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Abstract

The human visual system is remarkably tolerant to
degradations in image resolution: in a scene recognition
task, human performanceis similar whether 32 x 32 color
images or multi-mega pixel images are used. Wth small
images, even object recognition and segmentation is per-
formed robustly by the visual system, despite the object be-
ing unrecognizable in isolation. Motivated by these obser-
vations, we explore the space of 32 x 32 images using a
database of 10® 32 x 32 color images gathered fromthe In-
ternet using image search engines. Each image is loosely
labeled with one of the 70, 399 non-abstract nouns in En-
glish, as listed in the Wordnet lexical database. Hence the
image database represents a dense sampling of all object
categories and scenes. With this dataset, we use nearest
neighbor methods to perform object recognition across the
10® images.

1 Introduction Figure 1.15'& 3™ columns: EighB2 x 32 resolution color images.
When we look the images in Fig. 1, we can recognize the Despite their low resolution, it is still possible to recagmmost
scene and its constituent objects. Interestingly thoumise of th(;:t3 objects gnd scenes. These are samples froml a largetdata
pictures have onlg2 x 32 color pixels (the entire imageis ~ ©f 10" 32 x 32 images we collected from the web which spans all
just a vector oB072 dimensions witt8 bits per dimension), visual Ob]e.Ct classeéz_. .& 4" columns: Collagc_es shov_vmg e .
yet at this resolution, the images seem to already contain_ c2est neighbors within the dataset to each image in tiaeeuy

fth | inf . ded liabl column. Note the consistency between the neighbors andithg q
most of the relevant information needed to support reliable image, having related objects in similar spatial arrangemeThe

reCOgr!ition- N _ power of the approach comes from the copious amount of data,
Motivated by our ability to perform object and scene rather than sophisticated matching methods.

recognition using very small images, in this paper we ex-

plore a number of fundamental questions: (i) what is the pendent source of information to that presently extracted
smallest image dimensionality that suffices? (ii) how many from high resolution images by feature detectors and the
different tiny images are there? (iii) how much data do we like. Hence any method successful in the low-resolution
need to viably perform recognition with nearest neighbor domain can augment existing methods suitable for high-
approaches? resolution images.

Currently, most successful computer vision approaches Another benefit of working with tiny images is that it be-
to scene and object recognition rely on extracting textural comes practical to store and manipulate datasets orders of
cues, edge fragments, or patches from the image. Thesenagnitude bigger than those typically used in computer vi-
methods require high-resolution images since only they cansion. Correspondingly, we introduce a datasétinillion
provide the rich set of features required by the algorithms. unique32 x 32 color images gathered from the Internet.
Low resolution images, by contrast, provide a nearly inde- Each images is loosely labelled with on€76f 399 English
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nouns, so the dataset covers all visual object classes. Thisy'2[™
is in contrast to existing datasets which provide a sparse se g 80|
lection of object classes. 270f
With overwhelming amounts of data, many problems can %60 .
be solved without the need for sophisticated algorithms. € 4]
One example in the textual domain is Google’s “Did you g 30 Do
mean?” tools which corrects errors in search queries, notg 22| = £oer gt (human
through a complex parsing of the query but by memorizing P : -
billions of correct query strings and suggesting the clbses % |mage resolution 20 8 8 gedesolifion 2%
to the users query. We explore a visual analogy to this tool a) b
using our dataset and nearest-neighbor matching schemesFigure 2. a) Human performance on scene recognition as a func
Nearest-neighbor methods have previously been used irfion of resolution. The green anq black curves §hows the per-
a variety of computer vision problems, primarily for intere ~ formance on color and grayscale images respectively. Hor co
point matching §, 12, 17]. It has also been used for global 32 x 32 images the performance only drops't relative to full

: tchi Ibeit i trictive d . h resolution, despite having 1/64th of the pixels. (b) Corepuwi-
Image matching, albeit in more restriclive domains such as ;. algorithms applied to the same data as (a). A baselge al

pose estimati(_)n2[4]._ ) ) ~rithm (blue) and state-of-the-art algorithrms5[ 21].
The paper is divided into three parts. In Section 2 we in-

vestigate the performance of human recognition on tiny im-

ages, establishing the minimal resolution required fousdb ~ using very short presentation times.9][ 22, 23]. Here, we
scene and object recognition. In Sections 3 and 4 we intro-are interested in characterizing the amount of information
duce our dataset @0 million images and explore the man- available in the image as a function of the image resolution
ifold of images within it. In Section 5 we attempt scene and (there is no constraint on presentation time). We start with
object recognition using a variety of nearest-neighboihmet a scene recognition task.

ods. We measure performance at a number of semantic lev- .

els, obtaining impressive results for certain object @ass 2-1 Scene recognition

despite the labelling noise in the dataset. In cognitive psychology, thgist of the scene[9, 25] refers

2 H it T to a short summary of the scene (the scene category, and a
uman recognition o description of a few objects that compose the scene). In

low-resolution images computer vision, the terngist is used to refer to a low
dimensional representation of the entire image that pro-
In this section we study the minimal image resolution which vides sufficient information for scene recognition and con-
still retains useful information about the visual world. In text for object detection. In this section, we show that
order to do this, we perform a series of human experimentsthis low dimensional representation can rely on very low-
on (i) scene recognition and (ii) object recognition. resolution information and, therefore, can be computey ver

Studies on face perceptiof,[14] have shown that only  efficiently.

16 x 16 pixels are needed for robust face recognition. This ~ We evaluate the scene recognition performance of both
remarkable performance is also found in a scene recogni-humans and existing computer vision algorithgns[s, 21]

tion task (. However, there are no studies that have ex- as the image resolution is decreased. The test s&b of
plored the minimal image resolution required to perform scenes was taken from{]. Fig. 2(a) shows human per-
visual tasks such as generic object recognition, segmentaformance on this task when presented with grayscale and
tion, and scene recognition with many categories. In com- color image$ of varying resolution. For grayscale images,
puter vision, existing work on low-resolution images relie  humans need arouréd x 64 pixels. When the images are
on motion cues{]. in color, humans need onB2 x 32 pixels. Below this res-

In this section we provide experimental evidence show- olution the performance rapidly decreases. Interestjngly
ing that 32«32 color imagescontain enough information  when color and grayscale results are plotted against image
for scene recognition, object detection and segmentationdimensionality (number of pixels color bands) the curves
(even when the objects occupy just a few pixels in the im- for both color and grayscale images overlap (not shown).
age). A significant drop in performance is observed when Therefore, humans need around 3072 dimensions of either
the resolution drops below 3dixels. Note that this prob-  color or grayscale data to perform this task. Figh) com-
lem is distinct from studies investigating scene recogniti  pares human performance (on grayscale data) with state of
the art computer vision algorithms as a function of image
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132% 32 is very very small. For reference, typical thumbnail siaee:
Google images (130x100), Flikr (180x150), default Winddtusmbnails 2100% recognition rate can not be achieved in this dataset as ihere
(90x90). no perfect separation between the 15 categories
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Figure 3. Human segmentation of tiny images. (a) Humans eaeatly recognize and segment objects at very low resmigtieven when
the objects in isolation can not be recognized (b). ¢) SuryraBhuman performances as a function of image resolutionodjett size.
Humans analyze images quite well32t x 32 resolution.

resolution. The algorithms used for scene recognition are: 1
1) PCA on raw intensities, 2) a SVM classifier on a vector o5 |
of Gabor filter outputs{1], and 3) a descriptor built using

histograms of quantized SIFT features{(). We used 100 os @
images from each class for training as iri]. Raw intensi- E 085 |
ties perform very poorly. The best algorithms are (magenta) 2 ;|

Gabor descriptors[l] with a SVM using a Gaussian kernel g
and (orange) the SIFT histograms]® There is not a sig- g %™
l_
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nificant difference in performance between the two. All the F o7 o v
algorithms show similar trends, with performances at?256 ops LAAE Aoy e
piXeIS still below human performancemz 70 0.02 0.04 006 0.08 0.1 0.12 0.14 0.16 0.18 0.2

False positive rate

22 Object recognition Figure 4. Car detection task on the PASCAL 2006 test qatisgt.

colored dots show the performance of four human subjecssiela
Recently, the PASCAL object recognition challenge eval- fying tiny versions of the test data. The ROC curves of the bes
uated a large number of algorithms in a detection task for vision algorithms (running on full resolution images) atewn
several object Categorieﬂ[ F|g 4 shows the performances for Comparison. All lie below the performance of humans om th
(ROC) of the best performing algorithms in the competition tiny images, which rely on none of the high-resolution cues e
in the car classification task (is there a car present in thePloited by the computer vision algorithms.
image?). These algorithms require access to relatively hig 2-3 Object segmentation

resolution images. We studied the ability of human partic- A more challenging task is that of object segmentation.
ipants to perform the same detection task but at very low- Here, participants are shown color images at different-reso
resolutions. Human participants were shown color images|utions (122, 162, 242, and322) and their task is to segment
from the test set scaled to hage piXGlS on the smallest and Ca_tegorize as many Objects as they Can_%@_shows
axis. Fig.4 shows some examples of tiny PASCAL im-  some of the manually segmented image82it It is im-
ages. Each participant classified between and400 im- portant to note that taking objects out of their context dras
ages selected randomly. Figshows the performances of tically reduces recognition rate. Fig(b) shows crops of
four human observers that participated in the experiment.some of the smallest objects correctly recognized. The res-
Although around 10% of cars are missed, the performanceoution is so low that recognition of these objects is almost
is still very good, significantly outperforming the compute  entirely based on context. Fig(c) shows human perfor-
vision algorithms using full resolution images. mance (evaluation is done by a referee that sees the original
_ _ _ high resolution image and the label assigned by the partici-
3SIFT descriptors have an image support6fx 16 pixels. Therefore, pant. The referee does not know at which resolution the im-
when working at low resolutions it was necessary to upsathglénages. ’ . .
The best performances were obtained when the images weaenpfei to ~~ @9€ was pre;ented). The horizontal f'JIXIS.COI’I’eS.pOI’IdS to the
2562, number of pixels occupied by the object in the image. The
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this by extracting all non-abstract nouns from the database

Tt‘)tal,‘uniq‘ue,‘ — alt'avist'a - K ..

18001 non-uniform images: 70 = ask 75,378 of them in total. Note that in contrast to existing
Breoo| 73454453 o o Cydral object recognition datasets which use a sparse selection of
§1400 Total number of words: === google classes, by collecting images for all nouns, we have a dense
S1200f 70,399 5% — &gzzﬁ;ﬁg coverage of all visual forms. Fig(a) shows a histogram of
s 7} i
§1°°° Mean # images per word: | G40 the number of images per class.

1,043 v : . .

£ 8w B30 We selected’ independent image search engines: Al-

=) . . .

Z 600 2 tavista, Ask, Flickr, Cydral, Google, Picsearch and Web-
400 shots (others have outputs correlated with these). We auto-
200 10 matically download all the images provided by each engine

0 for all 75,378 nouns. Running oves months, this method

0 1000 2000 3000 0 _ 100 200 300 ] ; _
Number of images per keyword Recall (image rank) gathered)5, 707, 423 images in total. Once intra-word du-

Figure 5. Statistics of the tiny images database. a) A hiatng  plicates and uniform images (images with zero variance)
of images per keyword collected. AroundZ2®f keywords have  are removed, this number is reduced’ 30454, 453 images
very few images. b) Performance of the various enginesyeted  from 70, 399 words (around 10% of the keywords had no
on hand-labeled ground truth). Google and Altavista areotf®  jmages). Storing this number of images at full resolution
performing and Cydral and Flickr the worst. is impractical on the standard hardware used in our experi-

two plots show the recognition rate (% objects correctly la- ments so we down-sampled the image§29>< 32 as they
b g (% obj y were gatheréd The dataset fits onto a single hard disk,

belled) and the number of objects reported for each object ) .
size. Each curve corresponds to a different image resolu-OCCUpy'm:]600Gb in total.
tion. At 322 participants report arouriobjects per image
and the correct recognition rate is arowidos. Clearly, suf-
ficient information rem_ains for reliable segmentatio_n. 3.2 Characterization of labeling noise

Of course, not all visual tasks can be solved using such
low resolution images, the experiments in this section hav-
ing focused only on recognition tasks. However, we argue The images gathered by the engines are loosely labeled in
that32 x 32 color images are the minimum viable size at that the Visual content iS Often Unrelated to the query WOI‘d.

which to study the manifold of natural images. any further In Fig. 5(b) we quantify this using a hand-labeled portion of
lowering in resolution results in a rapid performance drop. the datasetr8 animal classes were labeled in a binary fash-

ion (belongs to class or not) and a recall-precision cung wa

3 A |arge dataset of 32x32 images plotted for each search engine. The differing performance
of the various engines is visible, with Google and Altavista
Current experiments in object recognition typically t§é- performing the best and Cydral and Flickr the worst. Vari-

10* images spread over a few different classes; the largesbus methods exist for cleaning up the data by removing im-
available dataset being one with 256 classes from the Cal-ages visually unrelated to the query word. Berg and Forsyth
tech vision group I3. Other fields such as speech, rou- [5] have shown a variety of effective methods for doing this
tinely usel0° data points for training, since they have found with images of animals gathered from the web. Betrgl.

that large training sets are vital for achieving low errors [4] showed how text and visual cues could be used to clus-
rates in testing. As the visual world is far more complex ter faces of people from cluttered news feeds. Feayak

than the aural one, it would seem natural to use very large[11, 10] have shown the use of a variety of approaches for
set of training images. Motivated by this and the ability of improving Internet image search engines. However, due to
humans to recognize objects and sceneRin 32 images, the extreme size of our dataset, it is not practical to em-
we have collected a databasel6f such images, made pos- ploy these methods. In Section 5, we show that reasonable
sible by the minimal storage requirements for each image. recognition performances can be achieved despite the high

) labelling noise.
3.1 Collection procedure

We use Wordnétto provide a comprehensive list of all
classeslikely to have any kind of visual consistency. We do

streets, beaches, mountains, as well category-leveledaasd more spe-
4Wordnet p6] is a lexical dictionary, meaning that it gives the semantic  cific objects such as US presidents, astronomical objectsAaiyssinian

relations between words in addition to the information Ugugiven in a cats.
dictionary. 6We also stored a version maintaining the original aspeict (tite min-
5The tiny database is not just about objects. It is about ¢y that imum dimension was set 82 pixels) and a link to the original thumbnail

can be indexed with Wordnet and this includes scene-leaskek such as  and high resolution URL.



4 The manifold of natural images

L — iy
Using the dataset we are able to explore the manifold of = -
natural images Despite32 x 32 being very low resolu-
tion, each image lives in a space3if72 dimensions. This
is still a huge space - if each dimension 8dsts, there are Target Neighbor ~ Warping  Pixel shifting
a total of1074°° possible images. However, natural images D4=1.04  D,=0.54 D3=0.32
only correspond to a tiny fraction of this space (most of the Figure 6. Image matching using distance metiiss D andDs.

images correspond to white noise), and it is natural to in- For D> and Ds we show the closest manipulated image to the
vestigate the size of that fraction. To measure this fractio target.

we must first define an appropriate distance metric to use in

the3072 dimensional space. 5 0as
We introduce three different distance measures betweeng °¢ '
a pair of images; andi,. We assume that all images have § °® g 03
. . . x ©
already been normalized to zero mean, unit variance. g 2; £025 p>0.8
] Eo's + [=1000 %02
e Sum of squared differences (SSD) between the nor-£ ™/ i =700 5 ois
H H 0.4 " 20.
malized images (across all three color channels). Note . 700000 o
. . . s 0.3 2 =mm 7000000 0.1
thatD; = 2(1—p), p being the normalized correlation. g ,| : |==70000000
-% i i = white noise| 0.05 p>0.9
= 01 s
D, = i1(z,y, ¢) —ia(z,y, c))? g s
! Z( 1,9, ) 2( 9:¢)) 3 %0 0107 05 04 05 08 07 05 09 1 104 105 106 107
T,Y,C Max normalized correlation p=(1-D1 / 2) number of images
a) b)

0.8
0.7
0.6
0.5
0.4
0.3

e Warping. We optimize each image by transforming §
i (horizontal mirror; translations and scalings up to 5,7
10 pixel shifts) to give the minimum SSD. The trans- &,
formation parameter$ are optimized by gradient de-

m
I
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Probability for same category

5o
scent. EXY 01
50 = o
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D2 = min E (’Ll (x, Y, C) — Tg [’LQ (x, Y, C)])Q e Pixelwise correlation Pixelwise correlation
o & ) d)

z,y,c

Figure 7. Exploring the dataset usinyg . (a) Cumulative probabil-
e Pixel shifting. We allow for additional distortion in ity for the correlation with the nearest neighbor. (b) Cresstion

the images by shifting every pixel individually within of figure (a) plots the probability of finding a neighbor witbre
a5 by 5 window to give minimum SSDy = 2). We relation> 0.9 as a function of dataset size. (c) Probability that

assume that, has already been Warpeﬁ: = Tylia]. two images are duplicates as a function of pixelwise caticeia

The minimum can be found by exhaustive evaluation () P.robabuqy tha}t two images belong to the same categery a
 all shift | ible d he | luti f function of pixelwise correlation (duplicate images armowed).
ot all shiits, only possible due to the low resolution o Each curve represents a different human labeler.

the images.
. . . ) 4000 neighbors are then computef); taking negligible
D3 = pln Z (i1(2,y,¢) —1a(x+ Dy, y+ Dy, c)) time while D, and D5 take a minute or so. Fig shows
T mye a pair of images being matched using thmetrics. Fig.1
shows examples of query images and sets of neighboring
images from our dataset found using.
Inspired by studies on the statistics of image patchgs [

Computing distances t@0, 000,000 images is computa-
tionally expensive. To improve speed, we index the images
using thevglrtiﬁo ?rlgmpal comp(t)nent;s oftthé(), 000, OO(.) we use our dataset to explore the density of images using
'mages. Yith on y2 .components, akb MELrics are equiv- D;. Fig. 7 shows several plots measuring various proper-
alent and the entire index structure can be held in MeMOIY.ic as the size of the dataset is increased In R, we
;J(;smg exr(;gustlv_e searcr_:_xve(;‘!n:j thz;loDsﬁEIDU '":a%ﬁs n show the probability that the nearest neighbor has a normal-
secondsperimage. The distances,, Lz, s 10 eS€ 764 correlation exceeding a certain value. Fign) shows

7Although our dataset is large, it is not necessarily repriagize of all a vertical section through Figi(a) at0.8 and 0.9 as the
natural images. Images on the Internet have their own hiasgsobjects number of images grows logarithmically. Fig(c) shows
tend to be centered and fairly large in the image. the probability of the matched image being a duplicate as

8Undoubtedly, if efficient data structures such as a kd-treeewsed, . . . L
the matching would be significantly faster. Nister and Steug[1 8] used a function ofD,. While we remove dUpI'CateB'th'n each

related methods to index oveémillion images in~ 1sec. word, it is not trivial to remove therbetween words.



In Fig. 7(d) we explore how the plots shown in Fig(a) Semantic level: 1 Semantic level: 2 Semantic level: 3
1 T T T T T T 1

T 1 T

& (b) relate to recognition performance. Three human sub- | | I-i_erb ' :
jects labelled pairs of images as belonging to the same vi- °*f == 0 1 @00 ossrBird - 1
sual class or not. As the normalized correlation exceeds | ... .. .. o ol o] o Arthropod- |
0.8, the probability of belonging to the same class grows g e e Flower |
rapidly. From Fig.7(b) we see that a quarter of the images :{""‘5' g j'g“ A "g"'“'F'S_h' T
in the dataset are expected to have a neighbor with corre-Q osf - : - - 1o () 08.A”!§_t, e ,Q':
lation > 0.8. Hence a simple nearest-neighbor approach 8 [ 8 8 Politician - [
might be effective with our size of dataset. 0" e o™l /0
g 07 ) . 1 g } 4 g ; 1 4
5 Recognition Zoo| Object 12t Drag {2 o
We now attempt to recognize objects and scenes in our °¢f j gf;;?:; oo hpﬂiﬁr?t[;ir; 1 ‘ : ::
dgtaset. While a variety of existing comput.er vision algo- | . : Region |{ °=} ' Vehicle ({ °sf =~ |-
rithms could be adapted to work @2 x 32 images, we ' Artifact..., © Animal.., T
prefer to use a simple nearest-neighbor scheme based on * 77087106 7108 710% 710® 7108 710% 710° 710°
one of the distance metrid3;, Dy or Ds. Instead of rely- # images # images # images

ing on the complexity of the matching scheme, we let the Figure 9. Average ROC curve area at different semantic $easl

data to do the work for us: the hope is that there will always a function of number of images in the dataset, far (red), D

be images close to a given query image with some semantidgreen) andDs (blue). Words within each of the semantic levels

connection to it. are shown in each subplot. The red dot shows the expected per-
Given the large number of classes in our data&et{99) fqrmance if all im.ageg in Google image search were use@ (

and their highly specific nature, it is not practical or desir 21llon). extrapolating linearly.

able to try and classify each of the classes separately. In+; gifferent levels in the tree, each image voting with unit
stead we make use of Wordn&t] which provides seman- \yeight. For clarity, we only show parts of the tree with
tic hierarchy (hypernyms) for each noun. Using this hier- 4t east three votes (the full Wordnet tree Has815 non-
archy, we can perform classification at a variety of differ- 4 nodes). The nodes shown in red illustrate the branch
ent semantic _Ievels, thus instead of trying to recognize theyith the most votes, which matches the majority of levels
noun “yellowfin tuna” we can also perform recognition at query image branch (Fig(c)). Note that many of the

the level of “tuna” or *fish” or “animal”. Other work mak-  haighhors, despite not being vices, are some kind of device
ing use of Wordnet includes Hoogs and Colling][who or instrument.

use it to assist with image segmentation. Barreiral. [2]
showed how to learn simultaneously the visual and text tags5.2 Results
of images etc.

An additional factor in our dataset is the labelling noise.
To cope with this we use a voting scheme based around thi
Wordnet semantic hierarchy.

We used a test set 823 images, hand-picked so that the
visual content was consistent with the text label. Using
She voting tree described above, we classified them using
K = 80 neighbors at a variety of semantic levels. To sim-
e . . plify the presentation of results, we collapsed the Wordnet
5.1 Classification using Wordnet voting tree by hand (which hatl9 levels) down ta3 levels corre-
Wordnet provides semantic relationships between thesponding to one very high level (“organism”, “object”), an
70, 399 nouns for which we have collected images. We de- intermediate level (“person”, “plant”, “animal”) and a kelv
compose the graph-structured relationships into a tree bytypical of existing datasets (“fish”, “bird”, “herb”).

taking the most common meaning of each word. This tree  In Fig. 9 we show the average ROC curve area for a clas-
is then used to accumulate votes from the set of neighborssification task per word at each of the three semantic levels
found for a given query image. Each neighbor has its own for D, D, D3 as the number of images in the dataset is
branch within the tree for which it votes. By accumulat- varied. Note that (i) the classification performance insesa
ing these branches the query image may be classified at as the number of images increases; [y outperforms the

variety of levels within the tree. other distance metrics; (iii) the performance drops oftes t
In Fig. 8(a) we show a query image of a vise from our classes become more specific.

test set. In Fig8(b) we show a selection from thE = In Fig. 10 we show the ROC curve area for a number of

80 nearest neighbors using; over the70 million images. classes at different semantic levels, comparing/theand

In Fig. 8(c) we show the Wordnet branch for “vise”. In D3 metrics. For the majority of classe®3 may be seen to
Fig. 8(d) we show the accumulated votes from the neighborsoutperformD; .
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Figure 8. (a) Query image of a vise. (b) Fiigt of 80 neighbors found usings. (c) Wordnet branch for vise. (d) Sub-tree formed by
accumulating branches from &0 neighbors. The red branch shows the nodes with the most.vhiete that this branch substantially
agrees with the branch for vise.
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5.3 People

For certain classes the dataset is extremely rich. For exam-
ple, many images on the web contain pictures of people.
Thus for this class we are able to reliably find neighbors
with similar locations, scales and poses to the query image,
as shown in Figl2.

6 Conclusions

Many recognition tasks can be solved with images as small
as32 x 32 pixels. Working with tiny images has multiple
benefits: features can be computed efficiently and collect-
ing and working with larger collections of images becomes
practical. We have presented a dataset ®itt000, 000 im-
ages, organized on a semantic hierarchy, and we have shown
that, despite the dataset being weakly labeled, it can be ef-
fectively used for recognition tasks.

We have used simple nearest neighbor methods to ob-
tain good recognition performance for a number of classes,
such as “person”. However, the performance of some other
classes is poor (some of the classes in Eigghave ROC
curve areas around 65-70%). We believe that this is due
to two shortcomings of our dataset: (i) sparsity of images
in some classes; (ii) labelling noise. The former may be
overcome by collecting more images, perhaps from sources

To illustrate the quality of the recognition achieved by other than the Internet. One approach to overcoming the la-
using the70, 000, 000 weakly labeled images, we show in belling noise would be to bias the Wordnet voting toward
Fig. 11, for categories at three semantic levels, the imagesimages with high rank (using the performance curves ob-
that were more confidently assigned to each class. Note thatained in Fig.5(b)).
despite the simplicity of the matching procedure presented The dense sampling of categories provides an important
here, the recognition performance achieves reasonable levdataset to develop transfer learning techniques useful for
els even for fine levels of categorization.

object recognition. Small images also present challenges
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Figure 11. Test images assigned to words at each semangic [Ehe images are ordered by voting confidence from leftdbtr{the
confidence is shown above each image). The color of the tdiddtes if the image was correctly assigned (green) or ed) (IThe text
on top of each image corresponds to the string that retutmedage as a result of querying online image indexing tdeéch word is
one of the70, 399 nouns from Wordnet.

minicab

for recognition - many objects can not be recognized in iso- 2005.2
lation. Therefore, recognition requires algorithms timat i [10] R. Fergus, L. Fei-Fei, P. Perona, and A. Zisserman. n-ear
corporate contextual models, a direction for future work. ing object categories from google’s image searchPrioc.
ICCV, volume 2, pages 1816-1823, Oct 20@5.
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