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Introduction & Motivation

What is Hollywood in Homes?

e Crowdsourcing data collection
(On Amazon Mechanical Turk)

e New approach to collect data
for Computer Vision

e C(reated new dataset called
Charades v1.0

The Charades Dataset




Introduction & Motivation

Three steps of filming process:

1.

Script writing

Video verification

2. Video direction and acting based on scripts
3.
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Charades v1.0

Actions Verbs MNouns Scenes

Sitring in a chair take door o
Holding a phone/famera ik phone Lhitiag ot
" - sir bag
Holding a dish walk table Bedroom
Playing with a phone hold Ela-‘i
Someone is laughing !:;:ﬂ E:! Kirchen
Putting some food Start towel
Holding a blanket drink lapttop Barhroom
Someone is undressing ;IEDE ;nl’?f:
Holding a broom ega[ chair e Sl
- be zin clothes
Hnld'?g:_ o hag.,m blanket Entryway
: aKing a sneese sandwich
Holding a laptop grasp iEJMd Dining room
Holding some medicine throw psh?ail}
Holding a shoedhoes ‘:?;EE picrure Hallway
Purting a blanker look doorway
Holding a vacuum run “E'rfg: Stairs
Putting a box somewhere tidy mirror
urn ; Laundry room
Purting shoes somewhere play #Sh; ¥
! : : &3
Snuggling with a pillow “IE cabiner Walk-in Closer
Lying on the floor ‘;ar:h floor
Tidying up a blankets pick c;:::f; Recreation room
Throwing a pillow fix dish
Closing a box unleds closet Pantry
Taking a laprop from pnhlq; Ele""'{;:g
Washing some clothes snuggle cup Garage
Washing a cup/fglass CHE sofa
EFixin P:kdn-nr cook wacuum Basement
; 2 ; ger sink
Washing a window dress doorknob Other
Throwing a broom awaken refrigerator
o 1000 o 1000 0 1000 0 1000
Couant Count Count Coamnt



Charades v1.0

Co-occurring pairs . Bedroom
: : &P lying }.1 ? Office
Close fridge /Open fridge swikeming laptop
Hold broom /Tidy with broom i Ll 1-% 3 "" e “"‘* drinking
Eat Bam_:lnnch /Eating . ﬂmﬁﬂius E‘fl"ll] f.:’,'h'l!'&l"u
Hold picture /Look at picture 11£_|ht T coffes
Close closet /Open a closet . LA.D1E pouring
Hold phone /Take picture S tion Rmmt[]mmg 0111
Tidy w broom /Tidy on floor ]:l'll'l‘1 :11'(' Cloor h‘;}tﬁ” ASernen ag
Hold box # Put box tuking broom E%T! i '5{ 5 grocerhes
Hold broom / Put broom ot tidying  doorwas phone
Hold book /Read book Telf box W Ianagghing
Hold broom /Take broom 1 mﬁli;qg
Hold pillow /Take pillow antr}i.i taj.r?.mdm Living Room
Hold box / Take box arage S01a
Hold clothes / Take clothes Bathroom oo towel  spegling
Hold shoes / Put shoes dishes ﬂx[nF blanket
Hold shoes # Take shoes sinl mirro shoes way R
Haold pillow /Put pillow washing
Hold phone ¢ Play with phone L'c'lUI-ldl‘}' Room fiowoc]
Hold picture /Put picture mt-nﬁ T doorknoh = cooking
Close box /Open box dr.m; :u:?l[l!lu?. rknaed K.lt(l'lll'—_".[l
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Annotated Actions: (gray if not active)
Sifting in a chair

Holding & pillow

."_-‘.nuggl'.ng with & pallow

Annotated Objects scnpt:
Chawr, Gamea, Fillow A person 15 sithing on a chair with a pillbow
walching someons play a gamis



http://www.youtube.com/watch?v=x9AhZLDkbyc

Introduction & Motivation

Why do we need this new data set?

e Current data set is often biased toward static scenes & objects in

Internet images

e Need to learn different states of objects, how activities affect change of

object states

e Need datasets about boring activities in our life, which is very limited on

the Internet



Charades vs. other video datasets

Table 1. Comparison of Charades with other video datasets.

Actions Labelled Total w Temporal

per video Cleon instances videos ik Type localization
Charades v1.0 .8 157 67T 10K 267 Homes Daily Activities Yes
ActivityNet [3] 1.4 203 39K 28K YouTube Human Activities Yes
UCF101 [8] 1 101 13K 13K YouTube Sports No
HMDEBS51 [7] 1 5l 7K TK  YouTube/Movies Movies No
THUMOS'15 [5]  1-2 101 21K+ 24K YouTube Sports Yes
Sports 1M [6] 1 487 1.1M 1.1IM YouTube Sports No
MPII-Cooking [14] 46 78 13K 273 30 In-house actors Cooking Yes
ADL [25] 22 32 436 20 20 Volunteers Ego-centric Yes
MPII-MD [11] Captions Captions 68K 94 Movies Movies No




Application

e Run several state of the art algorithms on Charades to provide baselines
for recognizing human activities in realistic home environments

e Train/Test set
o No worker crossover
o  Similar distribution of categories (min. of 6 test and 25 training videos per category)
o Test set not dominated by a single worker
o 7,985 training and 1,863 test videos, with 49,809 and 16,691 annotated action intervals
respectively



Application: Action Classification

e Action Classification
o Given avideo, identify whether it contains any of the 157 action classes
o Classification performance evaluated with mean average precision (mAP)

e The Classification Baselines (mAP)

o (3D Features 10.9%
o Static CNN Features 11.3%
o Balanced Two-stream Networks 11.9%
o Two-stream Networks 14.3%
o Improved Dense Trajectory (IDT) Features 17.2%
o Combined (late fusion) 18.6%



Static CNN Features -- 11.3%

e Authors experimented with VGG-16 and AlexNet
e Extracted fc features over 30 equidistant frames

Features were averaged across frames, L2-normalized, then classified
with a one-versus-rest linear SVM



C3D (2015) -- 10.9%

e 3D Convolutional Network
o Captures complex hierarchies of spatio-temporal patterns, 1vR linear SVM

e Volumetric Convolution, 4D Tensor with added time dimension

'd
L module = nn.VolumetricConvolution(nInputPlane, nOutputPlane, kT, kW, kH [, dT, dW, dH, padT, padW, padH])

Kernel size of Step in time Time zero-padding
convolution in
time




Two-stream Networks (2014 x2) -- 11.9%, 14.3%

Parallel spatial and temporal networks (VGG-16)

o
e For balanced, each minibatch of 256 had at least 50 unique action classes
e Spatial uses still image action recognition, Temporal uses optical flow

Spatial stream ConvNet

fullé full?
4096 2048
dropout || dropout

convi || conv2 || conv3 || conv4 || conv5

TxTx96 || 5%x5x256 || 3x3x512 || 3x3x512 || 3x3x512

stride 2 || stride 2 || stride 1 || stride 1 || stride 1
norm. norm. pool 2x2

pool 2x2 || pool 2x2

Temporal stream ConvNet

convl || conv4 || conv5s fulle full?
4096 2048
dropout || dropout

single frame

convi || conv2
Tx7Tx96 ||5x5x256 || 3x3x512 || 3x3x512 || 3x3x512
stride 2 || stride 2 || stride 1 || stride 1 || stride 1

(‘,-.
norm pool 2x2 pool 2x2

input ;
video multi-frame pool 2x2
. optical flow




Improved Dense Trajectory (2011) -- 17.2%

Hist. of Oriented Gradients + Hist. of Optical Flow + Motion Boundary Histograms
— Principal Comp. Analysis - GMM — Fisher Vectors — 1vR Linear SVM

Propertyof{Universal g R TR T 5 PropertylofiUniversal
= vig tv e : :

2 overlaid frames Optical Flow between Frames Trajectories




Application: Combined Baseline -- 18.6%

in doorway

chair

m Cup

Walking in doorway
Wash window
Standing up
Sitting down
Sitting in chair
Sitting at table
Cooking

Opening door
Running

Opening fridge
Lying on bed
Tidying floor
Drinking from cup
Clozing fridge
Tidying with broom

Throwmmg shoes
Standing on chair
Taking aptop
Fixing doorknob
Grabbing picture
Washing mirror
Throwing book
Closing Eptop
Throwing foeod

Fut picture somewhere
Holding m irTor
Langhing at picture
Throwmg bag
Throwimg broom
Throwing box
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Application: Combined Confusion Matrix
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Application: Sentence Prediction

e Sentence Prediction: free-form sentences that describe the video
e Scriptuses 1 sentence ground truth (GT), Description ~2.4 sentences GT
e Best performance is S2VT-- Sequence to Sequence: Video to Text (2015)

Seript Deseription
RW Random NN S2VT Human RW Random NN S2VT Human

[CIDEr 003 008 011 017 051 004 0.05 0.07 0.14 053
BLEUs 0.00 0.03 003 0.06 010 000 004 0.05 0.11 0.20
BLEU: 001 0.07 007 0.12 016 002 009 0.10 0.18 0.29
BLEU: 009 0.15 0.15 021 027 009 020 021 030 043
BLEU: 0.37 029 029 036 043 038 040 040 049 0.62
ROUGE, 021 024 025 031 035 022 027 028 035 044
METEOR 010 0.1 0.12 0.13 020 011 0.13 0.14 0.16 0.24




Conclusion & Future Works

Proposed a new approach for building datasets

o Crowdsourcing not only labeling, but also data gathering
o Recyclable framework

Built a large-scale dataset with diversity and unique realism
o Realistic object-action relationships (46 objects, 30 actions, 15 indoor scenes)

Provided baselines that enables benchmarking for future algorithms
Inspire exploration of novel domains and development of novel computer
vision techniques in object-action relationships



