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(a) Original image

#pixels: 21600

(b) neighborhood: 8⇥8
subsampling: 2⇥2
#measurements: 54000
k�xk2 / kxk2 = 1.5%

(c) neighborhood: 16⇥16
subsampling: 4⇥4
#measurements: 13500
k�xk2 / kxk2 = 5.7%

(d) neighborhood: 24⇥24
subsampling: 4⇥4
#measurements: 13500
k�xk2 / kxk2 = 11.1%

Figure 6: Synthesized images, matched for local covariance maps of a bank of 4 optimized filters
(figure 5), are almost indistinguishable from the original. As the neighborhood over which the
covariance is estimated increases, the errors increase but are still far less visible than equivalent
amounts of additive white noise. Top row: original image x and synthetic images. Middle row:
pixelwise magnitude of difference with original �x. Each difference image is individually scaled to
full dynamic range for display. Bottom row: original image corrupted with additive Gaussian noise,
such that the relative error (k�xk2 / kxk2) is the same.

map. To explore the power of this representation, we synthesize new images with the same covari-
ance representation. This method of image synthesis is useful for probing the equivalence class of
images that are identical with respect to an analysis model, thereby exhibiting its selectivities and
invariances (Portilla & Simoncelli, 2000).

The procedure for these experiments is as follows. We first build a representation of the original
image by estimating the covariance matrix of filter responses in each local neighborhood P :

C

P

(x) =

hX
t2P

w(t)y

i

(t)y

j

(t)

i

i,j

where w is a spatial windowing function. The local covariance map � of the original (target) image
is then:

�(x

target

) = [C

P

(x

target

)]

P

To synthesize a new image with the same local covariance map, we start with a white noise image
x, and perform gradient descent on the objective

E(x) = kVec (�(x)� �(x

target

))k1
where Vec(a) is a vector composed of the elements of the multi-dimensional array a. We choose
an L1 penalty in order to obtain a piecewise quadratic error term, and use a harmonically decaying
gradient step to ensure convergence.
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map. To explore the power of this representation, we synthesize new images with the same covari-
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images that are identical with respect to an analysis model, thereby exhibiting its selectivities and
invariances (Portilla & Simoncelli, 2000).

The procedure for these experiments is as follows. We first build a representation of the original
image by estimating the covariance matrix of filter responses in each local neighborhood P :

C

P

(x) =

hX
t2P

w(t)y

i

(t)y

j

(t)

i

i,j

where w is a spatial windowing function. The local covariance map � of the original (target) image
is then:

�(x

target

) = [C

P

(x

target

)]

P

To synthesize a new image with the same local covariance map, we start with a white noise image
x, and perform gradient descent on the objective

E(x) = kVec (�(x)� �(x

target

))k1
where Vec(a) is a vector composed of the elements of the multi-dimensional array a. We choose
an L1 penalty in order to obtain a piecewise quadratic error term, and use a harmonically decaying
gradient step to ensure convergence.
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(a) Original image

#pixels: 21600

(b) neighborhood: 8⇥8
subsampling: 2⇥2
#measurements: 54000
k�xk2 / kxk2 = 1.5%

(c) neighborhood: 16⇥16
subsampling: 4⇥4
#measurements: 13500
k�xk2 / kxk2 = 5.7%

(d) neighborhood: 24⇥24
subsampling: 4⇥4
#measurements: 13500
k�xk2 / kxk2 = 11.1%

Figure 6: Synthesized images, matched for local covariance maps of a bank of 4 optimized filters
(figure 5), are almost indistinguishable from the original. As the neighborhood over which the
covariance is estimated increases, the errors increase but are still far less visible than equivalent
amounts of additive white noise. Top row: original image x and synthetic images. Middle row:
pixelwise magnitude of difference with original �x. Each difference image is individually scaled to
full dynamic range for display. Bottom row: original image corrupted with additive Gaussian noise,
such that the relative error (k�xk2 / kxk2) is the same.

map. To explore the power of this representation, we synthesize new images with the same covari-
ance representation. This method of image synthesis is useful for probing the equivalence class of
images that are identical with respect to an analysis model, thereby exhibiting its selectivities and
invariances (Portilla & Simoncelli, 2000).

The procedure for these experiments is as follows. We first build a representation of the original
image by estimating the covariance matrix of filter responses in each local neighborhood P :

C

P

(x) =

hX
t2P

w(t)y

i

(t)y

j

(t)

i

i,j

where w is a spatial windowing function. The local covariance map � of the original (target) image
is then:

�(x

target

) = [C

P

(x

target

)]

P

To synthesize a new image with the same local covariance map, we start with a white noise image
x, and perform gradient descent on the objective

E(x) = kVec (�(x)� �(x

target

))k1
where Vec(a) is a vector composed of the elements of the multi-dimensional array a. We choose
an L1 penalty in order to obtain a piecewise quadratic error term, and use a harmonically decaying
gradient step to ensure convergence.
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(a) Original image

#pixels: 21600

(b) neighborhood: 8⇥8
subsampling: 2⇥2
#measurements: 54000
k�xk2 / kxk2 = 8.4%

(c) neighborhood: 16⇥16
subsampling: 4⇥4
#measurements: 13500
k�xk2 / kxk2 = 15.4%

(d) neighborhood: 24⇥24
subsampling: 4⇥4
#measurements: 13500
k�xk2 / kxk2 = 20.7%

Figure 7: Synthesized images matched for local variance maps fail to capture the relevant structure
of the original. Local variances are computed from 10 filters, matching the cardinality of the full
covariance representation used in figure 6.

Figure 8: Effects of various modifications of the local covariance map. Top row: histograms of (log)
eigenvalues of local covariance matrices. Applying a fixed threshold to the corresponding singular
values (2nd column) removes non-oriented content but also low-contrast edges, whereas adaptive
thresholding (3rd column) preserves oriented structure regardless of contrast. Dimensionality ex-
pansion (4th column) corrupts the image with artificial texture.
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oriented filters



Conclusion 

responses of oriented, band-pass filters are locally low-dimensional

we optimized a bank of filters for local low-dimensionality

representing natural images as a map of low-dimensional covariances 
captures the perceptually relevant structure

future directions: stacked covariance maps 



Thanks!


