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DESIGN A SEGMENTATION MODEL

Overview

Hardware, the model will be executed in a camera
with Intel Movidius Myriad X VPU.

Operating specifications, the basic requirements to
execute the model in an edge device in realtime.

Model design, the model architecture design
considering the Edge device limitations.

Dataset, the synthetic and real data used to train
the machine learning model.

Training, the process of teaching a machine
learning model to make predictions or decisions. \

Results, comparing our results with the models
available in unified communication platforms.




INTEL MOVIDIUS MYRIAD X VPU HARDWARE

Petrongonas et al. (2021), ParalOS: A Scheduling & Memory Management
Framework for Heterogeneous VPUs

SIPP HW NEURAL COMPUTE
AGGELERAT[]RS ENGINE
CMX MEMORY 4'|_>

(2.5MB = 15 X 128KB SLICES)

L1CACHE L2 CACHE
S (64 KB) (256 KB)
L1CACHE L2 CACHE
S (64 KB) (256 KB)

VLIW SHAVE PROCESSORS L1 CACHE L1CACHE
(X16) (3 KB PER CORE) (256 KB)

GN O



Coexist

WITH

Video and audio

processing pipeline

and other DL models.

OPERATING SPECIFICATIONS

Requirements
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OPERATING SPECIFICATIONS

Requirements
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MODEL DESIGNING

Understanding Hardware
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Pruning Type
v o Q%\ Structured pruning is only available.
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INTEL MOVIDIUS MYRIAD X VPU HARDWARE

Petrongonas et al. (2021), ParalOS: A Scheduling & Memory Management
Framework for Heterogeneous VPUs
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MODEL DESIGNING

Understanding Hardware

Problem: Perform computation at higher spatial resolutions.
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MODEL DESIGNING

Understanding Hardware

Problem: Skip connection operations are costly if the feature size is large.

Skip Operations Concat Operations
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MODEL DESIGNING

Understanding Hardware

Architecture S STDC (Convolution Block)
Making sure all the layers /*“‘\ Use a modified Short-Term
are executed using Neural Dense Concatenate
Compute Engine (NCE) module (STDC).
=
Kernel = Convolutional
Use large kernel 2 D Use 1x1 CONYV operations
convolutions with 0oag § to reduce feature size for
large stride at input. % longer skip connections.
=
Pixel Shuffling Feature Size
Use pixel shuffling = = = Use small feature size
at the output. aee convolution layers to reduce

copy-retrieve operations cost.
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PROPOSED MODEL DESIGN

Mingyuan et al. (2021), Rethinking Bisenet for Real-Time Semantic Segmentation
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DATASETS PIPELINE

Sample distribution for each bath

REAL
DATASET

SYNTHETIC
DATASET
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DATASETS AND

Pipeline

DINO Pre-Training
It refers to a method of pre-training deep learning
models using self-supervised learning techniques.

Training batch
For each batch, we feed 30% real data and 70%
synthetic data.

We used the 1e-4 learning rate in the Adam
optimizer to update the model parameters.

We set the number of Batch to 10K to train our
segmentation model.
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BODY SEGMENTATI RESULTS




BODY SEGMENTATION RESULTS
Comparison

Jabra PanaCast 20 Unified Communication Unified Communication
On-Device Background Segmentation Platform 01 Platform 02



O

QUESTIONS & ANSWERS
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