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Inference At the Edge:
A Case Study at the Amazon Spheres
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Introduction



Agenda

Introduction: Al @ Amazon Spheres
Video: Welcome to the Amazon Spheres [ ]

Approach:

Anomaly Detection using DL on Time-Series Sensor Streams

Architecture:

Training ( Amazon SageMaker )
Inference ( NVIDIA Jetson Xavier, Amazon SageMaker Neo )

Results:
Improved alerting

Future Work:

Computer vision based plant stress







Our Goal = Help the Caretakers

“We take care of 40,000 pla nts
from over 700 SpECiES!"




Sensor Types

zoneTemp [21]
relativeHumidity [21]
lightLevel[inst] [41]
levelTemp [18]
electricDemand [3]
dewpoint [21]

accumulatedLight [35]

C02 [21]
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Challenge 1: Lots of Systems to Manage

Living Wall / Fertigation

System Overview
Aircuity Qv
Horticultyraj Lighting | qy
High Pressyre Fog Qv
Lving Wall 7 Fertigation Qv
Water Feature / Hatcheg

H .
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l Targets ‘

Group
AC-46-2-1
1 sparks

AC-46-4-2
1 sparks

Challenge 2: Too Many Suspicious Values

@ wmioEnev ~  SkySpark

[ Yesterday ‘ View | Timeline l Rules | Select Info ‘ [ Aspects ‘

re HVAC Conditions

Rules Timelines

Suspicious Values i -

Suspidous Values

fit_suspiciousValue

This point has data values that are less than zero, suspicious temperature values if the point is a temperature sensor or null
LEIERETIT

Parameters (Default)

1) : The duration of the spark condition before firing a spark

1d (0): The buffer of allowed negative numbers. Any negative numbers above this value are not
analyzed Used to dlsregard sensors that show slightly negative values when off

e airTempHighLimit (140): The maximum allowed air temperature. Any air temp value above this limit will produce a

: The maximum allowed water temperature. Any water temp value above this limit will

empHig? : The maximum allowed steam temperature. Any steam temp value above this limit will
produce a spark

Pseudocode: Find periods of time a number point with history data, that is not calculated and not outside air temperature is null

and/or less than 0 for 30 minutes. In addition, find periods of time when a temperature sensor returns a value higher than 140
for “air” tags, 180 for “water” tags, or 250 for “steam” tags for 30 minutes




When Issues Occur, They Go Unnoticed

Example 1: During a product launch (Alexa microwave
integration), event organizers requested that the temperature be
lowered for media and the air velocity reduced for better acoustics.

Problem: Incorrect temp. and air velocity for 4t floor plants for a week

Example 2: Building automation staff suspended the irrigation for
the living wall to update/repairs several sensors.

Problem: 24 hours without water for living wall
[ low irrigation pressure warning was ignored ]




Approach



Al to Assist the caretakers

Accurate Alerts [ low false alarm rate ]
Real-time & Low Cost

Enable Current/Future Science
Scalability & Availability of Technology
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Why DL

— Deep NN

Human Performance

—— Medium NN

} ML Tribes

Small NN




Deep Learning @ Spheres

[ AutoEncoder Network ]

Input: Output: X

Reconstruction Error




Input:

Reconstruction Error

Deep Learning @ Spheres

[ AutoEncoder Network ]

il (encoderDecoder): Sequential(
2 (layer-1-encoder): Linear(in features=2016, out features=4032, bias=True)
3 (actFn-1-encoder): Sigmoid()
4 (dropout-1-encoder): Dropout(p=0.1)
5 (layer-2-encoder): Linear(in_features=4032, out features=2016, bias=True)
6 (actFn-2-encoder): Sigmoid()
. I (dropout-2-encoder): Dropout(p=0.1)
CUPIL&: IS (layer-3-encoder): Linear(in features=2016, out features=50, bias=True)
9 (actFn-3-encoder): Sigmoid()
10 (layer-4-decoder): Linear(in features=50, out features=2016, bias=True)
14 (actFn-4-decoder): Sigmoid()
12 (Layer-5-decoder): Linear(in features=2016, out features=4032, bias=True)
13 (actFn-5-decoder): Sigmoid()
14 (dropout-5-decoder): Dropout(p=0.1)
15 (layer-6-decoder): Linear(in features=4032, out features=2016, bias=True)




Preparing Data for Model Training

Split into sliding windows

Z Normalization

2012-10




Correlated Sensors
[ Weekday & Weekend Behaviors ]
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co2_1 co2_1
co2_2 co2 2
co2_3 co2_3
co2’4 co2 4
temp_1l - temp_1
temp_2 - temp_2
temp_3 - temp_3
temp_4 - temp_ 4
dew”1 - dew_I
dew 2 - dew 2
dew_3 - dew_3
dew 4 - dew_4
instLight”1 - instCight_1
instLight_2 - instLight_2
instLight”3 - instLight_3
relH 1 - relH
relH_2 - relH”2
relH_3 - relH 3
relH_4 - relH_4
externTemp_1 - externTemp_1
externSunrise_1 - externSunrise 1
externHumid_1l - externHumid 1
externCondition_1 - externCondition_1
hourlndex 4 - hourlndex
daylndex daylndex

e —.SS
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Detecting Anomalies

Reconstruction error (RE) as a proxy to outliers

Whenever RE is high, get an alert
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Multi Sensor Models
[ AutoEncoder Network ]
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Sensor Zones

South Conservatory

Canopy
North Conservatory




Architecture



Train [ + Optimize ] in the Cloud

AWS

E

Amazon SageMaker Train

e

@ AWS Greengrass

Inference at the Edge

loT sensor 1 Amazon
SageMaker Neo
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Lambda loT Lambda Anomaly :
Ingest & Pre-process topic Detection :
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d ) Models @

loT sensor N

Notebook




Apache MXNet
TensorFlow
PyTorch
XGBoost

Build a ML model with the
framework of your choice

Amazon

Train and tune the model
using Amazon SageMaker

SageMaker Neo

L

_.\

Amazon
Choose target SageMaker Neo
hardware platform SageMaker Neo will optimize
the trained model for the
target hardware platform

You can then deploy your
models on the cloud
or at the edge




i N
// Generated by NVIDIA NVVM Compiler
// Compiler Build ID: CL-22781540

4 // Cuda compilation tools, release 9.0,
// Based on LLVM 3.4svn

.version 6.0
.target sm 62
.address size 64
// .globl fuse copy kernel®

isible .entry fuse copy kernele(

mazon SageMaker Neo

V9.0.176

.param .u64 fuse copy kernel® param @,
.param .u64 fuse copy kernel@ param 1

{
.reg .pred %p<2>;
.reg .f32 %f<2>;
.reg .b32 %r<7>;
.reg .b64 %rd<8>;
p 1d.param.u64 %rdl, [fuse copy kernel® param 0];
26 1d.param.u64 %rd2, [fuse copy kernele param 1];
27 mov.u32 %r3, %ctaid.x;
shl.b32 %rl, %r3, 9;
mov.u32 %r2, %tid.x;
mov.u32 %r4, 2016;
sub.s32 %r5, %rd4, %r2;
setp.ge.s32 %pl, %rl, %r5;
@spl bra BBO 2;
cvta.to.global.u64 %rd3, %rd2;
add.s32 %r6, %rl, %rz;
mul .wide.s32 %rd4, %r6, 4;
add.s64 %rd5, %rd3, %rd4;
ld.global.nc.f32 %f1,
cvta.to.global.u64 %rd6,
add.s64 %rd7, %rdé,
st.global.f32 [%rd7], %fl;
4 BBO_2

compiled_model.json - Visual Studio Code

M compiled_modeljson x m -

Ln76,Col 10 Spaces:2 UTF8 LF JSON @ A




Training Architecture @ p3.4xlarge

Query - Process

Sensors Resample [15 m]
Time Range
S3.cache FileName

Weekday Extract

Trim/Extend
Windows

Add Time Ref.
Numpy.fp32

Group Scale Stats.

Train

Input Sensors

Recon. Target
Sensors

Encoder Dims
Decoder Dims

Optional Hyper
Params

Convert to ONNX

Eval -

z1_m1_latest.zip
Sliding Window
Reconstruction
Mean + Std. Dev

ONNX & pyTorch

Time Range
Scale Stats.

Encoder/Decoder
Dims

Input Sensors

Recon. Target
Sensors

z1_m2_latest.zip

z1_mb_latest.zip




Inference Architecture @ Jetson Xavier

Query » Process » Eval » Escalate » Tag & Store

Sensors Resample [15 m] Sliding Window Anomaly (Y/N)

Reconstruction

i Anomaly Category
Time Range Apply Scale Stats. Compare to

S3.cache Weekday Extract Mean + Std. Dev > 6 * stDev Red

. Stats
FileName TS s + Data Timestamps

mEEE + Reconstruction
Add Time Ref. Error in Window

Inference Params [ Numpy.fp32

s3]
Scale Stats.

Input Sensor Sets

Recon. Target
Sensors




Notebook Demo



Results



Sample Reconstructions
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[Synthetic] Anomaly Detection

raw data with anomalies vs autoencoder prediction raw data with anomalies vs autoencoder prediction

act@l actual
e predicted = predicted

-2 2

¢ 200 1000 2000 2500 3000 1000 1100 1200 1400 1500 1600

reconstiifttion error

reconstr&(i’?on error
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Real Anomaly Detection
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instLight_1

instLight_2

instLight_3

externTemp_1

WMWW\W— externHumid_1

externCondition_1

—— externSunrise_l1
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06 1
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— temp 1 H h E
temp_2
— temp_3 L,‘ L h
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B -

“ Nice catch. We altered the climate to encourage the
blooming of our Amorphophallus titanum plant. The
corpse flower is more accustomed to warmer temps and
higher humidity than the normal spheres operating

parameters.




Future Work



Multi-spectral Imaging
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Discussion & Q/A



Thank youl!

WenMing Ye -

Miro Enev -



Scheduled Lambdas Trigger Training and Batch Inference

CloudWatch
Dashboards

Alarms

Billing
Events
| Rules

Event Buses
Logs

Insights
Metrics
Alpine

Step 1: Create rule

Create rules to invoke Targets based on Events happening in your AWS environment.

Event Source

Build or customize an Event Pattern or set a Schedule
to invoke Targets

Event Patiern @ @ Schedule @
@ Fixed rate of 1 Days -

Cron expression

Leam morerabout CloudW
~ Show sample event(s)

{

"version": "0",

"id": "89d1a02d-5ec7-412e-8215-13505/849b41"
"detail-type": "Scheduled Event"

"source”; "aws.events”,

“"account": "123456789012"

"time": "2016-12-30T18:44:492"

“region”: "us-east-1",

"resources”: [

"arn:aws:events:us-east-1:123456789012:rule/SampleRule”

1
I

“detail™ {}

)

* Required

Targets

Select Target to invoke when an event matches your
Event Pattern or when schedule is triggered.

Lambda function - )
Function® StartSpheresTraininglnstance v

» Configure version/alias

» Configure input

© Add target*

Cancel Configure details |

lambda_handler(event, context):
ec2 = boto3.client('ec2', region_name=region)
ec2.start_instances(Instancelds=instances)

print 'started your instances: + str(instances)

def lambda_handler(event, context):

ec2 = boto3.client('ec2', region_name=region)

ec2.stop_instances(Instancelds=instances)

[

print 'stopped your instances: + str(instances)

https://aws.amazon.com/premiumsupport/knowledge-center/start-stop-lambda-cloudwatch/







Multi-spectral Imaging & Computer Vision

Lippesr

Lot

Lefvid
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Stams Rool

Edge Processing + TensorRT

Layer & Tensor Fusion

Precision Calibration

TeasoRT Optinizec

Trained Neural
Network
Dynamic Tensor
Memory

Kernel Auto-Tuning

Multi-Stream

Execution

Optimized
Inference
Engine




