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*  DNNs are typically compressed before deployed on embedded platform * Dynamic DNNs can be executed partially to trade-off
_ i accuracy for latency/power/energy reduction
* However, the assumed hardware resources may not be available at runtime
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platforms. in Workshop on Machine Learning for CAD (MLCAD).



* Subnetworks are shown in different colors, computing elements are shown in different symbols) and frequency scaling are shown in points

* Operating points example: On Odroid XU3, A has the best trade-off under 100mJ and 400ms requirements, B is the best for 200mJ and 200ms
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machine learning. In Design, Automation and Test in Europe Conference (DATE).



Now we know that dynamic DNNs can trade-off accuracy for latency and energy, what about power?

The power of GPU 2.0
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* Scales with dynamic DNN,
this provide us new
opportunities to meet power
target

* Does not scale with dynamic
DNN, since the computation
intensity does not change, only
the latency changes
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To know more about dynamic DNNs, please check out our SOTA dynamic DNN paper:

Wei Lou*, Lei Xun*, Mohammadamin Sabetsarvestani, Jia Bi, Jonathon Hare, Geoff V Merrett (2021) Dynamic-OFA: Runtime DNN architecture switching for performance scaling on heterogeneous embedded platforms. In Conference on Computer Vision and
Pattern Recognition Workshops (CVPR’W). https://arxiv.org/abs/2105.03596
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Arm: The Software and Hardware Foundation for tinyML

+ -* + +

Connect to
high-level
* frameworks

y Supported*by
end-to-end tooling

+ - + -
3
Connect to
Runtime
+ + + -
Stay Connected + +

B @ArmSoftwareDevelopers

s ’ @ArmSoftwareDev "

+ + -+ - + +* -+
Application
+ -+ . . " + .

Optimized models for embedded

- - -

+ -
Profiling and
debugging
tooling such as
Arm Keil MDK
+ +
+ +
+ +

A

K - v

Runtime
(e.g. TensorFlow Lite Micro)

A

- - +

Optimized low-level NN libraries
(i.e. CMSIS-NN)

A S 2

RTOS such as Mbed OS

Arm Cortex-M CPUs and microNPUs

Resources: developer.arm.com/solutions/machine-learning-on-arm

+ + + +

+ -

+

4

+ + +

a

Al Ecosystem

Partners
+* - >
+ + +
+ + +
+ + +

‘ arm



TinyML for all developers
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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
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