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1.#Overview:#

3.#Experiments:#

where w is a feature weight vector, b is a scalar bias, ⇠I is
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! Approach:&Generaliza,on&of&Mul,ple&Instance&SVM&(MI>SVM)&with&
! Classiﬁca,on&using&A2ributes&
that all instances in the negative bags should be classified
Figure 2: Visualization of SVM models: standard SVM
pairwise&constraints&among&posi,ve&examples.&
- Binary-a"ribute-feature-vectors-and-nearest-neighbor-classiﬁer:as negative, and at least one instance in each positive bag
(left), standard MI-SVM (middle), and our MI-SVM with
should be classified as positive.
constraints (right) between instances in each positive bag.
Our goal is to find local image regions across the training
For recognizing vehicles given their viewpoint angles, we
set that are discriminative — that occur often in one vehidefine the constraints such that two selected region candicle category but not in another. We can apply the MI-SVM
dates must come from consistent locations on the vehicles.
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Now suppose the weight vectors and biases for each
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2.#Approach:ative
- label depending on its category, and then sample many
the x⇤I for each bag I. We want to do this in a way that
patches from each image to produce instances for each bag.! Constrained&Mul,ple&Instance&SVM&framework&
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3.2. MI-SVMs with constraints
E({lI }|{vI }) =
(lI |vI ) +
(lI , lJ |vI , vJ ), (3)
A problem
with the above approach is that discovered
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roughly the same position on the vehicle by adding pairwise spatial constraints among instances in the positive bag.
But since viewpoints vary across images, we must explicitly
model viewpoint in order to compare spatial positions.
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Our model. Let vI 2 V denote the viewpoint label of image (bag) I, where we assume that V is a small set of possible discrete viewpoints. For now we assume the viewpoint
labels are given; we discuss how to handle unknown viewpoint labels in Section 3.3. We formulate the attribute discovery problem using MI-SVMs, with additional pairwise
spatial constraints among positive instances that encourage

I

I,J

where the first set of terms in the summation measures how
well the selected regions are modeled by the MI-SVM,
SVM-

(lI |vI ) =

(w(vI ) · xlII + b(vI ) ),

MI)SVM-

Constrained-MI)SVM-

and the pairwise terms encourage positive regions to be at
about the same spatial position on the car. If the viewpoint
labels between two images are the same, then measuring
this distance is a simple matter of comparing image coordinates. If the labels are different, then we need to apply a
transformation so that the two coordinate systems are comparable. In particular, our pairwise function is,
(
kµ(lI ) µ(lJ )k2 ,
if vI = vJ
(lI , lJ |vI , vJ ) =
vJ
2
kHvI µ(lI ) µ(lJ )k , if vI 6= vJ ,
where µ(lI ) denotes the spatial position of region lI relative
v
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4.#Conclusions:#
#
! Explicitly&modeling&viewpoint&during&a2ribute&discovery&
# signiﬁcantly&improves&a2ribute>based&classiﬁca,on.&
cup, black tire
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Figure 5: Examples of automatically generated local attributes for the Stanford cars dataset. Each panel represents one
discovered local attribute for a particular viewpoint of the vehicle category, with names coming from Mechanical Turk users.

! Discovered&a2ributes&are&both&discrimina,ve&and&seman,cally&
meaningful,&and&increase&classiﬁca,on&performance&when&
Figure 6: Examples of vehicle annotation results on new images.
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