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For 16-bit RAW,
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Image P € RF*W
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Quantization: Empirical thresholds

————————————————————————————————

Hardware efficiency: Use a ratio-to-digital converter (RDC),
drop log: (logV);jx= logPjx—1 — log Pj k44

= log (Pj’k_l) ~ Q (Pj'k'l)
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PASCAL RAW 2014
6550 images, demosaicked grayscale

3 classes: {bicycle, car, person}
One sensor, Nikon D3200 DSLR

NILGIUBNI 16-bit N PASCAL
D3200 VU RAW 2014

Visual Wake Words (VWW)
123k+ RGB images in 2 classes: {background, person}

Lossy JPEG images & large variance in
(unknown) camera characteristics
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ExpandNet

Experiment @ CNN Architecture Search: uNAS

UNAS — for microcontrollers
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logV has more duplicate filters
— more redundancy
— more pruning
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VWW Results
Use simulated RAW images produced by ExpandNet.
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* Quantized training
 Threshold search
 Adversarial robustness

Acknowledgements & References

This work was supported in part by the ACCESS Al Chip Center for Emerging
Smart Systems, sponsored by InnoHK funding, Hong Kong SAR. Qianyun Lu was
supported by Stanford Graduate Fellowship in Science & Engineering.

[1] C. Young, A. Omid-Zohoor, P. Lajevardi and B. Murmann. "A data-compressive
1.5/2.75-bit log-gradient QVGA image sensor with multi-scale readout for always-
on object detection," IEEE JSSC, vol. 54, no. 11, pp. 2932-2946, Nov. 2019.

[2] A. Omid-Zohoor, D. Ta, and B. Murmann. 2014-2015. PASCALRAW: Raw
Image Database for Object Detection.

[3] A. Chowdhery, P. Warden, J. Shlens, A. Howard, and R. Rhodes. 2019. Visual
Wake Words Dataset. arXiv:1906.05721 [cs.CV]

[4] D. Marnerides, T. Bashford-Rogers, J. Hatchett, and K. Debattista. 2018.
ExpandNet: A deep convolutional neural network for high dynamic range
expansion from low dynamic range content. In Computer Graphics Forum, Vol.

37. Wiley Online Library, 37-49.

[5] E. Liberis, L. Dudziak, and N. D Lane. 2021. uNAS: Constrained neural
architecture search for microcontrollers. In Proceedings of the 1st Workshop on
Machine Learning and Systems. 70-79.




