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Interoperability has an impact across different vertical applications

Coce Generation Report for
nn_KFNN_CCodeGen

Controls/ MBD workflows: models imported from OSS Audio/ Signal Processing: (call dataprocessing
are a part of a bigger system in MATLAB from Python)
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Case 1- Example: Battery Management Demo

‘CT) s control —>-_?—

@ emf

o

- OCEIE

RO

load []

Predictors RIEE[pelnEis
EH 669936x6 table
1 4
Current VYoltage Temperature Moving average Current Moving average termnperature battery_SOC

1 0.3851 0.7310 0.3031 0.3851 0.7310 0.2064
2 0.3852 0.7310 0.3046 0.3851 0.7310 0.2064
3 0.3852 0.7310 0.3061 0.3852 0.7310 0.2064
4 0.3852 0.7310 0.3076 0.3852 0.7310 0.2064
5 0.3852 0.7310 0.3091 0.3852 0.7310 0.2064
b 0.3852 0.7310 0.3106 0.3852 0.7310 0.2064
I 0.3852 0.7310 0.3120 0.3852 0.7310 0.2064
8 0.3852 0.7310 0.3135 0.3852 0.7310 0.2064
9 0.3852 0.7310 0.3130 0.3852 0.7310 0.2064

= Stepl: Train model in TensorFlow and save the model

= Step2: Import model into MATLAB and analyze architecture and validate the results

= Step3: Include into a Simulink model for desktop simulation

= Step4: Generate CUDA code from imported TensorFlow Model



Stepl: Train model in TensorFlow and save the model

() I ~ Home XJ & Battery_SoC_traill X |+ - a X
C @ @ localhost:8888/notebooks/Battery_SoC_trail1.ipynb @ 98 = @ ‘
: Jupyter Battery_SoC_trail1 Last Checkpoint: Last Friday at 1:57 AM (unsaved changes Logout
File  Edit  View Inset  Cel  Kemel  Widgets  Help |mp0rt | Python 3 O

+ % @ B A % MWRin B C » Cose v Packages and
prepare data :

In [ ]: M dimport pandas as pd
import tensorflow as tf
import scipy.io as sio
from scipy.io import loadmat

In [ ]: M X_train = loadmat('C:/Users/shmitra/Work/Simulink/Battery_ SoC_codeGen MATLAB_Kishen/Battery SoC_coc
Y_train = loadmat('C:/Users/shmitra/Work/Simulink/Battery_SoC_codeGen_MATLAB_Kishen/Battery_SoC_coc

4 >

In[ ]J: M X_train
Y_train

X_train["Xinput"]
Y_train["Y"]

In [ ]: M print(X_train.shape)
print(Y_train.shape[0])

In [ ]J: M from sklearn.model_selection import train_test_split
X_train, X_test, Y_train, Y_test = train_test_split(X_train, Y_train, test_size=0.2, random_state=¢

In T 1: M from tensorflow.keras.lavers import Input. Dense. Activation.Dropout Y



Step 2: Import and analyze architecture, and validate the results

4\ MATLAB R2021a

X
LIVE EDITOR INSERT BsaB9e @ @ seerch Documentation D
,gl}, = E [ compare N ki A3 Heading 1+ = = L& Refactor = lél [E] section Break |> (Y
New Open Save ST Y| Egmkmark . e BIUM Code Control Task R = (S o= o Step  Stop
- v v |zmEpot v - === - - &3 F+  Section [ RuntoEnd -
FILE NAVIGATE TE)ﬂi CODE SECTION RUN =
e EHR A » C b Users b shmitra b Work » Simulink b Battery SOC_ClutterFree » P
Current Folder G B Live Edito  SOC_ClutterFree\importFromTF _Pred Codegn.mbx Workspace @
Name * | importFromTF_Pred_Codegn.mix ¢ | + | ame =
% SoCCodeGenPisce.mix | -
"] prediction.m - - =3
- Lo B Import Network from TensorFlow, analyze architecture and validate -
e prediction results =
] battery_Soc_predict.m =
[ battery 50C_net.mat
= Train H
R Import TensorFlow Network into MATLAB
Test
BSED 1 battery_SeC_net= importTensorFlowNetwork('TF2.3/batterySoc_net', 'OutputLayerType', 'regression')
2 save( 'battery_SeC_net.mat',"battery_SOC_netr ™
Analyze the Imported Network Architecture
3 analyzeNetwork(battery_SeC_net);
Load Test Data
% Load test data i
Command Window ®
New to MATLAB? See resources for Getting Started. x
Details 4 ]{;j7 -
Select a file te view details
< >

uTF-8 iF T [seript



Step3: Include into a Simulink model for desktop simulation
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Step4: Generate CUDA code from imported TensorFlow Model

HOME LIVE EDITOR INSERT Caleb v
@ @ HJJ ™ ) Find Fites l% @ ttisvmblev q [_('\{AnalyuCode @ E {0} Preferences & @ % Community
New New  New Open (iZ| Compare Import Clean B saveWorkspace ., & Runand Time Smalink | Layout TP SEPIN 44000 g (3 Request Support
Script LiveScript v v Data Data (% Clear Workspace v v (% Clear Commands v v il Paraltei ~ - v [l Learn MATLAB

FILE VARIABLE CODE SIMULINK ENVIRONMENT RESOURCES =
<E = E @l E > E» Caleb » Deeplearning » MATLABEXPO2022 » battery-state-of-charge-dl_interoperabil ter » cod » vl p
Current Folder [Gll B Live Editor - E\Caleb\DeepL earning\MATLABEXPO2022\battery-state-of-charge-dl_interoperability-master\codegeneration\CodeGenerationF orModelfromTensorFlow.mix
Name ~ | CodeGenerationForModelfromTensorFlow.mix | battery_SOC_predictm | + |

®  codegen
£ battery_SOC_net_100epochs.mat
) battery_SOC_predict.m
[ battery_SOC_predict_mex.mexw64
£ CodeGenerationForModelfromTensorFlow.mIx

Code Generation For the Imported Model from TensorFlow

This example shows how to generate CUDA® MEX for a model from TensorFlow

Third-Party Prerequisites

Required
= CUDA enabled NVIDIA® GPU and compatible driver. %

Optional
For non-MEX builds such as static and dynamic libraries or executables, this example has the following additional requirements |
= NVIDIA CUDA toolkit.

= NVIDIA cuDNN library.
= Environment variables for the compilers and libraries. For more information, see Third-party Products and Setting Up the Prerequisite Products.

Details 2 Verify GPU Environment
Wotkspace ® To verify that the compilers and libraries for running this example are set up correctly, use the coder checkGpulnstall function.
Name « Value
 ans 1x1 struct 1 envCfg = coder.gpuEnvConfig('host');
2 envCfg.DeepLibTarget = ‘cudnn’; —

: battery_SOC_net_100epo... 7x7 DAGNet.. 3 hvCTy Decptedenen =1
% envCfg 1x1 gpuEnvC... 4 envCfg.Quiet = 1;
Hi 39293 5 coder.checkGpuInstall(envCfg);
© net 1x1 SeriesNet...

X_Test_n10degC_Norm  39293x5 dou... Import TensorFlow Network into MATLAB
A Xi
R meUt 41 cell 6 battery_SOC_net_10@epochs= importTensorFlowNetwork('../results/TF_batterySoc_net_18@epochs’, 'OutputlLayerType’, ‘regression’)
0lY_Observed 4x1 cell
o Importing the saved model...

Y_Pred_mex 4x1 cell . Translating the model, this may take a few minutes...
. Y_Pred_n10degC 39293x1 single T ®
0lY_Pred_networkML 4x1 cell -
Y _Test_n10degC_Norm 39293x1 dou... =

|Zoom: 110% [

£ ‘
=
o
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Mitsui Chemicals Deploys Al and Automation Systems with

TensorFlow and MATLAB

Challenge

Automate visual inspection of sheet-shaped products and
ensure ease of use and maintenance of the deployed
model

Solution

Import the trained TensorFlow-Keras model into MATLAB
using an importer, create a user interface, and deploy it in
the field as an application

Key Outcomes
= Reduced visual inspection time by 80%
= Effectively used models trained in other frameworks

= Deployed application with a user interface that anyone
can use

Link to case study

|. Al- BE){ERTRFEOATOEDEH ey
RGBEEBE || EROERK - AEAROEBHIE
BRI ikas
SRIERR || -WERE
-BRNEADE
HIRWRRRICEND
Al § 3 AI-BEEiHO
B [?la;.:)”‘l: J [ ;tﬂ;?& ] [ . J A% - R4t
FRATTRAR [ MM ] [1!77\‘/‘7'—“"/3‘/] [ TR P ] ]

F-HER 151> 280 HY FINA e
fmn 0B MRS et

Model development with Python (TensorFlow-Keras)
and efficient onsite implementation of models with
MATLAB.

“‘MATLAB solved our problems on the field
implementation and saved development time. That

led to highly accurate development.”
- Shintaro Maekawa, Mitsui Chemicals, Inc.

12


https://www.mathworks.com/company/user_stories/case-studies/mitsui-chemicals-deploys-ai-and-automation-systems-with-tensor-flow-and-matlab.html

Ways to Interoperate with TensorFlow and PyTorch
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Ways to Interoperate with TensorFlow and PyTorch
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ONNX Exporting and Importing

L At Ppal]
M B4
[E=3

Ol 27

[oi8-
|

o g

» C: » Deeplearning » MATLAB

TR

ImportONNXNetworkExample.mix (2}0|= A3 E)

e

Yot =2 | &2mEgy B S 44 Lixd|
* =l W M = o % = Alsl O x| [)
®7| v are B I 1 ac peg mo % & 23 o [ R 4y Naler
4210 v - v (& & = uu B 20X Ay
}4 Hae ac ) Ay
_TF_PyTorch » ImportONNXNetworkExample
® |= 210]= ME 7| - C:WDeeplearning®MATLAB_TF PyTorchimportONNXNetworkExam ple¥!mport ONNXNetworkExample.mix
ImportONNXNetworkExample.mix +

Import ONNX Network as DAGNetwork

Import a pretrained ONNX network as a DAGNetwork object, and use the imported network to classify an image

@ ¢

Generate an ONNX model of the squeezenet convolution neural network.

1 squeezeNet = squeezenet;
2 exportONNXNetwork(squeezeNet, "squeezelNet.onnx"); I}
Specify the class names.
3 ClassNames = squeezeNet.Layers(end).Classes;
Import the pretrained squeezeNet .onnx model, and specify the classes. By default, importONNXNetwork imports the network as a DAGNetwork object.
4 net = importONNXNetwork("squeezeNet.onnx",Classes=ClassNames)
net =
DAGNetwork - =4 AS:
Layers: [70x1 nnet.cnn.layer.Layer]
Connections: [77x2 table]
2 InputNames: {'data'}
® OutputNames: {'ClassificationLayer_prob'}
Analyze the imported network.
5 analyzeNetwork(net)

Read the image you want to classify and display the size of the image. The image is 384-by-512 pixels and has three color channels (RGB).

,~

X O
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Use MATLAB and Python in model training



Ways to Interoperate with TensorFlow and PyTorch
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Why Co-execution?

Calling Python from MATLAB Calling MATLAB from Python

e~ - ‘\'\ \f"\
A -

— =

[ Python Interface ] [ MATLAB Engine ]

Already working in MATLAB, and: Already working in Python, and:
« Want to reuse existing Python code * Want to reuse existing MATLAB code
* Need functionality that is only available in Python * Need functionality available in MATLAB

 Want to collaborate with MATLAB users

18



Ways to Interoperate with TensorFlow and PyTorch
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Example: Speech Command Recognition — Train in PyTorch,
call data processing in MATLAB

4\ Video Preview - In O

« Step 1: Setting up MATLAB engine in Python

4\| Figure 2

File Edit View Insert Tools Desktop Window Help

NEWs 8|08 s « Step 2: Setting up functions to call MATLAB from

. 595216 . 3204 PyTO rch
0.1
. - = S » Step 3: Preparing data and designing network in
ok | PyTorch
02 . . L L L L L
2000 4000 6000 8000 10000 12000 14000 16000

« Step 4: Calling MATLAB preprocessing functions
from PyTorch training loop

40
30

20

« Step 5: Exporting trained network to ONNX and
import ONNX model in MATLAB

10

20



Example Workflow

Design and train neural networks

Data Processing

O PyTorch -

importONNXNetwork

€ ONNX

v

Retrain/Inference

Generate Code

Visualize

Simulink Integration

21



Example Workflow

Design and train neural networks

Data Processing

4\

O PyTorch -

[ MATLAB Engine J

{ MATLAB

22



Step 1: Setting up MATLAB engine in Python

Install the Engine API
At the MATLAB command prompt —

cd (fullfile(matlabroot, 'extern’, 'engines’, 'python’))
system( 'python setup.py install’)

*Calling MATLAB from Python

Start MATLAB Engine
Start Python, import the module, and start the MATLAB engine:

import matlab.engine
eng = matlab.engine.start _matlab()

23


https://www.mathworks.com/help/matlab/matlab-engine-for-python.html

Step 2: Setting up functions to call MATLAB from PyTorch

import torch

from torch.utils.data import Dataset, Dataloader
import torch.nn as nn

import torch.onnx

import time
import os

cuda = torch.device('cuda')

# start a MATLAB engine

import matlab.engine
MLEngine = matlab.engine.start_matlab()

miniBatchSize = 128.8

# Prepare training dataset
class TrainData(Dataset):
def __init__ (self):
# Create persistent training dataset in MATLAB
MLEngine.setupDatasets(miniBatchSize)
# Set the dataset lLength to the number of minibatches
# in the training dataset
self.len = int(MLEngine.getNumIterationsPerEpoch())

def __getitem_ (self, index):
# Call MATLAB to get a minibatch of features + Labels
minibatch = MLEngine.extractTrainingFeatures()
X = torch.FloatTensor(minibatch.get('features'))
y = torch.FloatTensor(minibatch.get('labels'))
return x, y

function [ads, batchSize] = setupDatasets (varargin)

persistent adsTrain miniBatchSize
if isempty(adsTrain)
ad=sTrain = audioDatastore (datafolder,
'"IncludeSubfolders', true,
"LakbelSource', 'foldernames") ;

if nargin = 0

miniBatchSize 128;
else

miniBatchSize = wvarargin{l}:;
end

end

ads = adsTrain;
batchSize = miniBatchSize;

24



Step 2: Setting up functions to call MATLAB from PyTorch

import torch

from torch.utils.data import Dataset, Dataloader
import torch.nn as nn

import torch.onnx

import time
import os

cuda = torch.device('cuda')

# start a MATLAB engine
import matlab.engine
MLEngine = matlab.engine.start_matlab()

miniBatchSize = 128.8

# Prepare training dataset
class TrainData(Dataset):
def __init__ (self):
# Create persistent training dataset in MATLAB
MLEngine.setupDatasets(miniBatchSize) function numlterations = getNumlterationsPerEpoch
# Set the dataset lLength to the number of minibatches
# in the training dataset

3 N . [trainingDatastore, batchSize] = setuplatasets;
self.len = int(MLEngine.getNumIterationsPerEpoch())

numIterations = numel (trainingDatastore.Files) /batch3ize;

def __getitem_ (self, index):
# Call MATLAB to get a minibatch of features + Labels =nd
minibatch = MLEngine.extractTrainingFeatures()
X = torch.FloatTensor(minibatch.get('features'))
y = torch.FloatTensor(minibatch.get('labels'))
return x, y

25



Step 3: Preparing data and designing network in PyTorch

Initiate a handle to prepare the data that will be read in the training loop

trainDataset = TrainData()

trainLoader = Dataloader(dataset=trainDataset, batch_size=1)

l

Similar to Datastores in MATLAB

MATLAB
Engine

Design the neural network architecture

self

self

self

self

self

self

1~

class CNN(nn.

self.

self.

self.

self.
self.

Module):

# Contructor

def __init__(self, out_1=NumF):
super(CNN, self).__init_ ()
self.
self.

cnnl = nn.Conv2d(in_channels=1, out_channels=out_1, kernel_size=3, padding=1)
batchl = nn.BatchNorm2d(out_1)

.relul = nn.RelLU()

maxpooll = nn.MaxPool2d(kernel_size=3, stride=2, padding=1)

.cnn2 = nn.Conv2d(in_channels=out_1, out_channels=2%out_1, kernel_size=3, padding=1)
self.
self.

batch2 = nn.BatchNorm2d(2*out_1)
relu2 = nn.RelU()

maxpool2 = nn.MaxPool2d(kernel_size=3, stride=2, padding=1)

cnn3 = nn.Conv2d(in_channels=2*out_1, out_channels=4 * out_1, kernel_size=3, padding=1)

.batch3 = nn.BatchNorm2d(4 * out_1)
self.

relu3 = nn.RelU()

.maxpool3 = nn.MaxPool2d(kernel_size=3, stride=2, padding=1)

cnnd = nn.Conv2d(in_channels=4 * out_1, out_channels=4 * out_1, kernel_size=3, padding=1)
batch4 = nn.BatchNorm2d(4 * out_1)

.relud = nn.RelLU()
self.
self.

cnn5 = nn.Conv2d(in_channels=4 * out_1, out_channels=4 * out_1, kernel_size=3, padding=1)
batch5 = nn.BatchNorm2d(4 * out_1)

.relu5 = nn.RelLU()

= A Y o LI - : P 5 Lo P
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Step 4: Calling MATLAB preprocessing functions from PyTorch

training loop

Custom training loop in PyTorch

miniBatchSize = 128.@

# Prepare training dataset
class TrainData(Dataset):
def __init__ (self):

# Create persistent training dataset in MATLAB
MLEngine.setupDatasets(miniBatchSize)
# Set the dataset length to the number of minibatches
# in the training dataset
self.len = int(MLEngine.getNumIterationsPerEpoch())

def _ getitem__ (self, index):

for epoch in range(n_epochs):

if epoch == 2@:
for g in optimizer.param_groups:
g['lr'] = 3e-5

count = @
for batch in trainLoader:
count += 1

1 1

print('Epoch ', epoch+l,
X = batch[@].cuda()

y = batch[1].cuda()
optimizer.zero_grad()

z = model(torch.squeeze(x.float(), 8))

loss = criterion(z, torch.squeeze(y).long())
loss.backward()

optimizer.step()

Iteration', count,

# Call MATLAB to get a minibatch of features + Llabels
minibatch = MLEngine.extractTrainingFeatures()

x = torch.FloatTensor(minibatch.get('features'))

y = torch.FloatTensor(minibatch.get('labels'))

return x, y

function [ads, batchSize] = setupDatasets(varargin)

persistent adsTrain miniBatchSize
if isempty(adsTrain)
adsTrain = audioDatastore (datafolder, ...
*IncludeSubfolders',true, ...
'LabelSource’, 'foldexrnames’');

if nargin == 0
miniBatchSize = 128;

3
i

*]
"
w
o
ot
3]

)
n
I
N
it

I

varargin{l};

" of ', trainDataset.len)
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Step 5: Exporting trained network to ONNX and import ONNX model
in MATLAB | e

= In PyTorch, export model to onnx

= Import the model to MATLAB with importONNXNetwork

>> cmdRecognitionONNX = importONNXNetwork('cmdRecognition.onnx', 'OutputlayerType'’, 'classification’')

““““
........

28



Ways to Interoperate with TensorFlow and PyTorch
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Using TensorFlow Network Design Inside the MATLAB Script

Calling Python from MATLAB

In this example, you invoke TensorFlow training from MATLAB. The training loop is in MATLAB. The neural network model and the
gradient/loss computations happen in TensorFlow.

Setup Training Datastore
Set up a tranining datastore with the desired minibatch size. This is the same function used in the original demo version (call
MATLAB from Python).

miniBatchSize = 128;
[trainingDatastore, validationDatastore] = setupDatasets(miniBatchSize);
numIterationPerEpoch = numel(trainingDatastore.Files)/miniBatchSize;

Compute Validation Data
Get the validation data (similar to original example).

validationData = extractValidationFeatures;
validationData.features = permute(validationData.features, [1 3 4 2]);

Instantiate the deep learning model. This is a class defined in Python. You will call methods on this object in the training loop.

model = py.SpeechCommandRecognition.SpeechCommandRecognition();

30



Using TensorFlow Network Design Inside the MATLAB Script

Instantiate the deep learning model. This is a class defined in Python. You will call methods on this object in the training loop.

model = py.SpeechCommandRecognition.SpeechCommandRecognition(); | >

Training Loop

In the training loop, call the method forward to update the weights.

numEpochs 1,
for epoch = 1:numEpochs
model.initializeAcc;
for 1 = l:numlterationPerEpoch
if mod(i,10)==1
fprintf('Epoch %d - Iteration %d of %d\n',epoch,i,numIterationPerEpoch);
end
values = extractTrainingFeatures;
features = permute(values.features, [1 3 4 2]);
labels = values.labels.';
model. forward(features, labels, pyargs('training’, true));
end
model.printAcc;

z = model.forward(validationData.features, 9);

z = double(z);

[NJm] = max(zJ[]Jz);

acc = sum((validationData.labels == (m-1)))/numel(m);

fprintf('Validation accuracy: %f percent\n',l1lee * acc);
end
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Using TensorFlow Network Design Inside the MATLAB Script

Instantiate the deep learning model. This is a class defined in Python. You will call methods on this object in the training loop.

model =

py .SpeechCommandRecognition.SpeechCommandRecoghition();

Training Loop

In the training loop, call the method forward to update the weights.

numEpochs

1;

for epoch = 1:numEpochs

I model.initializeAcc;

for

1 = l:numIterationPerEpoch
if mod(i,10)==1
fprintf('Epoch %d - Iteration %d of %d\n',epoch,i,numIterationPerEpoch);
end
values = extractTrainingFeatures;
features = permute(values.features, [1 3 4 2]);
labels = values.labels.';
model. forward(features, labels, pyargs('training’, true));l

end

model.printAcc;

Z

model.forward(validationData.features, 9); I

end

Z

double(z);

[NJm] = max(zJ[]Jz);

acc

= sum((validationData.labels == (m-1)))/numel(m);

fprintf('Validation accuracy: %f percent\n',l1lee * acc);

cdnitiali

forward(

CEpoch_

cepoch_ac

mod

model  trainable_variab

cnodel trainable_variab

32



Summary: MATLAB with TensorFlow & PyTorch

Model Exchange

Used when working mainly with Deep Learning models
(R2017b or later)

O PyTorch

1F TensorFlow

-

TensorFlow Importer

Caffe Importer

MATLAB

Caffe

Other
Frameworks

Best for Al model evolution, codegen, and system integration

= Import model from third-party framework to Deep Learning Toolbox

= Use MATLAB's data labeling/ processing/ code generation and compiler
pipelines

= Integrate model into Simulink using Deep Learning Toolbox blocks or
MATLAB Function block

= Export modified model to third-party framework if needed

Co-execution

Used when

»  working with Deep Learning models or other Matlab/ Python code
« pretrained models cannot be directly imported into MATLAB

4\

MATLAB

A
v

Best for encapsulation and reuse of Python code in MATLAB/ Simulink

= Use existing data pipelines in Python and train and perform experiment
management in MATLAB using apps

= Use TensorFlow/ PyTorch for training with MATLAB's data labeling/ processing
pipelines

= Create Python APl in separate MATLAB function in Simulink

= Use a MATLAB Function block in Simulink to call Python subroutines and models

33
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