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[https://www.techinsights.com/blog/ray-ban-stories-smart-glasses-cameras]

Ray-Ban Stories

Socially Acceptable form factor à like regular glasses

Lightweight à <50 gram

All-day battery à LiPo 167mAh @ 3.7V à 25mW for 24-hour 
operation

Limited, smartwatch-like centralized computation capabilities
e.g., Qualcomm Snapdragon Wear 4100+ (12nm Quad-core Arm 
Cortex A53), 512 MiB DRAM

“Smart” Glasses, today
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Dedicate form factor à cumbersome and uncomfortable in the long 
run

Heavyweight à ~500 gram

2/3-hours battery à Li-ion 3640mAh @ 3.85V à ~5W operation

Mobile-grade computation capabilities
Qualcomm Snapdragon XR2 5G, 6 GiB DRAM

(derivative of Snapdragon 865, TSMC N7P
4x Cortex-A77 + 4x Cortex-A55 + Hexagon 698 DSP + Adreno 650 GPU

15 TOPS nominal)

[https://en.wikichip.org/wiki/qualcomm/snapdragon_800/865] [https://arstechnica.com/]

Meta Quest 2

Microsoft HoloLens 2

eXtended Reality Glasses, today
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How to “fold” XR functionality into smart glasses?
• Many tasks to manage...
• Eye gaze tracking [1]
• Head tracking [2]
• Hand tracking [3]
• Spatial beamforming [4]
• ...

• ... hard constraints to meet on computation!
• a starting point: think of MobileNet-V2 like @ 

500fps in 25mW
• ~600 MOps -> 300 GOPS -> 12 TOPS/W

?
Many technological hurdles to address as well!

E.g., see-through hi-res displays [0]

NNs

Physics
Based Model

SLAM

DSP

Diverse compute

Camera
Event Camera

Diverse sensing

Mics
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Save energy where it counts!

[E. Beigné, ISSCC Forum 4: Advancing Technologies for Extended Reality (XR) to Make the “Metaverse” Possible]

Custom Pixel/ML 
Compute

Wide Operand Compute & 
On Chip Data Movements

General Purpose 
Compute

Off Chip Data 
Transfers

30x

55x
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Keep your data on-chip!

Exploit custom
units
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Composability
• Vast library of silicon-proven IPs
• Ranging from microcontroller to HPC

Heterogeneity
• L0 acceleration: RISC-V extensions, SSR, ...
• L1 acceleration: HWPEs (neural engines, 

TPEs, optimization engines...)
• L2 acceleration: AXI autonomous units (& 

multi-cluster)

Efficiency
• Otherwise it would be the P___ Platform!
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A vision for PULP-based XR glasses
Distributed, on-sensor computing
• Collect raw data
• Process directly on-sensor

• Aggregate on larger computing platforms

Acceleration
• On-chip NVM for DNN weights
• L1 HW acceleration for DNNs
• L0 acceleration for diverse processing

Siracusa: a highly heterogeneous SoC
moving towards on-sensor computing
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Siracusa first steps 
• A heterogeneous  cluster template 

ARchiMEDES

• A novel accelerator NEureka

• A silicon prototype SoC Siracusa 
(TSMC16)

Disclaimer: I am not payed by the Siracusa tourist office.
But seriously, go visit!

Siracusa
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Εύρηκα!
[I found it!]



ARchiMEDES cluster template

A “classic” PULP cluster with 
8 RV32IMCFXpulpnn cores
• private multi-precision FPUs
• hierarchical instruction cache

(4 KiB + 512B per core)
• Xpulpnn extensions [5] for integer

mixed-precision DSP + DNNs
• 256 KiB of Tightly-Coupled Data

Memory (TCDM) divided in 16
word-interleaved SRAM banks

• The Logarithmic Interconnect we
have known and loved since < 2013 J

Architectural Heterogeneity <-> Compute Diversity

DSP, Models, and other general parallel
computations -> PULP cluster
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ARchiMEDES cluster template

• 1 Core = receptive field of 1x1 px in output 
across 32 out-chans

• Output stationary, Input quasi-stationary
• Parametric number of Cores (NxM out-px)
• 8b activations, 2-8b weights
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Quantized DNNs -> Tightly-Coupled Neural Engine
NEureka (3rd gen after RBE [5], NE16     )
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ARchiMEDES cluster template

Boost memory energy efficiency

A large power-optimized on-chip 
memory for network weights ->
cluster-level weight stationarity

4x 1MiB SRAM banks (64b-wide)

4x 1MiB NVM banks (64b-wide)

Paging support  for transparent 
network reconfiguration with 
negligible increase in overall circuit 
area. 
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Siracusa SoC

NEureka

L1 Interconnect (Shallow renaming branch)

L1
 B

ra
nc

h 
Co

nf
lic

t
Re

so
lu

tio
n

288b

M

M

M

M

SRAM (4 MiB)
M

M

M

M

NVM (4 MiB)
Weight
Mem

256b

64b

Cl
us

te
r I

nt
er

co
nn

ec
t (

AX
I 6

4b
)

L1 Interconnect (Logarithmic Xbar branch)

M

DMA

M M

RV

Hierarchical I$
(4KiB shared + 512B per core)

M

RVRVRVRVRV

M

RV

M

RV

MM

M M

M

MM

M MM

L1
 T

CD
M

(2
56

 K
iB

)

8x32b4x32b

2x64b

64b HW
Sync

FPU FPU FPU FPU FPU FPU FPU FPU

L2
 in

te
rc

on
ne

ct
 (T

CD
M

 3
2b

)

2 MiB shared
32 KiB instr
32 KiB stack

I/O
DMA

RV

Hyper

FPU

Int
CtrlSoC FLL

Clus FLL
Periph FLL

L2

AXI CDC

I

D

Co
nf

ig
 X

ba
r(

AP
B 

32
b)

Boot ROM
4 KiB

GPIO
PWM

Timers

Camera IF

2x I3C

QSPI

I2C

UART

PA
D 

 M
U

X

12



NEureka – DNN Accelerator Engine
• Partially bit-serial dataflow for CONV3x3, PW1x1, 

DWCONV3x3
• 3x3, 1x1 and 3x3 depthwise mode

• Activations 8b, Weights 2-8b

• Core – receptive field of 1 output px across 32 output 
chans à more cores, larger output “tile”

𝐲 𝑘!"# = 𝒒𝒖𝒂𝒏𝒕 )
$%&..()$#

)
*!"

2$ 𝐖𝐛𝐢𝐧 𝑘!"# , 𝑘$. ⊗ 𝐱 𝑘$.
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NEureka – DNN Accelerator Engine
• Partially bit-serial dataflow for CONV3x3, PW1x1, 

DWCONV3x3
• 3x3, 1x1 and 3x3 depthwise mode

• Activations 8b, Weights 2-8b

• Core – receptive field of 1 output px across 32 output 
chans à more cores, larger output “tile”

• Stationarity
• Output -> fully stationary in Accumulators

• Input -> quasi-stationary in Input Buffers

• Weights -> non-stationary (but stationary @ cluster level, 
thanks to WMEM!)

• Dispatching network – maps input across Cores

• Accumulator – 32x32-bit registers to store partial sums

• Quant – Normalization, Quantization, ReLU
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Dispatching Network
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NEureka scalability and performance

(2
,2
)

(3
,3
)

(4
,4
)

(5
,5
)

(4
,8
)

(6
,6
)

DepthWise

0

10

20

30

40

50

60

70

80

(2
,2
)

(3
,3
)

(4
,4
)

(5
,5
)

(4
,8
)

(6
,6
)

PointWise 1x1

0

100

200

300

400

500

600

700

(2
,2
)

(3
,3
)

(4
,4
)

(5
,5
)

(4
,8
)

(6
,6
)

Convolution 3x3

0

200

400

600

800

1000

1200

M
A
C
s
p
er

C
yc
le

without WMEM with WMEM

2,2 3,3 4,4 5,5 4,8 6,6
0

1

2

M
G
E

Streamer

Input Bu↵er

BinConv

Accumulator

Ctrl

[A. Prasad, L. Benini, F. Conti, “Specialization meets Flexibility: a Heterogeneous Architecture
for High-Efficiency, High-Flexibility AR/VR Processing,” DAC 2023 (to appear)]
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To appear at DAC’23 (A. Prasad et al.)
Weight-precision scaling



Siracusa SoC – prototype in TSMC 16nm
• 4mm x 4mm
• A cornucopia of memory
• 4 MiB of WMEM-NVM
• 4 MiB of WMEM-SRAM
• 2 MiB of L2 SRAM
• 256 KiB of L1 TCDM

• Largest NEureka configuration
• 6x6 = 36 Cores

To appear at ESSCIRC’23 (M. Scherer et al.)
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Siracusa Performance and Efficiency
RISC-V cores (GP, DSP, ...) NEureka
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Very near to out target
- hundreds of GOPS
- ~10 TOPS/W
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Good for efficiency, 
bad for hair... :(

<- HWCE NE ->

GAP9 w/ NE16



The real challenge: using it!

20

The need for automated Deployment tools:
see Moritz+Alessio’s presentation tomorrow!



Back to the vision!
Distributed, on-sensor computing
• Collect raw data
• Process directly on-sensor

• Aggregate on larger computing platforms

Acceleration
• On-chip NVM for DNN weights
• L1 HW acceleration for DNNs
• L0 acceleration for diverse processing

21



Back to the vision!
Distributed, on-sensor computing
• Collect raw data
• Process directly on-sensor

• Aggregate on larger computing platforms

22

From focus on single node towards
distributed network of on-sensor nodes

[J. Gomez et al., Distributed On-Sensor Compute System for AR/VR Devices: A Semi-
Analytical Simulation Framework for Power Estimation]



Distributed on-sensor computing simulation with GVSOC
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Siracusa Team @ ETH / UNIBO

Manuel Eggimann
Top-level design & verif.
WMem subsystem
Silicon measurements

Arpan Prasad
NEureka design
& verification
System-level simulation 

Moritz Scherer
Silicon measurements
Applications

Alfio Di Mauro
Interfaces integration
Top-level verification

Davide Rossi
Siracusa architecture

Francesco Conti
NEureka architecture
Siracusa architecture

Luca Benini
Siracusa architecture
Project lead
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