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Egocentric Vision?

* Research interests: action and activity
recognition

* Particularly centred around the perception of
object interactions
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Ego... a person’s sense of self-esteem
or self-importance

Egocentric vision... the wearer serves as the central
reference point in the study of interesting entities:
objects, actions, interactions and intentions
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Visual Sensing — the landscape
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Visual Sensing — the landscape
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Visual Sensing — the landscape

Least
Static
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Visual Sensing — the landscape

Most Hand-Held Hand-Held L east
Wearable! Wireless Wired Static
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Wearable?
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Wearable?
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Wearable?
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Wearable?
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Wearable?

* Hat-Mounted

. Head-Mounted*
. Glass-l\/lounted*
* Shoulder-Mounted
. Chest—Mounted*
* Wrist-Mounted

* Belt-Mounted

* Ankle-Mounted
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But why do we care about... hardware???

 OPV (Ordinal-Person Views)
* FPV (First-Person View)
e SPV (Second-Person View)
TPV (Third-Person View)
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See for yourself!

e Videos...

............................................... T op— Left Fath| - D|sneydataset for soc|a||nter act|ons 2012 ....................................................................... D ........... D ................
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Conclusions?

e Just another camera?

* Just a shaking camera?
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Egocentric Vision

* The Unique Problems
Camera Motion

Mapping and Localisation
Attention and Task-Relevance
Object Interactions

A S

Multi-view Solutions

 The Unique Applications
1. Video Summarisation
2. Skill Determination
3. Real-time solutions
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The Unigue Problems

1. Camera Motion
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1. Camera Motion

* Two types of motion
* Egomotion

* Foreground motion
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Ego-motion
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Ego-motion

* Detect to:
e Use?

e Remove?

Dima Damen
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Hyperlapse

* https://youtu.be/sA4Za3Hvebng
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The Unigue Problems
2. Mapping and Localisation
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Mapping and Localisation

* https://youtu.be/ufBLulVUQ-E
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The Unigue Problems

3. Attention and Task Relevance
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Attention and Task Relevance
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Attention and Task Relevance

* Attention in egocentric vision
* Foreground segmentation
* Hand-region segmentation
* Gaze tracking

% University of Dima Damen
1 BRISTOL Hay2ots 30



Quick introduction to human gaze

e Humans iterate between “fixations” and
“saccades”

* Fixation: short stops
e Saccade: quick movements between fixations

* https://youtu.be/pknohrsz4Qs
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Quick introduction to human gaze
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Quick introduction to human gaze
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Quick introduction to human gaze

§

&

-

University Of Land and Hayhoe (2001) In what ways do eye movements contribute to everyday activities? Vision Research
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Quick introduction to human gaze

* The notion of fixation/saccade has recently
inspired attention models in vision

fl ig i3 Z4 Zn+1

emission

context
G g
Lcoarse
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The Unigue Problems

3. Attention and Task Relevance
Case Study: You-Do, I-Learn
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with: Walterio Mayol-Cuevas
Teesid Leelasawassuk

You-Do, |-Learn

First-person view

e Offers a unique insight into ‘used’ or ‘attended-
to’ objects
How these objects have been used
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Try it yourself
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with: Walterio Mayol-Cuevas
Teesid Leelasawassuk

You-Do, |-Learn

Q. How to ‘ground-truth’ objects that have been used?
* Q. How to ‘ground-truth’ how these objects have been used?
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with: Walterio Mayol-Cuevas
Teesid Leelasawassuk

* Ground-truth by written narration
Released with dataset

I l |

pick thelcharger and |plug|it into the|socket||Check khat the|screwdriverlis powered by looking

and|place|it in the/lbox! Walk to the|printer]|Open|the|draweri|to

—
Q
O
o |-

at the button.|Pick|the

- | -
check the paper, and presgkeys on the printer pad. Use the card tojunlockithe|door
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m with: Walterio Mayol-Cuevas
Teesid Leelasawassuk
You Do, | Learn

* Discover used objects

* Discover how objects have been used
* Extract guidance videos

* Fully unsupervised

* No prior knowledge of objects (number, size)
 Static and moveable objects
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w with: Walterio Mayol-Cuevas
. - Teesid Leelasawassu k
Definition

Task-Relevant Object (TRO)

an object, or part of an object, with
which a person interacts during task
performance
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m with: Walterio Mayol-Cuevas
. . ? Teesid Leelasawassuk
Which Obijects”
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m with: Walterio Mayol-Cuevas
Teesid Leelasawassuk
Discovering Task-Relevant Objects

% University Of D Damen, T Leelasawassuk, W Mayol-Cuevas (2016). You-Do, I-Learn: Egocentric Dlma Damen

Unsupervised Discovery of Objects and their Modes of Interaction Towards Video-Based
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m with: Walterio Mayol-Cuevas
Teesid Leelasawassuk
Discovering Task-Relevant Objects

* Suggested Problem Formulation...

* Given a sequence of egocentric images {/,, .., I}

* Collected from multiple operators around a common
environment

* Automatically discover all task-relevant objects

[0;1 <k < K}
O ={Q1L);1<t<T)

* Assumption: at most one task-relevant image part is
present within each image
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ap e
Discovering Task-Relevant Objects

Attention

Task-Relevant

Position Appearance
categories
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> | remmpemen
Discovering Task-Relevant Objects

Task-Relevant

RGB features

categories

% UIllVCI‘SltY Of D Damen, T Leelasawassuk, W Mayol-Cuevas (2016). You-Do, I-Learn: Egocentric Dlma Damen
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m with: Walterio Mayol-Cuevas
Teesid Leelasawassuk
Discovering TROs

Discovering becomes a clustering task...
* Considers attention, position and appearance
 Unknown number of objects
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m with: Walterio Mayol-Cuevas
Teesid Leelasawassuk

Discovering Task-Relevant Objects

% D Damen, T Leelasawassuk, W Mayol-Cuevas - Ego
UIllVCI'SltY Of Unsupervised Discovery of Objects and their Modes of Interachon Towards Video-Based —nild Damen
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D e et
Dlscoverlng Task- Relevant Objects
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with: Walterio Mayol-Cuevas
> Teesid Leelasawassuk

Dlscoverlng Task- Relevant Objects
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Al oty
Discovering Task-Relevant Objects
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Discovering Task-Relevant Objects

with: Walterio Mayol-Cuevas
Teesid Leelasawassuk

| 'K Means (Recall)
[ 1K Means (Precision

I Spectral (Recall)
B Spectral (Precision)

e
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W with: Walterio Mayol-Cuevas
Teesid Leelasawassuk
Discovering Task-Relevant Objects

100
_____|K Means (Recall)
[T 1K Means (Precision |
I Spectral (Recall) 80+
B Spectral (Precision)| !
60 }
50
40+
30}
20
10}
Without Attention With A&tention
Elic University of Dima Damen
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D e et
Discovering Modes of Interaction
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w with: Walterio Mayol-Cuevas
. - Teesid Leelasawassu k
Definition

Modes of Interaction (MOl)

the different ways in which TROs are
used
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m with: Walterio Mayol-Cuevas
Teesid Leelasawassuk
Discovering Modes of Interaction

Attention

Position Appearance

categories

Interactions

Motion

% University Of e DlMd Damen
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m with: Walterio Mayol-Cuevas
Teesid Leelasawassuk
Discovering Modes of Interaction

* Motion
* Video snippets for each discovered object
* Descriptor per snippet
* Clustering using DB-index

% UIllVCI'SltY Of D Damen, T Leelasawassuk, W Mayol-Cuevas (2016). You-Do, I-Learn: Egocentric Dlma Damen

Unsupervised Discovery of Objects and their Modes of Interaction Towards Video-Based
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m with: Walterio Mayol-Cuevas
Teesid Leelasawassuk
Discovering Modes of Interaction
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m with: Walterio Mayol-Cuevas
Teesid Leelasawassuk

Discovering Modes of Interaction

.‘..............‘.....‘.....‘-.----.-.-’.-.--

Open & get sugar

E.

Open door
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W with: Walterio Mayol-Cuevas
Teesid Leelasawassuk
Back to.... the goal.
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with: Walterio Mayol-Cuevas
Teesid Leelasawassuk

You Do, | Learn - Demonstration
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More info...

Project You-Do, I-Learn

Video1 (2014), Video2 (2017)

Automated capture and delivery of assistive task guidance with an eyewear computer: The GlaciAR system. T Leelasawassuk, D Damen, W
Mayol-Cuevas. Augmented Human, Mar 2017 pdf

You-Do, I-Learn: Discovering Task Relevant Objects and their Modes of Interaction from Multi-User Egocentric Video. D Damen, T
Leelasawassuk, O Haines, A Calway, W Mayol-Cuevas. British Machine Vision Conference (BMVC), Sep 2014. PDF | Abstract | Dataset

Multi-user egocentric Online System for Unsupervised Assistance on Object Usage. D Damen, O Haines, T Leelasawassuk, A Calway, W
Mayol-Cuevas. ECCV Workshop on Assistive Computer Vision and Robotics (ACVR), Sep 2014. PDF Preprint

Estimating Visual Attention from a Head Mounted IMU. T Leelasawassuk, D Damen, W Mayol-Cuevas. International Symposium on Wearable
Computers (ISWC), Sep 2015. PDF

University of
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The Unigue Problems

4. Object Interactions

% University of Dima Damen
4 BRISTOL Hoyzois 64



Action Recognition — an Introduction

* CNNs for Action Recognition
Dual-Stream Neural Networks

Spatial

Spatial Stream
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Action Recognition — an Introduction

* CNNs for Action Recognition

Dual-Stream Neural Networks

nv1 conv2 nv3 conv4 nv5 fcé fc7 softmax
7x T x 96 5x5x256 || 3x3x 512 3 x 3 x 512 3 x 3 x 512 4096 2048
stride: 2 stride: 2 stride: 1 stride: 1 stride: 1 dropout dropout
orm norm pool 2 X 2
pool 2 X 2 pool 2 X 2
Temporal Stream o
score
Fusion
nv1 conv2 nv3 nv4 nv5 fcé fe7 ft
7 x 7 x 96 5 x 5 x 256 3 x3x512 3 x 3 x 512 3 x 3 x 512 4096 2048
stride: 2 stride: 2 stride: 1 stride: 1 stride: 1 dropout dropout
orm pool 2 X 2 pool 2 X 2
pool 2 x 2

Spatial Stream

% UniVCrSitY of Figure by: Will Price, BSc Project, University of Bristol
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Egocentric Action Recognition

Segmentation CNN

'y
i
el

Hand
segmentation

ObjectNet

A Obj
e jeCt
-r—’ !\ (milk container)

-~ n

(Appearance-based)

Object of -‘\Activity
interest region (take milk container)
Localization CNN _
ActionNet
LY ey Bl S\ Action
‘ --f—! D\ G
Input video clip " I
(Motion-based) |
Optical flow
% University of Figure from: Ma et al. Going Deeper into First-Person Dima Damen

BRISTOL, Activity Recognition. CVPR 2016 11July 2019 67



Egocentric Action Recognition

(a) GTEA 71 classes (b) Gaze 40 classes (c) Gaze+ 44 classes
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Egocentric Action Recognition

COse Chocolatn
close coffee
ciose hoony

Ciose jom

close ketchup
CIOE mMayonnacee
CROsSe mMustarg
Lose peanut
CIO%E SUCHT

CVOSE Wwale

folg Dread

open Cheose
oPen Chotcolate
open Coffee

open honty

open jom

open ketchup
open Mayonnacse
oPENn MusStarg
open poanut

open sucHr

mrueae fan
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with: Will Price

Visualising Learnt Models

* http://youtu.be/4cZS539c7ILO
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Action Recognition — an Introduction

* CNNs for Action Recognition
Dual-Stream Neural Networks

convi conv2 conv3 conv4 conv5 fcé fc7
7xT7x96 5 x 5 x 256 3 x 3 x 512 3 x 3 x 512 3 x 3 x 512 4096 2048
stride: 2 stride: 2 stride: 1 stride: 1 stride: 1 dropout dropout
norm norm pool 2 X 2
pool 2 X 2 pool 2 X 2

Temporal Stream

conv1 conv2 conv3 conv4 convs fcé fc7
7 xTx96 5 x 5 x 256 3 x 3 x 512 3 x 3 x 512 3 x 3 x 512 4096 2048
stride: 2 stride: 2 stride: 1 stride: 1 stride: 1 dropout dropout
norm pool 2 X 2 pool 2 X 2
pool 2 x 2

Spatial Stream

% UniVCrSitY of Figure by: Will Price, BSc Project, University of Bristol Dima Damen
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with: Michael Wray

Object Interactions — the Dilemma
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with: Michael Wray

Object Interactions — the Dilemma
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with: Michael Wray

Object Interactions — the Dilemma

% Ul’llVCI'Slty Of M Wray and D Damen (2019). Learning Visual Actions Using Multiple Verb-Only Labels. BMVC D|ma Damen

IR tati f Acti Ar
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with: Michael Wray

Object Interactions — the Dilemma
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with: Michael Wray

Object Interactions — the Dilemma

% Ul’llVCI'Slty Of M Wray and D Damen (2019). Learning Visual Actions Using Multiple Verb-Only Labels. BMVC D|ma Damen
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with: Michael Wray

Object Interactions — the Dilemma
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with: Michael Wray

Object Interactions — the Dilemma

% Ul’llVCI'Slty Of M Wray and D Damen (2019). Learning Visual Actions Using Multiple Verb-Only Labels. BMVC D|ma Damen

IR tati f Acti Ar
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with: Michael Wray

Object Interactions — the Dilemma

* Verbs cannot be separated into classes with hard
boundaries.

* Singular classes are not enough.

% University of Dima Damen
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with: Michael Wray

Learning Visual Actions Using

e Action representations using a single verb is
highly-ambiguous

e Solutionl: pre-selected non-overlapping verbs (SL)

* run, walk, open, close

e Solution2: Using nouns to disambiguate actions (V-N)
* open-drawer, open-bottle, open-fridge
 actions constrained to known nouns

e Solution3: Multi-verb labels (ML, SAML)

e open, hold, pull
* How many verbs would be enough?

= |4 University of Dima Damen
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with: Michael Wray

Learning Visual Actions Using

e Soft-Assigned Multi-Label
* Multi-label using verbs only
* Each verb assigned a value between 0 and 1
* Object agnostic
* Trained with Sigmoid Binary Cross Entropy

Elic University of Dima Damen
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Learning Visual ACtionS Using with: Michael Wray

e Collected from AMT

Illll--
L= 0T QL Uc W
- Zow S5 8

* Annotators agree:
* Relevant Verb -> Main action

* |rrelevant Verb -> unrelated motion

* Annotators disagree:

e Relevant motion but not the main action

Elic University of Dima Damen
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Learning Visual Actions Using

with: Michael Wray

e Collected from AMT

SL

e Majority Vote.

® One-hot vector.

Single Verb

Illll--

S5EL225¢5 9
O

& g:gn:fﬂg'g
ML

e Threshold of 0.5.

® Binary Vector

Multi Verb

SAML

Full Annotation.

Continuous Vector.

Soft Assigned Multi Verb

Pour
Move
Hold
Grasp
Push
Take
Open
Close

- o o5}
ﬁ-—->3%ﬁ_‘d®m
o ~ © :E @ 5 @© Q ©°

=~ 2 ¢ T A 9 0 g @
AR R
= |4 University of

AR BRISTOL
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with: Michael Wray

Learning Visual Actions Using

Turn On/Off
Press
Rotate

Turn On/Off
Press
Rotate

Labelling Method can dlfferentlate turn On/Off tap by
pressing and by rotating.

University of Dima Damen
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Action Recognition — an Introduction

* CNNs for Action Recognition
Dual-Stream Neural Networks

conv1 conv2 conv3 conv4 conv5 fcé fc7
7xT7x96 5 x5 x 256 3 x 3 x 512 3 x 3 x 512 3 x 3 x 512 4096 2048
stride: 2 stride: 2 stride: 1 stride: 1 stride: 1 dropout dropout
norm norm pool 2 X 2
pool 2 X 2 pool 2 X 2

Temporal Stream

12
L3
2
I

{

1

1
i
i
/

conv1 conv2 conv3 conv4 convs fcé fc7
7 xTx96 5 x 5 x 256 3 x 3 x 512 3 x 3 x 512 3 x 3 x 512 4096 2048
stride: 2 stride: 2 stride: 1 stride: 1 stride: 1 dropout dropout
norm pool 2 X 2 pool 2 X 2
pool 2 x 2

Spatial Stream

% UniVCrSitY of Figure by: Will Price, BSc Project, University of Bristol Dima Damerés

AEI BRISTOL oy 201



Temporal Boundaries for Object Interactions

'
11:13-.73 1:13.480 1:1:;90 1:14;.21 1:14.445 1:1'4.60 1:1;95 1:14;.45 1:1:1.55 1:11;.70 1:15:.48
a(1)=0.71 ) ) a(1)=0.70
a(2)=0.73 : o a(2)=0.76 .
a(3)=0.47 | ' ' : a(3)=0.66
a(4)=0.64 . a(4)=0.64
final anriotation=o(2) . : . final annotation=a(2)ua(4)

"pick up spoon" "scoop yoghurt"

 How robust are current state-of-the-art approaches to
annotated boundaries in test segments?

« Modify test segment boundaries, maintaining
significant overlap of segments loU > 0.5

* Correct in Green — Incorrect in Red

Elic University of Dima Damen
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Trespassing the Boundaries

GTEA Gaze+

University of
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Trespassing the Boundaries

with: Davide Moltisanti
Michael Wray

— %] w
o o (=]

Accuracy ,, - Accuracy, (%)

DT BEOID

[ ]2SCNN

Classes

CMU

Classes

25

15

-15

25 F

-35 +

GTEA Gaze+

——
e —

Classes

Vé University o

Xl

=i BRISTOL

D Moltisanti et al (2017). Trespassing the Boundaries: Labeling Temporal Bounds for Object
Interactions in Egocentric Video. International Conference on Computer Vision (ICCV)

Dima Damen
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with: Davide Moltisanti

. ] Michagl Wray
TrespaSS| ng the Bou ndarleS Walterio Mayol-Cuevas

CMU

I DT FV [ ]2SCNN [ DISTRIBUTION
Accuracy VS IoU

Accuracy VS start shift Accuracy VS end shift Accuracy VS length difference
~ 80 80 80 80
g 60 60 60
5’60
S 40 40 40 40
(@]
(&)
& 20 20 20 20
0 0 =0 20
0.5 0.6 0.7 0.8 0.9 -2-15-1-050 05 1 1.5 2 -2-15-1-050 05 1 15 2 -2-15-1-050 05 1 15 2
IoU sgt - sgen (seconds) egt - egen (seconds) [egt— sgt] - [egen— sgen] (seconds)
B IDTFV [ |2SCNN [ DISTRIBUTION
Accuracy VS IoU Accuracy VS start shift Accuracy VS end shift Accuracy VS length difference
30 80
< 0
§ 60 60 6 60
&
& 40 40 40 40
=]
(@]
g 20 20
< 20 20
0 0 0 0
0.5 0.6 0.7 0.8 0.9 -2-15-1-050 05 1 15 2 -2-15-1-050 05 1 1.5 2 -2-15-1-050 05 1 1.5 2
IoU S . - (seco (seconds) [e .-s .1-Te -s 1(seconds)
ﬂl IT%ZSCNN -DISTRIBUTION
Accuracy VS IoU Accuracy VS start shift Accuracy VS end shift Accuracy VS length difference
60
= 60 60 60
)
240 40 40 40
@
=
520 20 20 20
<
0 0 =0 0
0.5 0.6 0.7 0.8 0.9 -2-15-1-050 05 1 15 2 -2-15-1-050 05 1 15 2 -2-15-1-050 05 1 15 2
IoU sgt - sgen (seconds) egt - €en (seconds) [egt- sgt] - [egen- sgen] (seconds)
: : D Moltisanti et al (2017). Trespassing the Boundaries: Labeling Temporal Bounds for Object I
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m with: Davide Moltisanti
. . Michagl Wray
The Rubicon Boundaries altero Mayertuevas

« Labelling approach proposal for temporally
consistent annotations

« Decomposes an object interaction into two phases:

— pre-actional phase

— actional phase

% UIliVCI'SitY Of D Moltisanti et al (2017). Trespassing the Boundaries: Labeling Temporal Bounds for Object Dlma Damen
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m with: Davide Moltisanti
. . Michagl Wray
The Rubicon Boundaries altero Mayertuevas

CUT

o e
ka
o
A
[
A
m
O
=
~
=

OPEN

OPEN
JAR

% UIliVCI'SitY Of D Moltisanti et al (2017). Trespassing the Boundaries: Labeling Temporal Bounds for Object Dlma Damen

Interactions in Egocentric Video. International Conference on Computer Vision (ICCV)
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The Rubicon Boundaries

Cut pepper (GTEA Gaze+)

Yo
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m with: Davide Moltisanti
. . Michagl Wray
The Rubicon Boundaries altero Mayertuevas
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Action Recognition from a " o Fider

* Learning from Single timestamps

press take pick-up put scoop pour

button cup jar  jar spoon spoon

% University Of D Moltisanti et al (2019). Action Recognition from Single Timestamp Supervision in D|ma Damen

Untrimmed Videos. Computer Vision and Pattern Recognition (CVPR)
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Action Recognition from a " o Fider

. W et T T e e TR 0T softmax scores
- - : - .y s . *
e em .- : s . . ==-- stepO
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-t o L o WL e . - - stept
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Action Recognition from a
Single Timestamp

i) EPIC Kitchens (success)

University of
BRISTOL




The Unigue Problems

5. Multi-View Action Recognition

% University of Dima Damen
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FPV with SPV

' Input: paired egocentric videos -, C_ Multiple POV features of A —% Multiple POV features of B —
e v ! a:, . ) \J
£ é
(0]
g
)
o Time y S
fa: First-person POV feature of A fz «.a: Second-person POV feature of B
5
£
(0]
K
3
; ¢ S Time
\ Egocentric video of person B ) N fac.s: Second-person POV feature of A VAR fg: First-person POV feature of B )

% UnlverSIty Of Figure from: Yonetani et al (2016). Recognizing Micro-Actions and Reactions From Paired Egocentric Videos. CVPR D| ma Damen
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FPV with TPV (top-view)

Egocentric Videos Top-view Video
NEENEE  IWEE
TR
% UanCtSlty Of Figure from: Ardeshir and Borji (2016). Egocentric Meets Top-view CVPR D| ma Damen
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FPV with TPV (top-view)

Egocentrlc Videos Graph Formation Graph Matching
= 8 ;ﬁr

s\ N
Y T B
- - -
Y \:

Elic University of Dima Damen
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Egocentric Vision

* The Unique Problems

Camera Motion

Mapping and Localisation (ref tomorrow’s talk)
Attention and Task-Relevance

Object Interactions

Gos W e

Multi-view Solutions

 The Unique Applications

1. Video Summarisation
2. Skill Determination
3. Real-time solutions

% University of Dima Damen
4 BRISTOL Hoayaots 102



The Unique Applications

1. Video Summarisation

% University of Dima Damen
4 BRISTOL Hoayzois 103



Video Summarisation

* Fixations
* Highlight Detection

Dima Damen

% University of
il BRISTOL

11 July 2019
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Egocentric Video Summarisation

% UnlverSIty Of Figure from: Lu and Grauman (2013). Story-Driven Summarization for Egocentric Video. CVPR D|ma Damen
3 BRISTOL fayze 105



Egocentric Video Summarisation

Our R,u |

method -

Uniform
sampling

path

Object- ' ,
driven | s

% University of Dima Damen
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Egocentric Video Summarisation

Input

Subshots

Building Subshot

( Extract R-CNN )

feature for each

\ subshot keyframe
Compute co- )

variance matrix
\_for subshots

( Aggregate )
fixation counts

C—
Constrained Submoudlar i i

\ for each subshot )

Data Representation

Final Summary

1:00PM

2:00PM

3:00PM

4:00PM

5:00PM

Bl University of

tAkd BRISTOL

Dima Damen
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Egocentric Video Summarisation

% University of Dima Damen
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The Unique Applications

2. Skill Determination

% University of Dima Damen
4 BRISTOL Hoay2ois 109



Who'’s Better? Who's Best? SKill e el Cevas

Assess relative skill for a collection of video sequences,
applicable to a variety of tasks.

= |4 University of Dima Damen
BRISTOL 2018 410



Who'’s Better? Who’s Best? SKill

with: Hazel Doughty
Walterio Mayol-Cuevas

% University of H Doughty, D Damen, W Mayol-Cuevas (2018). Who's Better? Who's Best? Dima Damen

rss BRISTOL Pairwise Deep Ranking for Skill Determination. CVPR
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Who's Better? Who’s Best? Skill

-
| . . .
I Pairwise ranking
k N
Spatial/ I 0y Y mast0,m - f(s) + 1)
Temporal [ (p:) k (pi,p;)EY k=1
TSN I U ={(pi,p;); E(pi, pj) = 1}
|
shared | 1 p; shows higher skill than p;
weights I E(pi,p;) = -1 p; shows higher skill than p;
[ 0 no skill preference
[
Spatial/ k
Temporal [*/(®;) i
TSN I___
|
|
|

Videol ~ Video?2

% University of  H Doughty, D Damen, W Mayol-Cuevas (2018). Who's Better? Who's Best? [Dima Dam?g
1
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with: Hazel Doughty

Who's Better? Who’s Best? Skill o Moyel-Cuevas

EPIC-
SKILLS 2018

Drawing

Chopstick
Using

Dough-
Rolling?

T Gao, Yixin, et al. "The JHU-ISI gesture and skill assessment dataset (JIGSAWS): A surgical

% University Of activity working set for human motion modeling." Medical Image Computing and Computer- D| ma Damen
Assisted Intervention (MICCAI). 2014. 11 Julv 2019 113
uly

¢ R}
BRISTOL 2 De la Torre, Fernando, et al. "Guide to the carnegie mellon university multimodal activity (CMU-

MMAC) database." Robotics Institute (2008): 135.



Who's Better? Who’s Best? Skill

Lrankr = Y, max(0,m — f(p:) + f(p;))

(pi,p;)EY

(3)

N
Lra,nk2 — y: S:max(07m_fk(pz)+fk(pj)) (5)

(pi,pj)EY k=1

N
Lym= Y » maz(0,|f(p:) — f(pj)| —m) (7)

(pi,pj)€EP k=1

with: Hazel Doughty

Walterio Mayol-Cuevas

LrankB — 6Lrank:2 + (1 — B)Lszm (8)
Method Surgery Dough-Rolling Drawing Chopstick-Using
S T TS S T TS S T TS S T TS
Siamese TSN with marginloss 64.7 72.8 69.1 77.6 794 785 75.6 774 780 672 67.9 68.8
+ splits 644 73.3 69.0 79.1 80.4 78.5 749 818 79.1 67.2 69.9 68.8
+ similarity loss  66.4 72.5 70.2 79.5 795 79.4 77.6 82.7 83.2 70.8 70.6 71.5

% University of
=1 BRISTOL

-
-
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WhO,S Better? WhO,S BeSt? Ski” With:\Tvzlztilrigol\ljgcgll-Cuevas

o
1
— E afs (p;j) + (1 —a)fi(pij)
O 4 90
J=1
85 1
Asom
X
275
8
= 70 o— = : :
S =o=3Surgery
<65 —e—Dough-Rolling
60 - —e—Drawing
—e-= Chopstick-Using
55 | | | | |
0 0.2 0.4 0.6 0.8 1

a

% University of H Doughty, D Damen, W Mayol-Cuevas (2018). Who's Better? Who's Best? Dima Damen
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W h O , S B ette r? W h O , S B eSt? S ki I I i :/_Ivzlztzlri[c))ol\ljeglgz)xll-Cuevas

Surger Dough-Rollin
100 - gery 100 9 9
B RankSVM
BYao et al.
> ['Ours =
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% University of H Doughty, D Damen, W Mayol-Cuevas (2018). Who's Better? Who's Best? [Dima Damen
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Who'’s Better? Who's Best? SKill e el Cueyas

Loose Stitching

Elic University of Dima Damen
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W h O , S B ette r? W h O , S B eSt? S ki I I i yvzfteelrigohljggg-Cuevas
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% University of H Doughty, D Damen, W Mayol-Cuevas (2018). Who's Better? Who's Best? [Dima Damen
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WhO,S Better? WhO,S BeSt? Ski” With::/_IVZIZ’[(zlri[c))ol\lngg-Cuevas

d

Lowest Highest

Sonic-Drawing task - part of new skill dataset

11 July 2019 119



T h e P rOS a n d CO n S : i \L_Ivzllz’[eelri?)ol\ljgcz-Cuevas

% University of H Doughty, W Mayol-Cuevas, D Damen (2019). The Pros and Cons: Dima Damen
PY; Rank-aware Temporal Attention for Skill Determination in Long Videos. 7 Julv2019 120
BRISTOL Computer Vision and Pattern Recognition (CVPR) Y



with: Hazel Doughty

Th e P rOS a n d CO n S : Walterio Mayol-Cuevas

Module

Attention | (/| ;*C‘gl ___________________________ e Disparity Loss
Module L : i > Z maz(0,my — (s*(p;) — s (p;))
: I Ranking Loss ! (i.p;)€® + (u(pi) — u(p;))
Attention O _»O > > maz(0,m — s (p;) + s (p;)) I
Module = (upse i
: u(p:) — Disparity Loss
1 Ll
iro Ranking Loss ] > maw(0,ma— (s~ (pi) — s~ (p5))
— ™ Z maz(0,m — s~ (p;) + s~ (p;)) : Daglsk + (u(pi) — u(py))
Attention urncs i
|
|
|
|
|
|

Module L) Rank-aware Loss

: Z max(0,m —u(p;) + u(p;))
| (Pi,pj)EP
I

O
L
Attention 5 E"’Or-u N Ranking Loss
O
18

|1l > max(0, mz — (s7(pi) — s~ (py)
-’8 t (pe.p )€ + (u(pi) —u(p;))
% University of  H Doughty, W Mayol-Cuevas, D Damen (2019). The Pros and Cons: Dima Damen

BRISTOL Rank-aware Temporal Attention for Skill Determination in Long Videos. 7 July 2019 121
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Novel Rank-Aware Loss

(pi,p;)EP

Ligr = >, maz(0,m—s"(pi) +5 (p;) (9
(pi,pj)EP

Ll = 3 maz(0,m —ulps) +u(py))  (10)
(pi,p;)EP

(e cP +(ulp) —u(py) (D)
Ly Aware = Zma.l, 0 ,ms — (Pz) - 5_(pj))
(pi.p;)EP +( (pi) —u(py)) (12

Z L ik T Z dezsp 4= LrAware (13)

i={+,—u} i={+,—}

Dima Damen

Vé University of
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The Pros and Cons: e o e

% University of H Doughty, W Mayol-Cuevas, D Damen (2019). The Pros and Cons: Dima Damen
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with: Hazel Doughty

Th e P rOS a n d CO n S : Walterio Mayol-Cuevas

Dough
Roling

Drawing Origami

% University of H Doughty, W Mayol-Cuevas, D Damen (2019). The Pros and Cons: Dima Damen
PY; Rank-aware Temporal Attention for Skill Determination in Long Videos. 7 Julv2019 124
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The Pros and Cons:

with: Hazel Doughty

Walterio Mayol-Cuevas

Method EPIC Skills YouTubeSkill
Who’s Better [] 76.0 75.8
Last Segment 76.8 61.0
Uniform Weighting 78.8 73.6
Softmax Attention 74.5 12,3
STPN [ 18] 74.3 70.0
Ours (Rank Aware Attention) 80.3 81.2

Table 2. Results of our method in comparison to baseline. Our

final method outperforms every baseline on both datasets.

. . e : Dima Damen
r&@ BRISTOL Rank-aware Temporal Attention for Skill Determination in Long Videos. 7 July 2019

% University of H Doughty, W Mayol-Cuevas, D Damen (2019). The Pros and Cons:

Computer Vision and Pattern Recognition (CVPR)
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The Unique Applications

3. Real-time Solutions

% University of Dima Damen
4 BRISTOL Hoyzois 126



Wearable (Systems)!

* On-the-cloud processing
* On-the-mobile processing
* Onboard processing!

% University of Dima Damen
4 BRISTOL 11duy2019 127



Connecting-to-the-cloud

<

Internet . .

Image

: Image
Image Analysis | Representation Evaluagtion
Server Database S

Figure 1. System overview. The user asks the device to inform
her about her current view of Arc de Triomphe, and the system
responds with the most relevant description in its database.

= |4 University of Dima Damen
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You Do, | Learn — Google Glass Prototype

GlaciAR
Final Demo

Teesid Leelasawassuk, Dima

Damen and Walterio Mayol
University of Bristol

October 2014

University of
BRISTOL



The need for large-scaled datasets...

Vé University of Dima Damen
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KITCHENS
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BRISTOL https://epic-kitchens github.io




EPIC

with: Hazel Doughty

Giovanni Maria Farinella

Sanja Fidler

Davide Moltisanti
Jonathan Munro
Toby Perrett

KlTCH E NS Antonino Furnari Will Price
Evangelos Kazakos Michael Wray
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Bl University of

D Damen et al (2018). Scaling Egocentric Vision: The EPIC-

X BRISTOL KITCHENS Dataset. Arxiv. https://epic-kitchens.github.io
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with: Hazel Doughty Davide Moltisanti
Giovanni Maria Farinella Jonathan Munro

EPlC Sanja Fidler Toby Perrett
Antonino Furnari Will Price
KITCH ENS Evangelos Kazakos Michael Wray

» open cupboard
= put down spatula
stir vegetables

» adjust hob
« stir vegetables
1 take spatula
= put down salt
1 put down spoon
t close salt
= stir water
=mu pour salt onto spoon
= take spoon
open drawer
= put down salt
w open salt
s take salt
stir vegetables
» put down cutting board
= pour onion
» take cutting board
» take spatula
= put down oil
= close oil
== pour oil
= take olive oil
= put down kettle
wm watch boiling water
= DOUr Water into saucepan
= take kettle
turn hob
put down saucepan
= take saucepan
» open cupboard
== stir vegetables
» take spatula
* throw carrot into bin
» put down grater
+ take grater
throw carrot into bin
+ put down grater
_ gratle carrots

7 7.5 8

— mins (P01_01)
9.5

Vé University of D Damen et al (2018). Scaling Egocentric Vision: The EPIC- Dima Damen
rg BRISTOL KITCHENS Dataset. Arxiv. https://epic-kitchens.github.io 11July 2019 133




Davide Moltisanti
Jonathan Munro
Toby Perrett

Will Price

with: Hazel Doughty

Giovanni Maria Farinella

Sanja Fidler
Antonino Furnari
Evangelos Kazakos

2 i
KITCHENS

Michael Wray
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with: Hazel Doughty Davide Moltisanti
Giovanni Maria Farinella Jonathan Munro

. EPIC Sanja Fidler Toby Perrett
KITCHENS Antonino Furnari Will Price

Evangelos Kazakos Michael Wray

sauces
ingredients
ood
g
S

baked &baking
fabric & clothes
uncategorised

kitchenware

Action annotated instances

reci ’g
A
F
g
&

baked &baking
fabric & clothes
uncategorised

ODbject annotated instances
kitchenware

% University of D Damen et al (2018). Scaling Egocentric Vision: The EPIC- Dima Damen
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> EPIC
KITCHENS

TABLE 1: Comparative overview of relevant datasets. *action classes with > 50 samples

Non- Native Sequ- Action | Action Object | Object | Partici- No.
Dataset Ego? | Scripted? Env? Year | Frames | ences | Segments | Classes BBs | Classes pants Env.s
EPIC-KITCHENS | v ] v | v 2018 115M [ 432 | 39,596 | 149* | 454,158 | 323 | 32 | 32
EGTEA Gaze+ [19] v X X 2018 2.4M 86 10,325 106 0 0 32 1
BEOID [21] v X X 2014 0.1IM 58 1,488 34 0 0 5 1
GTEA Gaze+ [20] v X X 2012 0.4M 35 3,371 42 0 0 13 1
ADL [23] v X v 2012 1.0M 20 436 32 137,780 42 20 20
CMU [22] v X X 2009 0.2M 16 516 31 0 0 16 1
VLOG [15] X v v 2017 372M | 114K 0 0 0 0 10.7K N/A
Charades [16] X X v 2016 74M | 9,848 67,000 157 0 0 N/A 267
Breakfast [24] X v v 2014 3.0M 433 3078 50 0 0 52 18
50 Salads [25] X X X 2013 0.6M 50 2967 52 0 0 25 1
MPII Cooking 2 [26] X X X 2012 2.9M 273 14,105 88 0 0 30 1
= |4 University of Dima Damen

,@’9 BRISTOL https://epic-kitchens.github.io 11 July 2019 136




EPIC

KITCHENS

TABLE 4: Statistics of test splits: seen (S1) and unseen (S2) kitchens

| #Subjects | #Sequences | Duration (s) | %

| Narrated Segments | Action Segments | Bounding Boxes |

Train/Val 28 272 141731 28,588 28,561 326,298
S1 Test 28 106 39084 20% 8,069 8,064 97,865
S2 Test 4 54 13231 7% 2,939 2,939 29,995
15 Most Frequent Object Classes Totals
mAP pan plate bowl  onion tap pot knife  spoon  meat food  potato cup pasta  cupboard lid few-shot | many-shot all
IoU > 0.05 | 74.00 72.61 7150 60.72 84.44 6997 44.03 4093 29.65 5852 6282 5330 7839 51.95 62.77 9.71 49.80 38.23
# loU>0.5 67.60 66.21 6598 3996 7380 6471 2880 23.89 20.75 49.85 5548 4299 69.75 29.20 58.48 6.98 36.50 28.06
IoU > 0.75 | 21.94 44.60 3948 352 2583 19.67 342 2.59 5.27 1578 13.18 8.00 2453 4.05 26.51 0.36 8.73 6.50
IoU > 0.05 | 7594 87.36 7272 47.61 78.14 7592 5551 41.28 71.59 38.61 N/A 44.62  80.58 53.88 58.40 6.00 51471 40.61
@ IoU>0.5 62.88 84.86 68.61 3218 59.75 6286 39.60 27.52 53.54 3547 N/A 39.19  76.27 32.54 49.36 5.32 36.27 28.57
IoU > 0.75 | 1456 62.82 3844 225 489 1491 3.85 1.51 9.56 8.10 N/A 7.60  43.30 5.61 25.48 0.18 9.05 7.04
=a 4 . . -
& [ University of Dima Damen

4 BRISTOL

https://epic-kitchens.qgithub.io
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> EPIC
KITCHENS

TABLE 6: Baseline results for the action recognition challenge

Top-1 Accuracy Top-5 Accuracy Avg Class Precision Avg Class Recall

VERB NOUN ACTION | VERB NOUN ACTION | VERB NOUN ACTION | VERB NOUN ACTION

RGB 45.25 35.78 18.91 86.07 62.80 39.39 54.94 40.41 07.01 23.31 30.03 05.29

»n FLOW 43.27 17.92 09.10 79.89 39.63 21.91 64.58 2451 01.52 15.35 09.72 01.28

FUSION | 47.36 36.05 19.44 84.27 61.05 35.45 63.12 44.24 07.33 21.95 29.25 05.22

RGB 35.96 21.74 09.96 74.70 44.95 24.59 45.40 22.14 02.06 11.79 16.75 01.91

&» FLOW 40.56 14.91 07.28 73.66 33.87 18.29 44.83 22.99 00.92 14.16 08.79 00.94

FUSION | 39.67 22.33 10.84 74.53 45.23 23.52 59.60 23.65 02.09 13.37 16.84 01.84

TABLE 7: Sample baseline action recognition per-class metrics (using fusion)
15 Most Frequent Verb Classes

put take wash  open  close cut mix pour move turn-on remove turn-off  throw dry peel
~ RECALL 65.32 51.01 8045 6098 27.13 7427 52.63 24.87 00.00 05.63 01.58 03.67 10.11  29.73  26.09
“  PRECISION | 3562 41.24 63.17 7267 7246 6938 69.52 66.20 - 53.33 66.67 50.00 56.25 88.00 54.55
a RECALL 64.16 48.03 87.76 42.06 15.10 4569 3585 06.06 00.00 00.00 00.81 00.00 00.00  00.00 00.00
“  PRECISION | 30.19 3046 6779 5731 61.54 8548 65.52  40.00 - 00.00 100.0 - - - 00.00
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@® Challenges open on
CodalLab — 9 Sep

@® First Challenge Results in
CVPR 2019

® EPIC@CVPR2019

@® ActivityNet@CVPR2019

Codalab

My Competitions Help willprice ~

Competition

Admin features

N

Learn the Details

Overview

Evaluation

Terms and Conditions

Submission Format

EPIC-Kitchens Action Recognition

Secret url: https://competitions
Organized by willprice - Curren

.codalab.org/competitions/196712secr
22, 2018, 3:59 p.m. UTC

ret_key=473ff1lc-af35-4120-bd85-507f5cd467a6
t server time: Aug

» Current End
ECCV 2018 Action Recognition Challenge

June 30, 2018, midnight UTC Oct. 10, 2018, midnight UTC

Phases  Participate  Results  Forums®)  Team &

EPIC-Kitchens 2018 Action Recognition Challenge

Welcome to the EPIC-Kitchens 2018 Action Recognition challenge. EPIC-Kitchens is an unscripted egocentric action

dataset collected from 32 different people from 4 cities across the world.
This challenge is part of the ECCV 2018 workshop.

Dataset details

® 55 hours of video
¢ 11.5M frames
® 39,594 total action segments
Join us on Github for con

tact & bug reports  About  Privacy and Terms ~ v1.5

Bl University of

D Damen et al (2018). Scaling Egocentric Vision: The EPIC-
rg,*? BRISTOL KITCHENS Dataset. Arxiv. https://epic-kitchens.github.io
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Given a trimmed action segment:
(tstart 3 tstop)
classify the action within.

Yverb = OPEN

ynoun — oven
Yaction — (open, oven)
% University of D Damen et al (2018). Scaling Egocentric Vision: The EPIC- Dima Damen
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Interested in More?

* Egocentric Perception, Interaction and
Computing (EPIC) Workshop Series
e ECCV 2016 (Amsterdam)

ICCV 2017 (Venice)

ECCV 2018 (Munich)

CVPR 2019 (Long Beach)

ICCV 2019 (Seoul) — 5t" edition!

* Paper deadline: 26 July 2019
e Abstract submission: 5 August 2019 (ongoing work)

% University of Dima Damen
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Interested in More?

* Subscribe to the newly introduced mailing
list: epic-community@bristol.ac.uk

* Instructions to subscribe:

* send an email to: sympa@sympa.bristol.ac.uk

e with the subject: subscribe epic-community
* and blank message content
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For further info, datasets, code, publications...

http://www.cs.bris.ac.uk/~damen

@dimadamen

Uﬁ http://www.linkedin.com/in/dimadamen

% University of Dima Damen
3 BRISTOL Hayoots 149



