F14E a1 —2EY 3 VMEK2011%7831H

CVPR2011ICHTF 5
—igiE - —RED LV R



- K%

— Lena Soderberg

- EFHH
~ 19514E3831H

- R
— 607%

« HEH

- A9T—F

The famous single-image-dataset
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Efros. Unbiased

Bias. CVPR, 2011.

One of the first “real” image
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The state of
the world

The gathered The processed

data data

Markov chain _ -
The dip(w, d,r) = P(w)P(d|w)P(r|d)
The average information

|(W;D) > 1(W;R)

The data processing theorem states that data

processing can only destroy information.

3
David J.C. MacKay. Information Theory, Inference, and Learning Algorithms. Cambridge University Press 2003.
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Name That Dataset!

« Antonio Torralba, Alexei A. Efros. Unbiased Look a
Bias. CVPR, 2011.
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Antonio Torralba, Alexei A. Efros.
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Figure 3. Dataset Look-alikes: Above, ImageNet is trying to impersonate three different datasets. Here, the samples from ImageNet that
are closest to the decision boundaries of the three datasets are displayed. Look-alikes using PASCAL VOC are shown below.
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Antonio Torralba, Alexei A. Efros.

The promise and perils of visual dataset 1/2  unbiased ook at pataset sias

CVPR, 2011.

« Datasets have also played the leading role in making object
recognition research look less like a black art and more like an

experimental science.
— TR RIS E RN Cld 7% < £V ERRIFE L
ISEREELCTEL.

o  Many people are worried that the field is now getting too
obsessed with evaluation, spending more time staring at
precision-recall curves than at pixels.

— R D FE VICTHIICE VDO CH Y, BERDE S /L
ZBkD B L V) b precision-recallBisR Bk T BFFRIHZ 0.

« There is concern that research is becoming too incremental,
since a completely new approach will initially have a hard
time competing against established, carefully fine-tuned
methods.

- FRDBEL VI > T X ZJCTZ Y DDH BRI B S.
LEBROSESH LT 7O0—FIZIZCDIFHETI AL F 22—
Z XN EFEEFDICIFEBE THB0'5 Th 3.



Antonio Torralba, Alexei A. Efros.

The promise and perils of visual dataset 2/2  untiased tookatdataset ias

« Another concern is that our community gives too much value
to “‘winning” a particular dataset competition, regardless of

whether the improvement over other methods is statistically

significant.

- J2E3 - XET 3OS 3 = 7o i, DFALLLEL T

STENCERDE SONCEDS FIRFEDT —X 7w DTN
T 2 INCHF DO EITBEDIMEEZSZ TLOB.

o For PASCAL VOC, Everingham et al use the
Friedman/Nemenyi test, which, for example, showed no
statistically significant djfference between the eight top-
ranked algorithms in the 2010 competition.

— 2010FLPASCAL VOCICHINT v 7= 228D 77/LTYU X
AEICHE T HIEEEDE S
ABFZEDER

o There s a more fundamental question: are the datasets
measuring the right z‘h/'ngy, that is, the expected performance
on some real-world task:

— LYAXEGER] - 7 -y MIELWDDEILD D TS
DY, T5D5, BEIEMERDKXITICH L THFEI1E5/)
T F+—REIED D CNBDTHE550 7 10
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The rise of the modern dataset
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Antonio Torralba, Alexei A. Efros.
Unbiased Look at Dataset Bias.
CVPR, 2011.
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Tinylmages

« A Torralba, R. Fergus, W.T. Freeman. 80 million tiny ima(_:fes: a large dataset for non-parametric object
?nggsc]egr}%r%% nition. [EEE Transactions on Pattern Analysis and Machine Intelligence, vol.30(11), pp.
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Fig. 1. 15 & 3™ columns: Eight 32 x 32 resolution color images. Despite
their low resolution, it is still possible to recognize most of the objects and
scenes. These are samples from a large dataset of 108 32 x 32 images we
collected from the web which spans all visual object classes. 20¢ & 4t
columns: Collages showing the 16 nearest neighbors within the dataset to each
image in the adjacent column. Note the consistency between the neighbors
and the query image. having related objects in similar spatial arrangements.
The power of the approach comes from the copious amount of data, rather
than sophisticated matching methods.
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prison break]

sarah wayne callies picture thread bild-quelle
edit by annika beitraege in einen...

sarah callies
sara tancredil

prison break is paging dr. sara. if you are one
of the many prison break fans...

prison break - dr sara tancredi is not dead
you knew that, right?dr sara tancredi ...

dr. sara comes back to prison break?

™

aeon
concept phone

nokia aeon was presented by nokia on their
website in the research development...

mobile phone
cell phone

nokia aeon concept phone (no ratings yet)
sexy 1s the word to describe it nokiais ...

touch screen
nokia phone
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nokia aeon concept phone nokia has
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this 1s a picture of male golden toads
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male golden toads at a breeding pool in
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amphibian declines in the cloud forests of
costa rica ...

4. australia
“ ( 19 dupg)
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enjoying the wet season in australia sydney...

house

150975 sydney opera house next ...

07/12. 1. tag in sydney > opera house ...

kirsty and trudy drink wine
house ...

sydney opera

Figure 1. Examples showing that surrounding texts of near-duplicates have common terms which hit the semantics of a query image.
The tags inside the image blocks are our annotation outputs. The commeon terms of each near-duplicate are highlighted in bold. Note that
the detected tags are very specific. This is in contrast to most existing works that tend to generate general terms like sky, city, etc.
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Figure 9. Annotation examples vs. dataset size. Bold-faced tags are peLfect terms labeled by human subjects and italic ones are correct
terms. Due to space limit, only the top five tags are shown. This figure suggests that larger dataset size ensures more accurate tags.
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Measuring Dataset Bias

Antonio Torralba, Alexei A. Efros.

Unbiased Look at Dataset Bias.
CVPR, 2011.
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Measuring Dataset BiasfgR i

CVPR, 2011.

T—2ty MIENRITAEED G B H -

task T TeSLON | N09  LabelMe PASCAL ImageNet Caltechl0l MSRC | Seif Mean [ Percent

Train on: others drop

SUN0D 38.2 205 163 146 160 310 | 282 198]] 30%

LabelMe 14.7 34.0 16.7 229 43.6 245 | 340 245|| 28%

s | PASCAL 10.1 255 35.2 43.9 442 394 | 352 [ 326¥| 7%

S | ImageNet 11.4 29.6 36.0 57.4grEnS) 3 427 | 574 | 344 | 40%

| . < | Caltechiol 75 311 19.5 33.1 96.9 2.1 |99 36T | 73%
ﬁ $2 | MSRC 93 27.0 24.9 326 403 68.4 | 684 268 | 61%
M = [Mean others 106 785 737 304 394 31 1534 275 | 45%
= SUN09 69.8 50.7 422 42,6 54.7 69.4 | 69.8 519 | 26%
R, LabelMe 61.8 67.6 40.8 38.5 53.4 67.0 | 676 523 | 23%
S _ | PascaL 55.8 55. 62.1 56.8 542 748 | 621 594 | 4%
AN S | imageNet 43.9 318 46.9 60.7 593 678 | 607 499 | 18%
<l S | caliechlo1 20.2 18.8 1.0 314 100 203 | 100 222 | 78%
"B S5 | MSRC 28.6 17.1 323 215 67.7 743 | 743 334 | 55%
2 Mcan others 32,0 347 34.6 332 579 617 | 724 448 | 48%
f\ SUN0D 16.1 1.8 12.0 79 6.8 RB5 [ 161 128 | 20%
| LabelMe 1.0 26.6 75 6.3 3.4 243 | 266 115 | 57%
18|l 5 | pascaL 11.9 1.1 20.7 13.6 483 505 | 207 271 | -31%
. 5 | ImageNet 8.9 1.1 1.8 20.7 76.7 61.0 | 207 339 | -63%

S & | Caltech101 7.6 11.8 17.3 225 99.6 65.8 | 996 250 | 75%

S 5 | MSRC 9.4 15.5 153 153 93.4 784 | 784 298 | 62%

ST ["Mean others 98 23 32 131 367 50 |37 234 | 7%
SUN0D 69.6 56.8 37.0 457 521 727 1696 530 | 24%

LabelMe 58.9 66.6 38.4 43.1 57.9 639 | 666 534 | 20%

) PASCAL 56.0 55.6 56.3 55.6 56.8 748 | 563 598 | -6%

= 5| ImageNet 48.8 39.0 40.1 59.6 53.2 707 | 596 504 | 15%

2§ | caliech101 24.6 18.1 12.4 26.6 100 316 | 100 227 | 77%

23 | MSRC 33.8 18.2 30.9 20.8 69.5 747 | 747 346 | 54%

Mean others 444 375 31.0 334 57.9 637 | 711 456 | 36%




Cross-dataset generalization®iER e

CVPR, 2011.
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Figure 5. Cross-dataset generalization for “car” classification (full
image) task, trained on MSRC and tested on (one per row): SUN,
LabelMe, PASCAL, ImageNet, Caltech-101, and MSRC. 16
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Figure 6. Cross-dataset generalization for ““car” detection as func-

tion of training data
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Antonio Torralba, Alexei A. Efros.
Unbiased Look at Dataset Bias.
CVPR, 2011.
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Measuring Dataset’s ValueD#5 R

Table 3. “Market Value” for a “car” sample across datasets

Antonio Torralba, Alexei A. Efros.
Unbiased Look at Dataset Bias.
CVPR, 2011.

SUNO09 market | LabelMe market | PASCAL market | ImageNet market | Caltech101 market
1 SUNO9 is worth 1 SUNO9 0.91 LabelMe (.72 pascal 0.41 ImageNet 0 Caltech
1 LabelMe is worth 0.41 SUNO9 1 LabelMe .26 pascal 0.31 ImageNet 0 Caltech
1 pascal is worth 0.29 SUNO9 0.50 LabelMe 1 pascal (.88 ImageNet 0 Caltech
1 ImageNet is worth 0.17 SUNO9 0.24 LabelMe 0.40 pascal I ImageNet 0 Caltech
1 Caltech101 is worth 0.18 SUNO9 0.23 LabelMe 0 pascal (.28 ImageNet 1 Caltech
Basket of Currencies 0.41 SUNO9 0.58 LabelMe 0.48 pascal 0.58 ImageNet 0.20 Caltech
C . C C ‘ o P A A O
PASCALDO0.26 e
E
=R
313 =
— 1250DPASCALY > 7 )V TFH BHDHAED DD, T

BRI A PASCALT—2 v

STHETLN.

« BX

FICHBUTAPE 10%1E8E
AR DLabelMeT— % 1 v F B ?

— 1/0.26 x 1250 x 10 =50,000 LabelMe samples!

Fig6D 7> 7 5BHRHAZ1§5.
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from multiple countries [*]) can somewhat decrease selec-
tion bias. However, it might be even better to start with a
large collection of unannotated images and label them by
crowd-sourcing.
Capture Bias: Profg

CH&K 3

[4] P Dollar, C. Wojek. B. Schiele. and P. Perona. Pedestrian
detection: A benchmark. In CVPR, 2000. 1523, 1524

[5] L. Duan, L. W.-H. Tsang, D. Xu, and 5. ]. Maybank. Domain
transfer svm for video concept detection. In CVPR, 2000.
1524

Antonio Torralba, Alexei A. Efros.
Unbiased Look at Dataset Bias.
CVPR, 2011.

tos collected using key

T Disclaimer: No graduate students were harmed 1n the

age. Searching for “n
reveal another kind of

gies, one way to deal

secne | Droduction of this paper. Authors are listed in order of in-

transformations to redu

sl CrEAsING procrastination ability.

formations [ 15]. Ano

ating various automati

Negative Set Bias: As we have shown having a rich and
unbiased negative set is important to classifier performance.
Therefore, datasets that only collect the things they are in-
terested in might be at a disadvantage, because they are not
modeling the rest of the visual world. One remedy. pro-
posed in this paper. is to add negatives from other datasets.
Another approach, suggested by Mark Everingham, is to
use a few standard algorithms (e.g. bag of words) to actively
mine hard negatives as part of dataset construction from a
very large unlabelled set, and then manually going through
them to weed out true positives. The down side is that the
resulting dataset will be biased against existing algorithms.

This paper is only the start of an important conversation
about datasets. We suspect that, despite the title, our own bi-
ases have probably crept into these pages, so there is clearly
much more to be done. All that we hope is that our work
will start a dialogue about this very important and underap-
prechiated issue.
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Disclaimer: No graduate students were harmed in the
production of this paper. Authors are listed in order of in-
creasing procrastination ability.
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FAA > (Domain adaptation)

 Brian Kulis, Kate Saenko, and Trevor Darrell. What
You Saw is Not What You Get: Domain Adaptation
Using Asymmetric Kernel Transforms. CVPR, 2011.

SN
Al J
| A

I

digital SLR camera low-cost camera, flash

dmazon.com consumer images

Figure 1. We address the problem of adapting object models
trained on a particular source dataset, or domain (left), to a tar-

get domain (right). =



Figure 2. A conceptual illustration of how an asymmetric do-
main transform (this paper) can be more flexible than a symmetric

one |

FAA 2GR L
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(a) A symmetric transformation —the same rotation and
cannot

scaling applied to both domains (green and blue) —
separate classes (circles and squares)

o W _ -0
J@ucu o ¥ oo

(b) An asymmetric transformation — a rotation applied
only to blue domain — successfully compensates for
domain shift

].

B. Kulis, K. Saenko, and T. Darrell. What
You Saw is Not What You Get: Domain

Adaptation Using Asymmetric Kernel

Transforms. CVPR, 2011.
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Domain Adaptation Using Regularized .5 50 o e
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3| categories B. Kulis, K. Saenko, and T. Darrell.
g . ~ > What You Saw is Not What You Get:
I ... file cabinet headphones  keyboard laptop letter tray Domain Adaptation Using Asymmetric

Kernel Transforms. CVPR, 2011.
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« New category experiment
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B. Kulis, K. Saenko, and T. Darrell.
What You Saw is Not What You Get:
Domain Adaptation Using Asymmetric
Kernel Transforms. CVPR, 2011.

0.5/

5\0.4‘

o3l /5 SMFT 7 41

é -

Soz2

a -.'E'I_ARC-t -

© 0.1 :':rnfmt e : Figure 4. Examples of the 5 nearest neighbors retrieved for a dslr
e bie e pood query image (left image) from the amazon dataset, using the non-

adapted knn-ab baseline in Table | (top row of smaller images)
and the learned cross-domain ARC-t kernel (bottom row).

Figure 5. Plot of classification accuracy as a function of the learn-
ing rate lambda over the webcam800-dslr600 new categories ex-
periment. This plot also shows a comparison between learning a

linear transformation (ARC-t linear) and a non-linear transforma-
tion (ARC-t).

-2 -1 0 1 2 3 4
Log10 Lambda

Baselines / Existing Methods This Paper
Domain A Domain B || knn-ab symm [ Y] ARC-t | ARC-t linear
webcam dslr 8.4 30.3 37.4 32.5
webcam-800 | dslr-600 0.7 35.8 45.0 34.8
webcam-surf | dslr-sift 9.7 17.0 24.8 20.6
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7 J)Ea1—F (Attribute)

o MMAAH T IVETHEINS AL E#E RIS

/)

1.
2.
3

NE 1= FDEITBIGTTDODIE s i o
_ﬂrxsz) L/ < Li%:lﬁhj; L\#/MZIS@EEEL’_B and Their Attributes. CVPR, 2011.
Zero-shote®s, HFEnts, HWIEFE
YDA R %z fRB) I 5 R

unary

generic stripes
Figure 1: Examples of different kinds of attributes. On the left we show two simple attributes, whose charac-

teristic properties are captured by individual image segments (appearance for red, shape for round). On the
right we show more complex attributes, whose basic element is a pair of segments.

V. Ferrari and A. Zisserman. Learning visual attributes. In NIPS, 2008. 26
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 Sagnik Dhar Vicente Ordonez Tamara L Berg. High
Level Describable Attributes for Predicting
Aesthetics and Interestingness. CVPR, 2011.

Data Low level features High level attribute Interestingness Results

> Colorspatial distribution map | Low depth of field
fl it:l(r —?-i Multi-scale cortrast map | Opposnecolrs

—>| Center surround wavelet energy l— Content attributes
Faces
!: > ROYGBIV Color pair histogram | " [ o Al
[’ [ Inchoor Outdoor

_>| Hanr features 15 Sceme types

—>| Spatial Pyramid of shape features ||

classification Classifier
Comiposi tional attributes
—>-| Certer surreund golor histogram Salient objects
' Rule of thinds —
———
— "

SAISOd

Shy Il aminati on attrilutos

e A M ZH 2 —ABAAM-H 2 -

—)-| Skoy color histogram - Clear shy || =
oCloachy sy [2
Sunzat sky w
&
Ke et al. Low level features
== “Color -<Contrast -Brightness T s e
Hue -Bur - Distribution of edpes (Siriplicity)
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— S. Dhar, V. Ordonez, and T. L Berg. High
T — 9 t \‘/ b Level Describable Attributes for
Predicting Aesthetics and

Interestingness. CVPR, 2011.
% (Aesthetics)

— DPChallenge website
— http://www.dpchallenge.com/

— AFIC K Bratingdr V)

« %77 (Interestingness)
— Flickr's “interestingness” measure
— http://www.flickr.com/explore/interesting/

— There are lots of elements that make somez‘h/'nhg
interesting ' (or not) on Flickr. Where the clickthroughs are
coming from,; who comments on it and when; who marks
it as a favorite, its tags and many more things which are
constantly changin /zq Interestingness changes over time,
as Z}'Of and more fantastic content and stories are added
to Flickr.

— http://www.barcinski- . .
jeanjean.com/entries/endlessintrestingness/




o o S. Dhar, V. Ordonez, and T. L Berg. High
;%ﬁﬁt% (I nte restl n ness) Level Describable Attributes for
m b= Predicting Aesthetics and
Interestingness. CVPR, 2011.
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Comblnlngattrlbut a?mdlllzl \er vectors for efficient
image retrieval. CVPR, 2011.

Pyramid levels Kernels Cﬂ::;;_ﬁ:;?
L2 —— x* QN attributes
guantization L1 = x?
T L0 > \2 average | attribute
scores
» Self-similarity X2 i PQ
L2 //’ xg normalization,
full orientation é B 2 SVM = g i;r:ﬁgggx: Joe
Lo — > = >
——= HOG / X A
L2 / x? /
half orientation é L1 X2 / \'j:tirr
LO / X2 .
P / normalizations
— GIST /’y xz & PCA

bag-of-features
= local descriptors <
Fisher descriptor

Figure 1. Computation of the attribute + Fisher descriptors for an image. Steps represented in gray require a learning stage.

2659/
L. Torresani, M. Summer, and A. Fitzgibbon. Efficient object

category recognition using classemes. In ECCV, 2010. 20



i F% M. Douze, A. Ramisa, and C. Schmid.
m ‘n Combining attributes and Fisher vectors

for efficient image retrieval. CVPR, 2011.

query

F results

A results

A+F results

; X - '.T' L. r : i ks ol '
Figure 3. Comparison of the retrieval results obtained with the Fisher vector, the attribute features, and their combination. The top row
shows the query image, the remaining rows the first three retrieved images for the different descriptors.
70

—— ————

Descriptor dimension mAP 65 Fa = e

BOF k=1000 [6] 1000 41.1 60 /‘/ -

Fisher k=64 [17] 4096 =~ 60 o5 | o

Fisher k=4096 [17] 262144 70.5 g _::/ a7

VLAD k=64 [8] 8192 526 S I "

Fisher (F), k=64, L2 dist. 4096 59.5 * pa

Altributes (A)’ L2 dist. 2659 53.0 40 *_/‘/ A+F, attributes reduced with PCA ——+—

A+ F F-weight <1 6755 645 35 A+F, a“r‘b“*eﬁ,gﬁr'gﬁ:fig g\';gg’;‘gi T A

A+ F F weight x2 6755 69.5 30 Lo e o HegouCVPRIOl

A +F, F-weight x2.3 6755  69.9 10 mmpresg; — sizj(f;;es) 1024
Table 1. Comparison of the different descriptors and their combi- Figure 5. Performance of the A+F descriptor after dimension re-
nation on the Holidays dataset. duction and descriptor encoding on the Holidays dataset. The 31

Fisher vectors are always reduced with PCA.



RIVFZAX7FE (Multi-task learning)

« Sung Ju Hwang, Fei Sha, and Kristen Grauman. Sharing
Features Between Objects and Their Attributes. CVPR,2011.
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S.J. Hwang, F. Sha, and
K. Grauman. Sharing
Features Between
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N —— S.J. Hwang, F. Sha, and K.
+%® * J—.EE\IJ'TBIEb\X-LA_X—ZEL\ Grauman. Sharing Features
I D ?%i@'ft%ﬁ%‘i %ﬁ I Between Objects and Their

Attributes. CVPR, 2011.
®*, U" = arg min E E (0 Uz, 1)

t n M. P. A. Argyriou, T. Evgeniou. Convex

‘ Multi-task Feature Learning. Machine

Learning, 73(3):243-272, 2008.
W*, @ = arg min E E (W) T, Ynt
raln L/W

)
+'yz TQ 1w, + ve Trace(Q 1),

UQJ \Q 0 Dis ({||®d|2}:_1) T

W] = argmin Y ((w] 2, Yur) + 7| w3, 0 - (WW' 4 eI)'/?
" "~ Trace [(WWT + eI)l/Q} '

Z, — 91/2:13”, Wy — Q_l/th.

L7 U E 2 b OERHCBROSHE . A m

W*, QF = argminZZﬁ(wgmn,ynt) + € Trace(2 +Z’m;'wfﬂ w; + Z 'yAw;rQ 'wt

t=1 t=M+1
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S.J. Hwang, F. Sha, and
K. Grauman. Sharing
Features Between

_ sirong tmg Sy :\IE‘;A ?:TB Objects and Their
’ Big ™ EHW ) Ve e Attributes. CVPR, 2011,
g - PldWGrld ;g-.ra ks %Emem E.';.';hn
& Yt Soita ground Saeah meatteeth
b meatt itary swims strong
NSO NSA ours NSA Ours
polar+bear polar+bear  dalmatian walrus grizzly+bear
/ (a) Dalmatian (b) Grizzly Bear
NSA Ours EE\SA g’nm
.:D%‘lrl"g bedal q_hl’%gap odal LnacéT a?lmgl | tslilu??%kin
: Eaﬁﬁe ‘v«ctlt.rE.-E - EIJ m:ip ? zfg E%atimgjm
Small i 1 ke big fhsrape
NSA ours NSO NSA Qurs
_ otter hippopatamus gnzzly+bear rhinoceros  moose
(c) Hippopotamus (d) Moose
NSA Ours
NSA QOurs Dldavaurid | Dld'.aéorld i
el T i%.kézpe‘j‘” ke
uund m.rmll'm &Delil-::teem Shewt
:'1 furry furry
gﬂemh fy ore foree
NSO ours NSO NSA Ours
giant+panda rabblt rhinoceros cow deer wolf
(e) Elephant (f) Fox
50-class Animals Dataset 8-class Scenes Dataset
Method / % train data 10% | 20% | 40% | 060% 10% | 20% | 40% | 60%
No sharing-Obj. (NSO) 31.96 38.12 44.08 48.03 76.76 79.75 83.03 83.74
No sharing-Attr. (NSA) 31.03 35.61 41.12 43.59 57.77 58.98 60.50 60.78
Sharing-Obj. (Ours) 37.08 41.01 46.46 4915 78.76 8§1.49 85.05 86.06
Sharing+Attr. (Ours) 36.73 42.60 47.70 50.94 78.09 8§1.62 85.89 87.01
% gain over NSO 14.92% 11.75% 8.21% 6.06 % 1.73% 2.34% 3.44% 3.90%
% gain over NSA 18.37 % 19.63% 16.00% 16.86 % 35.17% | 38.39% | 41.97% | 43.16%




*:%%5f2 (Knowledge transfer)

« Marcus Rohrbach, Michael Stark, and Bernt Schiele.
Evaluatin Knowledge Transfer and Zero-Shot Learning in a
Large-Scale Setting. CVPR, 2011.
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M. Rohrbach, M. Stark, and B. Schiele. Evaluating Knowledge Transfer
and Zero-Shot Learning in a Large-Scale Setting. CVPR, 2011.

. [EREEDFIFE
Figure 1: ISVLRC10 subgraph. Leaf (blue), inner nodes (green).

_ Inner WordNet nodes model e
znn( | ) ZyiEHzl 8(y1|:13) DE %l
21X
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Figure 2: Example part attributes (orange), object classes (blue).
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M. Rohrbach, M. Stark, and B. Schiele.
RERIEER catng o foor v Zer S
« V7 hUE1—MEYME, YEBOBEREZWebHSFHER
- 8117 bJE2—F  WordNeth* 5
— Wikipedia, Yahoo Holynyms, Yahoo Image, Yahoo Snippers
(Yahoo Web) CRERMEZ< A >0

On 200 unseen classes

Approach Top 5 Error Top 1 Error Approach Top-5 Error ~ Top-1 Error
1. One-vs-all 1. Hierarchical
(=leaf WordNet nodes) 37.6(291)  57.2 (5.77) leaf WordNet nodes ~ 72.8 (4.72) 91.3(11.73)
2. Hierarchical inner WordNet nodes 66.7 (4.20) 88.7(11.16)
inner WordNet nodes 713 (7.31)  90.7 (8.69) all WordNet nodes 65.2 (4.10) 88.4(11.24)
all WordNet nodes 50.4 (5.49)  67.9 (7.54) 2. Attributes
leaf nodes. cost sensitive 48.6 (4.71) 60.2 (5.66) Wikipedia 80.9 (5.17) 94.5(11.69)
SVM stacking, all nodes 36.8 (2.84) 563 (5.59) 2322 Eﬁ;g;yms gz Ei?;; 3§j2 Eg:g;
3. Attributes Yahoo Snippets 76.2 (4.87) 93.3(11.53)
Wikipedia 63.7 (5.21) 81.5 (8.52) all attributes 70.3 (4.57) 90.4(11.62)
Yahoo Holonyms 68.7 (5.61) 87.1 (9.24) 3. Direct Similarity
Yahoo Image 74.0 (5.80) 90.6 (10.28) Wikipedia 75.6 (5.20) 91.8(11.28)
Yahoo Snippets 67.2 (5.33) 84.6 (8.35) Yahoo Web 69.3 (4.49) 89.7 (11.10)
all attributes 56.4 (4.63) 75.9 (7.32) Yahoo Image 72.0 (4.60) 90.7 (11.26)
SVM stacking, all attributes ~ 43.8 (3.38)  63.5 (6.34) Yahoo Snippets 75.5 (4.89) 91.6(11.27)
all measures 66.6 (4.41) 88.4(10.65)
Table 3: Large scale knowledge sharing results. Shown is flat error
in % (hierarchical error) Table 4: Zero-shot recognition. Flaterror in % (hierarchical error).
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« KiEME Large scale
- TRy bDINAT R
- RERZRITT 57HDZHK4E

BRZIH  Sparse representation
- &% NIEsparsenessicHiz5, |,

B Attribute

- BENGWMARDEEN

— Zero-shotzR&, FFEsts

— YMRERR = BN 9 B R

B8 Transfer learning
- RIVFRRVFE, M@EEts, XA 2EE

ZENMEIE  Deep architecture
— Deep learning, feature learning
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