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Embedded devices are resource-constrained
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Embedded Al Workflow
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Compression bridges the gap between Al modelling and
embedded deployment

Reduce model footprint and accelerate inference
of Al models

Structural Data Type
Compression Compression

(oo @ o[ @ | oo
m=m) Pruning ssss) Projection =m=) Quantization s==m) Code Generation wem) @:

Target

40\ 15|0r ;50 Low Medium

[ ]
8+ 30 - - 70 7, (O ARM CPU
Al model 20~ “g0 Off o £\, High () GPU (CuDNN)
~900 KB 50 107 '~90 & () FPGA

0 100 @ Plain C/C++
\_ VAN Y,

~70 KB

O




4\ MathWorks:

Agenda

- Code Generation for Deep Learning Networks

— Network Compression Techniques
= Structural Compression
- Datatype Compression (incl. Quantization)

— Techniques for Optimizing Performance

= Code Generation for other Machine Learning Models
— Overview



4\ MathWorks:

Agenda

- Code Generation for Deep Learning Networks

— Network Compression Techniques
= Structural Compression
- Datatype Compression (incl. Quantization)

— Techniques for Optimizing Performance

= Code Generation for other Machine Learning Models
— Overview



Deploy efficient Al to any processor with code generation

Original Network Layer Connections

~ Model Compression

Pruned Network Layer Connections.
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Compression bridges the gap between

Structural Compression
\
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convolution layer filters learnables matrices
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modeling and deployment

Datatype Compression

rrrrrr

Quantization of network
weights to lower precision
datatypes (INT8/INT16,
bfloat16)


https://www.mathworks.com/company/newsletters/articles/compressing-neural-networks-using-network-projection.html
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Workflow for Compressing Deep Neural Nets
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Constraints Model Compression Parameters Integrate
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Neural Network Projection

Applies principal component analysis
(PCA) to weight matrices and projects
them from high-dimension space to low-
dimension space

Technical article on network projection technique

4\ MathWorks
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https://www.mathworks.com/company/technical-articles/compressing-neural-networks-using-network-projection.html?s_tid=srchtitle
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Reduce model sizes using projection

Assumption: High-dimensional
space of input and output
neurons is redundant
@ o
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Projection Results — case study

Example: LSTM Network for 0.014 Error. 5 2107 Model Size 3.5 erormance
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https://www.mathworks.com/help/deeplearning/ug/compress-network-for-estimating-soc.html

Workflow:

Processor-in-the-Loop (PIL) Simulations
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execution on ARM Cortex-M7 processor

Stop Time| timeVector

Running

View diagnostics

193%

1=36607.000 | INEEEA

Pause Stop Data
Inspector v
- 4 SOC_Estimation Y - >
e J (PIL) " Al true
= inpu
p e I
= © 4 4] Download finished - X
= input > SOC_Estimation The executable file has been downloaded to S32K344 board.
input
= p Cl )——— ¥
| [t C0ument €] L7 curent
( —» ———) m
true e ©  volta e—b- - >
» " ‘—[ s 9 @ voltage
= emperature . >
nomalize temperature [E] temperature
inputSignals
measuredSOC > [ )—>»CD)
: true 4 lal m true -
C 2
current -
.3
m voltage
[E]
temperature
E FFN_TensorFLow sSVM EKF ShallowNN SVMOPT LST™M Tree FFN_MATLAB
» |li=
Diagnostic Viewer ¥ x
J 09:24 PM: SIL/PIL Simi 0 ®o0 :

auto(FixedStepDiscrete)

Jopadsuy Apadoid

Running

4

File

Running

Tools

Tools

«cWwire

View Simulation Help

@|%-|a- @ F@-

true, estim

View Simulation Help

G- @ F@-

current

Sample based T=36607.000

Sample based T=36606.000

&\ MathWorks

16



&\ MathWorks'

Projection can be applied to a variety of neural networks

=  Supported layer types:
— LSTM layer
— GRU layer
— FullyConnected layer
— Convolution2D layer

= Try projection on:
— Recurrent Neural Networks (RNNs)
— Convolutional Neural Networks (CNNs)
— Object Detectors
— Fully-connected Networks (aka MLP)
— Other networks with large fully connected layers

17
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Taylor Pruning for 2D convolutions

Supported networks
« Semantic segmentation
« Classifiers

Remove redundant convolution filters «  Object detectors
. . / Pruning Loop \ ( .
Trained Network Pruned +
[ Evaluate importance ]<__‘ Retrained Network
of weights

¥

Remove the least
important weights

¥

\ J [ Fine Tuning

\ (training)

[ Retrain ]

\%
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Taylor Pruning Applied to Popular Networks

0,
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Deep Learning Quantization Workflow

Weight
— — Quantization
Run inference and collect
numerical statistics Data

Quantization

iy, INstrument Quantize

Pre-trained
network

Quantized ‘INT8’
Network
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Deep Network Quantizati

on App

Deep Network Quantizer A RER =
I DEEP NETWORK QUANTIZER
|£|:|I:| Calibration Data: @ Validation Data: @ W
Mew |’calibratianatastcre—pixelLa... - | Calibrate |’validationDatastore—p\xelLa... - | Hardware Settings  Quantization Options  Quantize and Validate  Export
- ke - - - -
CALIBRATE VALIDATE EXPORT a
Graph Q Getting Started Calibration Statistics Q
' dReL ! * Activations -33.7331)  29.9982 : : : 3 : :
.l ~ Decoder-Section-1-...
1 Activations 0.0000  29.9982 i : ] 3 i
® Decoder... : ; ' ' :
T ~ Decoder-Section-1-._. B
ey Activations 0.0000 104.9566 :
wDecoder... ~ Decoder-Section-1-...
\ Activations -72.8132  146.2526 : : : :
® Decoder... : :
3 Weights -0.0734  0.0754 ‘'IE
# Decoder.... Bias 6.9937 1.0057 H
T H
& Decader... ~ Decoder-Section-1-..
Y Activations 0.0000 146.2526
@ Decoder_ !
T ~ Decoder-Section-1-..
@ Decoder... Activations -126.8753| 192.2471 : : : 5
T ;
) Weights -0.0977  0.1076 N | M . .
LY Bias 6.9957 1.0076 H H
Decader... : :
~ Decoder-Section-1-..
Decoder-Section-2-Conv-1 Activations 0.0000) 192.2471
~ Decoder-Section-2-..
Decader...
Activations -106.4030 132.5682
Decoder... ~ Decoder-Section-2-...
T Activations 0.0000 132.5682
~ Decoder-Section-2-..
Decader...
Activations 6.0000 132.5682
Decader... ~ Decoder-Section-2-...
by - N -
. Activations -89.1428  175.4173
T Weights -0.1076 0.1024
e Bias 0.9734  1.04n4
# Decadler... ~ Decoder-Section-2-... . .
1 P~
] oecner Achuatons 0.0 & Validation Results Resources report
T ~ Decoder-Section-2-..
# Decoder.. - — -/
Activations -167.35  Number of samples: 1 /
Weiahts -0.164

Metric

Floating-Point Network Results

Quantized Network Resulis

Percent Change

Learnable parameter memory (MB)
hComputeSemanticSeg

127.2840
Monscalar or Monnumeric data

425567
Nonscalar or Monnumeric data

66.5655
Nonscalar or Nonnumeric data
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INT8 simulation and code generation with Simulink Layer Blocks

/ dinetwork /L

dgq = dlquantizer(net,
‘ExecutionEnvironment’,
‘MATLAB’)

4\ MathWorks'

prepareNetwork

calibrate

quantize Quantized
dinetwork

Simulink
Model with
Quantization

exportNetworkToSimulink

Fixed-Point Simulation
and Code Generation
in Simulink

23



Step 1: Prepare Network

>> dq = dlquantizer(net, ExecutionEnvironment='MATLAB");
>> dqg.prepareNetwork();

4\ MathWorks

| -0 4\ Deep Learning Network Analyzer - O X
Analysis for dinetwork usage .
N ¥ . 9 Analysis for dinetwork usage
ame: net
k 17 0 oo .
Analysis date: 20-May-2024 09:44:16 Name: pnet 199.8k 12 0 00
Analysis date: 19-May-2024 21:04:56
LAYER INFORMATION
Name Type Activations Learnable Sizes State Sizes LAYER INFORMATION ( E‘
) F— ot Feature Input 990(@) = 1(6) . Name Type Activations Learnable Sizes State Sizes
T
 batchnom_1 > Encodert Fully Connected 128(0) = 1(8) \ielghts 128 x 640 f input Feature Input 648(C) = 1(B) R R
Y IZ8 Tully connected layer Bias 128 %1 # Encodert
et s |betchnom_1 Batch Normalization [128(C)  1(8) Offset 128 1 Trainedbean 15 . ‘-r” s P— PRy Ry 128 = 530 |-
Sate nor R p— scale 12 x 1 Trainedvar. 15 . pret- B ’ - s
i A 128(0) = 18 - - -
{ botetom_2 S fel @@ TE’°"“" 3 RelU 125(C) = 1(8) B B
I . Encoder? Fully Connected 123(¢) = 1(8) leights 128 « 128 |- o a2
T'E‘L» Fod ke L Blac 1T i 3 Fully Connected 15s(0) = 1(8) Weighte” 128 x 128 -
» Sotieneck 5 |batchnom_2 Batch Normalization |128(C)  1(3) Offset 128 x 1 Trainedliean 128 .. # Sotllensck Bias 128 < 1
T Batch normaliation with 128 channsis Scale 128 x 1 TrainedVar.. 128 . ' . F 250 - 10 - -
§ petohnom. 3 7 [reli2 RelU 128(0) = 1(3) - - premd
Rell] '
ooz B « « -
T 2 [Bottleneck Fully Connected [8(C) * 1(3) Veignts 8 = 128 # Decodert : Fully Connected 8(0) * 1(8) ueights 8 x 128
& Decocert mected yer Bias  8<1 Y Bias 8= 1
I ™ Bstch Nommalzstion |5(C) = 1(8) Offset 8 x 1 Trainediean 8 x- grens 7 RelU 8(C) * 1(8) - -
e malization witn 8 ch Scale &1 TrainedVari- 8 xw I
 Dacoderz
ol > Fully Connected b Rell 8(0) * 1(8) - - ; 3 Fully Connected 128(C) = 1(8) \leights 123 = & R
1 & el 5 Bias 128 = 1
 Decod v 1 Fully Connected 123(C) = 1(8) Weights 128 x 8 - v -
& oatennom_s C Blas 128~ 1 & output e el RelU 128(c) = 1(8) - N
i - Fully Onnemed‘l-aye‘r Batch Normalization |128(C) x 1(8) Offset 128 « 1 Trainedliean 128 -
28 channels Scale 128 x 1 TrainedVarn 128 " |Decoder2 Fully Cennected 123(C) = 1(8) Weights 128 = 128 -
RelU 128(0) = 13) 28 fully connected layer Bias 128 =1
relu_5 RelU 128(C) = 1(8) - -
) Batch Normalization FulyConnacted  [128(C) x 1(8) velgnts 128 x 128 |- ) Fully Connected P Relu
Bi 128 x 1
| - Il Output Fully Connected 648(C) = 1(B) Weignhts 648 = 128 |-
| Batch Normalization |128(C) = 1(8) Offset 128 x 1 Trainedbean 128 .. h 4 640 fully Biss 640 % 1
Batch Normalization Lay 28 chennet Scale 128 x 1 TrainedVar. 128 .
RelU 125(0) * 1(8) E E Fully Connected Layer
wt Fully Connected 648(C) = 1(8) leights 640 = 128
) RelU > ly connected layer Bias 640 x 1 : RelLU >
N b4
ReLU Layer RelU Layer

Benefits to Export to Simulink Improved accuracy Avoid error conditions  Layer fusion

Preparation

Projection to
quantization
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Step 2: Use calibration data for quantization

>> dqg.calibrate(reprentativeData);
>> gnet = dqg.quantize(ExponentScheme="'MinMax");
>> ypred = predict(gnet, testData);

1 Original Net Test Set ROC Curve

Quantized Net Test Set ROC Curve
1 v T T T 0ok # __Cutoff Decision Fojn
l // ROC Curve
09 * Cutoff Decision Point | 4 -

08}
0.8
07}
da
07! <
06
06
o
05}
05} 1 -
04
0.4
03
0.3

-

TPR

02} 02}
01} 01F
0 0 L L L 1 ' i L s L
0 02 04 06 08 1 0 0.1 0.2 0.3 04 0.5 06 07 0.8 09 1
FPR FPR
AUC AUC
AUC = single AUC = single
@.8994 9.8987

True Class

normal 13.5%

abnormal

normal abnormal
Predicted Class

4\ MathWorks
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Step 3: Simulate in Simulink

>> exportNetworkToSimulink(gnet);

single sfix8 EnS sfix8 EnS sfix8 EnS sfixB EnS. sfix8 EnS sfix8 EnS sfixd En6 sfix8 Enl sfix8_EnS sfix8 EnS 5fix32 En13
Fully Connected > ReLU Fully Connected »> ReLU Fully Connected > ReLU Fully Connected > ReLU Fully Connected > ReLU #|  Fully Connected
N JL L JL JL JL 34 JL JL JL
input outl
Encoder1 relu_1 __,——" Encoder2 AN relu_2 Bottlensck relu_3 Decoder1 relu_4 Decoder2 relu_5 Output
- ~,
—_— N,
_———"'—— \*s\
-
- ~,
T ~ Accuracy of Approximations
- ~,
e " 1 : ; - ———r

Block Parameters: Encoder2 ®
Fully Connected Layer (mask) (link)
Fully connected layer 05

Main Data Types Bxecution

Output minimum: Output maximum:
B @ B 0 |
Output data type: |fixdt(L,8,5) M EE

[ Lock data type settings against changes by the fbed-point tools

Integer rounding mode: |F\mr v‘ 05} A

[ saturate on integer overflow
¥ Additional data type

Data Type Minumum Maximum
Weights: |fixdt(1,8,8) S > o [ o B -1_5 ; _3 'tz '1 ‘; ‘; é :; ; s
Bias: | fidt(1,32,13) e RG] 3 o B
Matrix multiply: |ﬂ)dtﬂl,32,l3) "lm | >> | ||:| ‘El |D @ —:;:oid
~ = = fixed.lookup.tanh
[ ok || cancel || weip || py = = = fixed.lookup sigmold

Numerically

comparable
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Model Browser

Step 4: Generate C or C++ Code for

MODELING FORMAT

B

«

<« 4r BatterySOC_LSTM_Layer Bocks
® |[’alBatterySOC_LSTM P [Pa] BatterySOC_LSTM_Layer Bocks -
ale-Symmetric 1D Dropout
einput_normalization Istm_1 dropout_1
nm

Code ® x
& BatterySOC_LSTM.c (58) v Q Search
Highlighting: O <s1>Astm_1 1758 & > X
29274 0.00564412819F) / BatterySOC_LSTM_ConstB.SubtractMin[2], 1) - 1.0F, -
29275 1.0F);
/* End of Outputs for SubSystem: '<S112>/ForEach' */
/* End of Outputs for SubSystem: '<511@>/Rescale-Symmetric_ForEachChann
/* End of Outputs for SubSystem: '<S1>/sequenceinput_normalization' */
/* Outputs for Atomic SubSystem: '<S1>/1stm 1' */
/* Product: '<S22>/W*x' incorporates:
* Constant: '<S22>/InputWeights’
*  ForEachSliceAssignment generated from: '<S113>/0utl’
*/
29286 memset (&rtb_Wx_b[B], @, sizeof(real32 T) << 9U); —
20287 = for (i_0 = @; i_® < 3; i_6++) {
29288 rtb_MatrixMultiply @ = rtb_ImpAsg InsertedFor Outl at [i 8];
29289 = for (i =@; i <=508; i += 4) {
29290 tmp_2 = _mm_loadu_ps (&rtb_lix_b[i]);
29291 _mm_storeu_ps(&rtb_Wx_b[i], _mm_add ps(_mm_mul_ps(_mm_loadu_ps
20292 (&BatterySOC_LSTM ConstP. InputWeights Value[(i 0 << 9) + i]),
29293 _mm_setl ps(rtb_MatrixMultiply @)), tmp_2));
}
}
/* End of Product: '<S22>/W¥x' */
/* Outputs for Iterator SubSystem: '<S7>/ForIteratorSubsystem' incorpor
*  ForlIterator: '<S21>/ForIterator’
*/
29302 i_@ = BatterySOC_LSTM B.ProbeDimension_e[1];
29303 = if (BatterySOC_LSTM_B.ProbeDimension_e[1] > 2147483646) {
29304 i @ = 2147483646;
29305 [= } else if (BatterySOC LSTM B.ProbeDimension_e[1] < @) {

..Examples\BatterySOC\BatterySOC_LSTM_ert_rtw\BatterySOC_LSTM.c Ln29288 Col 4

Jopadsu] Apedoid

N-times Speedup
w B (4] [=2]

N

4\ MathWorks'

RM Cortex A or Cortex M

Inference Speedup on ARM Targets
~6X speedup

~3x speedup 1

ARM Cortex-A53 raspi ARM Cortex-M7 Nucleo
Target

I fixed.lookup.tanh
I fixed. lookup.sigmoid

Faster on target
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A word on activation functions

= Relu is straightforward to do in fixed-point, but what about tanh, sigmoid, ... ?
= In practice, typically we use look-up table approximations

=> can control the required accuracy and memory cost
= Another option are CORDIC algorithms (for sigmoid/tanh)

iteration: 2

|

T T -
e ook p table a pproximation

CORDIC 16-bit approximation of tanh i
tanh )

06 | /
04 /

tanhithet
L]
tanh(theta)
I
1

0
theta

0
theta
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Model Compression with bfloatl16 Data Type Conversion

Exponent (2 bits) Fraction (23 bits) 0.014 IE"'O'I' 25 MO‘quel Slize

¥ |

R [ [ [ [ [ [ [ [T T[T ITTTTTIT]

single-precision floating-point (fp32) 0.012F

0.006

Exponent (8 bits) Fraction (7 bits) 0.01r m
| | g
HEEEEN ol g

brain floating point (bfloat16) w o c%
g o

x T

o

-}

[1}]

o

[@]

Q

=  Reduce memory footprint by ~50% without
much loss in accuracy

0.004

0.002F

= The process does not need data or
preprocessing step or retraining
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Generate bfloat16 Code for Deep Learning Networks

= Supported for plain C/C++ code generation

>> cfg = coder.config('lib’);
>> cfg.DeepLearningConfig.LearnablesCompression = 'bfloatlé’;

=  Supported layers and classes

— fullyConnectedLayer “
Solver
— grulayer (and gruProjectedLayer) e R
» Dia: e interface packaging: Nonreusable function

_ l S tmLa ye r ( and l S th r O j e C t e dL a ye r ) Remove error status field in real-time model data structure

Data exchange interface

- b j_ l S tmL a ye r Array layout Column-major

External functions compatibility for row-maijor code generation:  ermor

Generate C API for

— groupedConvolutionZ2dLayer

signals parameters states root-level /O

— convolutionZ2dLayer (R2025a) Codo St Exomal mode

Verification External mode configuration

Templates
Code Placement Transport layer fcpip * MEX-file name: ext_comm
Data Type Replacement MEX-file arguments

Cavera ge

T Static memory allocation
» HOL Code Generation

Deep learning
Target library None
Leamnal bles com) pression. bfloat16

Apply

4\ MathWorks
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— Network Compression Techniques
= Structural Compression
- Datatype Compression (incl. Quantization)

— Techniques for Optimizing Performance

= Code Generation for other Machine Learning Models
— Overview
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Techniques for Optimizing Performance

= Vectorization and multi-threading improve the performance of edge Al
— Both improve resource utilization, leading to faster task completion.

= Vectorization executes the same instruction on multiple data elements
simultaneously

= Multi-threading divides a workload into threads for concurrent execution

32
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Vectorization support for ARM Cortex-A and -M

= Vectorization through SIMD intrinsics in code replacement libraries

>> cfg = coder.config('lib");
>> cfg.HardwareImplementation.ProdHWDeviceType = ‘ARM Compatible -> ARM Cortex M';
>> cfg.CodeReplacementLibrary = 'ARM Cortex M (CMSIS) ';

Comparison of Execution Time without and with CRL
T T

e
(=]

Running a digit classification network
(MLP) on ARM Cortex M

(STM32F746G-Discovery), with and
without usage of code replacement libs

Execution Time (milliseconds)
o - %) (%) i (4] (7] -~ oo [{e]

Without CRL With Optimized CRL
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ARM Cortex A with Neon instructions and Intel with AVX instructions

for(k =0k <K k++){
float32x4 t a;
float32x4 tb;
float32x4 tb a;
float32x4 tb b;
float32x4 t c_b;
float32x4_td_b;
a = vid1q_f32(&A[idxA]);
b_a = vd1q_f32(&AlidxA + 4]);
b = vdupqg_n_f32(B[idxB]);
b_b = vdupq_n_f32(B[idxB + LDB]);

c_b = vdupq_n_f32(B[idxB + (LDB << 1)]);

d_b = vdupqg_n_f32(B[idxB + LDB * 3]);
¢ = vmlaq_f32(c, a, b);

b_c = vmlaq_f32(b_c, b_a, b);
c_c = vmlag_f32(c_c, a, b_b);
d_c = vmlag_f32(d_c, b_a, b_b);
e_c =vmlaq_f32(e_c, a, c_b);

f ¢ =vmlag_f32(f_c, b_a, c_b);
g_c = vmlag_f32(g_c, a, d_b);
h_c = vmlaq_f32(h_c, b_a, d_b);
idxA += LDA:

idxB++;

for (k= 0;k <K k++){

_ms6a;

_m256 b;

_m25 b a;

_m256h b

_m256ch;

_m256d b

a=_mm256_loadu_ps(&A[idxA]);

b_a = _mm256_loadu_ps(&AidxA + 8]);

b = _mm256_set1_ps(B[idxB]);
b_b=_mm256_set1_ps(B[idxB + LDB]);

¢_b = _mm256_set1_ps(BfidxB + (LDB << 1)]);

d_b =_mm256_set1_ps(B[idxB + LDB * 3));

¢ =_mm256_add_ps(c,_mm256_mul_ps(a, b));

b_c = _mm256_add_ps(b_c,_mm256_mul_ps(b_a, b))i
¢_.c = _mm256_add_ps(c_c,_mm256_mul_ps(a, b_b));
d_c = _mm256_add_ps(d_c,_mm256_mul_ps(b_a, b_b));
e_C=_mm256_add_ps(e_c,_mm256_mul_ps(a, c_b));
f.c=_mm256_add_ps(f.c,_mm256_mul_ps(b_a, ¢b));
g.c = _mm256_add_ps(g_c, _.mm256_mul_ps(a, d_b));
h_c = _mm256_add_ps(h_c,_mm256_mul_ps(b_a, d_b));
idxA += LDA:

dxB++;
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Multi-Threading support in the generated code

= For targets that support multi-threading, extend calls to the OpenMP API in
the generated code. For example, for a Raspberry Pi:

>> cfg = coder.config('lib'");

>> cfg.Hardware = coder.Hardware ('Raspberry Pi1i');
>> cfg.CodeReplacementLibrary = "GCC ARM Cortex-A";
>> cfg.EnableOpenMP = true;
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- Code Generation for Deep Learning Networks

— Network Compression Techniques
= Structural Compression
- Datatype Compression (incl. Quantization)

— Techniques for Optimizing Performance

- Code Generation for other Machine Learning Models
— Overview

4\ MathWorks:
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C/C++ Code Generation for other machine Learning Algorithms

= Machine Learning Algorithms Supported for C/C++ Code Generation

Anomaly Detection: Isolation Forest, One-class SVM

Classification: Binary Decision Tree, Discriminant Analysis, Ensemble, Incremental
Linear, Nearest Neighbor (KNN), Linear, Multiclass (ECOC), Naive Bayes, SVM

Regression: Ensemble, Gaussian Process (GP), Linear, Incremental Linear, Tree and
Tree Ensembles, SVM

Nearest Neighbor Searcher: ExhaustiveSearcher, KDTTree

Incremental (On-Device) Learning: Regression and Classification

&\ MathWorks
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4\ MathWorks:

Key takeaways

Deploy Al models to any hardware using automatic C/C++ code generation
Reduce model size using compression techniques: projection & quantization

Optimize performance of generated code via vectorization & multi-threading
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