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• The	
  objective	
  here	
  is	
  to	
  detect	
  “irregularities”	
  from	
  images	
  and	
  video	
  i.e:	
  
1. Suspicious	
  behaviours	
  
2. Salient	
  behavior	
  
3. Image	
  saliency	
  and	
  attention	
  

• Inference	
  by	
  “synthesis”:	
  	
  (Building	
  a	
  puzzle)	
  
o Construct	
  new	
  observations	
  from	
  	
  chunks	
  of	
  data	
  from	
  examples	
  in	
  

database.	
  Large	
  continuous	
  chunks	
  imply	
  high	
  likelihood,	
  whereas	
  
small	
  fragmented	
  chunks	
  imply	
  low	
  likelihood	
  (irregular)	
  

• Ensemble	
  of	
  patches:	
  
o Star	
  graph	
  configuration	
  
o Locations	
  (l),	
  descriptors	
  (d),	
  origins	
  (c)	
  	
  
o Descriptors	
  based	
  upon	
  absolute	
  values	
  of	
  derivatives	
  of	
  7x7	
  or	
  

7x7x4	
  patches	
  
• Probabilistic	
  graphical	
  model	
  formulation:	
  

o Summarized	
  by	
  the	
  following	
  figure	
  from	
  the	
  paper	
  

o 	
  
	
  
• Similarity	
  between	
  pair	
  of	
  ensembles	
  is	
  captured	
  by	
  the	
  likelihood	
  (	
  

joint	
  probability	
  P(x,y)	
  )	
  
• MAP	
  inference	
  	
  :	
  message	
  passing	
  algorithm.	
  

o Message	
  passing	
  algorithm	
  is	
  made	
  efficient	
  with	
  “progressive	
  
elimination”	
  of	
  the	
  search	
  space	
  using	
  geometric	
  arrangement	
  
information	
  and	
  multi	
  scale	
  search	
  is	
  used.	
  

• Applications:	
  
o Detecting	
  unusual	
  image	
  configurations	
  
o Spatial	
  saliency	
  in	
  a	
  single	
  image	
  
o Detecting	
  suspicious	
  behaviors	
  
o Spatio-­‐temporal	
  saliency	
  in	
  video	
  

	
  

Figure 4. The probabilistic graphical model. Ob-
served variables are marked in “orange”; hidden database
variables are marked in “blue”. The directions of arrows
signify Bayesian dependencies (See text for more details).

ject configurations from just a few examples, their method
is still limited to a set of predefined object classes with pre-
defined object centers. This is not suitable for detecting ir-
regularities, where there is no notion of object classes.

“Video Google” [9] imposes geometric constraints
on large collections of non class-based descriptors, and
searches for them very efficiently. However, those descrip-
tors are spatial in nature and the search is restricted to indi-
vidual image frames, thus not allowing to capture behaviors.

In order for the inference to be performed in reasonable
times, information about the small patches and their rela-
tive arrangement must be efficiently stored in and extracted
from the database. For each small patch extracted from the
examples, a descriptor vector is computed and stored (see
below), along with the absolute coordinates of the patch
(spatial or spatio-temporal coordinates). Thus, the relative
arrangement of all patches in the image/video database is
implicitly available. Later, our inference algorithm takes an
ensemble of patches from the visual query and searches the
database for a similar configuration of patches (both in the
descriptors and in their relative geometric arrangement). To
allow for fast search and retrieval, those patches are stored
in a multi-scale data structure. Using a probabilistic graph-
ical model (Section 4), we present an efficient inference al-
gorithm (Section 5) for the ensemble search problem.

Patch descriptors are generated for each query patch and
for each database patch. The descriptors capture local infor-
mation about appearance/behavior. Our current implemen-
tation uses very simple descriptors, which could easily be
replaced by more sophisticated descriptors (e.g., “SIFT”):
The Spatial Image Descriptor of a small (e.g., 7× 7) spa-
tial patch is constructed as follows: The spatial gradient
magnitude is computed for each pixel in the patch. These
values are then stacked in a vector, which is normalized to
a unit length. Such descriptors are densely extracted for
each point in the image. This descriptor extraction process
is repeated in several spatial scales of the spatial Gaussian
pyramid of the image. Thus, a 7 × 7 patch extracted from a
coarse scale has a larger spatial support in the input image
(i.e., in the fine scale).

The Spatio-Temporal Video Descriptor of a small (e.g.,
7 × 7 × 4) spatio-temporal video patch is constructed from
the absolute values of the temporal derivatives in all pixels
of the patch. These values are stacked in a vector and nor-
malized to a unit length. This descriptor extraction process
is repeated in several spatial and temporal scales of a space-
time video pyramid. Thus, a 7×7×4 patch extracted from a
coarse scale has a larger spatial and larger temporal support
in the input sequence.

4 Statistical Formulation

Given a new visual query (an image or a video se-
quence), we would like to estimate the likelihood of each
and every point in it. This is done by checking the va-
lidity of a large region (e.g., 50 × 50 region in an image,
and 50 × 50 × 50 region in a video sequence) surround-
ing every pixel. The large surrounding region is broken into
lots (hundreds) of small patches at multiple scales (spatial
or spatio-temporal), and is represented by a single ensem-
ble of patches corresponding to that particular image/video
point. Let q1, q2, .., qn denote the patches in the ensemble
(see Fig. 3.a). Each patch qi is associated with two types
of attributes: (i) its descriptor vector di, and (ii) its location
in absolute coordinates li. We choose an arbitrary refer-
ence point c (e.g., the center of the ensemble – see Fig. 3.a),
which serves as the “origin” of the local coordinate system
(thus defining the relative positions of the patches within the
ensemble).

Let an observed ensemble of patches within the query be
denoted by y. We would like to compute the joint likelihood
P (x, y) that the observed ensemble y in the query is simi-
lar to some hidden ensemble x in the database (similar both
in its descriptor values of the patches, as well as in their
relative positions). We can factor the joint likelihood as:
P (x, y) = P (y|x)P (x). Our modelling of P (y|x) resem-
bles the probabilistic modelling of the “star graph” of [3].
However, in the class-based setting of [3] what is computed
is P (y; θ), where θ is a pre-learned set of parameters of a
given patch-constellation of an object-class. In our case,
however, there is no notion of objects, i.e., there is no prior
parametric modelling of the database ensemble x. Thus, θ is
undefined, and P (x) must be estimated non-parametrically
directly from the database of examples.

Let di
y denote the descriptor vector of the i-th observed

patch in y, and liy denote its location (in absolute coordi-
nates). Similarly, di

x denotes the descriptor vector of the i-
th hidden (database) patch in x, and lix denotes its location.
Let cy and cx denote the “origin” points of the observed and
hidden ensembles. The similarity between any such pair of
ensembles y and x is captured by the following likelihood:

P (x, y) = P (cx, d1
x, .., l1x, .., cy, d1

y, .., l1y, ..) (1)


