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Multimodal Datasets Search

Multimodal Datasets List (1/3)

Modality Pattern Features Annotation

CUB-200-2011 Image, binary attributes 11,788 28 (image per) 200 Birds
UPMC Food-101 Image, text 90,704 93,409 101 Food
MuMu Dataset Audio, image 147,295 31,471 20 Music
Oxford Flower-102 Image, tag 8,189 102 102 Flower
Web Queries Image, text 71,478 353 2 Web Query
PASCAL VOC’07 Image, tag 10,000 804 20 Object
MIR Flickr Image, tag 25,000 457 38 Object
CrisisMMD Image, text 12,743 11,404 2 Crisis
GTZAN Image, MIR features 1,000 888 10 Music
Ballroom Image, MIR features 698 888 8 Music
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Multimodal Datasets Search

The Caltech-UCSD Birds-200-2011 Dataset (CUB-200-2011 Dataset)

- Bird species classification - Dataset Specification
- Modality: Image, Binary Attributes " |mages: 11,788
= Bird species: 200
= Bird attributes: 28
Acadian Flycatcher Cape Glossy Starllng = Part Locations: 15

Ameican Cro ! Capo oy Viatler Part | Attributes ___Part _ Attributes __Part _ Attributes

‘ ﬂ & ' Beak HasBillShape, Back  HasBackColor, Breast  HasBreastPattern,
— HasBillColor, HasBackPattern HasBreastColor
American Goldfinch ~ Cardinal HasBillLength
Y - v A . & - ‘ Belly HasBellyPattern, Fore-  HasForehead Bird (all HasSize, HasShape
] -~ HasBellyColor head Color parts)
American Pipit Carolina Wren Throat HasThroatColor Nape  HasNapeColor Head HasHeadPattern
- . ! g 82 o Crown HasCrownColor Eye HasEyeColor Leg HasLegColor
) - Gt T : ; Tail HasUpperTailColor, Wing  HasWingPattern, Body HasUnderpartsColor,
American Redstart aspian lem HasUnderTailColor, Has WingColor, HasUpperFPartsColor,
sy I ie- “- - : HasTailPattern, HasWingShape HasPrimaryColor
B / rdN ,
‘ ) HasTailShape
Examples of images in the UCB-200-2011 Dataset Attribute Part Associations
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Multimodal Datasets Search

UPMC Food-101 Dataset

- Food categories classification
- Modality: Image, text(recipe)

Basy Back Ries BakLava

L b
-

CHeese PLATE

CarroT CAKE CevicHE CHEESECAKE

s ST R —
e

UPMC Food-101 Dataset

CaNNOLI CAPRESE SALAD

Examples of images in the

CAU AutoML LAB 5

- Dataset Specification
= Number of images: 90,704 (train: 67,988 test: 22,716)
= Number of text: 93,409
= annotation: 101

10 Apple Pie and Cake Recipes

Holiday baking doesn’t have to be bad for your waistline.

| Pinit

B ior2
Dreamy desserts

Holiday baking doesn’t have to be
bad for your waistline.

Sweet or tart, apples are
satisfying, thanks to the 4 grams
of fiber in each serving. They're
also packed with disease-fighting
antioxidants.

These 10 apple desserts have
lower fat, more fiber, and fewer
calories than many traditional
recipes, without sacrificing the
flavors of the season.

b 3 - Next: Classic Apple Pie

Text(recipe) data sample: Apple Pie



Multimodal Datasets Search

MuMu Dataset

- Music genre classification - Dataset Specification

- Modality: Audio, image(album cover) = Number of audio: 147,295
= Number of images: 31,471
= annotation: 20

.Rock
Dance & Electronic
Genre % of albums | Genre % of albums =szmry
Pop 84.38 | Tributes 0.10 e
Rock 55.29 | Harmonica Blues 0.10
Alternative Rock 27.69 | Concertos 0.10
World Music 19.31 Bass 0.06
Jazz 14.73 | European Jazz 0.06
Dance & Electronic 12.23 | Piano Blues 0.06
Metal 11.50 | Norway 0.06
Indie & Lo-Fi 10.45 | Slide Guitar 0.06
R&B 10.10 | East Coast Blues 0.06 =1 e .
Folk 9.69 | Girl Groups 0.06 ey P wﬂ -
Top-10 most and least represented genres Particular of the t-SNE of randomly selected

image vectors from five of the most frequent genres.
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Multimodal Datasets Search

Oxford Flower-102 Dataset

- Flower categories classification - Dataset Specification

- Modality: image, text(caption) = Number of image: 8,189
= Number of text: 102

= annotation: 102

|Caption ‘lmage

9 0 DR e R |
OF | % ¢ | S35

[this flower has white petals and a yellow stamen

_ A
[petals AN )
o

%o A

h* . %
{the center is yellow surrounded by wavy dark purple 7] ; ).
VN4 NPT
}' \\ '. . ' ) l u :

this flower has lots of small round pink petals

Examples of imges in the Oxford Flower-102 Dataset Examples of generated images from text descriptions.
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Multimodal Datasets Search

Web Queries Dataset

- Web image relevance classification - Dataset Specification
- Modality: image, text(query) = Number of image: 71,478
= Number of text: 353
= annotation: 2 (relevant / irrelevant)
Queries

“arc de triomphe”

Query: “arc de triomphe”

Vs e - -

“eiffel tower”

“orsay museum”

relevant to the query irrelevant to the query

Examples of images in the Web Queries Dataset Examples of web images relevance to the query
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Multimodal Datasets Search

PASCAL VOC’07 Dataset

- Object categories classification - Dataset Specification

- Modality: image, tag = Number of image: 10,000
= Number of tag: 804
= annotation: 20

. W e ) o

blcyclc bll‘d boat bottle

(.hdll‘
. .’.'.‘\ ‘ | ’:
dmnmgtdblc horsc mbike person

o N
Tags: india Tags: aviation, airplane, airport
Labels: cow Labels: aeroplane

Example images VOC’07 dataset
Examples of images in the PASCAL VOC’07 Dataset with their associated tags and class labels
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Multimodal Datasets Search

MIR Flickr Dataset

- Object categories classification - Dataset Specification

- Modality: image, tag = Number of image: 25,000
= Number of tag: 457
= annotation: 38

im286 im287 im288 im289
Tags: desert,nature,landscape,sky  Tags: rose, pink

Labels: clouds, plant life, sky. tree  Labels: flower, plant life
e o m 2 s

Example images MIR Flickr dataset
Examples of images in the MIR Flickr Dataset with their associated tags and class labels
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Multimodal Datasets Search

CrisisMMD Dataset

Crisis relevance classification
Modality: image, text

Dataset Specification
= Number of image: 12,743
= Number of text: 11,404
= annotation: 2

Images
Images Text Messages
#HurricaneHarvey Crisis Name 5 E
Victim Relief-Wavs Informative Not Informative Informative Mot Informative
you can help thoZe Hurricane Irma 2018 766 1836 678
Not always go i

WLy oo Three people, two  effected by the storm. Hurricane 2058 906 2082 500

when your city shows : : : Harvey
Astros pummel dogs ride out Click HERE: https: - .

g up on a severe . y ) ‘ Hurricane Maria 1813 1295 1594 1139
Text Harvey in his return, Hurricane Harvey in / /t.co/m13Lj10an2, Californi

weather map. sl : aormia 923 282 873 261
top Mets 12-8 : pod” at Holiday accessed on 19 wildfites

#HurricaneHarvey )
#TtAintOverYet Beach November 2017 https: Mexico 806 315 -1 285
/ /t.co/IEf3BHDxCyQ, earthquake
accessed on 19 Iraq—Iran 208 102 2330 83
November 2017 earthquake
Sri Lanka floods 229 632 154 527
Annotation Not informative Informative Informative Informative _ 8445 4298 7631 3773

Sample images along with their text and annotations

CAU AutoML LAB

12,743 11,404

The number of images and text messages in the dataset

11




Multimodal Datasets Search

GTZAN / Ballroom Dataset

- Music genre classification
- Modality: image, acoustic features

4096

2048
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1024

]

[ , T \ | )

Wif! ‘I \ § i J
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Wik I M l#" weal R wx u’
0 * l-a: ffiJ lrfﬁn e lfl i 1.r|~ufuf
0 5 10 15
Time

Mel Spectrogram Image

+0dB

-10dB

-20dB

-30dB

-40 dB

-50 dB

-60 dB

-70 dB

-80 dB

- Dataset Specification
= Number of image: GTZAN- 1,000, Ballroom- 698
= Number of acoustic features : 888
= annotation: GTZAN- 10, Ballroom- 8

Zero-crossing rate
RMS energy
Envelope

Attack/Sustain/Release

Centroid, Kurtosis, Spread, Skewness
Flatness, Roll-off, Entropy, Irregularity

Brightness, Roughness

Spectrum
Spectral flux

Mel-scale spectrum .C: MFCC
Fluctuation

Chromagram—> Key strength—>»K
Cepstrum .
;dﬂ\utn::rcc}rrelatiu::»wn-> Pitch

\> Filterbank -{—b Envelope V—)Autocorrelatﬂ:

9 Spectral flux === Spectrum

Music acoustic features that can be extracted with MIRToolbox
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Top-3 Vote Method Classification Performance Table

Table . Metrics with 95% confidence interval of five Images.

Model Metrics AUC Mean 5% Cl

Lower Upper

AUC 0.905 0.889 0.922

7|= M) Accuracy 0.832 0.807 0.858
H & Hlo|E Sensitivity 0.822 0.785 0.858
Specificity 0.846 0.782 0.909

N3 M2 AUC 0.621 0.288 0.731
%% E‘||OE|E'| Accuracy 0.510 0.505 0.737
Proposed Model Sensitivity 0.764 0.383 1.146
Specificity 0.450 0.107 0.793

g AUC 0.605 0.134 0.667
%9&' E‘||OE|E'| Accuracy 0.266 0.244 0.966
GoogleNet Sensitivity 0.933 0.499 1.367
Specificity 0.133 -0.420 0.687

AUC, area under the curve; Cl, confidence interval;

CAU AutoML LAB




S8 EHD - M20i

o

> 7|= MSr #<l §o|E 9 (£0, HH)) | ojojx[ &
(300, 510
M M20 B& 0| el o|O|X| 27| X}O|

CHH = A M=THE R Glo[Hel o|a|X| 27|7t H &

7| O|O|E{ 2t o] O] X| H| = (=0, HH|)0| Et&F

= HE EHE E[ATSH7] et O|O[X| A= EF EHR (=ol, 14t [ oo x| &
(618, 1280) 3
(720,1280) | 542
(967, 1000) 3
(967, 2000) 6
1630, 1030) (2069, 2200) 9
(873, 516) 2861 (2127, 2200)

(1745, 1032) 14 (2127, 4400) 294

<71 ANZSOER> <M M2SCHE RS

e LN N N S S R R A SN N S E

CAU AutoML LAB




St SZ HT Mery

o

MUK

» 7|E M= HO|E et &l M=C HlojH

7|Z M=C HlO|H - (873, 516)

40m:

CAU AutoML LAB



et 85 2D

o

WETE

» MEZO|0|X| H[ZO0| 27| &0 23 §50| Rt NS 7td

» 7|E M= Hlo[Eof Blsh H[w
=5 HOo|Het M M0 SR O[H2e| 7 &

= 0|0|X| AFO| =7} H| 23}

L

» Experiment Settings

* Transfer Learning Model (7/Z£ &/ 4/0/E + based: 7= Af=Lf L/ O/ &)

* Train Set : 5373&(3,935%) (=0[, 4H|) | ojo|x| =

+ Test Set : 863 (866%) ol8 1280 S
(720,1280) | 542

(Test Set: /77 A/ =2 L} L] O/ &) (967, 1000) 3
(967,2000) | 6
(2069, 2200)| 9
(2127, 2200) 9
(2127,4400)| 294

<M MSLCHE RS

CAU AutoML LAB

(%0, HH]) |o|OX|] &= (&=0l, {H]) |o|O|X]| =
(333, 444) 1 (1200, 1600) 19
(342, 464) 1 (1228, 1632) 15
(343, 465) 1 (1320, 1760) 6
(600, 800) 2 (1440,1920) | 114
(756, 1049) 1 (1440, 2560) 7
(783, 1050) 1 (1536,2048) | 793
(784, 1054) 1 (1554, 2046) 3
(785, 1052) 2 (1554, 2174) 1
(786, 1048) 1 (1638, 2184) 4
(786, 1050) 2 (1672, 2208) 2
(786, 1052) 2 (1712, 2284) 5
(786, 1053) 1 (1744, 2304) 9
(787, 1052) 1 (1744, 2560) 5
(914, 1050) 1 (1746, 2328) 13
(960, 1280) 71 (1746, 3104) 10
(1128, 1600) 3 (1848, 2464) 3

<7t=& 0| Z dE>




Top-3 Vote Method Classification Performance Table

Table . Metrics with 95% confidence interval of five Images.

Model Metrics AUC Mean 5% cl
Lower Upper
AUC 0.691 0.664 0.717
7}HE 2! §|o|H Accuracy 0.765 0.730 0.801
Transfer Learning Sensitivity 0.409 0.325 0.494
Specificity 0.830 0.777 0.882
- AUC 0.650 0.526 0.927
Eﬁ: )::1|oE|E:I11 Accuracy 0.727 0.513 0.786
Proposed Model Sensitivity 0.391 0.148 0.930
Specificity 0.805 0.446 1.165

AUC, area under the curve; Cl, confidence interval;
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