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* Most previous works focus on quantization or pruning of the weights and activations -

Approximating them with Normal distribution.

* We find that neural gradients have very different statistics - approximately lognormal.

Model
° - H Distribution (Dataset)

We US.e KOImOgorOV SmlrnOV _teSt BERT BERT ResNetl8 MobileNetV2 VGGl6 DenseNet121
to estimate the goodness of fit of (CoLa) (MRPC) | (ImageNet) | (ImageNet) | (ImageNet) | (ImageNet)

: 0.46+0.02 | 0.39+0.04 | 0.38+0.1 0.2240.09 | 0.35+0.08 0.33+0.1
neural gradients to lognormal Normal 2100 | 6105 | 3109 | (o106 | G105 | 6. 10-5)
distribution: Lognormal 0.05£0.002 | 0.04£0.002 | 0.02£0.002 | 0.07£0.003 | 0.060.002 | 0.05£0.001

(0.28) (0.23) (0.26) (0.18) (0.31) (0.29)




* We can decompose any positive real value:
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* In FP quantization we seek the optimal bits allocation n, n, for the mantissa and exponent, respectively.

* The relative error between a FP number Xq and a
real number x is:

* Assuming x~Lognormal(u, o) we can obtain a closed

formula for the relative error:
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Dataset | Model | o Range | Baseline | FP | E* | E*+1 | E*1 | E*2
FPS | 64.0% | N/A | 589%" | 26.6%
‘ 25-45 99 i
Cifar100 ResNetl8 | 2.5-4.5 | 649% 556 1762.9% | 64.6% | 59.7%1 | 28.6%
FP5 | 704% | N/A | 66.5% | 35%
—~1 - 2545 39 i
) ) ResNetlOl | 2345 | 715% I 5p6 [ 70.97% | 70.82% | 67.5% | 42.1%
- FP6 | 700% | N/A | 67.1% | 30.8%
- Ly
TmageNet ResNetl8 | 3-5.5 1 704% 5571 704% | 70.1% | 66.7% | 47.5%
} . | < FP5 | 552% | N/A | 473% | 332%
- _ Ly
SqueezeNet | 3-55 58.19 % FP6 | 578% N/A 56.1% S13%




* Given a threshold a and a uniform random variable e~U|0,1] stochastic pruning is defined:
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Assuming that x~Lognormal(u, o2)

-~ Stochastic pruning}:
&

e~U 0,1

we canh obtain a closed formula to
obtain threshold @ which induces a
required sparsity ratio S.
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Automated TinyML

Zero-code SaaS solution

Create tiny models, ready for embedding,
in just a few clicks!

Compare the benchmarks of our compact
models to those of TensorFlow and other leading
neural network frameworks.

Build Fast. Build Once. Never Compromise.
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Arm: The Software and Hardware Foundation for tinyML
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Optimized models for embedded
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Arm Keil MDK
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Runtime
(e.g. TensorFlow Lite Micro)
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Optimized low-level NN libraries
(i.e. CMSIS-NN)
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RTOS such as Mbed OS

Arm Cortex-M CPUs and microNPUs

Resources: developer.arm.com/solutions/machine-learning-on-arm
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TinyML for all developers

Acquire valuable ' Enrich data and
G B training data train ML
securely algorithms
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ARDUINO Edge Device Impulse
Real sensors in real
Arduino library t|me
Open source SDK
M Embedded and Test impulse
edge compute with real-time
deployment device data
WebAssembly options Test flows

www.edgeimpulse.com
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Scene understanding, language Automotive
Power efficiency  Personalization Efficient learning understanding, behavior prediction
Model design, Continuous learning, Robust learning
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Qualcomm Al Research is an initiative of Qualcomm Technologies, Inc.



SYNTIANT

Syntiant Corp. is moving artificial intelligence and machine learning from the cloud to edge
devices. Syntiant’s chip solutions merge deep learning with semiconductor design to produce
ultra-low-power, high performance, deep neural network processors. These network processors
enable always-on applications in battery-powered devices, such as smartphones, smart speakers,
earbuds, hearing aids, and laptops. Syntiant's Neural Decision Processors™ offer wake word,
command word, and event detection in a chip for always-on voice and sensor applications.

Founded in 2017 and headquartered in Irvine, California, the company is backed by Amazon,
Applied Materials, Atlantic Bridge Capital, Bosch, Intel Capital, Microsoft, Motorola, and others.
Syntiant was recently named a CES® 2021 Best of Innovation Awards Honoree, shipped over 10V
units worldwide, and unveiled the NDP120 part of the NDP10x family of inference engines for

low-power applications.
g @Syntiantcorp

www.syntiant.com
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Pre-built Edge Al sensing modules,
plus tools to build your own

b R e a I |ty AI , 'Reality Al so.lgtions \

Prebuilt sound recognition models for
indoor and outdoor use cases

Solution for industrial anomaly detection

Add Advanced Sensing ; <

Pre-built automotive solution that lets cars

to your Product with \ Homger s !
Reality Al Tools® software

Ed ge Al / Ti nyM L i Build prototypes, then turn them into i

real products

Explain ML models and relate the function
https://reality.ai ) info@reality.ai W@SensorAl [ Reality Al i to the physics

Optimize the hardware, including
sensor selection and placement
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Build Smart loT Sensor
Devices From Data

SensiML pioneered TinyML software
tools that auto generate Al code for the
intelligent edge.

e End-to-end Al workflow

e Multi-user auto-labeling of time-series data

* Code transparency and customization at each i
step in the pipeline | Ao
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We enable the creation of production-
grade smart sensor devices. sensiml.com
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