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Trifo —an Al home robot company VIS N
summit

May 2020

Lucy 1st generation Al home robot

* Obstacle recognition and avoidance
*  Smart room recognition & segmentation
Day/night surveillance capabilities

:!

2016

Mar 2020

Foundation

*  Founded in Silicon Valley,

Emma

CA
* Agenuine Al home robot
company Entry-level Robot Vacuum Q4 2020
* Smart navigation -
* More powerful suction and battery life Trifo Home+

Al home robot ecosystem
Jan 2020 e Rich haTrdware/software
extensions based on Lucy

Max

Home Surveillance Robot Vacuum
¢ Advanced surveillance feature with motion and audio detection

2017

Ironsides 2018 e 2-way speaker/mic to enhance human-robot interaction
*  VSLAM & multiple sensor fusion
I B2B Model |ronpie

* Visual Inertial Computing
Module for various robotics 1st Robot Vacuum
applications * Smart navigation system
2
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VISI N
Summit

Home robots & AloT are merging.

smart loT devices

smart TV

Al voice assistant

Al home robot

trifo



2020

emhed‘déd' |

Robotics Technologies & Applications VIS N
summlt

- Flexible core functionalities for fast product integration
- The processor needs to provide the computing
power in a flexible way for the core functionalities.

Applications

consumer robot enterprise robot autonomous vehicle
- Fully optimized for each application
- The processor needs to have the flexibility for
various applications.

Technologies

- Hardware/software co-design
- The processor design needs to consider the future

Sensing Perception Decision software running on it.
visual sensors position tracking o
inertial sensors HD mapping explore _ - Accurate factory calibration

distance sensors ) global planning - hardware scalability
proximity sensors obstacle detection local navigation
navigation sensors scene understanding

- State-of-the-art proprietary algorithms
- Algorithm-driven chip design sounds crazy but it

Platform might make sense.

i’ntel) ARM @ NVIDIA - Hi%hIysosrl)zti/rrlm\}?gjl\liryglltjlr)n:ntation
O

- accelerate deep learning on HAL

© 2020 Trifo 4



Robotics Architecture
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Extension & Communication

. peripheral products for different family members: elder, men/women, children, pets
. customized applications for specific functions

Cloud Al

. deep learning on cloud: advanced training and inference services
. user management: basic information, home data, customized service access/integration

Edge Al (edge computing power for the processor)

. 3D geometry: SLAM, room reconstruction, obstacle avoidance
. scene understanding: obstacle/object/room/human recognition/classification
. decision: unknown environment exploration, global planning, local navigation

Run-Time (RTOS or not, is a question for the processor)

. run-time: low latency, smart dynamic resource allocation
. deep optimization: instruction set level optimization, hardware acceleration

Hardware

. specially made chassis
. customized “eyes”
. customized “brain”

© 2020 Trifo
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@ Extension

1
"8” Decision
((P) Sensing

m Communication

EDE Connection
- Movement
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“Robotics SoC” is ...? 22 i VISI N

Microcontroller: ARM Cortex-M

Real-time: ARM Cortex-R (depending on the need of real-time)

Application: ARM Cortex-A (32-bit and 64-bit)

Movidius

BATOPS

o e, - (& Blum

* Nvidia Jetson AGX Xavier ,_ e T i
| T e yLTRA

@k LOWPOWER

e Qualcomm Robotics RB3

* Intel RealSense + Movidius

trifo :
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“Robotics SoC” does ...? VISI N

summit

e Microcontroller: the most
energy-efficient embedded

devices
. . .. sensing
* Real-time: reliable mission-
. perception
critical performance
decision
e Application: supreme :
. et B e e B B B e B B e e B B e e B e
performance at optlmal power 2D Scene Classification ~ Semantic Segmentation
->
* High-end SoC with “NPU” or an % “
“edge Al chip”: Al specific p
. geometry
Computlng needs -> RoomLayo:n Detection and Pose
semantics

\3 o = r 4 5 "A‘l /
% individual tasks '.f,:- . ,
' en d't 0-en d Textured 3D Mesh Panoramas Object Instances

trifo :



Public Benchmark - geometry
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* SLAM global optimization is hard to parallelize so
GPU is not quite useful.

* SLAM has a lot of “if-else” logic in real product.

* The sparse matrix operations in SLAM optimization can’t be easily
parallelized.

* Run-Time performance is super important and
impacts algorithm performance.

e Real product’s SLAM system always has hardware
dependency.

* Ina robotic system, sensing highly depends on sensors.

* The perception/decision in a robotic system will adapt accordingly.

trifo
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Public Benchmark - geometry VISI N
summit

* Take a robotic system with SLAM functionality as an example
* Isita demo or a product? (no joking at all)
e User experience & application scenario decide your SLAM & chip choice.
* Which is more important in SLAM, “L” (localization) or “M” (mapping)?
* What is your BOM budget for sensors and chips?
 What is more important, perfect performance or robustness with some perf sacrifice?
* Does the robotic system need deep learning capabilities?
» Safety? Privacy? Security? Localization? Apps?
* “Hey we are talking about chips, why do you have so many questions for those other things?”

 “Because it matters.”

trifo :
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Public Benchmark - semantics VISI N
summit

e GPU helps A LOT! Nvidia Jetson AGX Xavier DL Inference

15W Mode
FUTURE FUTURE
. MODULE MODULE FUTURE MODULE MODULE
Y A I Ot Of WO r' k h a S b ee n d O n e by fra m eWO r k p rOVI d e r BATCH PERF  LATENCY POWER PERFORMANCE PERF  POWER PERFORMANCE
. NETWORK SIZE  [img/sec) [ms) (watts)  / watt limg/sec) (watts) [ watt
ResNet-50 1 358 28 15312 800 12 67
ResNet-50 2 508 39 128 397 1090 n 78
ResNet-50 4 634 63 136 465 1280 14 91
Throughput Value ResNet-50 8 7 1.2 14.4 49.8 1360 14 97
{higher is better) {higher is better) ResNet-50 16 767 209 %9 513 1410 15 9%
Uﬁ?m&:ﬂ‘:;ﬂmm” Lﬁ;ﬁ:&?&;ﬂmﬁmﬁ" ResNet-50 32 841 380 15.1 55.7 1430 15 95
ResNet-50 64 869 736 15.1 576 1430 15 95
ssd300-CF | 33 ssd300-CE 1 005 ResNet-50 128 879 1457 152 517 1430 15 95
A-CF vee19 1 84 119 %2 59 230 12 19
saueezenetler 2018 squeezenet1.1-CF  IEEEEEEG— 3.56 V6619 2 132 152 s 91 290 13 22
resnet-101-CF 1l 133 resnet-101-CF M 0.20 VGG19 4 174 229 146 119 320 13 25
resnet-50-CF [ 26 resnet-50-CF | 0.43 V6619 8 191 418 %9 128 340 13 2
vee19 16 231 69.4 150 153 350 13 27
mobilenet-v2-CF I 607 mobilenet-v2-CF N 093 VG619 32 260 1231 152 17.1 350 13 27
mobilenet-v1-1.0-224-CF NN 058 mobilenet-v1-1.0-... N 147 veets  |e4 |29 280 158 |7é 350 3 2
V619 128 274 478 154 178 350 13 27
mobilenet-ssd-CF I 467 mobilenet-ssd-CF - EENEEN 0.72 GoogleNet 1 542 18 98 55.0 1310 " 119
inception-resnet-v2-CF Il 61 inception-resnet-...1 0.09 GoogleNet |2 684 2.9 104 658 1670 13 128
GoogleNet 4 890 45 14781 1920 15 128
googlenet-v4-CF 0 78 googlenet-v4-CF W 0.12 GoogleNet 8 1015 7.9 12.0 84.4 1940 15 129
googlenet-vi-CF NN 754 googlenet-vi-CF N 1.16 GoogleNet 16 121 14.3 128 876 1950 15 130
o 1o 200 100 a0 GoogleNet 32 1184 27.0 132 900 1980 15 132
Erames :Jgr Second (FPS) . 0 P EPS/$ GoogleNet 64 1235 518 132 934 1980 15 122
Precision: FP16 - Batch Size 1 Precision: FP16 - Batch Size 1 GoogleNet 128 1255 102.0 13.3 94.3 1980 15 132
AlexNet 1 299 33 %o 213 1090 12 91
Intel Vision Accelerator with Movidius Myriad X VPUs N S R N m [
AlexNet 4 721 55 149 485 2650 13 204
AlexNet 8 990 8.1 185 734 3510 13 270
AlexNet 16 1291 124 w2 908 4200 n 300
AlexNet 32 1713 18.7 %4 1190 4670 14 334
AlexNet 64 2087 307 %8 1413 4670 n 334
® AlexNet 128 2270 564 149 1525 4670 n 33

ﬂ o © 2020 Trifo 10
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* Not designed for robotics

* real-time performance: Real-time is not fastness, but
guaranteed timing.

* hardware synchronization: It is key to sensor fusion, but develop /

-
T
e
-~
-~

few SoCs have such design. \ sup\port
* computation resource: Parallel computing and deep manufacture (Sl /
network acceleration is not the whole thing. sell
* Not enough tech support
distrib_t_xfc_a ____________
* To support sensors (sensor itself, driver, perf tuning) need
SoC makers’ support. market

-------------

* Run-time performance is equally important as innovative
algorithms themselves.

* End-to-end is soooo hard: technology->product & product cycle
trifo

© 2020 Trifo 11



2020

aembedded

summit

ME. Stupid Dunning-Kruger Effect
Plateau of Sustainabilit .
o

Confidence

e Qualcomm Robotics RB3

* |ntel RealSense + Movidiu

* NXP, Rockchip, Allwinner

iy 7%
N
=

* High-tech commoditization is ccelerating.

* Smartphone supply chain has been benefiting other smart hardware.

* Consumer electronics drives the mainstreaming of technologies.

e Consumer Robotics and AloT is happening.

* SoC chips are essential to consumer robotics and AloT. We are still in quite an early stage.

trifo .



