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Abstract

The context of an image encapsulates rich information ahout natural scenes and objects are related to each otheh Suc
contextual information has the potential to enable a cafienederstanding of natural scenes and images. Howevdextanodels
have been evaluated mostly based on the improvement oftabjgagnition performance even though it is only one of maayw

to exploit contextual information. In this paper, we prasenew scene understanding problem for evaluating and mygptpntext
models. We are interested in nding scenes and objects tediait-of-context”. Detecting “out-of-context” objectsd scenes is
challenging because context violations can be detectgdfdhk relationships between objects are carefully andipedy modeled.

To address this problem, we evaluate efient sources of context information, and present a graptriodel that combines these
sources. We show that physical support relationships teetwbjects can provide useful contextual information fothbabject
recognition and out-of-context detection.
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1. Introduction

The context encapsulates rich information about how nat
ural scenes and objects are related to each other, whether
be relative positions of objects with respect to a scene er ccg
occurrence of objects within a scene. Using such contextud
information to improve object recognition has recentlydrae
popular [1, 2, 3, 4, 5, 6, 7, 8, 9] because contextual informa®
tion can enforce a coherent scene interpretation, andrediei
false positives. Based on this success, context modeldiemre
evaluated on how much the context model improves the objec
recognition performance. However, comparing context roode ==~
solely based on object recognition can be misleading becaus
object recognition is only one of many ways to exploit the-con
text information, and object recognition cannot adeqyadehl-
uate some of the dimensions in which the context model can be
useful.

For example, context information can help predict the presfiggr_e 1: Exa_lmples of objects out of context (violations gffsart, probability,
ence of occluded objects, which can be useful for roboties app osition, or size).
plications in which a robot can move to view occluded objects
Context information can also help predict the absence obmp ) ) ) ) )
tant objects such as a TV missing in a living room. We can als@©@l in surveillance is to identify the presence or abserice o
use contextual information to suggest places to store thjec certain objects in a_known scene, most I|I§ely with yldeo datg
which can be useful when a robot tries to decide where to plact Our problem setting, the task is detecting an object that i
a TV in a living room. We cannot evaluate theegtiveness of unusual for a given scene in a single image, even if the scene
di erent context models in these scenarios just by evaluating@S not been observed before. Therefore, we need contextual
the context models on object recognition tasks. relationships betvyeen objects to solve t_hls problem. Dieigc

In this work, we are interested in nding scenes and objectut-0f-context objects can be challenging because caraext
that are “out-of-context”. This application can be amesabl ~ Violations can be detected only if the relationships betwate:
evaluating dimensions of context models not adequatell eval€Cts are carefully and precisely modeled. For examplehen t
uated by object recognition tasks. Fig.1 shows severabbut- S€cond image in Fig.1, many elements are in correct locgtion
context images with objects in unexpected scenes or in uneUt because aroad sign appears next to an airplane, tharerpl
pected locations. Detecting out-of-context images iedint 1S Out of context.
from detecting changes in surveillance applications bee e In addition to providing a new application of context models
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we analyze dierent sources of contextual information and pro-objects (e.g., a monitor) and use contextual informatiodeo
pose a graphical model that integrates them. We evaluae thiect di cult objects that co-occur frequently with the detected
context model in object recognition tasks on a SUN dataggt [1 objects (e.g., a keyboard). If the number of object categas
and analyze how much each contextual information cong#but large, a compact representation of object co-occurrenans ¢
to the improved performance. We also test our context modedvoid over- tting and enable ecient inference and learning
in detecting out-of-context objects using (1) groundhifabels  algorithms. Choi et al. [10] learn a tree-structured greghi
and (2) noisy detector outputs, and show performance inggrov model to capture co-occurrence statistics of more than 90 o
ments compared to other context models. ject categories.

Due to computational complexity, most work focus on cap-
turing pairwise co-occurrence statistics. However, soefa-r
tionships require richer representation. For examplésttand
sink co-occur often, but a triplet (toilet, sink, refrigeyg can

2. Sources of Contextual Information

Biederman [11] provides ve features that are important for =gt
human vision: support (objects should not be oating), inte be unusual. Felzenszv_valb et _aI. [17] addresses this iss0g us
position (objects should occupy dirent volumes), probability & SUPPort vector machine, which re-scores each detectiog us
(objects should or should not appear in certain scenes); posthe maximum score of all other object categories detectdtkin
tion (objects should appear in typical locations), and ¢pte ~ S@Me IMage.
ject have typical relative sizes). We analyze potentiarses _
of contextual information that encode some of these feature 2-3: Geometric Context

Knowing where objects are likely to appear is helpful for ob-
2.1. Global Context Models ject localization. This information can be captured usieg-g

The knowledge of scene category can help recognize indi[netric context. Geometric context arises because (1) nimst o

vidual objects in a scene, but identifying individual oligemn Jects are supported by other objects, e.g., cars are sephloyt

a scene can also help estimate the scene category. One way' E@d,hand people are sfuppqrted by oor or sidewalk; (2) disjehc
incorporate this idea in object recognition is to learn hikgly ~ hat have a cqnlwmon unction tend to appear nearby and have
each object appears in a speci ¢ scene category. The gist dé-Cerain spatial con guration, €.g., a computer screereag

scriptor [12], which captures coarse texture and spatjaiug above a keyboa.rd, and a mouse is located on the left or right
of a scene, can be used to this end. For example, Murphy é)tfthe keyboard; and (3) humans tend to take photographs with

al. [13] train gist using 15 pre-speci ed scene categories a a common layout, e.g., oor is typically at the lower half of a

use the gist regressor to adjust the likelihood of each tietec M29€, and skyis in the upper half. Torralba et al. [12] nba t
object. Using the scene category information can greatly enthe vertu_:al Ioc_atlons of an Ot_)]eCt (elt_her abso_lute or_tmato
hance object recognition performance, but hand-selecisaes  Other Objects) is often more informative than its horizofua
boundaries can be arti cial, and sharing parameters amiomg s cation. Hoiem et al. [18] introduce an explicit represeintat
ilar types of scenes, such as a street and a city, can berngalle OT the 3D geometry of t.he scene (i.e., _the horizon line and the
ing. distinction between horizontal and vertical surfaces) .

Instead of rst predicting the scene category and then esti-
mating the presence of an object, we could use gist directl
to predict the presence of an object. It is especiallgaive in
predicting the presence of large objects with texture ssatkg,
sea, and mountain (commonly calleih ). The gist descriptor
is also known to work well in predicting the expected veltica
location of such objects in an image [14].

uantitative geometric model€Dne way to incorporate ge-
metric information is by using Gaussian variables to model
likely relative positions and scales of objects [10]. It Isa
common to represent an object location in a non-parametric
way by dividing an image into a nite number of regions.
Gould et al. [3] construct a non-parametric probability map
by learning quantized representations for relative |ocegibe-
tween pairs of object categories. Yao and Fei-fei [5] use bin
ning function to represent location relationships betwhan
Some objects co-occur often, and some objects rarely appegfan body parts and a Gaussian distribution to represetivesla
together. Object co-occurrence statistics provide stommgex-  scales.
tual information and have been widely used in context models
[15, 4, 16, 10, 17]. A common framework for incorporating Qualitative geometric modelsn the real world, qualitative re-
the co-occurrence statistics is conditional random eldRE}.  lationship among object locations is as important as gtanti
An image is segmented into coherent regions or super pixelsive relationships. Cars should be supported by a ground or
and each region or super pixel becomes a node in a CRF. Fooad, and it is unlikely that a car is oating above a road,reve
example, Rabinovich et al. [15] rst predict the labels otka if the distance between the two is small. In Galleguillos et
node using local features, and adjust the predicted lalsgigu al. [2], spatial relationships between pairs of segmened r
pair-wise co-occurrence relationships. In Ladicky et a], [ gions are quantized to four prototypical relationshipbeve,
global potentials are de ned to encode co-occurrencessiedi  below, inside, around . A similar set of spatial relation-
and to encourage parsimonious interpretation of an image. T ships is used in Desai et al. [1] with the additionfaf to cap-
ralba et al. [16] combine boosting and CRFs to rst detecyeas ture non-local spatial relationships. Russell and Toadlt9]

2

2.2. Object Co-occurrences



useattachment (awheelis a part of a car) asdpported-by bounding boxk. By using relative locations of detector bound-
(a car is supported by a road) to represent spatial reldtipss ing boxes, we can prune out false positives with supporaviol
between overlapping polygons of object boundaries, and ustons. For example, if we have a strong detection of a oor and
those relationships to reconstruct a 3D scene from usertanno multiple detections of tables, then it is more likely thabvgb
tions. supported by the oor detection are correct.

Given an image, we infer support relationships among detec-
tor outputs and construct a support tree model. Fig. 2b shaws
example image with detector outputs and the its estimated su

We integrate dierent sources of contextual information POrt tree. The edge potentials of the support tree condition
mentioned in the previous section using a graphical modet. O ©n presence variablgx(cijx;; cji) encode that a detectidnof
context model takes the gist descriptor, local detectarescand ~ ©bjecti is more likely to be correct if it is supported by a correct
bounding box locations as inputs, and computes the pratyabil detection of object].
of each object's presence and the likelihood of each detecti
being correct. Our model consists of two tree-structureghigr ~ 3.4. Expected locations and scales of bounding boxes
ical models: the rst part relates object categories using c
occurrence statistics, and the second part relates detmato
puts using support relationships.

3. Support context model

We use simple binning functions to represent the locatiah an
the size of a bounding box relative to the image height. The
probability p(yijcik) encodes the frequency that the bottom of
a bounding box belongs to bottom, middle, or top part of an
image, and the frequency that the height of the bounding ®ox i

For each object categorywe associate a binary variabte  |ess than a quarter, less than a half, or larger than a haltfeof t
to represent whether it is present or not in an image. Chdi et ajmage height. Together with the support tree, our contexteho
[10] uses a tree-structured graphical model with theserpina captures relationships between object categories ctiadita

variables to capture co-occurrence probabilities betvedgect  and expected location and scale of correctly detected biognd
categories. They note that just learning a tree structsiéteein - poxes quantitatively.

a natural hierarchy of objects in which a representativeatbj
(e.g.,sink ) is placed at the root of a subtree of objects that
commonly appear in the same scene (ditchen ). 4. Model Learning

In this work, we add latent binary variables to a co-
occurrence tree model to capture the dependencies of objectGiven a set of fully-labeled training images, we learn the
categories due to scenes. Our co-occurrence latent treelmodtructure and parameters of the co-occurrence latent toelelm
consists of observed binary variables representing eajgttob the measurement model for gist, detector scores, and bogindi
category and latent binary variables representing sompegas boX locations, and nally the parameters for inferring sapp
i ed scenes or meta-objects. These latent variables aradela trees in new images.
from a set of training images using the method we describe in
Section 4. The additional latent variables allows a ricegre-  4.1. Co-occurrence latent tree
sentation of object relationships. For example, a toilebése
likely to be present if a sink is present, but not if itis in &ckien
scene. Fig.2a shows an example of a small co-occurrence lat
tree for 6 object categories.

3.1. Latent tree model for co-occurrences

We assume that only the labels of object categories are given
and the scene information is unknown in the training image.
e’l’hus, it is necessary to learn the number of latent variadiels
how they are connected to object variables just from the sam-
ples of object presence variables. We use a recent appnoach i
troduced in [20] to e ciently learn a latent tree graphical model

The co-occurrence latent tree model implicitly infers tbe  from samples of observed variables. Our tree model relating
text of an image by collecting measurements from all object 07 opject categories learned from SUN 09 training set [40] i
categories. However, if there are false detector outputs wi cjuydes 26 hidden variables, many of which can be interpreted
strong con dence, it is possible that those false detestmm- 55 corresponding to scene categories such as indoor, iedroo
fuse the co-occurrence tree to infer a wrong context. Thes, Wor street. Fig. 3 shows the structure of a latent tree learned
use gist in addition to local detectors to enhance the contexfrom co-occurrence statistics of 107 object categoriesnMa
inferring power of our co-occurrence tree model. Since & gishigden variables in the latent tree can be interpreted asesce

descriptor is especially ective in classifying scenes and meta- categories. For exampl, corresponds to an outdoor scene,
objects, we use gist as a measurement of each latent vairiablegng is negatively correlated witiall , floor , andhs, which

3.2. Gist for global context

the co-occurrence tree. corresponds to an indoor scene. In additimyh;s, andh; 3 can
o ) be interpreted as a kitchen, a living room, and a streeteesp
3.3. Support tree for quantitative geometric context tively.

We use a binary detector variatig to denote whether a de- After learning the tree structure, the parameters of the tre
tectionk of object category is correct or false. Each detec- model is estimated using the EM algorithm, which isagent
tor variable has an associated scggeand the location of the for a tree graphical model with binary variables.
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Figure 2: An illustrative example of our support context mofiel6 object categories. White nodes are hidden, solid notesleserved, and grey nodes are
observed only during training. (a) Co-occurrence lateze with the gist descriptay to infer hidden variables. (b) An example image with a few detecutputs
and its inferred support tree. The tree is drawn upside danwentphasize that a parent variable is physically supports;ghild variables. (c) The connection
between a presence variabieand its detector variabley is drawn separately here to simplify the gures. Each deteeaniable has an associated scggeand
the location of the bounding bo.

180T ——Total Constrqcting a support trge inan imqge Let(i; k) pe thek—th
1 10,0001 —=Unique chains object instance of object categaryFor eachi( k) in the
£ L 00] Length | Two most common chains | Number image, choose a supporting object instanch 6uch that
5 5 | window/ building 2805
£ 100 car/ road 1415 -
£ 3 window/ wall/ floor 387 NZ(I ’ J) di; 1
z 10 books/bookcase/ floor 336 N (I ')e ( )
2 flowers/ vase/ table/ floor 4 1\ J
1 candle/ tray/ table/ floor 2
2 3 4 . . . . .
Chain length is maximized, wherely; is the distance fromj(l) to the

bottom point of {(;k). The exponential function is used

to only allow instances that are adjacent or a few pixels
Figure 4: Distribution of support-chains in the SUN 09 tianset. apart due to annotation errors to be considered as poten-
tial supporting pairs. If the maximum of (1) is less than a
threshold 5, then (;K) is not supported by any other ob-
ject. We use = 0:1 and , = 0:1. Since each object
instance chooses at most one supporting object, the result-
ing support relationships form a tree structure.

Measurement models for gist, local detector scores, andd¢ou
ing box locations. After learning the structure and parameters
of a co-occurrence latent tree, we estimate the values of hid
den variables for each training image. Using these estiinate
samples, we train the likelihood of gist conditioned on leidd

variables [13]. The probability of correct detection cdiutied Ina support tree, we can consider a chain of support refation
on a detector scor@(Cijsk) is trained using logistic regres- ships from the top to the ground objects. For example, (&plat

sion. The probabilities of correct detection given preserari- ~ SUPPorted by a table supported by a oor) is a length-3 suppor
ablep(ckjx), and the quantized heights and bottom locations ofhain. Fig.4 shows the number of total and unique chains, and

bounding boxes relative to image heighigijck) are trained the two most common chains with lengths 2, 3, and 4 in the
by counting in the training set. SUN 09 training set. Note that a majority of support chains

have length 2 or 3. The number of unique chains is signi -
cantly less than the number of total chains, which implied th
the support relationships are consistent across images.

A majority of object categories such as cars, buildings, and We extend the above approach to infer support relationships
people are always supported by other objects such as roadanong detector outputs and to construct a support tree for a
sidewalks, and oors. Russell and Torralba [19] construct anew image. LeNs(i; j) be the number of times thatis sup-
support tree in an image annotated by humans using the followporting i in support trees in the training set. Lpi; j) =
ing approach: Ns(i; j)=Na(i; j). Intuitively, if psugli; j) is high, then it is more

likely thati is supported by whenever both objects appear to-
Training For each pair of object categoriésand j, count  gether. We de nepsyi; 0) = ( Number of instances that
N1(i; j), the number of times that an instancei @nd an  appears without a suppartNumber of instances dj. Ground
instance ofj appear together in an image in the training objects such as a road and a oor hgwgi; 0) = 1. For other
set, andNx(i; j), the number of times that the bottom point objects,psygi; 0) can be high if a supporting object ois typ-
of the instance offis inside the instance gf For each ob- ically occluded (e.g., ground supporting a building is ofte-
jecti, and for a given threshold, obtain a list of possible cluded) or not on the list of our 107 object categories (ag.,
supporting objectS (i) := fj s.t. No(i; j)=Na(i; j) > 10 person can be supported by a sidewalk, which is not on our
In all our experiments, we use = 0:25. list).

4.2. Parameters for support trees



A bounding boxB; is supported by another bounding blBx  we consider additional binary variables; and oy to repre-
if the bottom side oB; lies entirely withinB,. We construct a sent out-of-context due to co-occurrences (which does eot d
support tree using detector outputs by selecting a bourtiing  pend ork) and support, respectively. We assume that an object

(j;: 1) that maximizes is out-of-context if it violates either co-occurrence oppart
o constraints, and compute the probability of out-of-cohtex
psup('? ])p(cjl =1) (2)
p(oi = 1) = max(p(oc = 1); p(osk = 1)): ©)

among all bounding boxes that supparkj. This encourages a

more con dent detection to be selected as a supporting tbjecFor an out-of-context object, we assume that it has a support
If the maximum is less than,, then {;k) is not supported by violation if p(log = 1) < p(osk = 1), and a co-occurrence
any other object. Fig.5 shows examples of support treegéde violation otherwise.

from detector outputs. The edge potentip(sijx;; cj) on the

support tree can be trained by counting the parent-chilgpéi  Using Ground-truth LabelsLet us rst consider the case when
correct detections in the training set. ground-truth labels are available. To detect co-occureafia-
lations, we use a similar approach as in [10] and assume that
if og = 1, the presence variablg is independent of all other
presence variables, thus independent of the context inddmse

Given local detector outputs in a new image, we infer theother objects. Fig.6a shows a graphical model with presence

presence and detector variables using the following st&p: ( variables and the corresponding out-of-context variafilies-

For each detection, estimate the probability of correcedet dltlr?tni:jvorr]i gtr)?uﬁr;d-trurgz lla't)erlmf of F:eie?iciéi“?hrlriwt;?f'
tion cix using detector scores, and bounding box locations contextvariablesnggand fatent scene variablegglorm a tree

Vik- (2) Infer x's using the co-occurrence latent tree with gist structure, so the marginal probabilipfo = 1jx) can be com-

. . . . puted e ciently.
of the imageg as additional measurements. This step im-P . .
plicitly infers the global context of the image and encowrag fRegaII from Se(;]tlon 4.2 that g|:_/en _thet grog.nd-truthdlabels
objects that are semantically coherent to be present. (3) RE' an w_nagge, we IC tzofe a supporting _|.n_s anggl,drbspy nth-'
estimatep(ck = 1) using the marginal probabilities of the pres- Ing an ins gncej( ) that maximize sy i; l).e ~- >mnee this
ence variables;, and construct a support tree. The edge pO_value lies in the range [Q], we can consider the quantity as

- : . the probability that the instancé K) is “in-context” with re-
tentials of tflv_,ga support tree are approximately computedgusi : . .
p(Ciici) . PG ¢j)P(x), which results in better esti- gard to the support relat|onsh|ps. Thus, the probabilitgi;dd)
mates than sampling's and conditioning on their values. (4) out-of-context due to support violations can be computed as
Update the probabilities of correct detectip(ti = 1) using pOSk=1)=1 pei;j)e % (4)
the support tree with the edge potentials computed in the pre
vious step. This encourages a detection supported by agstromvhere (;1) is the supporting object instance ofk). If an in-

5. Using support-context for object recognition

detection of its typical supporting object to be correct. stancei k) does not have a supporting object instance, then
We iterate between steps (2)-(4), which generally conserge o .
in a couple of iterations. Note that each of the step cormedpo POsk=1)=1  pougli; 0): (5)

to passing messages in our graphical model, and the messal
passing schedules are designed to best utilize the parstimec-
tures in the context model. Each step in our inference alyuori
corresponds to passing messages in a binary tree, so it-is e
cient even with more than a hundred object categories.

£E‘I:‘s'ing Detector OutputsDetecting objects out-of-context us-
ing noisy detector outputs is a challenging task. If thee ar
strong false alarms, it may distort the contextual infoiiorat
of the entire image, and if the actual out-of-context object
weakly detected, it is hard to dérentiate it from many other
false positives. In some of the images, out-of-context abje
6. Context models for out-of-context detection have distorted appearances (e.g., a car in the swimmingmool
Fig.1), making it more di cult for local detectors to con dently
In this section, we describe algorithms for out-of-contit  detect the objects. Unlike in normal images, we cannot use co
tection using context models. In [10], a tree-structured cotext models to improve the scores of such detections, strise i
occurrence tree with binary presence variables and Gaussigikely that context models further lower the con dence oftou
location variables has been proposed. It has been demiastra of-context detections.
that given ground-truth labels of an image, the model dstect The probability of an object instance out-of-context can be
co-occurrence violations accurately, but not positionupp®rt  computed as follows:
violations. This is because a Gaussian distribution is imegal
poor at enforcing strong constraints, which makes it inappr p(oik = 1) = p(oik = Ljck = 1)p(ck = 1)+ p(cik = 0): (6)
priate in modeling support relationships.
Let o be a binary variable indicating whethérk), a detec- - _ _ _ _
tion k of objecti, is out of its normal context. We are interested . ere; our goal is to detect an out-of-context object pregean image,
so if an object is not present, it is not considered as out nfeca. It is also

r‘Ot only in deteCt.ing c-)ut-.of-context objects but also indice  ossible to consider the problem of detecting a missing olgeg., a living
ing whether the violation is in co-occurrences or supponus,  room without a sofa).
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The rSt term, the probablllty Oﬁk Out Of ConteXt aSSUming Category Paseline [Support Location Co-occurr Gist + Full context SVM- Gauss-

Co-occur Context Context

that it is a correct detection, can be computed similarlyn® t Tbookease | 232|542 239 395 38 521 295 471

. bowl 0.90 0.80 0.83 1.47 3.11 3.13 0.69 2.45

case when ground-truth labels are available. For co-oenoer floor | 3134 3664 3133 39.85 40,99 43.48 44.85 43.22
. . . . mountain 17.23 16.65 17.62 17.16 17.49 17.90 20.12 18.38
violations, we generate samples of presence varlableg dsin oven 807 807 804 1156 14.74 14.34 6.62 10.27
sky 55.34 55.34 55.78 56.68 57.64 58.57 61.05 60.48

tector scores, and compupéog = 1jx; = 1) by averaging over sola | 1147| 1174 1186 1167 1365 13| 1234 15.30

ree 1088 1320 1216 1135 12.41 12.70 13.65 12.69
samples. AVERAGE| _ 7.06] _ 7.09 7.40 7.44 8.02 8.37 8.34 8.37

In order to consider the probability of support violations
rst infer a support tree using detector outputs. For each inTable 1: Average precision-recall for localization andserece prediction.

. ; ; ; . Baseline) baseline detector without contextual informmafibr]; Full context)
stance i( k) and its supporting instancg; (), we assume that Support context model; SVM-Context) Context rescoring meihd17]; Tree-

(i;k) does .n0t Vi9|.ate s_upport ConStraintSf if (]j)ll_is @ COr-  context) Co-occurrence tree with Gaussian model for spatiationships [10]
rect detection andis typically supported by or (2) (j;1) is not

a correct detection butcan appear without a support. There-
fore, the probability of a support violation can be computed Fig.7 shows example images with six most con dent detec-
follows: tions using the baseline local detectors ( rst row) and aip-s
port context model (second row). Note that the context model
p(osk = 1jck = 1) e ectively removes semantically-incorrect false positiies.,
= 1  padi;j)p(ci = 1)+ psugli; O)p(cy = 0)  (7)  a oating refrigerator in the rstimage), and increases thieb-
abilities of correct detections that satisfy co-occuremn(e.g.,
F|g6b shows a Support tree with two detector variales an@treet"ght on the Street) and Support (e_g_' sink Suppd];se
the corresponding out-of-context variables represersiiport  countertop, armchair supported by oor). Note that in some
violations. cases, the con dent detections by context models can be se-
mantically coherent but incorrect, as shown in the last inag

Out-of-context Detection Using Other Context ModeBut-

of-context object detegtlons for general context modeishm 7.2. Detecting Objects out-of-context
performed by comparing the con dence before and after ap-
plying the context model. For example, for the SVM-context We extended the out-of-context dataset rst introduced in
model in [17], we sep(ok = ljcik = 1) = sk=(Sk + Sk), where  [10], and collected 209 out-of-context images. Among these
Sk is the score adjusted by SVM using the scores of all other obwe select 161 images that have at least one out-of-cont@dtob
ject categories. Note that such methods do not provide asswecorresponding to one of the 107 object categories in our mode
for whether the violation is due to co-occurrence or support  Fig.8 shows examples of detecting objects out-of-context u
ing our support context model. Segments highlighted in red
are chosen as out-of-context due to co-occurrence violatio
and segments in yellow are chosen as objects with support vi-

In this section, we show experimental results of (1) detectplatlons' Note that for the last two images, we need a deeper

ing objects in normal images and (2) identifying out-of-t understanding of the scene which may not be captured by co-

objects. We use the discriminative part-based models ind4 7 occurrences :?md support relationships alone. In the I@Jem
. . . it appears as if truck is supported by a car due to occlusimh, a
baseline local detectors, and compare object recognitich a

out-of-context object detection performances with twoeoth the car squeezed by two buses is not considered out-ofxtonte

context models - tree-based context models with Gaussian lo
cation variables in [10] and SVM re-score method in [17].

7. Experiments

Even with such challenging images included in the dataset,
our context model performs well as shown in Fig.10(a). The
plot shows the number of images in which at least one out-of-
context object is included in the top N most unexpected ob-

We use the SUN 09 dataset introduced in [10] for objectiects estimated by our context model. Both our support and
recognition evaluation of 107 object categories, whichtaims  co-occurrence models, even when used separately, outperfo
4,367 training images and 4,317 testing images [10]. Tabléhe tree-context with Gaussian location variables [10§ enr
1 shows the average precision-recalls (APRs) of objectdocacombined model selects the correct out-of-context object i
ization for selected object categories, and the mean APR awtance as the most unexpected object in 118 out of 161 images.
eraged over all 107 object categories. For our support con- In Fig.9, we show success and failure cases of detecting out-
text model, we show the results using each component alonaf-context objects using our context model based on detecto
and the full context model with all contextual informatiamne-  outputs. In each image pair, the rstimage shows six most con
bined together. The support model without co-occurrense tr dent detections using local detectors, and the second émag
has limited performance since there are many false paositiveshows three most con dent out-of-context objects estichate
of oor or road in almost all images, but when combined with our context model (red for co-occurrences and yellow for sup
other components, it increases performances especiallpfo port). In the last row, we show failure cases due to noise in
door objects. Despite the derences in encoding contextual detector outputs: in the rstimage, the false positive ofia-w
information, all context models have similar performances  dow has a higher detector score and is also out-of-contasgt, a

7.1. Recognition Performance
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Figure 3: The structure of the latent tree model capturingalio-occurrences among 107 object categories. Red edgete degative relationships.
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Figure 5: Examples of support trees inferred using deteattputs. For each image, we show six most con dent detectiodsagwart of the inferred support tree
relating those six detections.
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Figure 6: Context model for out-of-context detection. (aj)@y variablegoggrepresenting out-of-context due to co-occurrencesglf= 1, the corresponding
presence variablg is independent of all other presence variables. (b) A suppee and the out-of-context variablessygrepresenting support violations. The

probability ofosk = 1 depends on botty andc;.
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Figure 7: Examples of images showing six most con dent detastitsing the baseline local detector ( rst row) and our ceinteodel (second row). The thickness
of bounding boxes indicate the con dence of each detection.
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Figure 9: Examples of detecting out-of-context objectsaisietector outputs. On the left, six most con dent detecti@sing only local detector scores) are shown,
and on the right, three most con dent out-of-context objeetiected by our context model are shown (yellow for suppattrad for co-occurrence violations).The
rst and the second rows show correctly identi ed out-ofatext objects, and the third row shows failure cases.
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