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ResultsBoundary detection
Goal: 

Find boundaries 
between image regions 
in a way that mimics 
human performance.

Boundaries labeled by humans [4]

How do you find a boundary?
Sobel & Feldman [1] Arbeláez et al. [2] Dollár & Zitnick [3] Our method Humans [4]
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Common failure cases

Many current models represent a scene as a 
2D grid of pixel labels:

To address these issues, we introduce 
scene collages:

Inference – greedy composition

Scene model

An artist can quickly synthesize a scene by 
collaging it together from found pieces.
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Mean Mean
Dataset per-pixel per-class

accuracy accuracy
LMO 0.70 0.26
SUN 0.40 0.03

NY U R GBD v2 0.30 0.01

 - Individuated objects
 - Layer-world depth
 - Represents occlusion
 - Generative
 - Can synthesize scenes
 - Parse via Analysis-by-synthesis

 - Lack individuated objects
 - No depth information
 - Do not model occlusion
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Comparison with other methods on LMO

Performance of our algorithm

Tighe & Lazebnik 
2013 [2]
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Liu et al. 
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Our result

window window

Pointwise mutual information reveals object structure
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Now consider the pair in the red circle. There is no physical object boundary
on the edge of this zebra stripe. However, the joint probability is actually lower
for this pair than for the pair in the green circle, where an object boundary
did in fact exist. This demonstrates a shortcoming of using joint probability as
a measure of a�nity. Because there are simply more green pixels in the image
than white pixels, there are more chances for green accidentally show up next to
any arbitrary other color – that is, the joint probability of green with any other
color is inflated by the fact that most pixels in the image are green.

In order to correct for the baseline rarity of features A and B, we instead
model a�nity with a statistic related to pointwise mutual information:

PMI⇢(A, B) = log
P (A, B)⇢

P (A)P (B)
. (3)

When ⇢ = 1, PMI⇢ is precisely the pointwise mutual information between A and
B [25]. This quantity is the log of the ratio between the observed joint probability
of {A, B} in the image and the probability of this tuple were the two features

independent. Equivalently, the ratio can be written as P (A|B)
P (A) , that is, how much

more likely is observing A given that we saw B in the same local region, compared
to the base rate of observing A in the image. When ⇢ = 2, we have a stronger
condition: in that case the ratio in the log becomes P (A|B)P (B|A). That is,
observing A should imply that B will be nearby and vice versa. As it is unclear
a priori which setting of ⇢ would lead to the best segmentation results, we instead
treat ⇢ as a free parameter and select its value to optimize performance on a
training set of images (see Section 4).

In the right column of Figure 2, we see the pointwise mutual information over
features A and B. This metric appropriately corrects for the baseline rarities of
white and black pixels versus gray and green pixels. As a result, the pixel pair
between the stripes (red circle), is rated as more strongly mutually informative
than the pixel pair that straddles the boundary (green circle). In Section 6.1 we
empirically validate that PMI⇢ is indeed predictive of whether or not two points
are on the same object.

4 Learning the a�nity function

In this section we describe how we model P (A, B), from which we can derive
PMI⇢(A, B). For each image on which we wish to measure a�nities, we learn
P (A, B) specific to that image itself. Extensions of our approach could learn
P (A, B) from any type of dataset: videos, photo collections, images of a specific
object class, etc. However, we find that modeling P (A, B) with respect to the
internal statistics of each test image is an e↵ective approach for unsupervised
boundary detection. The utility of internal image statistics has been previously
demonstrated in the context of super-resolution and denoising [29] as well as
saliency prediction [30].

Because natural images are piecewise smooth, the empirical distribution
P (A, B) for most images will be dominated by the diagonal A ⇡ B (as in Fig-

Above, black-next-to-white occurs over 
and over again. This pattern shows up 
in the image’s statistics as a suspicious 
coincidence — these colors must be 
part of the same object!

We measure how often each 
color A occurs next to each 
color B within the image.

PMI is predictive of whether or not two pixels lie on the same object:

Unsupervised

Simple

High quality results

Code available 
!

boundaries = findBoundaries(I);!
!

mit.edu/pmi-boundaries

From PMI to segments and boundaries

1. Get affinity between pixel pairs using PMI — our contribution 
2. Apply affinity-based boundary detection — standard techniques (Arbeláez et al. [2])
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Fig. 2: Our algorithm works by reasoning about the pointwise mutual information
(PMI) between neighboring image features. Middle column: Joint distribution of the
luminance values of pairs of nearby pixels. Right column: PMI between the luminance
values of neighboring pixels in this zebra image. In the left image, the blue circle
indicates a smooth region of the image where all points are on the same object. The
green circle a region that contains an object boundary. The red circle shows a region
with a strong luminance edge that nonetheless does not indicate an object boundary.
Luminance pairs chosen from within each circle are plotted where they fall in the joint
distribution and PMI functions.

over multiple distances:

P (A,B) =
1

Z

1X

d=d0

w(d)p(A,B; d), (1)

where w is a weighting function which decays monotonically with distance d,
and Z is a normalization constant. We take the marginals of this distribution to
get P (A) and P (B):

P (A) =

Z

B
P (A,B), (2)

and correspondingly for P(B).
In order to pick out object boundaries, a first guess might be that a�nity

should be measured with joint probability P (A,B). After all, features that al-
ways occur together probably should be grouped together. For the zebra image
in Figure 2, the joint distribution over luminance values of nearby pixels is shown
in the middle column. Overlaid on the zebra image are three sets of pixel pairs
in the colored circles. These pairs correspond to pairs {A,B} in our model. The
pair of pixels in the blue circle are both on the same object and the joint proba-
bility of their colors – green next to green – is high. The pair in the bright green
circle straddles an object boundary and the joint probability of the colors of this
pair – black next to green – is correspondingly low.

Now consider the pair in the red circle. There is no physical object boundary
on the edge of this zebra stripe. However, the joint probability is actually lower
for this pair than for the pair in the green circle, where an object boundary
did in fact exist. This demonstrates a shortcoming of using joint probability as
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Take home message
PMI is a powerful affinity measure for 
boundary detection and segmentation. 
It is unsupervised and relies entirely 
on simple internal image statistics.

Sample color pairs Estimate density Spectral ClusteringMeasure affinity
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Previous work"
• Non-adaptive rules 
• Complex features
Our work"
• Image-adapting rules 
• Simple features

Pixels within the same object have higher statistical association than pixels belonging to different objects.

Original image

http://mit.edu/pmi-boundaries

