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“Smart” Glasses Today 

Meta Ray-Ban Stories 

Socially Acceptable form factor  like regular glasses 

Lightweight  <50 gram 

All-day battery  LiPo 167mAh @ 3.7V  25mW for 24-h operation 

Limited, smartwatch-like centralized computation capabilities 

e.g., Qualcomm Snapdragon Wear 4100+  

(12nm Quad-core Arm Cortex A53), 512 MiB DRAM 

 

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



Dedicated form factor  cumbersome and uncomfortable in the long run 
Heavyweight  ~500 gram 

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

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

(derivative of Snapdragon 865, TSMC N7P4x Cortex-A77 + 4x  
Cortex-A55 + Hexagon 698 DSP + Adreno 650 GPU, 15 TOPS nominal) 

 

eXtended Reality Glasses, today 

Meta Quest 2 

Microsoft HoloLens 2 

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

Apple Vision Pro 

[https://www.apple.com/newsroom] 



How to “fold” XR functionality into smart glasses? 

oMany tasks to manage... 

oEye gaze tracking [1] 

oHead tracking [2] 

oHand tracking [3] 

oSpatial beamforming [4] 

o ... 

o ... hard constraints to meet on computation! 

oa starting point: think of MobileNet-V2 
like @ 500fps in 25mW 

o~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 
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How can we achieve necessary speedup? 

PULP approach is through SW cluster 
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Cluster Domain(ArchiMEDES) 

*Augmented Reality Architecture with Minimum Energy DNNs Embedded Specialization 



ArchiMEDES* Cluster Template  
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L1 Interconnect (Logarithmic Xbar branch) 
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Architectural Heterogeneity → Compute Diversity 

oPULP cluster with 8 RV32IMCF cores 

oPrivate FPUs per core 

ohierarchical instruction cache 
(4 KiB + 512B per core) 

oXpulpv2 extensions [5] for integer 
mixed-precision DSP + DNNs 

o256 KiB of Tightly-Coupled Data 
Memory (TCDM) divided in 16 
word-interleaved SRAM banks 

o The Logarithmic Interconnect 

*Augmented Reality Architecture with Minimum Energy DNNs Embedded Specialization 
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• 1 PE = receptive field of 1x1 px in output 

• Output stationary, Input quasi-stationary 

• Parametric number of Cores (NxM out-px) 

• 8b activations, 2-8b weights 
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NEureka – Performance Across Kernels 
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NEureka – Performance Across Kernels 

without prefetch 

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

1

2

M
G

E

Streamer

Input Buffer
BinConv

Accumulator

Ctrl

Complexity ∝ #PEs →  
Area increases linearly with #PEs 

Complexity as a function of (N,M) PEs  

With WMEM ideal 

• Bit-Serial mode of operation 

• Execution cycle ∝ weight-bit precision 
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NEureka – Performance Across Kernels 

without prefetch With WMEM ideal 
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Area increases linearly with #PEs 

Complexity as a function of (N,M) PEs  • Bit-Serial mode of operation 

• low input reuse → small compute cycle 
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How to efficiently access Shared TCDM? 
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• Different bandwidths towards TCDM 

• Cores → 32-bit  

• NEureka → 288-bit 

• Diverse Data Access Pattern 

• Cores → Algorithm(1 bank)  
• NEureka → Contiguous (9 bank) 

• Sensitivity to stalls  
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Prediction Network Event Map Generation 

Edge Map Generation 
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Adapted from Feng et al.[1] 

Eye tracking → gaze tracking → Only render the area of interest in high resolution 
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Comparision with SoA 

Metrics 
Sumbul et al[6] 

[2022] 

Huang et al[7] 

[2022] 

Yoo et al[8] 

[2020] 

George et al[9] 

[2022] 
ArchiMEDES 

Frequency [MHz]  500 10-200 150 1000 270 

Technology [nm] 7 28 65 7 22 

Voltage [V]  0.75 –  0.78 – 1.2  0.67 0.65 

Area [mm2]  2.56 8.28 16.0 0.20 3.38 

Power [mW]  22.7 6.5 – 415.9  35 – 273 10 112 

General Purpose Cores 1RV 1RV  –  1 8RV 

Performance [GOPS]  146.5 410 737.5 256 1198 

Efficiency [TOPS/W]  4.98 3.1 5.62 25.6 10.6 

Postlayout results, GF22FDx, SSG corner, 125MHz, 0.65V, 125C 
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Conclusion 

 github.com/pulp-platform/archimedes 

Cluster of RISC-V cores with custom ISA extension 

NEureka [1.198 TOps, 10.6 Tops/W ]  

Eye Tracking 5.5x boost 

Power 112mW [0.65V, 270MHz] 

On chip processing 
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