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Agenda

A Introduction

A Face Analysis & Emotion Recognition

A Deep Learning based Visual Recognition
A Visual Parsing & Multimodal Analysis

A Summary




Visual Data Explosion
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Figures (n) refer to 2016, 2021 traffic shares.
Source : Cisco VNI Global IP Traffic Forecast, 2016-2021.
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Visual Understviakngs it?

Computer Vision (CV) is a field that includes methods for acquiring, processing,
analyzing and understanding images and, in general, high -dimensional data
from the real world in order to produce numerical or symbolic information

Imaging Visual Understanding Classification: Person, Camera
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Sample Capabilities

Face Detection & Recognition Emotion Recognition

Text Recognition in the wild Object Classification/Detection

Action Recognition Scene Classification/Understanding

Video Classification/Summarization o Action: Taking pictures

Obijective Y Derive knowledge out of images/videos of the real world
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https://en.wikipedia.org/wiki/Computer_vision

Deep Learning Breakthroughs for Visu
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AlexNet FinerAlexNet VGG  GoogleNet ResNet
ImageNet Large Scale Visual Recognition Challenge (ILSVRC): 1006catg Object Classification

f ConvNets are now the for almost all recognition and
detection tasks and approach human performance on some tasks ."

LeCun, Bengio, Hinton, Deep Learning, Nature, May 2015
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Visudhderstanding & synthesis Resesc

Research innovation in smart visual data processing
technologies on Intel Platforms

Visual Understanding Image/Video Synthesis

-

A Object Recognition/Detection
A Action/Activity Recognition
- A Semantic Segmentation

A Geometric Layout Estimation

A High-level Scene Understanding

A Visual-centric Multimodal
Road L)nderstaqding (Emotion, Visual
2 C]TiHTI I, a

A 3D Modeling & Reconstruction

Foundational Components : A Geometry processing
A CNN architectures, Visual Odometry , SLAM# €1 I3J GT DT g HIR W finfison & Rendering

SW/HW Co-Design Application/System Visual -based Decision -
RKa C¢CELN, a Sl AlFT o Prototyping Making/Control
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Visudhderstanding Research

Innovate in cutting -edge visual cognition & machine learning technologies
for smart computing to enable novel usages and user experience

Deep Learning based Visual Parsing &
Visual Recognition Multimodal Analysis

Face Analysis&
Emotion Recognition
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A Face Analysis & Emotion Recognition




Face Analysis Technology Research

Intel China Labs (ILC) developed a full Face Analysis pipeline with best
In class algorithms (20+ IPSs)

Profile

CHY gHI aCcrHaA,
Recognition

NEIE

Face Recognition
Face Alignment
& Normalization

EXxpression

Face Detection Facial Landmark
/Tracking Detection/Tracking Facial Expression
Recognition
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ILC Face Analysis Technology Evolutic
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Make Intel PldbiatstHdce Analysis
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3D Face Technology
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Visual Emotion Recognition

Smart world must be one with ,

AU-Aware Features and Interactions ( ,CCE D C)&avithaaul® -task
learning to decode facial muscle movements & their inherent interactions

Angry VZDisgust Sad vs gurprise FDMRCCC 8§ ce; > 97.70
= DTAGN O C C 8)ce; 2 96.94
AUAFI 98.70

CK+ dataset: 327 videos (neutral -onset-peak), 7 basic
facial expressions, 118 subjects with frontal pose only

Methods Overall recognition rate (%)

STM- ExpLetR C & & é 75.12
DTAGN O C C 8)ce; 2 66.33
AUAFI 80.27
MMI dataset : 205 videos (neutral -onset-peak-offset -

neutral), 6 basic facial expressions, 23 subjects with
large pose variations
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Visudludio Solution for Emotion Recog
&1 ]j ] WHg FBCKHGIH GGHGij J1 HUR RDCc¢a KI
for audio solution and designed a framework to fuse visual & audio

solutions
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Emotion Recognition in the Wild Challe

(ACM ICMI 2015) in the audio-video based task, and
competitors included 74 teams (CMU, UIUC, MSR, etc.) across the world

A Task 1: Emotiw 2015 AFEW dataset Examples of EmotiWw2015 Video Clips

7 basic facial expressions completely
shown in movie clips

A Task 2: Emotiw 2015 SFEW dataset
7 basic facial expressions completely
shown in static images

Overall Recognition Rate (%) on
Emotiw2015 Test Set

Baseline 39.33 39.13
 Winner 2014 50.37 N/A
ILC solution  53.80 55.38
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HoloNet Robust Emotion Recognition

Invented a deep yet computationally efficient CNN framework, HoloNet for
robust emotion recognition (EmotiW 2016 Most Influential paper )

> o ) f ,You showed mea really novel
; | : Angry
| | Disgust method, no use of extra data and
: : o Fear ! H H
N e EREEEE RN — its speed is hundreds of times
| | Neutral faster than the other competitors .
| Sad
iPhase-Convolution Block Phase-Residual Blocks Inception-Residual Blocki Surprise . . .
- N Abhinav, Emotiw 2016 Chair
3-channel input HoloNet Framework Output label

Submission# | Validation (%) | Test (%) Method (intel”) REALSENSE
1 4778 54.30 Fusion of HoloNet model A + 1 audio model .
2 48.83 55.14 Fusion of HoloNet model B + 1 audio model ? @
3 50.13 56.83 1* Fusion of HoloNet model A&B + 1 audio model g 'h. {
4 50.91 55.14 2™ Fusion of HoloNet model A&B + 1 audio model @ “@& ’ :Q
5 51.96 57.84 Fusion of HoloNet model A&B + 1 audio model + 1 iDT model .

Total recognition accuracy of our 5 submissions to AFEW 6.0, both on the validation and the test sets.
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SSHpervised Scoring Ensemble

Invented SSE to enable discriminative learning within one single CNN for
accurate emotion recognition ( EmotiwW 2017 winner)

Supervised Scoring Ensemble (SSE)
Scoring

o __ SwemsedBlocs ______ Connection Layer fnoy
\| r ——— qI Disgust
| : > I Fear than
[ T .
—1— e HoloNet (single model)
I | ;_ I Neutral
I I
I - Sad .
R accuracy in
Emotiw 2017

3-Chann||nput . — Original Network

SSELearning Framework

P.Hu,D.Cai,S.Wang,A.Yao,Y.Chert¢ f dHGI T T T H EJjHAHIJTIUHg EG] 1 1TT7#H CY IDHI AMICMRP17. C]
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RedimBlultimddalotion Recognition Prototy

Emotion Scores (Visual Only)

Final Emotion Scores (Visual-Audio)
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A Deep Learning based Visual Recognition




Deep Learning Challenges
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AlexNet VGG-16 VGG-19 GoogleNet  ResNet-152 DenseNet-161

Image Classification DNN Burden

Deployment : Most mainstream DNNs are both and
, difficult to deploy to embedded/edge devices

INTEL Al DEVCON 2018



Object Detection Algorithm Evolution

Region-based Associate the
Methods best of both

Region proposals to reduce se methodologies
space & region-wise subnetwort

detection
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\ Using different Aspect ratio/ ~ /
*\ Scale/ Stride/ Classifier ¢

Deep Learning (CNN) based Methods
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HyperMet Effic@inject Detection Solutic

A unified framework for region proposal selection and object detection R Cg& & é ce; «

AShares Hyper Feature across different tasks Advantages:

Pre-trained CNN Model A H|gh recall
FC FC A Time & space

T : Conv1l Conv3
& ) {H_H : efficient
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Object Detection

Network for Hyper Feature Extraction

Hyper Feature Maps Region Proposal Generation

Conv: Convolutional layer FC: Fully-Connected layer ROI: Region of Interest bbox reg: bounding box regression
T.Kong,A. Yao Y. Chen, FE J THypefNet" e | KG1 g1lJ CGGJI GijH eHART | T &1 ]j] WGT CHY HI Gijj
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RON: Reverse conDegticimassh Networ

A fully convolutional framework L = gans conve conv7
to solve two fundamental { ﬁﬁ@ [D s Ll
!_:),_: , reverse o e 3 -

problems R Ce & e e; Aa | e hucomestent 3 %"
l reverse connection .- ;5 % é
d connection l ......... ) U

A Multi -scale object localization

with Reverse Connection &

Pyramids P . @“’g

A Efficient negative space mining @_ ? \ﬂ

with Objectness Prior Networks Eha &
Achieved SOTAaccuracy & speed d%

T.Kong, A. Yao, FSun,M.Lu,H. Liu, YCh AT # f éEé" éH] HiI ObectBasséni HGijiT JeTAIjKI]ijiH 13 h | CVPR oL7H Gg

INTEL Al DEVCON 2018



DSOD: Learning Deeply SupervisedsCriajet

RDCCé&c¢

A Not require ImageNet pre -training
A Even with limited (>=10K) bbox annotations

State-of-the-art Accuracy & Efficiency
A #parameter: ¥ SSD, ¥4 RFCN, 1/10 Faste-RCNN

A ~20fps wi/o tailored optimization on Intel NUC

Open many possibilities
A Training with limited data for specific problems
A Other domains: depth/medical/multi -spectral images

Z.Shen Z. Liu, J. Li,Y.Jiang, Y.Chen,X. Xue# ¢ EEE¢" dHGI T TT7#H E€HHj Tk EJjHIJTIUAg EgT HG]
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Model CompressmoinekpuCompression

A leading and elegant solution to achieve
compression on DNNs with and

DNS INQ MLQ
Dynamic Network Incremental Network Multi -Level

Surgery Quantization Quantization
ReDe&Ece; @ BDCdece Aa RCCCDee; Ba

Seek optimal DNN Constrain optimal DNN Constrain optimal DNN
architecture with low -Dbit weights with low -bit activations
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INQ: IncreMetaiphkiantization

Three novel operations: parameter partition (well-defined metric), quantization
and re-training , making whole procedure progress in an incremental manner

Parameter partition Quantization (green) Re-training (blue)
W e Advantages:
0.01]0.02 |-0.20{ 0.04 ; 0.01]0.02 |-0.20|0.04 0.110.04|-0.7 [0.19 A First |OSS|eSS network
017 002005 ¢ ’ - o.00L002 quantization solution
0.02 -0.03/0.03|0.06 . M’ — |0 m A MOdeI -fl’ee
il e p A FP Multiplication

A Binary bit shift
A Efficient training

A. Zhou, A. Yao, Y. Guo, L Xu and Y. Chen,
F DY Gir HT AT ijGT éHAijK] 11T EJ
Towards Lossless CNNs with Low-
precession WeightsRKELR 2017.

INQ lllustration
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INQ Results

Achieved (actually 4 bit + 1 zero) for
popular DNNs, and obtained strongly comparable low -precision models against
the full -precision reference ResNet-18 model using 5/4/3 -bit even 2-bit

5-Dbit results Different bit results
Network Bit-width  Top-1 error Top-5 error Model Bit-width ~ Top-1 error Top-5 error
AlexNet ref 32 42.776% 19.77% ResNet-18 ref 32 31.73% 11.31%
AlexNet 5 42.61% 19.54% INQ 5 31.02% 10.90%
VGG-16 ref 32 31.46% 11.35% INQ 4 31.11% 10.99%
VGG-16 5 29.18% 9.70% INQ 3 31.92% 11.64%
GoogleNet ref 32 31.11% 10.97% INQ 2 (ternary) 33.98% 12.87%
GoogleNet 5 30.98 % 10.72%
ResNet-18 ref 32 31.73% 11.31% Method Bit-width  Top-1 error  Top-5 error
ResNet-18 5 31.02% 10.90% BWN 1 39.20% 17.00%
ResNet-50 ref 32 26.78% 8.76% TWN 2 (ternary) 38.20% 15.80%

ResNet-50 5 25.19% 7.55% INQ (ours) 2 (ternary) 33.98% 12.87%
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LOM Dee?Compressio” Rem

Outperforms the state -of-the-art Deep Compression solution* with

on AlexNet, achieving with 2 bits
(Conv/FC) (Act) ratio error rate

P+Q * 0.00% /0.03%

P+Q+H * 8/5 32 35x 0.00% / 0.03%

Our method 4/4 4 71X 0.08% / 0.03%
P+Q+H * 4/2 32 - -1.99% / -2.60%
Our method 3/3 4 89x -0.52% / -0.20%
Our method 2/2 4 142x -1.47% / -0.96%

Comparisonofourlow-g T ij gHH] GJ T j 1 HIUT ] T Gi g gHF G| Tj 1 AT JAlexNét.Hij h

HHj
Conv: Convolutional layer, FC: Fully connected layer, Act: Activation, P: Pruning, Q: Quantization, H: Huffman coding.
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