » TeraPool-3D?

ETHzirich &
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Why Scaleup? The Era of Foundation Models

Versatility

= Natural language processing, computer
vision, robotics, biology, ...

Homogenization of models

= Transformers as foundation models!

Transfer learning

= Train on a large-scale dataset and fine-
tune on specific tasks with smaller
datasets.

ETHzirich &

b

Data

Téxt Llu
M

4 J/Images
e "0

speech’\/\f\]\/} *Training

~ Structured
®  Data

3D Signals 6

L

Foundation
Model

Tasks
Question 7 |
g, Answering  * '

Sentiment
% Analysis
‘ <

i Information
Extraction v\
Adaptation '

e, Image
Captioning ‘A. 3
& =

~—

N Object
v ‘ Recognition

Instruction
Following ..

VA,
VAV
2
-

EN

v

&

T
R

Bommasani, Rishi, et al. "On the Opportunities and Risks of Foundation Models." Center for Research on
Foundation Models (CRFM), Stanford Institute for Human-Centered Artificial Intelligence (HAI).
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Attention is all you need!

Add & Norm

Feed
Forward

Add & Norm

Multi-Head
Attention

53



Attention but how?

Linear

Add & Norm

Attention

Feed

MatMul
Forward
?
Query Key Value
MatMul
Multi-Head t 1

Attention

|
love

e ) ALMA MATER STUDIORUM ISLPED
E'HZUI'ICh Q UNIVERSITA DI BOLOGNA ! c4

-
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Challenges in Attention

= Attention matrix is a square matrix of

: Linear

order input length.

= Computational complexity Attention

= Memory requirements E MatMul
Query

Key Value

MatMul

1 {

AT

ETH:-urich &JQ AL MATER STURIORUM
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Challenges in Attention

= Attention matrix is a square matrix of
order input length.

= Computational complexity

= Memory requirements

= Every attention layer applies Softmax
to attention matrix!

Attention

Linear

MatMul

56



Challenges in Attention

= Attention matrix is a square matrix of
order input length.

= Computational complexity
= Memory requirements

= Every attention layer applies Softmax
to attention matrix!

= 3 passes over a row.

= Quantization is problematic.

LER] (G
CZRUESS) ALMA MATER STUDIORUM
zZuric &t UNTVERSITA DI BOLOGNA
g

Attention

g

Softmax(x); =

eXi —max(X)

Z]n eXj —max(Xx)

57



ITA: Integer Transformer Accelerator

[Islamoglu et al. ISLPED23]

Attention accelerator for transformers!

INT8 quantized networks

= Qutput stationary - Local weight stationary
= Spatial input reuse
= Spatial output partial sum reuse

Fused Q.K" and AV computation

Special Softmax unit!

AL
m el h RED ALMA MATE R STUDIORUM
Zurlc & it/ UNIVERSITA DI BOLOGNA 58
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ITA — Architecture

N = 16 dot product
units that compute the
dot product between
two vectors of
M = 64 elements

k .....................

59



Hardware-friendly Softmax

eXi —max(Xx)

Softmax(x); =

Z]n eXj —max(Xx)

Softmax

o gEERses
ETHzUrich (& swenasmais 60



Hardware-friendly Softmax

exi—max(x)

Softmax(X)i = oy —maxeo Softmax(x); = TPIREITEmE: 2 (Xgi—max(xq))>
2 € |

Softmax

Directly operates on No exponentiation Computes softmax on
guantized values. modules and multipliers. streaming data.

P Gy
[FRUIETD ALMA MATER STUDIORUM
ZUrich @88 s aamsesTpioms 61
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Hardware-friendly Softmax

1
e (Xqi—max(xq))>5
Softmax(x); = Zln T 7 (Xqi—max(Xq

Element Denominator Denominator
Normalization Inversion Accumulation

Softmax(I) g
Accumulate

ETHziirich &
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Hardware-friendly Softmax

\
=0
V.

1
Softmax(x); = 2 (Xqi—max(xq))>5

Zjn z(xqj—max(xq))>>5

Element Denominator Denominator
Normalization Inversion Accumulation

Softmax(I) g

ETHziirich

Accumulate
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Hardware-friendly Softmax

\
[ >0

Softmax(x); = ! 2 (Xqi—max(xq))>5

Element Denominator Denominator
Normalization Inversion Accumulation

Softmax(I) g

Accumulate

ETHziirich &
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Hardware-friendly Softmax

\
Softmax(x); = 2 (Xqi—max(xq))>5
| >0

. Denominator Denominator
Inversion Accumulation

Softmax(I) g
Accumulate

ETHziirich &
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Hardware-friendly Softmax MAE = 0.46% & ¥

\
1
— i— >5
Softmax(x); = > A CHETFRERIEY 7 (Xgi—max(Xq))
j
[ >0

Element Denominator Denominator
Normalization Inversion Accumulation

Softmax(I) g
Accumulate

ETHziirich
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Output stationary - Local weight stationary

Input Weight Output

ETHzZirich (i swexamesmses
- 67



Output stationary - Local weight stationary

] -

Input Weight Output




Output stationary - Local weight stationary

Input Weight Output

T /@% AAAAAAAAAAAAAAAAAAA 69
mzur[Ch 5‘\@1 UNIVERSITA DI BOLOGNA



Output stationary - Local weight stationary

Input Weight Output

ETHzirich & s .




Output stationary - Local weight stationary

7
x = Z

Input Weight Output

I (T
ARG ALMA MATER STUDIORUM
mzur[Ch 1\@": UNTVERSITA DI BOLOGNA
) o 71



Output stationary - Local weight stationary

Input Weight Output

. B ALma MATER sTUDIORUM
zZuric @t UNTVERSITA DI BOLOGNA 72



Output stationary - Local weight stationary

Input Weight Output

. /ﬁ; ALMA MATER STUDIORUM
mzurICh 1\_%33; ONTVERSITA DI BOLOGNA 73



Output stationary - Local weight stationary

Input Weight Output

Dot Product
Units

T Il {,aé\
ETH zUrich (& sesmsraion 74



Fused Q.K" and A.V computation

Input 1 Input 2 Output

Dot Product
Units

Softmax

75




Physical Implementation

* Implemented in GF22FDX
 Target frequency of 500 MHz (SS/0.72V/125°C)

e Area 0.17 mm?

« Softmax module has only 3.3% area contribution,
corresponding to 28.7 KGE.

e Power 60 mW (TT/0.80V/25°C)

« Softmax module consumes 1.4% of the power.

Weight buffer miel

Clock & 19.6% 1/O regs. - 8.5%
I/O regs. 12.5% -0
g /o7 ; Dot product units
58.1% ' 59.5% . Weight memory
PEs PEs
. Softmax

Area Power

ETHziirich @@ wwssmanss .
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Comparison to a software baseline on MemPool

* Many-core system with low-latency
L1 memory

» Designed for highly parallel
workloads

e 256 32-bit RISC-V cores

« 1 MiB L1 scratchpad memory

m et h :"; ALMA MATER STUDIORUM
zZuric ‘it UNIVERSITA DI BOLOGNA 77




Comparison to a software baseline on MemPool

B Performance [TOPS] B Energy efficiency [TOPS/W] B Area efficiency [TOPS/mm 5

; Performance

) increase of 6x

. Energy Efficiency
\ increase of 45x
2 Area Efficiency
1 increase of 220x

MemPool ITA System
with 64 KiB SRAM

e . /'”\
ETH:-urich @};} AL MATER STURIORUM N



Integrating ITA into MemPool

* Not very straightforward!

« Hierarchical architecture
* Cluster
« Group
« Tile

Group

Tile

Cluster
E"" ZU I’iCh KUMA MATER STUDIONIM 79
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Integrating ITA into MemPool

 Where to put ITA?

 How to connect ITAto L1 memory?

* How to refill L1 from L2 memory for
ITA?

ETHziirich (0 seaaesso 16.06.2023

P
by
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One ITA core per Group

* |TA fits four tiles of MemPool

P SR
S A ALMA MATER STUDIORUM
ZurIC Glait] UNTVERSITA DI BOLOGNA
ATE

"pEEE N

16.06.2023 31



One ITA core per Group

* |TA fits four tiles of MemPool
« Bottom right
« Remove the cores

« Rearrange the banks

T
D ALMA MATER STUDIOROM 16.06.2023 82
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One ITA core per Group - B B -

* |TA fits four tiles of MemPool
« Bottom right

« Remove the cores

« Rearrange the banks

e Each ITA core works on one head of
attention

T . (}“n,‘yf"?
ETHzirich ‘@ wasmarsissy 16.06.2023 83



Integrating ITA into MemPool

v Where to put ITA?

« How to connect ITA to L1 memory? ITA ITA

* How to refill L1 from L2 memory for
ITA?

ITA ITA

ETHZ(rich @38 suosamraraiss 16.06.2023 34
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Modified Interconnect of Four Tiles

* 4 tiles = 64 banks
* |TA needs to access 28 banks per cycle

« 3types of requests/responses

 Core

o ITA

- DMA

ITA > DMA > Core

85

16.06.2023
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Integrating ITA into MemPool

v Where to put ITA? . . . .
v’ How to connect ITA to L1 memory? . . . .
« How to refill L1 from L2 memory for . . . . . . . .

ITA?
HEEEE EREEBR

anlll lan

ETHzUrich 5‘@'_59 AKMOMATER STUBIRUN 16.06.2023 86




Adding a special DMA for ITA

« Moves transformer data from L2 to
L1 memory

* |Inputs are broadcasted to all groups

« Two 16 bytes/cycle ports per group

ITA DMA

ETHzurich & ww

ERSITA DI BOLOGNA 16.06.2023 87



Integrating ITA into MemPool

v Where to put ITA?
v How to connect ITAto L1 memory?

v How to refill L1 from L2 memory for
ITA?

ITA DMA

End-to-end heterogeneous
collaborative Transformer
deployment

J

. FRER) ALMA MATER STUDIORUM
mzurICh “ J UNTVERSITA DI BOLOGNA 16.06.2023 88



Comparison to MemPool and ITA System

ITA DMA

ITA

Throughput [TOPS]

Energy efficiency
[TOPS/W]

Area efficiency
[TOPS/mm?]

ETHzirich = RSTY 16.06.2023 39
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Comparison to MemPool and ITA System

<
=
[a)
=

ITA
MemPool ITA & ITA ITA System
Banks only

Throughput [TOPS] 0.135 25x . 3.43 3.43 1.02
Energy efficiency
[TOPS/W] 0.159 45x , 7:09 12.3 8.46
Area efficiency
[TOPS/mm2] 0.0114 2.10 5.02 ) 2X 2.52

ETHziirich (@ wwasmesmsiey 16.06.2023 90



Future of ITA: Scaling up further

« Target workloads like GPT
» Floating-point capability

Accelerate LLMs and
reach 100 TFLOPS or

higher!
N .

16.06.2023 91



Off-chip (Memory & Sensors): Feel the (10) Pain! Q%

No good solutions to curtail IO power for extreme edge ML

m SP'S —e— Quad SPI SDR —@— Quad SPI DDR —e— Octal SPI SDR
Octal SPI DDR —@— Taped-out link —@=—Single SPI

= |/OVDD=1.8V

‘o _ 140

u fS p -Ma X—SO M H VA ) Back-illuminated Pixel section
. . CMOS image senso

= Assuming duty-cycled operation @ 120 (concepwa.gdiagfamr

viewed from above)

various bandwidths DRAM

Layer structure Circuit section

= ULP serial link (duty-cycled)
= 10.2x less energy and 15.7x higher

Back-illuminated |

[Okuhara et al. ISCAS20]

maximum BW compared to single SPI

CMOS image sensor

Energyper bit[pJ/bit]

(Conceptual diagram Circuit section
viewed from side)

= 2.56x higher efficiency than the DDR

Octal SPI @787Mbps v
= 5> 3pl/bit 20
= However it’s still 2mW@ 500Mbps ;
= 3D integration: 0.15pJ/bit and below . 1 o b v w

2.5D and 3D coming fast even for extreme edge!
ETHziirich ©©
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Closing thoughts 0‘%

P

= Edge Computing requires flexibility, efficiency and energy proportionality
= Multiple efficiency boosters (accelerators): ISA extensions, HWCEs: 1-4 OoM !

= On-chip non-volatile memory, event-based processing for proportionality

= Moving forward — proliferation of acceleration engines
= For tuning accelerator to sensor (like the brain)

= For high-level sensor fusion, control, planning

= Managing inter-accelerator dataflows —low latency & high-bandwidth

= | ow-latency interconnects are key
= Processors, Memory and interconnect fabrics need to be co-designed

= Scaling to full-die and (heterogeneous) chiplets — next generation NoCs

= Scale-up for foundation models

¥ [ )yé;:j(,\ ALMA MATER STUDIORUM
ZUrIC ZinP=ls VERSITA DI BOLOG NA 93




ACCuracy

Perceptive = Generative 2 Embodied Al

S 3 a & o a o a2 &2 = a2 =
Image Classification on ImageNet RealL G G VR T e e el o e THes. D B
90+ an - ~ ~ -~
s O @ «« 00 NN G &GS
80 A R Jul ' Dec N A Jul L Dec iebé I
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for Ultra-Efficient Visual Processing in Nano-UAVs



https://github.com/pulp-platform/CUTIE
https://github.com/pulp-platform/CUTIE
https://github.com/pulp-platform/CUTIE
https://www.research-collection.ethz.ch/handle/20.500.11850/565105
https://github.com/pulp-platform/sne
https://github.com/pulp-platform/sne
https://github.com/pulp-platform/sne
https://github.com/pulp-platform/sne
https://github.com/pulp-platform/sne
https://github.com/pulp-platform/sne
https://www.research-collection.ethz.ch/handle/20.500.11850/565105
https://www.research-collection.ethz.ch/handle/20.500.11850/565105
https://www.research-collection.ethz.ch/handle/20.500.11850/565105
https://www.research-collection.ethz.ch/handle/20.500.11850/565105
https://www.research-collection.ethz.ch/handle/20.500.11850/565105
https://www.research-collection.ethz.ch/handle/20.500.11850/565105
https://www.research-collection.ethz.ch/handle/20.500.11850/565105
https://www.research-collection.ethz.ch/handle/20.500.11850/565105
https://www.research-collection.ethz.ch/handle/20.500.11850/565105
https://www.research-collection.ethz.ch/handle/20.500.11850/565105
https://www.research-collection.ethz.ch/handle/20.500.11850/565105
https://www.research-collection.ethz.ch/handle/20.500.11850/565105
https://www.research-collection.ethz.ch/handle/20.500.11850/565105
https://www.research-collection.ethz.ch/handle/20.500.11850/565105

