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Joined Directions in Video Understanding:
Saliency & Captioning

e R X S a——
s o g e YEa& L 5 - TarE "
" ' = Nl g S S i, 4 )

A b o - S ; 5)' Lol f = 4 4 S | T . r -
- ; & S | / T S " : R o | oy -

- > , T .y el ! . PV Ry N ‘ol Ay N S, o s - |

> A S i ® “} o 7 - » / g SRS -

V& /g : A A 7
f
) - - )/
\

| e
smsmee e ] S
s

> | '
i R e —
s A -

Rita Cucchiara

Imagelab Dipartimento di Ingegneria Erfzrari

Universityof Modena e Reggiemilia,ltaly
Talk @Stanford July 18, 2017



Agenda

Imagelab

Saliency

Attention

Captioning

*QuestionTime

MI-Net

SaliencyAitentive Model
[CVPRW 2017]

BAENcoding

for Videcacaptioning
[CVPR2017]

T MEp
UNIMORE
Dr e Ve % S UNIVERSITA DEGLI STUDI DI
y “, ;" MODENA E REGGIO EMILIA
-1/0 , o
1T 5

[IEEE IV2017]

Captioning
Attention&Salienc

Neuralstory
[I[EEE Trans. MM2016]




Universitadi Modenae Reggio Emilia , Italy
Snce 1175, about 30.000 students
15 Departments, 9 Research Centers
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Imagelall@UNIMORE 2017

Who

4 Staffpeople (Rita Cucchiara, Costantino Grana,
Roberto Vezzani Simone Calderara)

8 PhdStudents,

7 ResearclassistantsSWdevelopers

3 (ex)spinoffcompanies

Togethemwith

Panasonic (USA)

Ferrari (1) , Maserati(l)

FaceboolFAIRK), Eurecom(F)
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Manysmes EU and Italian public bodies

‘ﬁ% Universita degli Studi
S d'{ Modena e Reggio Emili{:‘\ 7

’;OmE?Q Di‘pa,_r_tim‘eﬁgto di

/ = e = T suw
mingegneria "Enzg Feﬂ[ﬁlrl

www.imagelab.unimore.it




RESEARCH ACTIVITMALGELAB
COMPUTER VISION, PATTERN RECOGNITIO
AND MULTIMEDIA

A SaliencyAnalysis
Image processing.abelingor DocumentAnalysis
3Dreconstructionn Egocentrid/ision

To Io Io

Videotemporalsegmentationsummarization
A Image and Videcaptioning

File Advanced
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ed, Verblendung; ingl. dazzling) Allorché nel campo visivd mento organico e originale delle facciate spesso troppo severe ¢

rovansi contemporaneamente (¢ vicini) dei corpi di luminositi nude, interruz

clegante ¢ varia della linea orizzontale di gronda
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Volume # |1

senza dei pili luminos{  spetti frequentemente
(corpi abbaglianti) ren{ mi ¢ pesanti,

de piu faticosa ¢ men Doprattutto per opera di
perfetta la perceziond  architetti francesi e fiammin-
degli altri: in ¢id con{  ghi, nel secolo X1V e nel XV, LaYOUt
siste il fenomeno dely la loro veste e funzione archi- =
I'abbagliamento, la cu| tettonica divenne ve Tte Alignment ) Page Width
gravita pud individuary  importante: 1" ornam 0= .
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omekiighictil ll e Planat, Encyclopédie de F Irchitecture) features maps <l .
poca talmudica. Ebb] fornicione, d bl aliency Saliency map
polemiche con dott features maps
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RESEARCH ACTIVITVMAGELAB
SURVEILLANCE AND HBU

A TrackingTrackingTracking
Crowdanalysis

A
A Surveillancén workingarea

A HBU:Gestureand Egocentrid/ision
A Trackindbodymotionin sports(with saliency "
A

+ |

i
Peoplesuperresolutionwith GAN

§p 2

cam: 4, frame: 19000

PMowcast.com




RESEARCH ACTIVITMAGELAB
AUTOMOTIVE AND INDUSTRY

A HumanAttentionin driving

A Human Camteraction

A Autonomouddrivingin smartcities
A Collaborativeobotics

Baxter - Collaborative robot

-l-"_‘-

633 £93)
re’fhiﬂk

robotics
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OtherActivitiesat Imagelab

V Industrialresearchwith companies in thénterdip. Center ofesearchn ICTSoftechICT

V InternationalPhdSchool in ICT M U M eT2017

visual computing and multimedia technologies

V MasterMumet Ed 2017. &isual Computing and Multimedia Technology inkkepLearning Era»
V Laurea and Laurea MagistraleédamputerEngineering
V ScientifidOrganizationtCCV2017 Venezia, ICPR2020 Milano

ICCV 2017

International Conference on Computer Vision

Venice, ltaly
October 22-29, 2017
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(thanksto MarcellaCornig and Giuseppe Serra, LorenBaraldi
and for Dr(eyelVe Andrea PalazziStefano Alletto, and Simor@alderara




From Egocentric Vision

to Attention
to Saliency

Understandingvhat a person sees

exploiting similar learning, perception
andvisionparadigms

for first-person view vision




Attentivebehaviof?

Headbodymotion, Blur no matching

Understandingittentivebehaviorby headmotion
VideoSummarizatiorfor CHat Imagelab [P.Variniet alACM MM 2015]




Before Attention , Saliency Saliency what can pop out in an image or imiaw.
A bottomup preattentionalmechanism of human visual behavio




Saliency and Attention in Neuroscience

Saliencyetection in humans is &eyattentionalmechanism
that facilitatesiearningand survival by enabling organisms
to focustheir limitedperceptualandcognitiveresources

on the most pertinent subset of the availaBlensorydata.

Attention

t Saliency '

Two forms ofttention:

A Initial, Bottomup purely data driven, guided Byliency
A Refined, TasHriven and purposive

Treismar&GeladeA featureintegration theory of attentioi€ogn Psych. 1980

Koch &JImann, Shift in selective visual attention: toward the underlying neural circuitry Neianobiol, 1985



https://en.wikipedia.org/wiki/Attention
https://en.wikipedia.org/wiki/Learning
https://en.wikipedia.org/wiki/Perception
https://en.wikipedia.org/wiki/Cognitive
https://en.wiktionary.org/wiki/sensation
https://en.wikipedia.org/wiki/Data

Input image

< — l Colours
ultiscale Red, green, blue, yellow,
ﬁ IOW-leVeI feature ) etc.
extraction \

Intensity
On, off, etc.

Orientations

0°, 45°, 90°,

135°, etc.

Other 3
Motion, junctions ::
and terminators,
stereo disparity, — - S s 2 &
shape from shading, '
etc. +

\

Attended
location

Inhibition of return
G\/ inner-take-alD

Centre—surround
T differences and

Saliency map spatial competition

Feature
> [combinations] \ \ T
J .. Top-down

attentional bias
< and training

vV a{ | £ A Sy andmagelmaf¥ representing areasalfency [L G A YR Y2 OReview2001] le
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Computational detection of saliency maps

V LOW LEVEL FEATURES

A Q yt 2000Itti Koch combinationcolor+gradient+orientation a winnestake-all
unsupervised neural network

A 2006 NIP®eronaet al.Graphbased VisuaBaliency as a graph of low level features
A .

V' ADDING MEMORY and knowledgeed higher level FEATUHE#eespeopletext..)

A 2009 ICCYorralbaet al
A 2012 ICPBiorgICPR
A 2013 ICCclaroffet al.

Thanks to Marcella C o r n thesié



The deep learning era

Problems of annotated Data

V 2014 ICCViget al..a threeConvnetlayers network

V 2015 ICRLWummereket al: DeepGazé withAlexnet (then 2016ArXiv: Deepgazdél with VGG19 )
V 2015 CVPR Lin et @lata augmentation with image similarity

DATASETS:
MIT300(Itti, Torralbaet al) more than 70 competitors since 2014 SALICON benchmark

SALICONJiang et al 2015), 10000 images;

SALICON

SALIERNCY N CONTEX

V 2016 ECCYV tutorial on Saliency mit saliency benchmark
V 2017 ICME Competition on 38B8aliency

VHnmT /ttw bSé {![L/hb [{ mm- ﬁii-
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SALIENCY DETECTIOMa@lab MultrLevel NET

{1/‘?10:{1 e

%

Human
Fully Convolutional Fixation Map
Network

Input Image

Learned Prior

G
Loss nction
ﬂ

Low, Medium and . . Predicted
Final Convolutional Layers

High Level Features Saliency Map

MarcellaCornig L.Baraldj G. Serra, and
R. Cucchiara. BeepMulti-Level Network

for SaliencyPredictionProc of ICPR VGGL6; 5 blocks,180ny :
2016 (beforeat CVPRWO\R016) 3 fully-connected layers + a center bias




ML-NET Details

image | [224x224x3]

conv-64

V' Multi-level networkcombine low, medium and highlevel features

conv-64

maxpool

V' Acpriori learned map of central bite emulate the center bias present in
eyefixation maps conv-128

conv-128

V VGG16;13 layers, 5 convolutional blocks + 3 fully convolutional layers maxpool
9 conv-256

u(X )

max ¢(X; ) Yi

N
; @ —Y;

3 component Loss (trained with N samples with Stochastic Gradient Descent

conv-256

maxpool

conv-512
conv-512

\ maxpool
y/
conv-512

A A square error (Euclidean) logsmake thexsaliency similar to thgeGT conv-512
data maxpool

A Normalized by the maximum of predictionf to be affected by intensity
of saliency

A Data are weighted by a linear functievhich gives more importance to
pixel with high eye fixation probability




ML-NET vé#ti and Koch: Metrics

Metrics Location-based Distribution-based
Metrics Comparison as iBylinskyet al ArXiv2014]  |prcee  Ase sAtn B0 L e

|tti ML-NET humans

Table 1: Comparison results on the MIT300 dataset [21].

SIM 1+ | cC 4 [sAUC +] AUC 4| NSS4+ | EMD |

Infinite humans 1.00 1.00 0.80 0.91 3.18 0.00

ML-Net 0.59 0.67 0.70 0.85 2.05 2.63

Itti 0.44 0.37 0.63 0.75 0.97 4.26




Metrics Detalls

V' Defined for Saliendghuffled AUC, Information Gaigrmalizedscanpattsaliency
V' Adapted by signal detectidAUCJAUC not used in SALICON]

V' From image retrievgSIMilarity EMD) NSS(P.QP) ZP %« OB
V' From information theor{KLDivergence) here N — 3" QF and P P — u(P)
wher = : ; an = >(P)

V' From Statistic@earson Correlation Coefficient)

l

Ground

Predictions AUC cC NSS SIM -EMD -KL
Truth

changing variance of prediction,
but keeping correct location

IG
o] 7\ = =

—
‘ \
. \

|

moving distance of prediction
from correct location

N N S AN AN

[Bylinsky et al. ArXiv 2014]

.




Saliency Attentivilodel
SAM

Improving saliency
detection,iteratively with
an attentive refinement

MarcellaCorniaL.Baraldj G. Serra,
and R. CucchiarBredictingHuman
EyeFixationsvzia an LSTNdased
SaliencyAttentiveModel
arXiv:1611.095712017 6ubmitted




As a sort of

Pre-attentive
scanpath

THE IDEA:

define a new
CONWLSTM

for scan the
space and not
the time
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: Learned Priors (x2) :

E Learned Gaussian parameters E

E 1, 04 H2, 02 . #15 ‘716 E

: \ﬁ ﬁ : Saliency Map

X—

' Conv 5x5 Conv 1x1

. | N .

: D et i N i i Sttt ! Loss Function

E Attentive ' |

| o Model |
H 1 " ' ' E

i ; ConvLSTM | |

3 0 : o Groundtruth Groundtruth
; L =300 > H, 5 : Density Map Fixation Map
e T ' :

Saliency Attentive Model (SAM):
ML-NET+ LSTMs




SAM details (1)

V 1 Features are 8TACK of channél$2 x 30 x40 as output of

A A Dilated VGG

= = - - - ) - - - 7
i | |
Image —)ml—b"’l—)Nl——»ml—)ml—)-Nl—)ml—)-ml—)ml—) FR ML LS I I N Nl——)
<t <t o~ co =0} o~ (¥} (X} w0 o~ o~ o~ o~ (]
3x480x640 o @ N N o i ko = = !
512x15x20
| [ | [ I e ——— | E— | |
convl pooll conv2 pool2 conv3 pool3 convd pool4 conv5 pool5
x3 x3 x6 x3
[ e e - I ] [ e
. ~, Fooe e T SRS RS TR 2
image NN— e T M $| Ve :l > zl > :| ¥y :| > :;| —> :| ----- ¥-o--> :| > $| L B S [ —
3x480x640 3 T I3 9 8y N 8 w8 |8
512x15x20
| I I I [ [
convl pooll conv2 conv3 convd conv5

A Removing fullgon layers and with stride 1:
A DilatedConvNets in [Yu Koltun ICLR 2016]




SAM details (2)

V The attentive model is given by AtientiveCon\L.STM

V where input are not temporal series but spatial features and the dot product is substituted with
convolution

Ii =0(W; % X + U; * H—1 + b;)

F, =0(Wsx X¢ 4 Us x Hi—1 + by)
o(W,* X, +U,*H;_1+b,)
G, =tanh(W_.x X, + U.x H,_, + b,.)
C;=F,0CL1+L0OG,

H; = Oy ® tanh(C})

S
[

here, the gates I;, F;, Oy, the candidate memory (;, memory
cell (s, Cy—1, and hidden state H;, H;_, are 3-d tensors, each
of them having 512 channels. * represents the convolutional
operator, all W and U are 2-d convolutional kernels, and all
b are learned biases.




SAM detalils (3)

<

<

Thepriori central biass integrated in a single erd-end pipeline
512 channel + 16 channel of Gaussian leagreegriori

528 channels than convolved in a sirfggdiency map

Loss function

o . )
The loss function is a combination of three measul . — den . e
aly(§,y7) + BLa (¥, y*™) + vLa(¥, y*")

: I - . 1 .'f' — p(y iT
L1 NormallzeﬁAScanpatrSalAlency NSS L, (5,y7%) = N Z y J(;})(y) y! o
[ H [AYSIENItSIFENRARZ2YQa /[ z . AOASYU
= den
L3KullbacK_eiberdivergence KLD Ly (3. y%") = — ¥:y™")

T [S}) o (},-r.l'r-n)

den
L:i (j}‘ycff-r!) — ny;ru ].U'g (?}:*_{_ ; + F)

(]




Image Itti ML-Net

Approaches sharasimilar model:
ITTI&Koch
handcraft features + NN combination for wintake-all
strongly biased by contour
DLl:-based and SAM:
convolutional learned features + NN combination (with an iterative LSTM)
surelybiased by collected data




Performance analysis

SALICON Dataset (original release) SALICON Dataset (new release)
CC sAUC AUC NSS CC sAUC AUC NSS
SAM 0.842 0.779 0.883 3.204 <:| SAM | 0.899 0.741 0.865 1.990
ML-Net [1] 0.743  0.768 0.866  2.789
SU (2] 0.780 0.760 0.880  2.610 Ongoing competition!
SalNet [3] 0.622 0.724 0.858  1.859 L SUNChallenge CVPEO17
DeepGazell [4] | 0.509 0.761 0.885 1.336

Results

H“ sauc A mm— AN o

zhewuucas 0.726 (1 0.738 (1) 1.841 (1) 0.860 (1 0.859 (1) 0.756 (1) 0.318 (1)
2  sfdodge 0.710 (2) 0.315 (2) 1.698 (2) 0.726 (2) 0.836 (2) 0.646 (2) 0.767 (2)

Other results at 16/07

[1]CorniaS (i | £ ® & lLevel Nednlatk fardzalianky PredictioiCPR, 2016.

[2] Kruthiventietal.&f | £t ASy O ! yAFASRY ! RSSLI I NOKAGSOGdzNE F2NJ SéS FAEFIGAzZY
[B]Panetale{ KItt2¢6 | yR 5SSLI /2y@g2fdziAaz2yltt bSGg2Nla F2NI {FfASyOe& t NBERA
[4] Kimmereret al.0DeepGazé LY wSI RAYy3 FAEFGA2YyaA FTNRY RSaBMOMIGAGHEHEERMNME S (NI AYySR 2y




SALICON (original release) SALICON (new rele
Groundtruth SAM Groundtruth




SAM for video

Actions in the Eye (Hollywood?2) dataset

V Few approaches to CC Similarity AUC NSS
video SAM 0.694 0.574 0.922 3.202

RMDN [1] | 0.613 0535  0.904 2.646

Groundtruth SAM

[1] BazzanS (I Re&udentilixture DensityNetwork forSpatiotemporalVisualAttention ." ICLR, 2017.




Groundtruth
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Bottom-up saliency, detected by MNET, trained on SALICON on DR(EYE)VE dataset

http://imagelab.ing.unimore.it/dreyeve

Saliencyhot drivenby a task..
asa passengesees



http://imagelab.ing.unimore.it/dreyeve

Taskdriven«Saliency I.e.attentivebehavior

¢F&1 5NARGSY

A.PalazzF.SoleraS.Calderara
S.AllettoR.Cucchiard_earning
Where to Attend Like a Human
Driver"Proc of IEEE Intelligent
Vehicles Symposiydune2017
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1175

&
)

5’ UNIVERSITA DEGLI STUDI DI

&

MODENA E REGGIO EMILIA


http://imagelab.ing.unimore.it/imagelab/publicationSheet.asp?idpublication=518

The DR(eyepdataset

Table 2. Table summarizing the different characteristics of the dataset.

# Videos | # Frames | Drivers | Weather conditions | Lighting | Gaze Info | Metadata | Camera POVs

sunny day | raw fixations | GPS driver (720p)

74 555,000 8 cloudy evening | gazemap | carspeed | car(1080p)
rainy night | pupil dilation | car course

A 8 different drivers

A 3 differentlandscapes
{HighwayCountryside Downtown}

A3differentg S I (1 Kdnditions
{SunnyCloudy Rainy}

A3differentf A JcKnaitbas
{Morning, Evening Night}

74 videosof 5 minuteseacH

StefancAlletto, AndreaPalazzj Francesc®olera Simone Calderara and Rita CuccHMRéeye)VE Dataset for Attention
Based Tasks with Applications to Autonomous and Assisted Driving CVPRW2016




SIFIBASED REGISTRATION FRAME BY FRAME

Collected with SMI ETZv, Frontacamera720p/30fps+ Eye
pupils cameras at 60fps
GARMIN/irvX, 1080p/25fps +GPS.




TheDr(eyeyeDL architecture for tasfiriven salienc

frame

DDDDD

y

\

a al | conv3D || conv3D a| | conv3D || conv3D a conv2D 2|| conv2D nv2 L nv2D 2| conv2 2| | comv2D
fi HE ’E ’E E E E £
64 ] 5 12 56 g’ 128 g’ 32 g’ g‘




Braluation

V Loss with th&kullback_eiberdivergence between pixels P angi@Qundthruthon | pixels

V Pearson'sorrelationcoefficient(CC) 0,

E‘l—Pj_

Dy (P.Q) = ZQ@' log (€+

)

MIL-Net

COARSE+FINE

.~ -y - —_

Test seq

Att. seq
CC 1T Dk L|CC 1T Dk |

Baseline (gaussian) 0.33 250 |0.22 2.70
Baseline (mean train GT)| 0.48 1.65 | 0.17 2.85
Wang et al. [41] 0.08 3.77 | - —
Wang et al. [40] 0.03 4.24 | — -
ML-Net 0.41 2.05 [0.29 249
COARSE 0.44 1.73 | 0.19 2.74
COARSE+FINE 0.55 1.42 | 0.30 2.24

[40]Wang W., Shen, Poriklj F.: Salienegware geodesic video object segmentatiGVPR 2015

[41]Wang W., Shen, J., Shao, L.: Consistent video saliency using local gradigt@ation andylobalrefinement IEEEPAMI 2015




Figure 17. Visual comparison of our approach against state-of-the-art supervised (Mathe et al. [*0]) and unsupervised methods (Wang et
al. [63], Wang et al. [62]).

S. Mathe and C. Sminchisescu. Actions in the eye: Dynamic
gaze datasets and learnt saliency models for visual recognition.
IEEE Transactions on PAMI 2015




In summary:

V

V
A
A
A

Saliency wit Deep Learning

Bottomup Data driven + knowledge based ( high level features)
ML-NET: VG@onvolutivestructure for images witmulty-layer and bias features
SAM:Improvemenwith LSTM , emulating scgath refinement

ML-NET and SAM useful for video too if motion is not too strong

Top-down Tasidriven for driving
DR(EYE)VE C&8lnoencodemith cropping areas to observe evewpere

Refinementgonvolutiveto fit the learned models driving




IMAGE AND VIDEO CAPTIONING

(thanks toLorenzdBaraldiand Costantino Grana
and for Saliency and captioning also Mardétiania and Giusepp8erra)




MOTIVATIONVIDEO CONTENT ANALYSIS

BIG MULTIMEDIA DATA FOR NEW MULTIMEDIA SERVICES

Education

Edutainment, Digital Humanities
Fun in social networks

Sport analysis

Product Video in Industry 4.0

Security
X X Ju
This From Pole to Pole
AUTOMATIC ANNOTATION: and

The first episode illustrates a
env

FROM VISUAL DATA TO TEXTUAL INFORMATION the Journey around the globe and

reveals the effect of gradual

Indexing, searching and retrieval n slimatic:.
Summarization m
Contextual Copy detection T

Query answering
Natural humanrcomputer interaction




