
Learning a Compact 
Image Code for Efficient 

Recognition of Novel Classes

Lorenzo Torresani 

Joint work with:
- Alessandro Bergamo (Dartmouth)
- Andrew Fitzgibbon (Microsoft Research Cambridge)



• no text/tags available 

• query images may 
represent a novel class

user-provided images
of an object class

+

large image database
(e.g., 10 million photos)

• Given:

• Want:

database 
images

of this class

Problem statement: 
novel-class search



Big Image Data

• 72 hours of video are uploaded 
to YouTube every minute

• more than 120M distinct videos

• 6 billion new uploads 
   each month

• 100 billion photos

Interactive visual search in these collections requires:
•  the ability to efficiently train and test novel visual classes 
 at search time



Technical requirements of 
novel-class search

• The object classifier must be learned on the fly from 
few examples

• Recognition in the database must have low 
computational cost

• Image descriptors must be compact to allow 
storage in memory



State-of-the-art in
object classification

Winning recipe: many features + non-linear classifiers
(e.g. [Gehler and Nowozin, CVPR’09])

GIST%

oriented%%
gradients%

SIFT%

...

Non$linear*
discriminant*
func2on*

non-linear 
decision boundary



Unsuitable for our needs due to:

• large storage requirements (typically over 20K bytes/image)
• costly evaluation (requires query-time kernel distance computation 

for each test image)
• costly training (1+ minute for O(10) training examples)

Classification output is obtained by combining many features via 
non-linear kernels (e.g. the LP-β of [Gehler and Nowozin, CVPR’09]):
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sum over features sum over training examples

Multiple kernel combiners for 
novel-class search?



Our approach	
 [Torresani et al., 2010; Bergamo et al., 2011]

Key-idea:  represent each image as the binarized output of a large 
               number of predefined multiple kernel classifiers

image
our binary descriptor
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The c-th bit is the binarized output of a pre-learned 
LP-β for the c-th basis class:

This is the only thing we 
store in the database

• Compact: only C bits per image

⇤ ⇥� ⌅
LP-β trained and evaluated before the 

creation of the databasetrained at query-time

• A linear combination of these features is an efficient multiple kernel combiner
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Method overview

2. Query-time learning:
using the binary code for recognition and retrieval

training examples of novel class
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1. Offline learning:
training the basis classifiers 
defining the compact representation 

learn a linear classifier on 
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Related work
• Attribute-based recognition:

Figure 4: Attribute prediction for across category protocols. On the left
is Leave-one-class-out case for Pascal and on the right is attribute predic-
tion for Yahoo set. Only attributes relevant to these tasks are displayed.
Classes are different during training and testing, thus we have across cat-
egory generalization issues. Some attributes on the left, like “engine”,
“snout”, and “furry”, generalize well, some do not. Feature selection helps
considerably for those attributes, like “taillight”, “cloth”, and “rein” that
have problem generalizing across classes. Similar to leave one class out
case, learning attributes on Pascal08 train set and testing them on Yahoo
set involves across category generalization, right plot. We can, in fact, pre-
dict attributes for new classes fairly reliably. Some attributes, like “wing”,
“door”, “headlight”, and “taillight”, do not generalize well. Feature se-
lection improves generalization on those attributes. Toward the high end
of this curve, where good classifiers sit, feature selection improves predic-
tion of attribute with generalization issues and produce similar results for
attributes without generalization issues. For better visualization purposes
we sorted the plots based on selected features’ area under ROC curve val-
ues.

benefits of our novel feature selection method compared to
using whole features.

6.1. Describing Objects
Assigning attributes: There are two main protocols for

attribute prediction: “within category” predictions, where
train and test instances are drawn from the same set of
classes, and “across category” predictions where train and
test instances are drawn from different sets of classes. We
do across category experiments using a leave-one-class-out
approach, or a new set of classes on a new dataset. We train
attributes in a-Pascal and test them in a-Yahoo. We measure
our performance in attribute predictions by the area under
the ROC curve, mainly because it is invariant to class pri-
ors. We can predict attributes for the within category proto-
col with the area under the curve of 0.834 (Figure 3).

Figure 4 shows that we can predict attributes fairly re-
liably for across category protocols. The plot on the left
shows the leave-one-class-out case on a-Pascal and the plot
on the right shows the same curve for a-Yahoo set.

Figure 5 depicts 12 typical images from a-Yahoo set with
a subset of positively predicted attributes. These attribute
classifiers are learned on a-Pascal train set and tested on a-
Yahoo images. Attributes written in red, with red crosses,
are wrong predictions.

Unusual attributes: People tend to make statements
about unexpected aspects of known objects ([11], p101).
An advantage of an attribute based representation is we
can easily reproduce this behavior. The ground truth at-
tributes specify which attributes are typical for each class.
If a reliable attribute classifier predicts one of these typi-
cal attributes is absent, we report that it is not visible in
the image. Figure 6 shows some of these typical attributes
which are not visible in the image. For example, it is worth
reporting when we do not see the “wing” an aeroplane is
expected to have. To qualitatively evaluate this task we re-

Figure 5: This figure shows randomly selected positively predicted at-
tributes for 12 typical images from 12 categories in Yahoo set. Attribute
classifiers are learned on Pascal train set and tested on Yahoo set. We ran-
domly select 5 predicted attributes from the list of 64 attributes available in
the dataset. Bounding boxes around the objects are provided by the dataset
and we are only looking inside the bounding boxes to predict attributes.
Wrong predictions are written in red and marked with red crosses.

Figure 6: Reporting the absence of typical attributes. For example, we
expect to see “Wing”in an aeroplane. It is worth reporting if we see a
picture of an aeroplane for which the wing is not visible or a picture of a
bird for which the tail is not visible.

Figure 7: Reporting the presence of atypical attributes. For example, we
don’t expect to observe “skin” on a dining table. Notice that, if we have
access to information about object semantics, observing “leaf” in an image
of a bird might eventually yield “The bird is in a tree”. Sometimes our
attribute classifiers are confused by some misleading visual similarities,
like predicting “Horn” from the visually similar handle bar of a road bike.

ported 752 expected attributes over the whole dataset which
are not visible in the images. 68.2% of these reports are
correct when compared to our manual labeling of those re-
ports (Figure 6). On the other hand, if a reliable attribute
classifier predicts an attribute which is not expected to be
in the predicted class, we can report that, too (Figure 7).
For example, birds don’t have a “leaf”, and if we see one
we should report it. To quantitatively evaluate this predic-
tion we evaluate 951 of those predictions by hand; 47.3%
are correct. There are two important consequences. First,
because birds never have leaves, we may be able to exploit
knowledge of object semantics to reason that, in this case,
the bird is in a tree. Second, because we can localize fea-
tures used to predict attributes, we can show what caused
the unexpected attribute to be predicted (Figure 8). For ex-
ample, we can sometimes tell where the “metal” is in a pic-

Figure 4: Attribute prediction for across category protocols. On the left
is Leave-one-class-out case for Pascal and on the right is attribute predic-
tion for Yahoo set. Only attributes relevant to these tasks are displayed.
Classes are different during training and testing, thus we have across cat-
egory generalization issues. Some attributes on the left, like “engine”,
“snout”, and “furry”, generalize well, some do not. Feature selection helps
considerably for those attributes, like “taillight”, “cloth”, and “rein” that
have problem generalizing across classes. Similar to leave one class out
case, learning attributes on Pascal08 train set and testing them on Yahoo
set involves across category generalization, right plot. We can, in fact, pre-
dict attributes for new classes fairly reliably. Some attributes, like “wing”,
“door”, “headlight”, and “taillight”, do not generalize well. Feature se-
lection improves generalization on those attributes. Toward the high end
of this curve, where good classifiers sit, feature selection improves predic-
tion of attribute with generalization issues and produce similar results for
attributes without generalization issues. For better visualization purposes
we sorted the plots based on selected features’ area under ROC curve val-
ues.

benefits of our novel feature selection method compared to
using whole features.

6.1. Describing Objects
Assigning attributes: There are two main protocols for

attribute prediction: “within category” predictions, where
train and test instances are drawn from the same set of
classes, and “across category” predictions where train and
test instances are drawn from different sets of classes. We
do across category experiments using a leave-one-class-out
approach, or a new set of classes on a new dataset. We train
attributes in a-Pascal and test them in a-Yahoo. We measure
our performance in attribute predictions by the area under
the ROC curve, mainly because it is invariant to class pri-
ors. We can predict attributes for the within category proto-
col with the area under the curve of 0.834 (Figure 3).

Figure 4 shows that we can predict attributes fairly re-
liably for across category protocols. The plot on the left
shows the leave-one-class-out case on a-Pascal and the plot
on the right shows the same curve for a-Yahoo set.

Figure 5 depicts 12 typical images from a-Yahoo set with
a subset of positively predicted attributes. These attribute
classifiers are learned on a-Pascal train set and tested on a-
Yahoo images. Attributes written in red, with red crosses,
are wrong predictions.

Unusual attributes: People tend to make statements
about unexpected aspects of known objects ([11], p101).
An advantage of an attribute based representation is we
can easily reproduce this behavior. The ground truth at-
tributes specify which attributes are typical for each class.
If a reliable attribute classifier predicts one of these typi-
cal attributes is absent, we report that it is not visible in
the image. Figure 6 shows some of these typical attributes
which are not visible in the image. For example, it is worth
reporting when we do not see the “wing” an aeroplane is
expected to have. To qualitatively evaluate this task we re-

Figure 5: This figure shows randomly selected positively predicted at-
tributes for 12 typical images from 12 categories in Yahoo set. Attribute
classifiers are learned on Pascal train set and tested on Yahoo set. We ran-
domly select 5 predicted attributes from the list of 64 attributes available in
the dataset. Bounding boxes around the objects are provided by the dataset
and we are only looking inside the bounding boxes to predict attributes.
Wrong predictions are written in red and marked with red crosses.

Figure 6: Reporting the absence of typical attributes. For example, we
expect to see “Wing”in an aeroplane. It is worth reporting if we see a
picture of an aeroplane for which the wing is not visible or a picture of a
bird for which the tail is not visible.

Figure 7: Reporting the presence of atypical attributes. For example, we
don’t expect to observe “skin” on a dining table. Notice that, if we have
access to information about object semantics, observing “leaf” in an image
of a bird might eventually yield “The bird is in a tree”. Sometimes our
attribute classifiers are confused by some misleading visual similarities,
like predicting “Horn” from the visually similar handle bar of a road bike.

ported 752 expected attributes over the whole dataset which
are not visible in the images. 68.2% of these reports are
correct when compared to our manual labeling of those re-
ports (Figure 6). On the other hand, if a reliable attribute
classifier predicts an attribute which is not expected to be
in the predicted class, we can report that, too (Figure 7).
For example, birds don’t have a “leaf”, and if we see one
we should report it. To quantitatively evaluate this predic-
tion we evaluate 951 of those predictions by hand; 47.3%
are correct. There are two important consequences. First,
because birds never have leaves, we may be able to exploit
knowledge of object semantics to reason that, in this case,
the bird is in a tree. Second, because we can localize fea-
tures used to predict attributes, we can show what caused
the unexpected attribute to be predicted (Figure 8). For ex-
ample, we can sometimes tell where the “metal” is in a pic-

[Farhadi et al., CVPR’09]

Learning To Detect Unseen Object Classes by Between-Class Attribute Transfer
Christoph H. Lampert Hannes Nickisch Stefan Harmeling

Max Planck Institute for Biological Cybernetics, Tübingen, Germany
{firstname.lastname}@tuebingen.mpg.de

Abstract
We study the problem of object classification when train-

ing and test classes are disjoint, i.e. no training examples of
the target classes are available. This setup has hardly been
studied in computer vision research, but it is the rule rather
than the exception, because the world contains tens of thou-
sands of different object classes and for only a very few of
them image, collections have been formed and annotated
with suitable class labels.

In this paper, we tackle the problem by introducing
attribute-based classification. It performs object detection
based on a human-specified high-level description of the
target objects instead of training images. The description
consists of arbitrary semantic attributes, like shape, color
or even geographic information. Because such properties
transcend the specific learning task at hand, they can be
pre-learned, e.g. from image datasets unrelated to the cur-
rent task. Afterwards, new classes can be detected based
on their attribute representation, without the need for a new
training phase. In order to evaluate our method and to facil-
itate research in this area, we have assembled a new large-
scale dataset, “Animals with Attributes”, of over 30,000 an-
imal images that match the 50 classes in Osherson’s clas-
sic table of how strongly humans associate 85 semantic at-
tributes with animal classes. Our experiments show that
by using an attribute layer it is indeed possible to build a
learning object detection system that does not require any
training images of the target classes.

1. Introduction
Learning-based methods for recognizing objects in natu-

ral images have made large progress over the last years. For
specific object classes, in particular faces and vehicles, reli-
able and efficient detectors are available, based on the com-
bination of powerful low-level features, e.g. SIFT or HoG,
with modern machine learning techniques, e.g. boosting or
support vector machines. However, in order to achieve good
classification accuracy, these systems require a lot of man-
ually labeled training data, typically hundreds or thousands
of example images for each class to be learned.

It has been estimated that humans distinguish between
at least 30,000 relevant object classes [3]. Training con-
ventional object detectors for all these would require mil-

otter

black: yes
white: no
brown: yes
stripes: no
water: yes
eats fish: yes

polar bear

black: no
white: yes
brown: no
stripes: no
water: yes
eats fish: yes

zebra

black: yes
white: yes
brown: no
stripes: yes
water: no
eats fish: no

Figure 1. A description by high-level attributes allows the transfer
of knowledge between object categories: after learning the visual
appearance of attributes from any classes with training examples,
we can detect also object classes that do not have any training
images, based on which attribute description a test image fits best.

lions of well-labeled training images and is likely out of
reach for years to come. Therefore, numerous techniques
for reducing the number of necessary training images have
been developed, some of which we will discuss in Section 3.
However, all of these techniques still require at least some
labeled training examples to detect future object instances.

Human learning is different: although humans can learn
and abstract well from examples, they are also capable of
detecting completely unseen classes when provided with a
high-level description. E.g., from the phrase “eight-sided
red traffic sign with white writing”, we will be able to detect
stop signs, and when looking for “large gray animals with
long trunks”, we will reliably identify elephants. We build
on this paradigm and propose a system that is able to detect
objects from a list of high-level attributes. The attributes
serve as an intermediate layer in a classifier cascade and
they enable the system to detect object classes, for which it
had not seen a single training example.

Clearly, a large number of possible attributes exist and
collecting separate training material to learn an ordinary
classifier for each of them would be as tedious as for all
object classes. But, instead of creating a separate training

[Lampert et al., CVPR’09]

Attribute and Simile Classifiers for Face Verification

Neeraj Kumar Alexander C. Berg Peter N. Belhumeur Shree K. Nayar
Columbia University⇤

Abstract
We present two novel methods for face verification. Our

first method – “attribute” classifiers – uses binary classi-
fiers trained to recognize the presence or absence of de-
scribable aspects of visual appearance (e.g., gender, race,
and age). Our second method – “simile” classifiers – re-
moves the manual labeling required for attribute classifica-
tion and instead learns the similarity of faces, or regions
of faces, to specific reference people. Neither method re-
quires costly, often brittle, alignment between image pairs;
yet, both methods produce compact visual descriptions, and
work on real-world images. Furthermore, both the attribute
and simile classifiers improve on the current state-of-the-art
for the LFW data set, reducing the error rates compared to
the current best by 23.92% and 26.34%, respectively, and
31.68% when combined. For further testing across pose,
illumination, and expression, we introduce a new data set
– termed PubFig – of real-world images of public figures
(celebrities and politicians) acquired from the internet. This
data set is both larger (60,000 images) and deeper (300
images per individual) than existing data sets of its kind.
Finally, we present an evaluation of human performance.

1. Introduction
There is enormous variability in the manner in which the
same face presents itself to a camera: not only might the
pose differ, but so might the expression and hairstyle. Mak-
ing matters worse – at least for researchers in computer vi-
sion – is that the illumination direction, camera type, focus,
resolution, and image compression are all almost certain to
differ as well. These manifold differences in images of the
same person have confounded methods for automatic face
recognition and verification, often limiting the reliability of
automatic algorithms to the domain of more controlled set-
tings with cooperative subjects [33, 3, 29, 16, 30, 31, 14].

Recently, there has been significant work on the “La-
beled Faces in the Wild” (LFW) data set [19]. This data
set is remarkable in its variability, exhibiting all of the
differences mentioned above. Not surprisingly, LFW has
proven difficult for automatic face verification methods
[25, 34, 17, 18, 19]. When one analyzes the failure cases for

⇤{neeraj,aberg,belhumeur,nayar}@cs.columbia.edu

Figure 1: Attribute Classifiers: An attribute classifier can be
trained to recognize the presence or absence of a describable as-
pect of visual appearance. The responses for several such attribute
classifiers are shown for a pair of images of Halle Berry. Note
that the “flash” and “shiny skin” attributes produce very differ-
ent responses, while the responses for the remaining attributes are
in strong agreement despite the changes in pose, illumination, ex-
pression, and image quality. We use these attributes for face verifi-
cation, achieving a 23.92% drop in error rates on the LFW bench-
mark compared to the existing state-of-the-art.

some of the existing algorithms, many mistakes are found
that would seem to be avoidable: men being confused for
women, young people for old, asians for caucasians, etc. On
the other hand, small changes in pose, expression, or light-
ing can cause two otherwise similar images of the same per-
son to be mis-classified by an algorithm as different. How-
ever, we show that humans do very well on the same data –
given image pairs, verification of identity can be performed
almost without error.

In this paper, we attempt to advance the state-of-the-
art for face verification in uncontrolled settings with non-
cooperative subjects. To this end, we present two novel
and complementary methods for face verification. Common
to both methods is the idea of extracting and comparing
“high-level” visual features, or traits, of a face image that

[Kumar et al., ICCV’09]

- hand-specified visual properties correlated to the classes to 
  recognize
- used for recognition in specific domains



How do we define the 
basis classifiers?

• PiCoDes (Picture Codes / Pico-descriptors) 
[Bergamo et al., 2011]: 

g(�(x);w) =
PC

c=1 wc�c(x)

we want to choose                            such that the 
linear classification model

�1(x), . . . ,�c(x)

enables recognition of many classes with good accuracy



The descriptor-learning goal
• Given: 

training examples                    , 
each belonging to one of K classes (where K is large).

x1, . . . ,xN

| {z }s.t. there exist K linear classifiers

otherwise

• Want: 
learn C multiple kernel combiners �1(x), . . . ,�c(x)

satisfying
(w1, b1), . . . , (wK , bK)

parameters of linear 
classifiers for the K classes

w

>
k �(xi) + bk > 0 if      belongs to class k xi

w

>
k �(xi) + bk < 0



�[.] : hinge function

descriptor produced
for the i-th image

tradeoff between large margin and 
misclassification over the K training classes

A large margin formulation
• Training set: 

xi: image i

yi,k 2 {�1, 1}: label yi,k = 1 i↵ image i belongs to class k

• Learning objective: 

E(�,w1..K , b1..K) =
PK
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Linearization of a multiple 
kernel combiner

• “Sidestepping” the  kernel trick [Vedaldi and Zisserman, 2010]: 
for the family of additive kernels there exists an explicit feature map                                     

K(x,x0) ⇡
D
�̂(x), �̂(x0)

E
such that                                                 for small r (we use r = 1).

x =
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 ̂ : RD �! RD(2r+1)

�c• Each basis classifier       can be approximated as
a binarized linear projection in the 3D-dimensional space:

�c(z) = 1[aT
c z]

 ̂ : RD �! RD(2r+1)



The final learning objective

the c-th bit 
for image i

Optimization via alternation:

• learn linear classifiers               (while keeping          fixed):
 traditional linear SVM learning

• learn PiCoDes projections           (while keeping              fixed):
we optimize a convex upper bound of the objective that can be 
formulated as a linear program

(wk, bk) a1..C

a1..C (wk, bk)

E(a1..C ,w1..K , b1..K) =
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Implementation details

x =
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descriptor

SIFT

z =  ̂(x)

 ̂ : RD �! RD(2r+1)

• We use spatial pyramid histograms of 4 low-level features, 
yielding a total of 13 histograms

• We choose the mapping           that approximates the 
histogram intersection kernel

• D=17K but we reduce the dimensionality of the learning space 
to d=6K via PCA

 ̂(x)



•Learn: 
compact code                     

  such that 

Prior work on compact image codes

•Given: 
image descriptor                (e.g., GIST)x � RD

y � {0, 1}D0

yi is “near” yj xi is “near” xj⇔

[Andoni and Indyk, 2006]; [Salakhutdinov and Hinton, 2009]; 
[Torralba et al., 2008]; [Ranzato et al., 2007]; [Weiss et al., 2008]; 
[Jegou et al., 2010]; [Perronnin and Sanchez, 2011], [Gong and  
Lazebnik, 2011] ...



Offline training set
(PiCoDes learning):

‣256 classes
‣10 training ex / class
‣25 test examples / class

‣1000 classes
‣varying # tr ex / class
‣150 test examples / class

• Caltech 256

• ImageNet
  ILSVRC 2010

Experiments:
• Multiclass recognition and object-class search
‣ we use a linear SVM as classification model

Evaluation database
(PiCoDes testing):

• ImageNet (a subset)
‣2625 classes
‣30 examples / class

Experimental setup

no classes in common
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Experiment 1: multiclass 
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Figure 5: Precision of object-class search using

codes of 256 bytes on Caltech256: for a varying

number of training examples per class, we report

the percentage of true positives in top 25 retrieved

from a dataset containing 6375 distractors and 25

relevant results.
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Figure 6: Finding pictures of an object class in the

ILSVRC2010 dataset, which includes 150K images

for 1000 different classes, using 256-byte codes. PI-

CODES enable accurate class retrieval from this large

collection in less than a second.

profit more than classemes from a larger number of training classes, producing further improvement
in generalization on novel classes.

An advantage of the classeme learning setup presented in [27] is the intrinsic parallelization that can
be achieved during the learning of the C classeme classifiers (which are disjointly trained), enabling
the use of more training data. We have considered this scenario, and tried learning the classeme
descriptors from ImageNet using 5 times more images than for PICODES, i.e., 150 images for each
training category for a total of N = 2659!150 = 398, 850 examples. Despite the disparate training
set sizes, we found that PICODES still outperformed classemes (22.41% versus 20.4% for 512 bits).

Retrieval of object classes on Caltech256. In figure 5 we present results corresponding to our
motivating application of object-class search, using codes of 256 bytes. For each Caltech256 class,
we trained a one-versus-all linear SVM using p positive examples and p ! 255 negative examples,
for varying values of p. We then used the learned classifier to find images of that category in a
database containing 6400 Caltech256 test images, with 25 images per class. The retrieval accuracy
is measured as precision at 25, which is the proportion of true positives (i.e., images of the query
class) ranked in the top 25. Again, we see that our features yield consistently better ranking precision
compared to classeme vectors learned on the same ImageNet training set, and produce an average
improvement of about 28% over the original classeme features.

Object class search in a large image collection. Finally, we present experiments on the 150K
image data set of the Large Scale Visual Recognition Challenge 2010 (ILSVRC2010) [3], which
includes images of 1000 different categories, different from those used to train PICODES. Again, we
evaluate our binary codes on the task of object-class retrieval. For each of the 1000 classes, we train
a linear SVM using all examples of that class available in the ILSVRC2010 training set (this number
varies from a minimum of 619 to a maximum of 3047, depending on the class) and 4995 negative
examples obtained by sampling five images from each of the other classes. We test the classifiers
on the ILSVRC2010 test set, which includes 150 images for each of the 1000 classes. Figure 6
shows a comparison between PICODES and classemes in terms of precision at k for varying k.
Despite the very large number of distractors (149,850 for each query), search with our codes yields
precisions exceeding 38%. Furthermore, the tiny size of our descriptor allows the entire data set to
be easily kept in memory for efficient retrieval (the whole database size using our representation is
only 36MB): the average search time for a query class, including the learning time, is about 1 second
on an Intel Xeon X5680 @ 3.33GHz.
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Experiment 2: novel-class 
search in ImageNet ILSVRC2010

(150K images, 1000 classes)

• for each query class the 
  database contains 150 true   
  positives, ~150K distractors

• training + search takes less 
   than 1 second

• random performance is 
   about 0.1%



Visualization of PiCoDes

• What kind of information is encoded in PiCoDes?

Figure 1: Visualization of PICODES. The 128-bit PICODE (whose accuracy on Caltech256 is displayed in

figure 3) is applied to the test data of ILSVRC2010. Six of the 128 bits are illustrated as follows: for bit c,

all images are sorted by non-binarized classifier outputs a!
c

x and the 10 smallest and largest are presented on

each row. Note that ac is defined only up to sign, so the patterns to which the bits are specialized may appear

in either the “positive” or “negative” columns.

(i.e., efficient) classifiers. The binary entries in our image descriptor are thresholded nonlinear pro-
jections of low-level visual features extracted from the image, such as descriptors encoding texture
or the appearance of local image patches. Each non-linear projection can be viewed as implementing
a nonlinear classifier using multiple kernels. The intuition is that we can then use these pre-learned
multiple kernel combiners as a classification basis to define recognition models for arbitrary novel
categories: the final classifier for a novel class is obtained by linearly combining the binary outputs
of the basis classifiers, which we can pre-compute for every image in the database, thus enabling
efficient novel object-class recognition even in large datasets.

The search for compact codes for images has been the subject of much recent work, which we
loosely divide into “designed” and “learned” codes. In the former category we include min-hash [6],
VLAD [14], and attributes [10, 18, 17] which are fully-supervised classifiers trained to recognize
certain visual properties in the image. A related idea is the representation of images in terms of
distances to basis classes. This has been previously investigated as a way to define image similar-
ities [30], to perform video search [12], or to enable natural scene recognition and retrieval [29].
Torresani et al. [27] define a compact image code as a bitvector, the entries of which are the out-
puts of a large set of weakly-trained basis classifiers (“classemes”) evaluated on the image. Simple
linear classifiers trained on classeme vectors produce near state-of-the-art categorization accuracy.
Li et al. [19] use the localized outputs of object detectors as an image representation. The advan-
tage of this representation is that it encodes spatial information; furthermore, object detectors are
more robust to clutter and uninformative background than classifiers evaluated on the entire image.
These prior methods work under the assumption that an “overcomplete” representation for classifi-
cation can be obtained by pre-learning classifiers for a large number of basis classes, some of which
will be related to those encountered at test-time. Such high-dimensional representations are then
compressed down using quantization, dimensionality reduction or feature selection methods.

The second strand of related work is the learning of compact codes for images [31, 26, 24, 15,
22, 8] where binary image codes are learned such that the Hamming distance between codewords
approximates a kernelized distance between image descriptors, most typically GIST. Autoencoder
learning [23], on the other hand, produces a compact code which has good image reconstruction
properties, but again is not specialized for category recognition.

All the above descriptors can produce very compact codes, but few (excepting [27, 19]) have been
shown to be effective at category-level recognition beyond simplified problems such as Caltech-
20 [2] or Caltech-101 [14, 16]. In contrast, we consider Caltech-256 a baseline competence, and
also test compact codes on a large-scale class retrieval task using ImageNet [7].

The goal of this paper then is to learn a compact binary code (as short as 128 bits) which has
good object-category recognition accuracy. In contrast to previous learning approaches, our training
objective is a direct approximation to this goal; while in contrast to previous “designed” descriptors,
we learn abstract categories (see figure 1) aimed at optimizing classification rather than an arbitrary
predefined set of attributes or classemes, and thus achieve increased accuracy for a given code length.
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images with large positive PiCoDes 
values (before binarization)

images with large negative PiCoDes 
values (before binarization)
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Conclusions

• Software for (fast!) extraction of PiCoDes is available at:
http://vlg.cs.dartmouth.edu/

• PiCoDes:
- binary features explicitly optimized for linear classification
- can be trained for any desired descriptor size

• Future work:
- features optimized for sparse/conjunctive classifiers
- descriptors for subwindow recognition ([Li et al. NIPS10])

• Even when reduced to about 200 bytes/image, recognition accuracy 
is similar to the best known MKL at a tiny fraction of the cost


