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Multi-Modality in Egocentric Data

High frame-rate RGB footage from the camera
wearer's perspective

One or many microphones, on the wearable
device, best positioned to capture the
sounds of actions and interactions

Speech in the video... or
Narrations/Captions added to index the videos
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Egocentric Data Collection

microphone &

array of microphones
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From Narrations to Start-End Times
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Ego4D Narrations

Narratlon #C C scraps off wood filler from one putty knife with the other putty knife

C: camera wearer #C C picks up another putty knife from the white board
N

13.2 sentences/min
3.8 M sentences

1,772 verbs

4 ,336 nouns
card cdoth:

hand
paper

container 2 tray cover




Ego-Exo04D Annotations A mrErmrr

Annotations and Benchmarks

Expert Commentary Narrate and Act

0:49 It is important to tighten this ) | ) ):10 Ok, now the reinstallation, ‘ th‘:n_ss pulu
securing nut to just the proper ' =~ instance there is a connection for the...
one to two newton meters of
snugness.

0:39 when installing this I'm using my fingers
to help balance and fully push up...

ol 0:504 do both at the same time for time savings.
Anything in excess could cause | can 315-.;;_, lo one at a time until.

the tiny bolt to snap or strip.
Atomic Action Descriptions

'f‘
R

0:20 C adjusts the right dropouts with his right hand.

PR2024




Multi-Modality in Egocentric Data

High frame-rate RGB footage from the camera
wearer's perspective

One or many microphones, on the wearable
device, best positioned to capture the
sounds of actions and interactions

. i o i

Narrations/Captions.édded to index the videos
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Multi-Modality in Egocentric Data

High frame-rate RGB footage from the camera
wearer's perspective

One or many microphones, on the wearable
device, best positioned to capture the
sounds of actions and interactions
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with: Vangelis Kazakos Jaesung Huh

AUdiO-VisuaI Egocentric ViSiOn Arsha Nagrani. Jacob Chalk

Andrew Zisserman

e The magic of audio-visual
understanding...

e Object-Object
Interactions
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with: Vangelis Kazakos Jaesung Huh

Andrew Zisserman

AUdiO-VisuaI EgOCentriC ViSion Arsha Nagrani. Jacob Chalk

e The magic of audio-visual
understanding...

e Object-Object
Interactions

e Material sounds
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with: Vangelis Kazakos Jaesung Huh

AUdiO-VisuaI EgOCentriC ViSion Arsha Nagrani. Jacob Chalk

Andrew Zisserman

e The magic of audio-visual
understanding...

e Object-Object
Interactions

e Material sounds

e Sound-emitting
objects
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with: Vangelis Kazakos

The first attempt

Andrew Zisserman

Multimodal Fusion

—————————————

1.28s | i
Mﬁw = BN-Inception pool li B |
8x8 ; FC1 .

. avg | 125
BN-Inception pool I |

7x7 | . FC2-Nouns
224 | A

avg E E
N N BN-Inception pool | N Il
7x7 i 3072 i

| | 331
1024 ________.

X and y flow components
AR University of Dima Damen

|

S E Kazakos, A Nagrani, A Zisserman, D Damen (2019). EPIC-Fusion: Audio-Visual Temporal Binding for Egocentric Action Recognition. ICCV
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with: Vangelis Kazakos Jaesung Huh

AUdiO-VisuaI EgOCentriC ViSiOn Arsha Nagrani. Jacob Chalk

Andrew Zisserman

* musical Instruments

Objects az1@° animals and insects

o waterfall
Sound * humans talking

 food processor

* put glass down

'ANeiilelaleilazl ¢« close drawer

Sound e furn-on tap
* chop garlic
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g BRISTOL MULA@CVPR2024



with: Vangelis Kazakos Jaesung Huh

AUdiO-VisuaI EgOCentriC ViSiOn Arsha Nagrani. Jacob Chalk

Andrew Zisserman

* MUSIC

Objects that gEWlE
Sound [l

. huma s
 food

* put gl
'ANeiilelaleilazl ¢« close drawer

* turn-on tap
Sound » chop garlic
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with: Vangelis Kazakos

Harmonic vs Percussive

Andrew Zisserman

Harmonic Sounds Percussive Sounds

EPIC-KITCHENS

Vé University of Dima Damen
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with: Vangelis Kazakos

Harmonic vs Percussive N

Harmonic Sounds Percussive Sounds

©
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S
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Auditory Slow-Fast

Outstanding Paper Award — ICASSP 2021 4@

1 Dima Damen
RISTOL MULA@CVPR2024
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with: Vangelis Kazakos

Audio Slow-Fast et

Slow Auditory Pathway

gl
®
aQ
=
T conv,+pool, S
= = — TR -
bl b ol
il *ui& | &m%« S
/B = /B di CI/)B h /B /B . 2D temporal convolution
ast Auditory Pathway * with kernel k x 1 and stride a
Elic University of R . . » Dima Damen
A BRISTOL E Kazakos, A Nagrani, A Zisserman, D Damen (2021). Slow-Fast Auditory Streams For Audio Recognition. ICASSP MULA@CVPR2024




Audio Slow-Fast L+ 48

Andrew Zisserman

= Model Top-1 Top-5
S Chen et al. [2] 51.00  76.40
¢  McDonnell & Gao [3] 39.74  T71.65
O Slow 45.20  72.53
S  Fast 41.44  70.68
Slow-Fast (Proposed) 52.46 78.12
)
Z
Ij':J Top-1 Accuracy (%)
CI—) Split  Model Verb  Noun Action +# Param.
EI % Damen et al. [1] 42.12 2151  14.76 10.67M
@) =  Slow-Fast (Proposed) 46.47 22.77 15.44 26.88M
o
LLI
Vé University of Dima Damen

g BRISTOL MULA@CVPR2024




Audio Slow-Fast i R

Andrew Zisserman

Slow stream

footsteps on snow

snake rattling

tap dancing

car engine knocking
woodpecker pecking tree

baltimore oriole calling
cheetah chirrup

zebra braying
dinosaurs bellowing
horse neighing

black capped chickadee calling chopping wood

cat hissing people clapping
cuckoo bird calling lawn mowing
mosquito buzzing typing on typewriter

opening or closing car doors
playing tennis

railroad car

playing tympani

playing drum kit

playing vibraphone

y Popping pop corn

bull bellowing
whale calling

singing choir
people cheering
people crowd
thundei child speech
electric blender runninc y baby laughter
airplane flyk cat purring

' i | dog barking
race car
singing bowl
vacuum cleaner cleaning floors
toilet flushing
dog growling
y splashing water

;[ 4 University of . . . . L Dima Damen
3 BRISTOL E Kazakos, A Nagrani, A Zisserman, D Damen (2021). Slow-Fast Auditory Streams For Audio Recognition. ICASSP MULA@CVPR2024
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with: Vangelis Kazakos

AUd iO SIOW-FaSt Arsha Nagrani

Andrew Zisserman

Slow stream Fast stream

baltimore oriole calling
cheetah chirrup

zebra braying

~ dinosaurs bellowing

T horse neighing

= black capped chickadee calling
cat hissing

cuckoo bird calling
mosquito buzzing

bull bellowing

\ whale calling

volcano explosion
playing lacrosse

hair dryer drying

sea waves

playing tympani
blowtorch igniting
opening/closing electric car
windows

thunder

electric blender running
playing shofar

airplane flyby

playing trumpet

wind chime

y striking bowling

;[ 4 University of . . . . L Dima Damen
3 BRISTOL E Kazakos, A Nagrani, A Zisserman, D Damen (2021). Slow-Fast Auditory Streams For Audio Recognition. ICASSP MULA@CVPR2024
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with: Vangelis Kazakos
Arsha Nagrani
Andrew Zisserman

Audio Slow-Fast

TOWARDS LEARNING UNIVERSAL AUDIO REPRESENTATIONS

Luyu Wang, Pauline Luc, Yan Wu, Adria Recasens, Lucas Smaira, Andrew Brock, Andrew Jaegle,

Table 2: Evaluating frameworks and architectures on HARES. We compare the impact of architecture choice under the
classification and SimCLR objective. We also show the performance of several other recent strongly performing frameworks.
Average scores are reported for tasks in each domain separately, and all three combined. All models are trained on AudioSet
except for bidirectional CPC and Wav2Vec2.0, for which we also show results when they are trained on LibriSpeech (LS).

Architecture #Params Input format Used in Env. Speech Music HARES  AudioSet (mAP)
Classification/SimCLR
BYOL-A CNN 5.3m Spectrogram 191 69.4/69.9 61.4/69.8 57.6/63.1 63.1/68.2 3221322
EfficientNet-BO 4.0m Spectrogram 18] 71.1/63.8 43.5/40.7 48.0/44.0 53.8/49.2 34.5/26.2
CNN14 71m Spectrogram  [111 74.6/66.4 56.0/37.3 56.4/44.8 62.3/48.9 37.8/28.8
ViT-Base 86m Spectrogram [12] 73.3/74.6 50.4/56.5 60.3/64.2 60.5/64.5 36.8/36.8
ResNet50 23m Spectrogram [19] 74.8/74.4 51.7/65.0 59.6/63.7 61.4/67.8 38.4/36.2
SF ResNet50 26m Spectrogram [17] 74.0/743 56.9/73.4 59.6/65.2 63.3/71.7 37.2/36.6
NFNet-F0 68m Spectrogram  Ours | 76.1/76.0 59.0/65.9 61.8/65.5 65.4/69.2 39.3/37.6
SF NFNet-F0 63m Spectrogram Ours 75.2/75.8 65.6/77.2 64.5/68.6 68.5/74.6 38.2/37.8

achieve State-Of-the-aI't performance across all doma.ins DUPTILVIDdDTU LUl aduyve 1calliliy 1o} (L)), allu vulllpaliiyg uicinn

S _ . _ across a large set of model architectures. We find that models
. Indfzx Terms— agdlo representations, representation rained with contrastive learning tend to generalize better in
- evaluation, speech, music, acoustic scenes the speech and music domain, while performing compara-
: bly to supervised pretraining for environment sounds. We
% Unlversrc of Dima Damen
C
BRISTOL MULA@CVPR2024




Audio Slow-Fast L+ 48

Andrew Zisserman

e Project webpage: htips://ekazakos.github.io/auditoryslowfast/

B 3T

& .
T

e Code & models: https://github.com/ekazakos/auditory-slow-fast

I|-_1 4 E
s
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https://ekazakos.github.io/auditoryslowfast/
https://github.com/ekazakos/auditory-slow-fast

with: Alexandros Stergiou

ICASSP
2023

Play It Back: Iterative Attention
for Audio Recognition S —

Alexandros Stergiou Dima Damen
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M Otlvatl O n with: Alexandros Stergiou

e Current Audio Recognition datasets contain examples of target classes
iIntermixed with other irrelevant sounds

VGG-Sound

® Audio sources from YouTube videos

® Sounds emitted from human, animals,
musical instruments, machinery or
weather events

I
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M Otlvatl O n with: Alexandros Stergiou

e Current Audio-Recognition datasets contain examples of target classes
iIntermixed with other irrelevant sounds

VGG-Sound

® Audio sources from YouTube videos

® Sounds emitted from human, animals,
musical instruments, machinery or
weather events

/'\‘

J

target class: “ukulele”

University of . _ . . . " Dima Damen
5, BRISTOL A Stergiou, D Damen (2023) Play It Back: Iterative Attention for Audio Recognition. ICASSP

MULA@CVPR2024
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M Otlvatl O n with: Alexandros Stergiou

e Current Audio-Recognition datasets contain examples of target classes
iIntermixed with other irrelevant sounds

VGG-Sound

® Audio sources from YouTube videos

® Sounds emitted from human, animals,
musical instruments, machinery or
weather events

7 - 73
target class: ‘people hiccup
University of . _ . . . " Dima Damen
AL BRISTOL A Stergiou, D Damen (2023) Play It Back: Iterative Attention for Audio Recognition. ICASSP MULA@CVPR2024
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M Otlvatl O n with: Alexandros Stergiou

e Current Audio-Recognition datasets contain examples of target classes
iIntermixed with other irrelevant sounds

VGG-Sound

® Audio sources from YouTube videos

® Sounds emitted from human, animals,
musical instruments, machinery or
weather events

EPIC-KITCHENS

® Hand-Object Interaction Sounds
® [abelled with verb and noun classes

d

University of . _ . . . " Dima Damen
5, BRISTOL A Stergiou, D Damen (2023) Play It Back: Iterative Attention for Audio Recognition. ICASSP
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M Otlvatl O n with: Alexandros Stergiou

I

e Current Audio-Recognition datasets contain examples of target classes
iIntermixed with other irrelevant sounds

VGG-Sound

® Audio sources from YouTube videos

® Sounds emitted from human, animals,
musical instruments, machinery or
weather events

EPIC-KITCHENS

® Hand-Object Interaction Sounds
® [abelled with verb and noun classes

target class: “scrub plate”

University of . _ . . . " Dima Damen
BRISTOL A Stergiou, D Damen (2023) Play It Back: Iterative Attention for Audio Recognition. ICASSP MULA@CVPR2024




M Otlvatl O n with: Alexandros Stergiou

e Significant challenges to distinguish between similar sounds

o Isita Ukulele or Banjo?

o lIs it scrubbing a plate or a table?

Say again?
Can you play <y g
it back”?

University of Dima Damen
BRISTOL MULA@CVPR2024




with: Alexandros Stergiou

Motivation

e Repeating sounds is essential for the development of echoic memory
e This memory is responsible for the memorisation of sounds [A¢

Q
L . A% -
e Repeated listening to replays of sound stimulants O (GQG .al for associating
sound patterns [C] B\
A
Y
W
xeCY
o
(G
(o)
AQ 20
oW
[A] Terry Clark, “E~' (\0 WP _xplored and applied,” Journal of services marketing, 1987.
[B] Rael D S* oWN © _owan, Walter Ritter, and Daniel C Javitt, “Auditory sensory (" echoic”)
me: .un in schizophrenia.,” The American journal of psychiatry, 1995.
[C] Ge . Radvansky, Human Memory, Psychology Press, 2005.
% Unlver51t of Dima Damen
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P I ay_ I t_ B a Ck Arch Ite Ctu re with: Alexandros Stergiou

HWHF—’ D( ZO) [ Classifier
audio sequence
£rank(1<—>2)
D(Z 1 ) [ Classifier e [rmnk(1<—>i)
‘Cmnk(2<—>i)
playbacks |

D(ZZ) [ Classifier

P

3

: patch encodings : playback+patch encodings

Vé University of Dima Damen
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Re S u ItS with: Alexandros Stergiou

Model GFLOPs verb noun action

top-1 top-5 top-1 top-5 top-1 topS
Damen et al. [¥] N/A 426 758 223 446 145 282

MBT (A) [1%] 34.2 44.3 - 22.4 - 13.0 -
Slow-Fast [12] 35.1 465 783 228 449 154 28.6

PlayItBackX3 122.8 47.0 787 23.1 451 159 29.2

Table 3: Comparisons to state-of-the-art for EPIC-

KITCHENS-100. We report the top-1 and top-5 accuracies
for the verb, noun, and action labels.

% University of Dima Damen
g BRISTOL MULA@CVPR2024




Performance over playbacks with: Alexandros Stergiou

54 -
A5 *
S
o ~ *
=531
m —
h —
= *
o
- @ *
.8_
- 150 GFLOPs
SI{  100GFLOPs
50 GFLOPs
0 ] 2 3 4 5
Number of playbacks

Fig. 3: VGG-Sound top-1 ac-
curacy over different playback-
numbers (N) with respect to the

compute (in GFLOPs).
Vé University of Dima Damen
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Q u a I |tatlve Res u ItS with: Alexandros Stergiou

X0 —p X3
GT: people giggling ‘ ) GT: people giggling
PlayltBackX0: people screaming PlayltBackX3: people giggling
% University of Dima Damen

g BRISTOL MULA@CVPR2024



Qual |tatlve Resu ItS with: Alexandros Stergiou

GT: close fridge XO mp- X3

GT: close fridge
PlayltBackX0: open drawer O PlayltBackX3: close fridge

% Unlver51t of Dima Damen
g BRISTOL MULA@CVPR2024



P I ay_ I t_ B a C k with: Alexandros Stergiou

Github code

University of Dima Damen
BRISTOL MULA@CVPR2024



with: Jaesung Huh* & Jacob Chalk*

Vangelis Kazakos Andrew Zisserman

ICASSP
2023"\%7

EPIC-Sounds: A Large-scale
Dataset of Actions That Sound

Jaesung Huh*, Jacob Chalk*, Evangelos Kazakos, Dima Damen, Andrew Zisserman
* . Equal contribution

Elic University of
BRISTOL

Jamen

Uni
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- g with: Jaesung Huh* & Jacob Chalk*
M Otlvatl O n Vangelis Kazakos Andrew Zisserman

Video

Audio

i | A University of § ) . _ . Dima Damen
AL BRISTOL J Huh*, J Chalk* E Kazakos, D Damen, A Zisserman (2023). EPIC-Sounds: A Large-scale Dataset of Actions That Sound. ICASSP MULA@CVPR2024
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- g with: Jaesung Huh* & Jacob Chalk*
M Otlvatl O n Vangelis Kazakos Andrew Zisserman

Video
Close bin Close bag Wash carrot Wash tomato Take knife Cut tomato
Audio
Elic University of _ . Dima Damen
BRISTOL J Huh*, J Chalk* E Kazakos, D Damen, A Zisserman (2023). EPIC-Sounds: A Large-scale Dataset of Actions That Sound. ICASSP MULA@CVPR2024




- g with: Jaesung Huh* & Jacob Chalk*
M Otlvatl O n Vangelis Kazakos Andrew Zisserman

Video

Cut tomato

Close bin Close bag ‘ as vvash tomato Take knife
eC

Audio %—* L |

Elic University of _ . Dima Damen
BRISTOL J Huh*, J Chalk* E Kazakos, D Damen, A Zisserman (2023). EPIC-Sounds: A Large-scale Dataset of Actions That Sound. ICASSP MULA@CVPR2024




- g with: Jaesung Huh* & Jacob Chalk*
M Otlvatl O n Vangelis Kazakos Andrew Zisserman

Video
Close bag Wash carrot Wash tomato Take knife Cut tomato
| 1N ] 1L
Audio
Elic University of _ . Dima Damen
BRISTOL J Huh*, J Chalk* E Kazakos, D Damen, A Zisserman (2023). EPIC-Sounds: A Large-scale Dataset of Actions That Sound. ICASSP MULA@CVPR2024




- g with: Jaesung Huh* & Jacob Chalk*
M Otlvatl O n Vangelis Kazakos Andrew Zisserman

Video
Close bin Close bag Wash carrot Wash tomato Take knife Cut tomato
i . I | - N | L
Audio | ‘ || I||| |I|I| || ||||“||||”| |||I| ||I ||| |II||I I ||
Elic University of _ . Dima Damen
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- g with: Jaesung Huh* & Jacob Chalk*
M Otlvatl O n Vangelis Kazakos Andrew Zisserman

Video
Close bin Close bag Wash carrot Wash tomato ' Cut tomato
i | I o e R
Audio }"‘“——‘P‘*—#——
Elic University of _ . Dima Damen
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- g with: Jaesung Huh* & Jacob Chalk*
M Otlvatl O n Vangelis Kazakos Andrew Zisserman

Video
Close bin Close bag Wash carrot Wash tomato Cut tomato
i | I
Audio
Elic University of _ . Dima Damen
BRISTOL J Huh*, J Chalk* E Kazakos, D Damen, A Zisserman (2023). EPIC-Sounds: A Large-scale Dataset of Actions That Sound. ICASSP MULA@CVPR2024




- g with: Jaesung Huh* & Jacob Chalk*
M Otlvatl O n Vangelis Kazakos Andrew Zisserman

Video
Audio
Open/close Sniffing Footsteps
Audio
labels
Rustle Tap running Cut food

Elic University of . . Dima Damen
BRISTOL J Huh*, J Chalk* E Kazakos, D Damen, A Zisserman (2023). EPIC-Sounds: A Large-scale Dataset of Actions That Sound. ICASSP MULA@CVPR2024




M Otivatio N with: Jaesung Huh* & Jacob Chalk*

Vangelis Kazakos Andrew Zisserman

Video

Close bin Close bag

Visual
labels

Wash carrot Wash tomato Take knife Cut tomato

Open/close Sniffing Footsteps Metal Metal
Audio

labels

Rustle Tap running

Cut food

et

Audio

| A University of
6,

; } . _ . Dima Damen
BRISTOL J Huh*, J Chalk* E Kazakos, D Damen, A Zisserman (2023). EPIC-Sounds: A Large-scale Dataset of Actions That Sound. ICASSP MULA@CVPR2024
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E P | C SO U N D S with: Jaesung Huh* & Jacob Chalk*
- Vangelis Kazakos Andrew Zisserman

EPIC-KITCHENS VIDEOS
100 hours
45 kitchens

EPIC-Sounds

Visual Action Annotati
isual Action Annotations Audio-Based Annotations

90K visual actions
97 verb classes
300 noun classes

79K categorised audio events
44 sound categories
39K uncategorised events

University of ) ) . . Dima Damen
g BRISTOL J Huh*, J Chalk* E Kazakos, D Damen, A Zisserman (2023). EPIC-Sounds: A Large-scale Dataset of Actions That Sound. ICASSP MULA@CVPR2024







EPIC-SOUNDS

with: Jaesung Huh* & Jacob Chalk*

Vangelis Kazakos Andrew Zisserman

B Train: #60055 (76.6%)

Audio Class

100 80 60 40
E % of class

Ak BRISTOL

20

B Val: #8035 (10.3%) BN Test: #10276 (13.1%)

C
C
C:

C

C

S
C:
C

C:
C:

C
C:

C:
C

C:

C: metal-only
scrub / scrape

cut / chop
open / close
rustle
water

C: plastic-only

stir
footstep
slide object
: metal / wood
: metal / plastic
metal / ceramic
background
ceramic-only
beep
click
: metal / glass

C: paper-only

pour
C: glass-only

C: wood-only
C: plastic / paper

: metal / paper
human

C: metal / cloth

izzling / boiling
plastic / ceramic
: plastic / wood

C: metal / marble

ceramic / glass
plastic / marble
: plastic / glass

kettle / appliance

ceramic / wood
kneading
C: cloth-only
ceramic / marble
: glass / marble

C: wood / glass

hoover / fan
spray
zip
drink

12031
11843

7781
6332
6056
5121

3961 ‘
3638
3559

3231 crub

SCrap

: plasticcmarbl

: plastic-wood

191 S . Sizzling
ray
,/ - a -
- = Zip Appliance C: plastic-glass
144./’—1(1_*’/
10 | T | e | 10

Number of annotations (Log Scale)
MULA@CVPR2024




EPIC-SOUNDS splits Bosis Kalo:  Afdhiw Zissorman

e \We match the train/validation/test video splits from EPIC-KITCHENS-100

e \We halve the test split into two challenge-specific subsets:

o Recognition — with timestamps

o Detection — without timestamps Val 10.3%

Detection 6.5%

H (1)
Train 76.6% Test 13.1%

Publicly Available Timestamps % Publicly Available Labels

;| A University of ) ) . _ . Dima Damen
3 BRISTOL J Huh*, J Chalk* E Kazakos, D Damen, A Zisserman (2023). EPIC-Sounds: A Large-scale Dataset of Actions That Sound. ICASSP MULA@CVPR2024
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- : - with: Jaesung Huh* & Jacob Chalk*
An n Otatl O n S P I p e I I n e Vangelis Kazakos Andrew Zisserman

e \We annotate all the distinctive sound events which consist of temporal
intervals using free-form sound descriptions.
e Using VGG Image annotator tool

VIA Demo Video Annotation  [1] PO1_11/001.mp4 viseach | ¢ > @ @ OR" O 0QONIOWn a Q

< OO0 @O

Event [ ]

v 00:00:00.000

| Annotation v |

Elic University of _ . Dima Damen
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* From free-form descriptions to categories

beep

[buzzer][ beep ]

[ alarm ]

scrub/scrape

scrub ][ scour ]

[
[

scrape][ wipe ]
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e For collision sounds, we annotate the materials of the objects that colliding.
e Materials example

P -
Ceramic Cloth Metal Plastic Glass

% University of _ . Dima Damen
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Post Processing

 We use the overlaps between audio and

* Manual check on validation / test set
visual segments for reviewing train set.

P 0:01/0:0] eo———— :
Close bin Cut tomato

The sound is annotated The sound is annotated as: rustle

as: metal-only collision Is this sound label correct? ———————
Is this sound label 0 O yes V:
correct? Y
no
Oyes - ; -
e If not, is there a right label in here? — A
_ @ scrub / scrape
If not, is there a : / g
right label in here? | ® stir
- @ vater Open / close Cut food
® wood-only @ can't tell
collision
® glass / marble
collision
@® plastic / wood
collision
® can't tell
Dima Damen
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* There are around 39,000 audio events that we recognise the sound exists but no
semantic label matching the 44 classes could be given.
* Because
* Unable to assign the label
» Collision sounds for which they could not be visually verified.

« \We also released them in our website

University of Dima Damen
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Baselines and Model Cheekpoints

Vangelis Kazakos Andrew Zisserman

Table 3: Results of the Baseline Models on the EPIC-SOUNDS val-
idation and test splits. L: Linear-Probe; F: Fine-Tuning.

Vé University of
g BRISTOL

Split Model Top-1 Top-5 mCA mAP mAUC
Chance - 771 3095 229 0.023  0.500

_ SSAST[28] L 2874 6487 7.4 0.079  0.755
LS ASF [29] L 4553 7933 1348 0.172  0.789
SSAST[28] F 5347 8456 2022 0235 0.879

ASF [29] F 5375 8454 20.11 0254 0.873

Chance - 722 3011 227  0.023  0.500

- SSAST[28] L 2750 6555 6.68 0.080 0.741
é ASF [29] L 4455 7844 1449 0.145 0.772
SSAST[28] F 5375 8376 20.76 0.237 0.860

ASF [29] F 5486 8426 2030 0232 0.823

Dima Damen
MULA@CVPR2024
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EPIC-SOUNDS Dataset

We introduce EPIC-SOUNDS, a large scale dataset of audio annotations capturing temporal extents and class labels within the audio stream of
the egocentric videos from EPIC-KITCHENS-100. EPIC-SOUNDS includes 78.4k categorised and 39.2k non-categorised segments of audible
events and actions, distributed across 44 classes. In this repository, we provide labelled temporal timestamps for the train / val split, and just
the timestamps for the recognition test split. We also provided the temporal timestamps for annotations that could not be clustered into one of
our 44 classes, along with the free-form description used during the initial annotation. We train and evaluate two state-of-the-art audio
recognition models on our dataset, which we also provide the code and pretrained models for.

Download the Data

A download script is provided for the videos here. You will have to extract the untrimmed audios from these videos. Instructions on how to
extract and format the audio into a HDF5 dataset can be found on the Auditory SlowFast GitHub repo. Alternatively, you can email uob-epic-
kitchens@bristol.ac.uk for access to an existing HDF5 file.

Contact: uob-epic-kitchens@bristol.ac.uk
Citing

lima Damen
When using the dataset, kindly reference our ICASSP 2023 Paper: ITULA@CVPR2024




Dataset and Challenge oo Kaos  Abohéw Zissomeon

® \éesterday, the second EPIC-SOUDS Recognition Challenge and first EPIC-SOUNDS Detection
hallenge

Test set

Date of ini - Top-5 Per-Class Mean Average Mean Area

Last Entry Modality | Accuracy | Accuracy | Accuracy (%) | Precision (%) Under Curve
(%)

T_MOD A Interaction Interaction Avg. A Avg. A Avg. A Date of Last Training mAP@0.1 | mAP@0.2 | mMAP@0.3 | mAP@0.4 | mAP@0.5 | Avg. mAP
A A A A A Entry Modality (¢A) (%) (%) (%) (%) (%)

PTA TLA T_MOD A

Test set

Interaction Interaction Interaction Interaction Interaction Interaction

20 30 40
1 JMCarrot 11 05/31/24 a @ 0 0.0 (2) 56.57 (1) 86.30(1) 22.24(3) 27.98 (2) 0.883 (2) A A A A A
20 20 30 1 shuming 3 05/31/24 21'0 31'0 41‘0 0.0 (2) 19.81 (1) 17.24(1) 1482 (1) 1248(1) 974(1) 14.82(1)
2 TIM_method 1 04/06/24 <7 77 20(1) 5586(2) 8626(2) 2297(1)  32.23(1) 0.894 (1) AU
m @ @ 20 30 30
50 30 40 2 TIM_method 1 04/06/24 R 2.0 (1) 1571(2) 13272 1136(2) 934(2) 730(Q) 11.40(2)
3 oy 6 05/31/24 (1') (1') (1') 00() 5566(3) 8593(3) 2169(5)  27.89(3) 0.878 (3) o 30 a0
3 AABC 11 05/30/24 : : <000 1122(3) 9753@) 855(3) 7.13(3) 566(3) 846(3)
20 30 40 @ o @
4 stevenlau 6 05/31/23 0.0 (2) 5543 (4) 85.52(4) 21.84(4) 26.98 (5) 0.877 (4) 50 30 40
M @ 4 Yugili 2 05/28/24 : : ~ o 00Q 969 (4) 875(4) 758(4) 657(4) 532(4) 7.58(4)
20 30 40 LA U
5  Yuqi_Li 10 05/31/24 : T 00@ 55.17 (5) 8534 (6) 20.98 (9) 26.15 (6) 0.861 (6) 20 30 30
m @ 5 EPIC_ACTIONFORMER 1 03/01/24 i @ @ 0.0(2) 957(®6) 851(5) 738(5) 622(5 505() 7.35(5)
' 20 30 40
6 audi666 3 06/01/23 @ [ @ 0.0 (2) 55.11(6) 85.40(5) 21.14 (8) 25.96 (9) 0.856 (7) 6 cvey 8 R (21<)J (31;) ?2;) 00 Q) 90616 6406 7256 586 4450 S
7  EPIC_AUDITORY_SLOWFAST 1 01/25/23 MM @ 0.0 (2) 5480 (7) 85.18(8) 20.77 (10)  26.01(8) 0.850 (10) 7 fly_to 3 05/31/24 G G 0.0 (2) 936(7) 825(7) 697(7) 577(7) 437(7) 694(7)
20 30 30
8 DXLong 6 05/31/24 W @ 0.0 (2) 5478 (8) 85.40(5) 21.43(6) 26.06 (7) 0.854 (8)
20 30 40
9 WJB 8 05/25/24 o0 @ 0.0(2) 5450 (9) 8532(7) 21.40(7) 27.41 (4) 0.876 (5)
9 WIB 8 05/25/24 (‘1)' ('1) (1) 0.0 (2) 5450 (9) 85.32(7) 21.40(7) 2741 (4) 0.876 (5)
;|4 University of Dima Damen

Iﬁ

AL BRISTOL J Huh*, J Chalk* E Kazakos, D Damen, A Zisserman (2023). EPIC-Sounds: A Large-scale Dataset of Actions That Sound. ICASSP MULA@CVPR2024




with: Jaesung Huh* & Jacob Chalk*

Vangelis Kazakos Andrew Zisserman

CVPR

R 14 Shpd  JUNE17-21, 2024

TR aaa B
i l’lil%l"a’lnm SEATTLE, WA

TIM: A Time Interval Machine for
Audio-Visual Action Recognition

Jacob Chalk*, Jaesung Huh*, Evangelos Kazakos, Andrew Zisserman, Dima Damen

* . Equal contribution
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TIM: A Time-Interval Audio-Visual Machine Vi Jaces Shelk Jaesung Hur
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+{— Time Interval Machine

"I Encoded Query 1 4
| e Transformer Visual
(& ' ? ; —> I
% _.L(;S_._ — e Q Action
\, - . §
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TIM: A Time-Interval Audio-Visual Machine Bl G s

Time Interval Machine

S Start 8l -----. _
> Time : :C; >, Transformera‘ Auditory
I End gl B ’| Encoder Action
| . gl ="
' ime | o}
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TIM: A Time-Interval Audio-Visual Machine

with: Jacob Chalk*" Jaesung Huh*
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Time Interval Machine |

l

- ' Transformer
(97?

Encoded Query

— Encoder Q‘

| Interval Encoder I

.Visual Modality —
—

TIM }—— Rinse Sponge

TIM > Water

TIM » Wipe Surface

TIM — (Glass Collision

TIM }——5Scrub / Scrape

.Audio Modality 15
Os 5s 10s '15s 20s

Elic University of
BRISTOL

TIM J}—— Empty Jar

Auditory
Action
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: l Visual features lAudio features

)

University of j Chalk*, J Huh*, E Kazakos, A Zisserman, D Damen (2024). TIM: A Time Interval Machine for Audio-Visual Dima Damen
BRISTOL  action Recognition. CvPR MULA@CVPR2024




TIM: A Time-Interval Audio-Visual Machine Vi e Shaic Jacsung o

Vangelis Kazakos Andrew Zisserman
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Query
l time encoding l Visual features l Audio features [CLS] token for video & audio
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Model zp LLM Verb Noun Action
Visual-only models
MFormer-HR [37] 336p X 67.0 58.5 44.5 Perception Test Action
MoViNet-A6 [27] 320p X 122 9713 47.7 Model MLP (V) MTCN [25](A+V) TIM (V) TIM (A+V)
MeMVIT [55] 224p X 714  60.3 48.4 :"P'l j‘.cc - t§3-7 - 51.2 36.1 61.1
. ercepilion Lest youn

Omnivore [14] 224p X 695 617 499 Model  MLD (A) MTCN [25](A+V) TIM (A) TIM (A+V)
MTV [59] 280pp X 699 639 505 Top-lacc 506 52.9 54.8 56.1
LaVila (TSF-L) [63] 224p v 72.0 629 51.0
AVION (ViT-L) [62] 224p v 73.0 654 54.4 Table 5. Comparisons to trained recognition baselines on the Per-
TIM (ours) 224p X 76.2 66.4 56.4 ception Test validation split. We show both action and sound
Audio-visual models recognition and the benefit of including audio-visual in TIM for
TBN [24] 224p X 66.0 47.2 36.7 both challenges. V : visual and A : audio input features. MLP is
MBT [34] 224p X 648 580 43 .4 the result by training an MLP classifier with the features directly.
MTCN [25] 336p X 70.7 62.1 49.6
M&M [57] 420p X 72.0 66.3 53.6
TIM (ours) 224p X 775 67.4 57.9

% Unlver51t of Dima Damen

Y BRISTOL MULA@CVPR2024




TIM: A Time-Interval Audio-Visual Machine Vi Jaces Shelk Jaesung Hur

Vangelis Kazakos Andrew Zisserman

Q:0.0-1.0
Q:1.0-3.0
Q:3.0-7.0
Q:7.0-15.0

:10.0-26.0

o

Q:0.0-1.0
Q:1.0-3.0
Q:3.0-7.0
Q:7.0-15.0

Q:10.0 - 26.0

[

[ IHIERnm

IR
IRNERRRRRRRECRRD OO
IR TR AN REENE i

CLOVANONTOOVNNNTOONONTOONNTOONOVTOONNTOONNTOONONTOWOMNOTOWOMN

AEANNMNS S INNONNOOO0OOOAANMMSIINOONNOOOOOANNMMINNOON0ONO O
oo agAdAAAAAAA—AA"ATAA A A A A NANANANANANANNANANANANNNNNNN

ocovNOTtTOoOOVNOOTOOMNOOS ' P T T T T T T T

COHHANMMIFINOORNELLYNRTQONXLTQONRLQONOLTQONRLQONOILQONW

OO0 OANNMMINNOONOOOONO—ANNMS LN WM 000000
AT A A A A A A A A A A A A NN ANANANANANANANANANANNNNN

Feature Interval

HHHIIIIIIIIIIIIIIIIIIIIII o

0.6

0.4

0.2

0.0

- 1.0

- 0.8

0.6

o
IS
apniiubely uonuany

0.2

IRIRRNR NN AR RN OANURRCARREEmmL,,

CLOUNONTOOVONNTOONONTOONNTOONRXTOONNTOONONTOONONTOWOMNOTOWMN

AEANNMNSTINNONNOOO0OOOAANMMSITIINOONNOOOOOANNMMSNNWOWON000OO O
oo agAAAA A A A A A A A A A A A A A NN AN ANANANANANANANANNANNNNNN

ocovANOTtTOoOOVNOTOOMNOOST ' P Y T T T T T

OO0 OANANMMINNOONOOOONO—=ANNM LN WO 000000
e A A AT A A A A A A A A AN ANANANANANANANANNANNNANAN N

Feature Interval

Vé University of
5 BRISTOL

apnyube|y uopuany

Duration of Interval Start Time of Interval End Time of Interval

i
\
1 SE
EPIC %
Perception
Test

Dima Damen
MULA@CVPR2024




with: Jaesung Huh* & Jacob Chalk*

Vangelis Kazakos Andrew Zisserman

CVPR

R 14 Shpd  JUNE17-21, 2024

Thur (Session 4)
Poster # 344

il - I’Iil?nl"n’lnm SEATTLE wa

>

TIM: A Time Interval Machine for
Audio-Visual Action Recognition

Jacob Chalk*, Jaesung Huh*, Evangelos Kazakos, Andrew Zisserman, Dima Damen
* . Equal contribution

-Vé University of

CZECH
TECHNICAL

BRISTOL EN:LV:UR:ITY

Dima Damen

ﬁ RISTOL MULA@CVPR2024



Multi-Modality in Egocentric Data

High frame-rate RGB footage from the camera
wearer's perspective

Speech in the video... or
Narrations/Captions added to index the videos
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Dataset: ARGO1M

e We introduce ARGO1M, the first dataset to perform Action Recognition
Generalisation Over Scenarios and Locations
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Generalisation across:Scenarios and Locations ™ oo e

ARGO1M: 1.05M action clips from 60 action classes recorded in 13 locations within 10 scenarios
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Proposed method: CIR
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Proposed method: CIR

action classification
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Action Recognition Generalisation Over Scenarios and Locations
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* Politecnico di Torino, Italy

Abstract

We propose and address a new generalisation problem:
can a model trained for action recognition successfully
classify actions when they are performed within a previ-
ously unseen scenario and in a previously unseen loca-
tion? To answer this question, we introduce the Action
Recognition Generalisation Over scenarios and locations
dataset (ARGOIM), which contains 1.1M video clips from
the large-scale Ego4D dataset, across 10 scenarios and 13
locations. We demonstrate recognition models struggle to
generalise over 10 proposed test splits, each of an unseen
scenario in an unseen location. We thus propose CIR, a
method to represent each video as a Cross-Instance Re-
construction of videos from other domains. Reconstruc-
tions are paired with text narrations to guide the learning
of a domain generalisable representation. We provide ex-
tensive analysis and ablations on ARGOIM that show CIR
outperforms prior domain generalisation works on all test
splits. Code and data: https://chiaraplizz.github.io/
what-can-a-cook/.

1. Introduction

A notable distinction between human and machine intel-
ligence is the ability of humans to generalise. We can see
an example of the action “cut” performed by a cook in Italy,
and recognise the same action performed in a different ge-
ographic location, e.g. India, despite having never visited.
We can also recognise actions within new scenarios, such
as a mechanic cutting metal, even if we are unfamiliar with
the tools they use.

This problem is known as domain generalisation [©],
where a model trained on a set of labelled data fails to
generalise to a different distribution in inference. The gap
between distributions is known as domain shift. To date,
works have focused on generalising over visual domain
shifts [25, 46, 31, 10, 39]. In this paper, we introduce the
scenario shift, where the same action is performed as part

*Work carried during Chiara’s research visit to the University of Bristol

Barbara Caputo* Dima Damen*

* University of Bristol, United Kingdom

Training

&2
x: Caooking ﬁ: Building ‘ff: Arts and crafts }: Mechanic '?‘;g Gardening

Figure 1: Problem statement and samples from the ARGOIM
dataset. The same action, e.g. “cut”, is performed differently based
on the scenario and the location in which it is carried out. We
aim to generalise so as to recognise the same action within a new
scenario, unseen during training, and in an unseen location, e.g.,
Mechanic () in India ().

of a different activity, impacting the tools used, objects in-
teracted with, goals and behaviour. We combine this with
the location shift, generalising over both simultaneously.

In Fig. 1, the action “cut’ is performed using a knife

whilst cooking (), pliers whilst building (ﬁ) and scissors
for arts and crafts (¥°). Tools are not specific for a scenario
and can vary over locations — e.g. in Fig. 1, seaweed sheets
are cut with scissors while cooking in Japan. Generalising
would be best achieved by learning the notion of “cutting”
as separating an object into two or more pieces, regardless
of the tool or background location. Successful generalisa-
tion can thus enable recognising metal being “cut” by a me-
chanic in India using an angle grinder (Fig. 1 Test).

Our investigation is enabled by the recent introduction of
the Ego4D [17] dataset of egocentric footage from around
the world. We curate a setup specifically for action gener-
alisation, called ARGOI1M. It contains 1.1M action clips of
60 classes from 73 unique scenario/location combinations.

To tackle the challenge of ARGO1M, we propose a new
method for domain generalisation. We represent each video
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Instructional (HowTo)

State
Self-supervised " Action action prompt P ac
- ® temporal detection B : State & & ‘@ person cutting
model @ Image captioning an avocado
: model & “avocado halves
Final » 8 o chopping board”
State

state prompt P st

Tomas Soucek, Jean-Baptiste Alayrac, Antoine Miech, Ivan Laptev, and Josef Sivic (2022).
Multi-task learning of object state changes from uncurated videos.
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o ualitative Evaluation...
. Method Accae T Accy T

o Initial vs Final State test set categories unseen during training

(a) Stable Diffusion 0.51 0.50
(b) Edit Friendly DDPM 0.60 0.61
(¢) InstructPix2Pix 0.55 0.63
(d) CLIP (manual prompts) 0.52 0.62
(e) GenHowTo 0.66 0.74

o Binary Classifier

test set categories seen during training
(f) Edit Friendly DDPM' 0.69 0.80

(g2) GenHowTo' 0.77 0.88

(h) Real images : 0.97

Models trained also on the test set categories.
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a person is wrapping a tortilla on a plate a man pouring beer into a glass

a man sitting at a table holding a glass of beer
a plate with two burritos on it
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Multi-Modality in Egocentric Data

High frame-rate RGB footage from the camera
wearer's perspective

One or many microphones, on the wearable
device, best positioned to capture the
sounds of actions and interactions

Speech in the video... or
Narrations/Captions added to index the videos
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Q! In what order did the person put the objects in the backpack?
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The Perception Test

Skill areas

Memory

Visual discrimination

Change detection

Sequencing (order of objects, actions)
Event recall
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+ DeepMind Team

Physics (and Geometry)

Object permanence
Spatial relations and containment
Object attributes (material, size, colour)

Motion & occluded interactions
Solidity & collisions

Conservation
Stability

V Patraucean et al (2022). Perception Test: A Diagnostic Benchmark for Multimodal Video Models.

Abstraction

Object, action & event counting
Feature matching (shape, colour)
Patterns discovery

Pattern breaking

Semantics

Distractor actions & objects

Task completion & adversarial actions
Object & part recognition

Action & sound recognition

Place & state recognition

General knowledge

Language
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Multi-Modality in Egocentric Data

High frame-rate RGB footage from the camera
wearer's perspective

One or many microphones, on the wearable
device, best positioned to capture the
sounds of actions and interactions

Speech in the video... or
Narrations/Captions added to index the videos
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Thank you

For further info, datasets, code, publications...

http://dimadamen.github.io

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

Q&A
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