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= Three specific challenges:
— Limitations of Embedded hardware

— 0Ongoing changes in environment or system behavior

— Scale to production load in Enterprise systems
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Limited
resources

Squeezenet ~5SMB
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Reformat the data
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Calibration
dataset

MATLAB EXP

@ i k. Calibrate 7 — Quantize == @’ —_— @ Validate

Trained Quantized ‘INT8’
‘Single’ DNN DNN

12



—t 4 0
N7, -H-I_LI
< —F

=44

Y

I DEEP NETWORK QUANTIZER _
ED:I Calibration Data:

Mew || elect calibration data -
-

FILE CALIBRATE
TrainedNet - Layer Graph

#fmageinpu

Y

® batchnorm_1
Y

e conv_1

1

® batchnorm_2
1

o relu_1

Y

» conv_2

Y

# batchnorm_3
Y

o relu_2

Y

& maxpool_1

1

® conv_3

1

» batchnorm_4
Y

o relu_3

Y

» conv_4

Y

® batchnorm_5
Y

o relu_4

Y

® maxpool_2

1

® conv_5

1

® batchnorm_6&

FRARTR

000~ @ N P

Use Deep Network Quantizer to Optimize the Inference Network

load('trainedNet');

analyzeNetwork(trainedNet);

numData = size(xTrain);

numbData = numData(end);

augImds = augmentedImageDatastore(trainedNet.Layers(1).InputSize, xTrain, yTrain);
calDS = augImds.subset(1:floor(numData * 0.8));

valDS = augImds.subset(floor(numbData * ©.8)+1:numData);

dq = dlguantizer(trainedNet, 'ExecutionEnvironment', 'GPU'};

dg.calibrate(calD5s)

« Load trained network
« Split data: calibration — 80%, validation — 20%
« Launch Deep Network Quantizer App

MATLAB I
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‘ Deep Network Quantizer [ IR
I DEEP METWORK QUANTIZED
d Calibration Data: @ v dation Data: Lgl W
N [calDS—augmentedlmageData_ - | Calibrate [ ¢ \alidation data v b b Quantization Options Export
FILE VALIDATE EXPORT a
TrainedNet - Layer Graph o Getting Started Calibration Statistics o
= Dynamic Range of Calibrated Layers [E] Legena | @) &

8 imsgenpul]
v

# batchnorm_1

- = e =g = e = s =
'y
=
|
-

o relu_2

i f

® maxpool_1
i f

- =

o relu_4

Y

® maxpool_2
Y

® con

Y

Layer Name Min Value
¥ imageinput
Activations -14.3116
~ imageinput_normaliz...
Activations -6.8599
~ batchnorm_1
Activations -2.4147
v corv_1 relu_1
Weights -0.6423
Bias -0.2158
Activations 6.8000
» corv_2 relu_2
Weights -0.2968
Bias -0.7436
Activations 0.8000
~ maxpool_1
Activations 0.8000
~ corw_3 relu_3
Weights -0.2724
Bias -0.8020
Activations 6.0000
* conv_4 relu_4
Weights -0.1753
Bias -0.7461

Max Value | Quantize Lag]

0.8000

7.4810

2.7871

f=)

.6650
.2835
.0034

[==R )

@

.3306
.6780

@

16.1955

10.1955

L=

.2590
.0233
.4024

oo

(=]

.1482
.0698

@

2

20

24 28 o1z 2-16

> z
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4 Validation Results
Memory (MB) Top-2 Accuracy
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Learnable Parameters Top-2 Accuracy
W FP32 W INT-8 W FP32 W INT-8

Generation

MATLAB BEXIPPO
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Three specific challenges:
— Limitations of Embedded hardware

— 0Ongoing changes in environment or system behavior

— Scale to production load in Enterprise systems
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€ e

HH Apps % Bookmarks Machine Learning loT

Page

Day Ahead Forecast

1850
1800
1780
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1600
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Load{MA)
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3/23/2021 12:00:00 AM

DateTime

Historical Data Comparison
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Timestamp
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Enterprise

Application
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MATLAB Production Server

Worker processes

Production

Data
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Mobile / Web
Application
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3rd party
dashboard
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Sensor data

1.6

1.4

1.2

Anomaly Score

0.4

0.2

0

Oct 29, 00:00 Oct29, 12:00 Oct 30, 00:00 Oct 30, 12:00 Oct 31, 00:00

B
T

A

BT

MATLAB BEXIPPO

Anomaly Detection loop

while segn % ... there's more data to process

% Retrieve buffer of data
datafilter = (sensordata.key == thisAsset) & (sensordata.Seque
(sensordata.SequenceNumber <= segn+batchsize);

streamdata = sensordata(datafilter,:);

% Detect Anomalies with incremental One-class SVM
[nextState, results] = detectAnomalylLocal(streamdata, state);

% Remember results and update state of incremental learner
anomalies(datafilter) = results.anomaly;

score({datafilter) = results.score;

timestamps (datafilter) = results.timestamp;

state = nextState;

seqn = segn + batchsize; % ktep through batch test data

24
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Sensor Data

T—:}

MATLAB BEXIPPO

incMdl = incrementallearner (mdl) ; R2020b

while dataStreaming

featureChunk = extractFeatures (streamdata) ;

inclMdl = updateMetricsAndFit (incMdl, featureChunk, labels);
End

[ (o | —) .|||||.|.

Incremental Dashboard
Learner

==

K/V Store

25
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MATLAB Production
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Worker

Server

Request
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MATLAB BEXIPPO
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Deep Network
Quantizer
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MATLAB E.
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MATLAB Production
Server
4
. Request
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Access Data
anywhere

-]

Build models
anywhere

&l :
&l b
hE

Compute on
Demand

W

Run Models
anywhere
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Data Preparation

Data cleansing and
preparation

@ Human insight

Simulation-
generated data

31

Al Modeling

% Model design and
tuning

= Hardware
[__oH e oo
—9ca  accelerated training

* Interoperability

Simulation & Test

Integration with
complex systems

'[>|J_-| System simulation

— X System verification
— Vv and validation

Deployment

. Embedded devices

-J_+_m

CIC3  Enterprise systems

¢ Edge, cloud,
desktop

31
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Data Preparation Al Model Design Al Model Tuning Deployment

&
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Access data

anywhere Build models anywhere Compute on demand Run models anywhere
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Data Preparation

Store preprocessed
data anywhere

)

AT

R VIR N

Vo

Enabling Shareable, Scalable and Secure storage

Shareable

All you need is the URL

Scalable

Deep Learning Data Sets can get BIG.
Need more storage? No problem.

Secure

You need “Keys” to lock and unlock the data

MATLAB B
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Uploading Data to the S3

Data Preparation

Store preprocessed
data anywhere

35

Services w
Amazon 53

Buckets
Access points
Batch Operations

Access analyzer for 53

Account settings for Block Public
Access

Storage Lens
Dashboards

AWS Organizations settings

Feature spotlight (@)

MWIAMPowerUser/kmahade

Amazon 53 aiseminar-camvid

aiseminar-camvid

Bucket overview

MATLAB EX

om @ aws-matlab-clou ag... ¥ Global w Support v

Region Amazon resource name (ARN) Creation date Access
US East (N. Virginia) us-east-1 ameawss3-aisemninar-carmvid November 22, 2020, 01:14 (UTC-05:00) _(_)_k_:v_j_e__c_tff_a_n_t_:v_g_gy_l_:_l_i_c_
Objects Properties Permissions Metrics Management Access points

Drag and drop files and folders you want to upload here, or choose Upload.

Objects (2)

Objects are the fundamental entities stored in Amazon S3. For others to access your objects, you'll need to explicitly grant them permissions. Learn more E

Actions ¥ H Create folder |

Q
Name 'y Type L4 Last modified v Size v
o images/ Folder - -
O labels/ Folder - -

Storage class v

35
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It’s a balance between speed and cost

*  Which VM did you choose?

Support~  Englishw My Acc

aws

rednvent Products Solutions Pricing Documentation Learn Partner Network AWS Marketplace Customer Enablement Explore More Q

Amazon EC2 Overview Features Pricing Instance Types ~ FAQs Getting Started Resources v

Accelerated Computing
General Purpose

- Accelerated computing instances use hardware accelerators, or co-processors, to perform functions, such as floating point number
g calculations, graphics processing, or data pattern matching, more efficiently than is possible in software running on CPUs
Compute Optimized

Memory Optimized

Accelerated Computing

Amazon EC2 P3 instances deliver high performance compute in the cloud

h up to 8 NVIDIA® V100 Tensor Core GPUS and up to
100 Gbps of networking throughput for machine learning

ses ind HPC applications.
Storage Optimized

Features:
Instance Features

* Up to 8 NVIDIA Tesla V100 GPUs, each pairing 5,120 CUDA Cores and 640 Tensor Cores
Measuring Instance « High frequency Intel Xeon E5-2686 v4 (Broadwell) processors for p3.2xlarge, p3.8xlarge, and p3.16xlarge.
Performance

High frequency 2.5 GHz (base) Intel Xeon 8175M processors for p3dn.24xlarge.

* Supports NVLink for peer-to-peer GPU communication

« Provides up to 100 Gbps of aggregate network bandwidth.

EFA support on p3dn.24xlarge instances

Dedicated .
. GPUMem Storage Networking
Instance GPUS VCPU  Mem (GiB) , GPU P2P £8S
(Gi8) (GB) : Performance
Bandwidth
€8s- Up to 10
p3.2xlarge 1 8 61 16 - 1.5 Gbps g
Only Gigabit
£85-
p3.8xlarge 4 32 244 64 NVLink B 7 Gbps 10 Gigabit
nly
€8s-
p3.16xlarge 8 64 488 128 NVLink % 14 Gbps 25 Gigabit
nly

2x900

Easy access to a GPU ik, 1€ B T GRTE Cpe CEee CHT

36



MATLAB |

B a|GPUEIR
Options chosen for setting up MATLAB

* Virtual Machine on AWS;

Dedicated .
. GPU Mem Storage Networking
Instance GPUs vCPU Mem (GiB) . GPU P2P EBS
(GiB) (GB) . Performance
Bandwidth
- EBS- Up to 10
AI Model Desl n p3.2xlarge 1 8 61 16 - 1.5 Gbps o
Only Gigabit

« MATLAB Deep Learning Container on NVIDIA NGC store

NVIDIA.NGC | CATALOG

4

Search containers Sort: Last Modified v

CHROMA Microvolution MILC

Easy access to a GPU

CHROMA is 2 Physics application designed Mic

37


https://ngc.nvidia.com/catalog/containers/partners:matlab

| MATLAB EXl

MATLAB FRREZI =R E

Steps to using the Deep Learning Container

1. Select and Run VM

2. Run Docker

Al Model Design

i BB 261b12cdf307:1 (matlab) - noVh X 4

& - C A Not secure | ec2-35-153-182-187.compute-1.amazonaws.com:6080

‘ 3. Remote to VM

¥ Applications

'

MATLAB
R2020D

Easy access to a GPU

38 38
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Steps to using the Deep Learning Container

| 4\ MathWorks

Al Model Design

4

Training DL network for Semantic Segmentation

Easy access to a GPU

39 39
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Run experiments to train networks and compare the results.

- Sweep through a range of hyperparameter values

- Compare the results of using different data sets P

BE 0 B W 7

Layout Stop | Training Confusion  Filter
- Plot  Matrix =

. Test different deep network architectures

Baseline Tuning
~ (3 DigitsClassifier
~ [, Baseline Establishment

[ Sweep Initial Learning Rate Baseline Tuning 2/7/2020, 12:53:36 PM [ 7/16 Trials

(View Experiment Source)

~ Result Details

) Basaline un @ Complete 7 A Stopped 0 O Eror 0
~ [& Baseline Tuning O Running 1 = Queued 8 X Canceled 0

[ Result1 (Running)

[ Larger Initial Leaming Rate Range q

[ Sweep Leaming Rate Conv Size and|

E Add Conv-Bateh-ReLu Banks Trial Status Progress Elapsed Time mylnitialLearn... convFilterSize Training g Accu... Training Loss Validation Ac..|

] Vary Filter Size of First Conu2D Laye |1 & Complete I 100.0% 0 hr O min 16 sec 1.0000e-§ 3.0000 12.5000 2.6481 10|

[EH Train Validation Spiit Study 7 @ Complete N 100.0% O hr O min 15 sec 1.0000e-5 3.0000 25.7813 2.1228 20.|

3 @ Complete I 100.0% 0 hr O min 14 sec 0.0001 3.0000 64.8438 1.0878 az |

4 © Complete | IEESSSSNNENN100.0°% 0 hr O min 16 sec 0.0005 3.0000 90,6250 0.4648 a9

5 @ Complete I 100.0%  0'hr O min 15 sec 1.0000e-6 4.0000 11.7188 2.4967 6.

- 6 @ Complete I ' 00.0% 0hr 0 min 15 sec 1.0000e=5 4.0000 23.4375 2.1213
EX erirm ent Man aoger A 7 @ Conpes | N0 0w omin 17sec | g

p g p p 8 © Running | 30.7% 0hr 0 min 4 sec 0.0005 4.0000
k] == Queued 0.0% 1.0000e-6 5.0000
10 = Queued 0.0% 1.0000e-5 5.0000
1 = Queued 0.0% 0.0001 5.0000

12 £= Queued 0.0% 0.0005 5.0000

- Reduces the need to code & manually _— e
manage experiments : :

16 = Queued 0.0% 0.0005 6-0000

Experiment Manager app to manage multiple
deep learning experiments, analyze and compare
results and code
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ZimFF1T% GPU lI%k
Steps to add a cluster to a MATLAB session

1. Setup Parallel Server in MathWorks Cloud Center

4\ Create Cluster - Cloud Center X = ==
& C 8@ cloudcenter.mathworks.com/cluster/create g »
Preferences * Give this cluster a name = GPUParallelCluster
1 User Preferences
O e u n I n g Global Cluster Access MATLAB Version = R2020b v
Automatically terminate cluster =~ When cluster is idle v
Cluster Log Level = Low v

> Location & Network

v Cluster Configuration
Shared State @ Personal Cluster (O Shareable Cluster @

Auto-Manage Cluster Access Set cluster firewall rules to let MATLAB communicate with your cluster. @

Worker Machine Type =~ Double Precision GPU (p3.2xlarge, 4 core, 1 GPU) v ©®

Workers per Machine 1 v %

Use a dedicated headnode Some features are available only with a dedicated headnode @
Headnode Machine Type

Standard (m5.xlarge, 2 core)

[0 Allow cluster to auto-resize @

O n d e m an d acceSS to Workers in Cluster e s

18 18 v Max: 1024
a G P U CI u S er Machines in Cluster 19 (Including headnode)

Note: You are charged for the use of your cloud provider’s clusters. Consider periodically checking your active resources
through your cloud provider account

v Cluster Shared Storage



MATLAB B

ZimFF1T% GPU lI%k
Steps to add a cluster to a MATLAB session

2. Change Default Cluster

BB 261b12cdf307:1 (matlab) - noVh. X 4
& C A Notsecure | ec2-35-153-182-187.compute-1.amazonaws.com:6080/vnc.htmi?password=matlab&autoconnect=true&resize=remote “ B e Update

¥ Applications

4 MATLAB R2020b ' X

Al Model Tuning

PLOTS
] = = Discover Clusters Sl ;5 Communit
B B 90O gmd® R, @ & conmmy
= Request Support
New New New Open 1) com| Ons Help —
cript Live Script  « v @ The following clusters were found. v v [l Learn MATLAB
FILE RESOURCES x
# ! B @/ » home » matla Select a cluster to use: v|P
Current Folder Cluster Name | Host | workers| Type | Release | Profile Name =
name ¢ GPUParallelClusters Amazon EC2 4 MATLAB job Scheduler R2020b X

] MATLAB.desktop

Details

Workspace
Name < Value

On demand access to
a GPU cluster |

+| Ready

42
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ZimFH1T% GPU 1%k
What options are available for training at scale?

4\ MathWorks'

Al Model Tuning

Run hyperparameter tuning in parallel using Experiment Manager

On demand access to
a GPU cluster

43
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HEE AT EERISRE

Steps to follow before deploying to the cloud

1. Create a Function that runs the trained model

2. Package (Production Server Compiler App)

Deployment

Run models on
demand

44
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Providing external users access on demand

Deployment

Run models on
demand

Accessible

« Get access to the latest model

Available

- Each model request calls a “hot” runtime

Scalable

« Suitable for single calls or batch workflows

MATLAB E3
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What options are available for deploying to production?

MATLAB Production Server from Azure Market Place

m Microsoft Azure Marketplace Apps Vv Search Marketplace A Mare

De p I O y m e n t Products > MATLAB Production Server (PAYG)
MATLARB Production Server (PAYG) © swetwmyi

MathWorks

(0) Write a review

Overview Plans Reviews

MATLAB Production Server is an application C

'_:am‘g‘[_"igs MATLAE Production Server™ is an application server for WA tpa.imasHezcatc dloudapp arre.com
Analytics .
Al +’Ma(hine Learning integrating MATLAB © analytics into web, database, and MATLAB Endpoint Status  READY
Compute production enterprise applications running on dedicated Dashiboard Version
Support servers or in Microsoft Azure. You can create algorithms in NANAS MRS | IONN
Support MATLAB, package them using MATLAB Compiler SDK™, and e R, i o i i e
Help then deploy them to MATLAB Production Server without
3 Server VM Opeeating System  Linux

recading or creating custom infrastructure. The elasticity of

Legal Numper of sarver vias

License Agreement Azure infrastructure combined with MATLAB Production Server
Privacy Policy enables your application to support many users LastRemesh Time  25812PM
simultaneously.

This solution template for Azure incorporates best practices to
R u n m Od e I S O n let you quickly create, configure, and deploy a scalable, highly- —— 'u ¥
available MATLAB Production Server environment. MathWorks
provides ARM templates that use preconfigured virtual -
demand |
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Steps to follow

Deployment

Run models on
demand

A mathworks-incmatlabprodserve: X (@ MATLAB Production Server Das

Ll -

&« X A Not secure | mpsrjsud63ztg56m.eastus.cloudapp.azure.com/dashboard/index.html

) MathWorks'

Waiting for mpsrjsud63ztg36m.eastus.cloudapp.azure.com...

MATLAB Production Server Dashboard

Username

mpsAdmin

Password

MATLAB E.
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What options are available?

Deployment

Run models on
demand

@ Semantic Segmentation x +

&} @ File | C:/Filetransfer/File%20transfer/MWorking/Working/TMDG/DL%20Matlab2%20Cloud/AlSeminar/demod/deploy/demodClient.html

Semantic Segmentation

This example shows an application that performs semantic segmentation on images stored in cloud.

You run this example by entering the url to the Azure Blob that contains images

Azure Blob url

| ‘wasbs://camvidbl ob@semar|

Azure access keys

[?5vw=2019-10-10&st=2020-1 |

Fence

| Perform Semantic Segmentation |

Segmentation Complete

MATLAB EX
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Deploy to Embedded and Enterprise systems from one codebase

Tools for handling deployment-specific challenges:

Fit models to embedded hardware with Quantization / Fixed-Point conversion
= Scale to data and users with MATLAB Production Server
= Incrementally adapt deployed models to maintain performance

Design, Deploy and Maintain Al-powered systems in one framework

49
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Data Preparation

Access data
anywhere

Labeled data
Stored in s3/blob

50

Al Model Design Al Model Tuning

Build models anywhere Compute on Demand

Prototype

MATLAB running via
Deep Learning Container
from NGC (NVIDIA)

Run Experiments

MATLAB Parallel Server
from Cloud Center

MATLAB E.

Deployment

Run models anywhere

Run Model anywhere

MATLAB Production
Server — PAYG
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