
Zero-‐shot	  classifier	  
•  Set	  of	  k	  known	  labels	  and	  trained	  classifiers	  
•  Co-‐occurrences	  between	  known	  labels	  and	  unknown	  labels	  
•  Approximate	  new	  classifier	  ŵl 	  using	  of	  the	  known	  classifiers:	  

	  
	  	  	  	  	  with:	  co-‐occurrence	  weight	  slk	  and	  regression	  weight	  ak	

	  

Define	  co-‐occurrence	  weights	  
1.  Normalized	  co-‐occurrences	  
	  

2.  Dice’s	  coefficient	  	  
	  
Define	  an	  object	  by	  what	  it	  is	  not	  
	  
	  
Classifier	  regression	  
•  Leave	  one	  out	  opGmizaGon	  over	  the	  known	  classifiers	  	  
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Goals	  and	  Novel=es 
Goal	  
   COSTA:	  a	  zero-‐shot	  classifier	  using	  a	  linear	  combinaGon	  of	  

exisGng	  classifiers,	  weighted	  by	  co-‐occurrences	  sta=s=cs	  

	  

Novel=es	  
1.  Allows	  for	  mul=-‐label	  zero-‐shot	  predicGon	  
2.  For	  certain	  concepts,	  COSTA	  outperforms	  supervised	  SVMs	  
3.  Co-‐occurrences	  can	  be	  obtained	  easily	  from	  the	  web	  
4.   COSTA	  is	  a	  natural	  prior	  in	  few-‐shot	  classifica=on	  

Co-‐occurrences 
Hypothesis:	  concept-‐to-‐concept	  inter-‐dependencies	  reveal	  a	  
significant	  part	  of	  the	  latent	  image	  seman6cs	  
	  

Advantages	  over	  AUributes:	  
1.  Many	  visual	  concepts	  can	  be	  described	  as	  an	  open	  set	  of	  

concept-‐to-‐concept	  relaGons	  
2.  Mapping	  between	  known	  and	  unknown	  labels	  only	  require	  

co-‐occurrence	  staGsGcs	  
3.  All	  concepts	  are	  treated	  equally,	  no	  disGnguishment	  

between	  classes	  and	  aVributes	  

Conclusion:	  COSTA	  leverages,	  by	  design,	  the	  bias	  of	  natural	  co-‐
occurrences	  of	  visual	  concepts.	  

For	  showcase,	  rug,	  vase,	  oven,	  
armchair,	  poster,	  COSTA	  out-‐
performs	  SVMs	  by	  over	  5% 

COSTA:	  Jumpstarts	  learning	  
with	  just	  a	  few	  examples 

Datasets:	  H-‐SUN	  (poster),	  iCLEF10,	  CUB	  AVributes	  (paper)	  
Evalua=on:	  Mean	  Average	  Precision	  over	  25%	  of	  the	  labels	  
Features:	  Fisher	  Vectors,	  SIFT,	  PCA	  96,	  K=16,	  SSR,	  L2	  normalizaGon	  
SeWngs:	  Supervised	  SVM	  (SUB),	  Leave-‐one-‐out	  (L1O),	  Zero-‐shot	  
with	  25%	  unknown	  labels	  (ZS75)	  and	  50%	  unknown	  labels	  (ZS50)	  

Zero-‐shot	  classifica=on	  

Co-‐occurrences	  from	  Flickr	  
capture	  well	  the	  concept-‐

to-‐concept	  rela6ons 

Regressing	  classifiers	  with	  
posi6ve	  &	  nega6ve	  co-‐
occurrences	  lead	  to	  

surprisingly	  good	  results 

Comparison	  to	  SVM	   Few-‐shot	  predic=on	  

COSTA	  model 

Objects	  co-‐exist	  with	  	  
other	  objects	  in	  a	  scene:	  

	  

Sink	  is	  usually	  in	  the	  same	  
visual	  space	  as	  a	  cupboard,	  
a	  stove,	  and	  a	  dishwasher. 

Example 

H-SUN
Setting SUB L1O ZS75 ZS50
Nr. Train labels 107 106 81 54

Baselines
Supervised SVM 21.5 – – –
Attributes – 12.8 13.0 12.3

COSTA
Co-oc Dice – 14.5 14.5 12.9
P&N Dice – 13.7 13.8 10.8
Reg P&N Dice – 17.0 16.4 15.0

COSTA: Internet co-occurrences
Web hit counts – 9.9 9.8 9.8
Image hit counts – 12.7 9.1 9.3
Flickr hit counts – 15.1 13.4 10.1
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Figure 3. Few-shot classification using regression based zero-shot prior from ground-truth or web hit-counts (except CUB-Att). Including
the prior significantly benefits performance, especially in the presence of very few positive images. Note the log-scale on the x-axis.
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Co-occurrence statistics. Co-occurrences have been re-
peatedly considered for capturing higher order relationships
between classes, concepts and labels. They have been used
to improve image segmentation [11], object detection [3,
22], to reason about what to expect in a scene [4, 14], and
for image and attribute classification [8, 15]. In general,
we notice that co-occurrences of objects, labels and textures
have been recognized as a strong clue for label and attribute
prediction. However, we are not aware of any works that
use label co-occurrences to enable zero-shot classification.

3. Zero-shot multi-label classification
In this section we define our zero-shot framework using

label co-occurrences. We first introduce our co-occurrence
based classification method. Second, in Section 3.2 we de-
scribe a regression interpretation to obtain zero-shot classi-
fier. Third, in Section 3.3 we illustrate the use of the zero-
shot model as prior for few-shot classification.

3.1. Co-occurrence based classification
Our goal is to estimate a classification function for an

unseen label l, using a set of existing classifiers. We assume
that we have a set of linear classifiers, trained on a collection
of annotated images with k labels. These classifiers could
be obtained from binary SVMs or logistic regression, and
are represented by their weight vectors wk 2 Rd⇥1. We
assume, without loss of generality, that the weight vectors
are augmented such that the biases are included.

We propose to estimate the weight vector ŵl to classify
the unseen label l, as

ŵl =
X

k

wk slk, (1)

where slk represents a measure of similarity between the
known label k and the unseen label l. In this paper, we
base these similarities on the co-occurrence statistics be-
tween the new label and existing labels.

Co-occurrence similarities. We explore different simi-
larity measures based on the co-occurrence of two labels.
Let cij denote the total number of images for which label i
and label j are relevant according to an auxiliary resource,
for example the ground-truth labelling, a web search engine
or a user provided input in the case of active learning. Also,
ci denotes the total number of images depicting label i, and
m denotes the total number of labels. The similarities we
explore are:

• Normalized co-occurrences,

sn
ij =

cij
ci

, (2)

where the similarity is directly proportional to the
number of co-occurrences.

• Binarized co-occurrences, motivated by the binarized
class-to-attributes mappings used in attribute-based
zero shot classification[12, 28]:

sb
ij = [[cij � t]], (3)

where t is a global threshold set as t = 1
m2

P
i,j cij .

• Burstiness corrected co-occurrences. Burstiness is the
phenomena that the frequency of an observation is sig-
nificantly larger than a statistically independent model
would predict. The square-root function is used in im-
age retrieval and classification to correct for burstiness
of visual features [10, 24]. Similarly, we aim to reduce
the burstiness in labellings, and use:

ss
ij =

p
cij , (4)

• The Dice’s coefficient,

sd
ij =

cij
ci + cj

, (5)

is a measure used in many Natural Language Process-
ing systems. It aims to estimate the semantic related-
ness between two terms, based on hit counts from web
search engines.

Defining a concept by what it is not. The similarities de-
fined above, are based only on positive co-occurrences, i.e.,
how often two labels are relevant for an image. However,
knowing what is not related to the concept might be a very
informative clue about the visual scope of a concept, which
is also shown in an image retrieval setting [9].

In addition to the positive co-occurrences, denoted by
c++
ij , we also use the other possible co-occurrence relations:

the presence of label i with the absence of label j, the ab-
sence of label i with the presence of label j, and the absence
of both labels, denoted by c+–

ij ,c–+
ij , and c––

ij respectively. For
each of these definitions of co-occurrence we use the simi-
larity measures defined above.

Using the positive and negative co-occurrences, the
weight vector wl of an unknown label can be estimated as:

ŵl =
X

k

wk s++
lk �wk s+–

lk �wk s–+
lk +wk s––

lk , (6)

Estimate co-occurrence from web data. So far, we have
not discussed how to obtain the co-occurrence statistics re-
quired for our zero-shot recognition framework. To show
the potential of our framework, in most of the experi-
ments we estimate label co-occurrences from the ground-
truth labelling of our image datasets. Alternatively, the co-
occurrence statistics could be estimated from large text cor-
pora, e.g., Wordnet or Wikipedia, or internet search engines,
such as Yahoo, Google and Bing.

3

Following [21], we use the hit counts estimations of
the Yahoo web search, Yahoo image search and Flickr-tag
search engines to estimate to co-occurrences. We estimate
the similarities defined above, using cHC

ij denoting the hit
count for a query consisting of label i and j. The positive
and negative co-occurrences are estimated by using the hit
counts cHC

i of the individual labels i, and an estimate of the
total number of images cHC

total =
P

i ci.

3.2. Regression to estimate classifiers
To improve the classifier for the unseen label l, we pro-

pose to learn a weighted version of Eq. (1), given by:

ŵl =
X

k

ak wk slk, (7)

where ak is a weight for classifier k, which is independent
from the unseen label l.

Ideally, we set the classifier weights a 2 Rk⇥1 such that,
the estimated weight vector ŵl equals the ideal weight vec-
tor wl, which would have been be obtained by learning on
the visual data with annotations available. This could be
seen as a regression problem, where a is set to regress ŵ

towards w. However, since we aim for zero-shot classifica-
tion, we do not have access to the unseen labels l, nor the
ideal weight vectors wl at train time. Therefore we use the
known labels k in a leave-one-out setting for learning.

We minimize the following regression squared-loss:

Lreg =
X

i

kwi �
X

k

akwk sikk22, (8)

=
X

i

X

d

�
wid � a

>
vid

�2
, (9)

where index i and k both run over the known labels, and
sii = 0. The vector vid contains the k co-occurrence
weighted weight vectors vidk = sik wkd.

Note that the loss is formulated over train classes and not
over train images. Moreover, Eq. (9) shows that a can be
obtained in closed-form using ridge-regression. In practice
we observe that regularization is not needed for good per-
formance, the dimensionality of a is much smaller than the
number of training instances (k vs. d k).

3.3. Zero-shot prior for few-shot prediction
In a few-shot classification setting a few, e.g., up to 8,

positive images are provided per label to learn a classifier.
In such a setting a strong prior could benefit the perfor-
mance by guiding the SVM classifier. In this section we
consider a simple model adaptation method where the zero-
shot model acts as a prior for the few-shot classifier.

In the case that we employ linear SVM classifiers with
squared hinge-loss, the objective to minimize becomes:

Lfew =
C

2

X

i

⇥
1� yil w

>
l xi

⇤2
+
+

1

2
kwl � � wzk22, (10)

where wz is the prior obtained from the zero-shot model,
and � 2 (0, 1) is a scaling parameter to control the degree
to which the label classifier should be similar to the zero-
shot model. It can be shown that the optimal solution for
wl, for a specific value of C, is given by [18, 27]:

ŵl = wg + �wz, (11)

where wg is the weight vector obtained from optimizing the
standard SVM formulation, i.e., using Eq. (10) with � = 0.
We will use wg also as a baseline few-shot classifier. Note
that the optimal parameter C could differ when including
the prior. In our experiments, we first determine the optimal
value of C for wg using cross-validation, then we obtain wl

by using � = 1.

4. Experiments
In this section we experimentally validate our models for

zero-shot and few-shot image labelling using co-occurrence
statistics. Since we are interested in a zero-shot classifica-
tion setting, for most experiments we split the labels of the
datasets into two disjoint sets: the known classes and the un-
seen classes. The true zero-shot classifiers use labels from
the known classes only. Since we are not aware of any meth-
ods that do zero-shot recognition on multi-label data sets
nor using multi-label co-occurrence statistics, we compare
with the binarized version of co-occurences, the closest to
what attributes could be for multi-labeled datasets. Further-
more, for all datasets we report results obtained in a fully
supervised setting, where the SVM classifiers use the train-
ing labels from all classes, be it known or unseen.

4.1. Experimental set-up and data sets
Image features. For all our experiments we use the Fisher
Vector (FV) image representation [24]. Per image a sin-
gle FV x is extracted, and we follow a common pipeline
and use: (i) SIFT descriptors, projected with PCA to 96-
dimensions; (ii) Mixture-of-Gaussian codebook with 16
components; (iii) power-normalization and `2 normaliza-
tion. The final FV is only 3K dimensional, despite the com-
pactness its performance is still competitive.

Implementation. For all experiments where SVM classi-
fiers are used, we train linear SVMs [6] and employ two-
fold cross-validation on the train data to set the value of
C. Performance is measured by mean Average Precision
(mAP). For the few-shot and zero-shot experiments, the
mAP is averaged only over test labels. For the few-shot
experiments, we fix � = 1, see Eq. (11).

We also report the supervised upper bound (SUB) per-
formance, obtained by training SVMs on the full ground-
truth annotations. The SUB serves as the ideal classifier
which could be obtained from this data.
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assume, without loss of generality, that the weight vectors
are augmented such that the biases are included.

We propose to estimate the weight vector ŵl to classify
the unseen label l, as

ŵl =
X

k

wk slk, (1)

where slk represents a measure of similarity between the
known label k and the unseen label l. In this paper, we
base these similarities on the co-occurrence statistics be-
tween the new label and existing labels.

Co-occurrence similarities. We explore different simi-
larity measures based on the co-occurrence of two labels.
Let cij denote the total number of images for which label i
and label j are relevant according to an auxiliary resource,
for example the ground-truth labelling, a web search engine
or a user provided input in the case of active learning. Also,
ci denotes the total number of images depicting label i, and
m denotes the total number of labels. The similarities we
explore are:

• Normalized co-occurrences,

sn
ij =

cij
ci

, (2)

where the similarity is directly proportional to the
number of co-occurrences.

• Binarized co-occurrences, motivated by the binarized
class-to-attributes mappings used in attribute-based
zero shot classification[12, 28]:

sb
ij = [[cij � t]], (3)

where t is a global threshold set as t = 1
m2

P
i,j cij .

• Burstiness corrected co-occurrences. Burstiness is the
phenomena that the frequency of an observation is sig-
nificantly larger than a statistically independent model
would predict. The square-root function is used in im-
age retrieval and classification to correct for burstiness
of visual features [10, 24]. Similarly, we aim to reduce
the burstiness in labellings, and use:

ss
ij =

p
cij , (4)

• The Dice’s coefficient,

sd
ij =

cij
ci + cj

, (5)

is a measure used in many Natural Language Process-
ing systems. It aims to estimate the semantic related-
ness between two terms, based on hit counts from web
search engines.

Defining a concept by what it is not. The similarities de-
fined above, are based only on positive co-occurrences, i.e.,
how often two labels are relevant for an image. However,
knowing what is not related to the concept might be a very
informative clue about the visual scope of a concept, which
is also shown in an image retrieval setting [9].

In addition to the positive co-occurrences, denoted by
c++
ij , we also use the other possible co-occurrence relations:

the presence of label i with the absence of label j, the ab-
sence of label i with the presence of label j, and the absence
of both labels, denoted by c+–

ij ,c–+
ij , and c––

ij respectively. For
each of these definitions of co-occurrence we use the simi-
larity measures defined above.

Using the positive and negative co-occurrences, the
weight vector wl of an unknown label can be estimated as:

ŵl =
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lk +wk s––

lk , (6)

Estimate co-occurrence from web data. So far, we have
not discussed how to obtain the co-occurrence statistics re-
quired for our zero-shot recognition framework. To show
the potential of our framework, in most of the experi-
ments we estimate label co-occurrences from the ground-
truth labelling of our image datasets. Alternatively, the co-
occurrence statistics could be estimated from large text cor-
pora, e.g., Wordnet or Wikipedia, or internet search engines,
such as Yahoo, Google and Bing.
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Figure 3. Few-shot classification using regression based zero-shot prior from ground-truth or web hit-counts (except CUB-Att). Including
the prior significantly benefits performance, especially in the presence of very few positive images. Note the log-scale on the x-axis.
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