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Abstract

variants [8,16,20,21] have been developed, reliable learning
and inference over high order MRFs remains a challenge.

Markov random fields play a central role in solving a variety of low level vision problems, including denoising, inpainting, segmentation, and motion estimation. Much previous work was based on MRFs with hand-crafted networks,
yet the underlying graphical structure is rarely explored.
In this paper, we show that if appropriately estimated, the
MRF’s graphical structure, which captures significant information about appearance and motion, can provide crucial guidance to low level vision tasks. Motivated by this observation, we propose a principled framework to solve low
level vision tasks via an exponential family of MRFs with
variable structures, which we call Switchable MRFs. The
approach explicitly seeks a structure that optimally adapts
to the image or video along the pursuit of task-specific
goals. Through theoretical analysis and experimental study,
we demonstrate that the proposed method addresses a number of drawbacks suffered by previous methods, including
failure to capture heavy-tail statistics, computational difficulties, and lack of generality.

Another family of methodologies is adaptive filtering.
Representative work along this line includes anisotropic diffusion [10], adaptive weight smoothing [11], bilateral filtering [23], and non-local mean filtering [3, 4, 7]. The basic
idea underlying these methods is to steer the filter kernel
so as to preserve image structures such as edges and textures. It has been shown [5, 6] that they are closely related
to Gaussian MRFs with inhomogeneous graphical structure
and can be solved efficiently by iterative diffusion – a primary advantage over high-order MRFs.
An important issue remains, namely, that of determining
the appropriate graphical structure. Whereas, most existing techniques rely on a graph structure that is determined
in an ad-hoc manner, our purpose here is to develop an integrated methodology combining structural inference with
traditional approaches to MRFs. Consequently, we suggest
a novel MRF framework for low level vision tasks with the
following desiderata. (1) Adaptivity. The graphical structure of the random fields should be adapted to the image
structure, and thus provide a more accurate prior model,
e.g. a graph that avoids connecting across boundaries mitigates over-smoothing. (2) Statistical Consistency. We aim
to avoid heuristics as used in some previous methods by
relying on a consistent and unified probabalistic formulation. (3) Generality. Previous applications of MRFs were
tailored to a particular task, such as denoising, segmentation, or motion estimation. However, different tasks are often related. For example, image restoration would lead to
more reliable motion estimation, while the temporal correspondence derived from the estimated motion would in turn
benefit the former. Hence, it is desirable to have a taskneutral component, through which different tasks can share
information. (4) Efficiency. Generally, increasing model
complexity, such as incorporating high order interactions,
leads to a more expressive representation, but often at the
expense of increased computational complexity. We aim to
develop a method to enhance the model’s flexibility without
sacrificing the efficiency enjoyed by pairwise MRFs.

1. Introduction
Markov random fields provide a powerful framework for
statistical image models. They have been widely used in
a variety of low level vision problems, including denoising
[6,13,22,27], inpainting [15], segmentation [2,6,8,24], and
motion perception [9, 14]. Gaussian MRFs model relations
between neighboring pixels through pairwise quadratic potentials. Efficient inference algorithms have contributed to
their popularity in vision applications. However, as observed in previous work [12, 26], local derivative responses
in natural images are highly non-Gaussian, and often exhibit
heavy-tailed behavior. Gaussian models, which fail to capture this phenomena, tend to over smooth object boundaries
and textures. High order MRFs [13, 20–22] were proposed
to address this issue. However, these models generally require sophisticated sampling schemes [13,18,27] for parameter estimation. Also, the reliance on derivative filters make
them vulnerable to high level of noises. While approximate

With these goals in mind, we develop a formalism that
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treats both the task-specific solutions and the underlying
graph structure as random variables. The basic idea is to introduce switching variables that control the graphical structure of the MRF. Specifically, the graph in our formulation comprises three types of links: observation links, spatial links, and temporal links, whose presence/absence are
controlled by switches. Via a prior distribution over the
switches, we establish an exponential family of MRFs. Inference over switches adapts the spatial links to local image
structures, and steers temporal links towards the motion direction. We show that with a proper switch prior, the heavy
tail characteristics typically reflected in natural images can
be effectively captured.
We note several important aspects of the model. (1)
Rather than doing MAP estimation, we perform Bayesian
inference with an aim of acquiring an approximate of the
posterior. As we shall in experiments, by taking into account the uncertainty of different models, this approach
improves the reliability. (2) We do not require a separate
training set to learn model parameters as in many other approaches. Both the MRF structure and the task-specific solutions are directly inferred from the target image/video via
the solution to a variational formulation. (3) Different low
level vision tasks can be incorporated into the framework
and share the underlying graph. In this way, the information from different tasks can be used to optimize the graph
structure, which in turn offers useful guidance to the taskspecific inference. For example, the result of motion estimation can be used to guide the connection across frames
for image denoising. (4) The variational algorithm is efficient, and can be readily scaled up to handle large-volume
data, such as videos.
As one of the contributions of this paper, we also derive a variational algorithm to perform efficient inference
over large Gaussian MRFs. The algorithm is based on treereweighted approximation. Unlike the standard TRW message passing [25] that is devised for discrete distributions, it
is tailored to Gaussian MRF, and guaranteed to converge.

rameter estimation, which tends to be slow for moderatesize problems. Consequently, Tappen [21] proposed variational mode learning, which optimizes a loss function instead of working on the original MLE problem. Weiss and
Freeman [26] derived tractable bounds of the log partition
function for a specific class of potentials, and proposed the
basis rotation algorithm to optimize them. Li and Huttenlocher [9] suggest stochastic optimization to learn the model
parameters. Schmidt et al. [18] argue that tailored to specific applications, these modified techniques may lead to
boosted performance of a particular task, however, they lack
the generality and versatility of generative MRFs.
Adaptive filtering is another important category of methods, originally developed as an improved variant of classical filtering techniques. Anisotropic diffusion [10], which
involves the convolution with a space-variant filter kernel
depending on image content. Black and Rangarajan [1] proposed to unify line processes and outlier processes to improve image restoration. Another representative approach
is bilateral filtering [23]. The basic idea is replace each
pixel with an adaptively weighted combination of its neighbors. This is further generalized by Buades et al. [3, 4] to
non-local mean filtering, which no longer restricts the reference pixels to the immediate neighborhood. Gilboa and Osher [6] systematically examine various bilateral filtering and
non local filtering techniques and reveal its intrinsic connections to graph-based diffusion. These methods use specific
techniques to adaptively control the links between neighboring pixels, which, however, did not provide a generic model
to exploit different information, e.g. motion.
Conditional random fields are also used in low level vision. Tappen et al proposed the Gaussian CRF [22] to
mitigate over-smoothing without waiving the computational
benefit of Gaussian models. Such a goal is partly similar
to ours. However, there are two essential differences. (1)
CRFs by their nature are discriminative models and taskspecific, whereas our formulation is generative, and thus enjoys the generality and versatility of generative models. (2)
Training a CRF in itself is nontrivial. As stated above, the
formulation presented here jointly infers both the graphical
structure and the task-specific solutions directly from the
image or video, without requiring a separate training stage.

2. Related Work
The research on Markov random fields and its application to low level vision problems has a long history. Despite
the prevalence of pairwise MRFs, study on natural image
statistics [12, 17] shows that they are not appropriate priors
of images, as they failed to capture the heavy-tail characteristics that are typical in natural scenes.
A number of models have been developed to address this
issue, among which Field of Experts (FoEs) [13] is representative. FoEs is a patch-based high order MRF model
based on the product of experts framework. Steerable Random Fields [15] extends this idea by incorporating Gaussian
scale mixtures [12] and steerable filters. Roth and Black
[13] proposed using contrastive divergence sampling for pa-

3. Switchable Markov Random Fields
In this section, we first revisit a pairwise MRF model
for video restoration, and by analyzing its limitations, we
motivate our approach. Next, we formally present the
generic model of switchable MRFs in section 3.1, and derive the variational inference algorithm in section 3.2. In
section 3.3, we discuss several properties of the model.
We consider a classic MRF model for video restoration,
i.e. inferring the pixel values of a video from noisy observations. This model comprises three different types of
2

links: observation-links connect nodes to their corresponding measurements, while spatial links and temporal links
enforce spatial and temporal coherence, respectively. Let
x and y denote the vector of all pixel values and that of
all measurements. Then the joint probability distribution is
p(x, y) = p(y|x)p(x). Here, p(x) = Z1 exp(−Eint ) is the
scene prior, where the energy Eint = ES + ET consists of
two parts: the spatial energy ES and the temporal energy
ET , as given by

the observation noise. A robust way to handle this is to
explicitly model outliers, as
p(yt,i |xt,i ) = (1 − c)N (yt,i |xt,i , σy2 ) + cq0 .

(5)

Here, for each pixel, the observation can be generated from
an outlier distribution q0 with probability (1 − c) > 0. This
is equivalent to replacing each term in Eobs with
(O)

T
wS ! ! !
(xt,i − xt,j )2 ;
ES =
2 t=1

θt,i
(O)
(xt,i − yt,i )2 + (1 − θt,i )(− log q0 ).
2σy2

(1)

(6)

i∈I j∈N (i)

T −1
wT ! !
ET =
(xt+1,i − xt,i )2 .
2 t=1

(O)

Intuitively, θt,i here can be considered as a switch that controls the connection between xt,i and yt,i , which can be detached with cost (− log q0 ). The switch itself is generated
(O)
from a Bernoulli distribution with P (θt,i = 1) = c.
Though motivated differently, these variant models share
an important aspect in common, namely using switches to
control the graph structure (e.g. the presence of edges).
Hence, we call them switchable Markov random fields.

(2)

i∈I

Here I is the set of all node indices in a frame, and
N (i) is the neighborhood of node i. Assuming that each
observation yt,i is independently generated from a Gaussian distribution conditioned on xt,i , we have p(y|x) =
"T "
t=1
i∈I p(yt,i |xt,i ), with
p(yt,i |xt,i ) =

3.1. Exponential Family of Switchable MRFs

1
exp(−(yt,i − xt,i )2 /(2σy2 )). (3)
(2πσy2 )1/2

In general, the probabilistic formulation of switchable
MRFs can be expressed in the following form

Given y, the posterior distribution of x is also Gaussian, as
p(x|y) = Zpos1 (y) exp(−(Eint + Eobs )), with
Eobs

T
1 !!
=
(xt,i − yt,i )2 .
2σy2 t=1

$M n
%
k
!!
1
θk,i φk,i (xCk , y) .
p(x|θ, y) = exp
Z
i=1

(7)

k=1

(4)

i∈I

Here, x, y, and θ respectively denote the variables to be
inferred, the given observations, and the structure switches.
All potentials are divided into M modules. Each module
corresponds to a specific aspect of the model and is controlled by a group of switches where xCk denotes those
variables involved in the k-th module. Clearly, this is an
exponential family model, and the natural parameters are
precisely the switches. Assuming that the switches for different modules are independently generated from respective
prior distributions, then the joint distribution is given by

This formulation has several drawbacks. First, spatial links
in ES may connect pixels across boundaries, leading to
over-smoothing. To tackle this problem, we introduce a bi(S)
nary indicator θt,ij for each term in ES , and set it to zero
when the corresponding pair of pixels is across an edge. In
practice, we treat it as a Bernoulli-distributed random variable, due to uncertainties arising from noisy observations.
Moreover, we allow links between pixels that are not immediate neighbors of each other, which provides more flexibility in graph construction and leads to enhanced reliability.
Second, linking the nodes at the same locations across
frames may not be appropriate in the presence of motion.
We address this by steering temporal links in the motion
direction. We do this by replacing each term (xt+1,i −xt,i )2
#
(T )
in ET with j∈Rt+1 (i) θt,ij (xt+1,j − xt,i )2 . Here, Rt+1 (i)
is a set of all possible destination nodes in next frame for
(T )
xt+1,j . θt,ij is the indicator of whether the point at node i
at time t is moved to node j at time t + 1. The indicators
for the links from the same source node are controlled by a
discrete random variable from a multinomial distribution.
Third, in some cases (e.g. images contaminated by shot
noise), Gaussian distributions may not adequately capture

p(x, θ|y; τ ) = p(x|θ, y)

M
&

pk (θ k |τ k ).

(8)

k=1

Here θ k refers to the vector of switches for the k-th module with associated hyper-parameter τ k . Note that choosing
priors in the following form leads to analytic inference updates as we will see later:
pk (θ k |τ k ) = exp(τ Tk θ k − Ak (τ k )).

(9)

Binomial, multinomial and many other well-known distributions are in this form.
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Based on the formulation presented above, the goal of
inference is to solve the marginal distributions of x and θ
from the joint posterior given by Eq.(8). If we choose the
priors as in Eq.(9), the distribution can be written as
!M
#
"
T
exp
θ k (τ k + φk (xCk , y)) − A(τ , y) . (10)
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Figure 1. This figure compares the pdf yielded by standard Gaussian model and that by a switchable model with the actual distribution of neighbor pixel difference obtained from natural images.
Note that the y-axis is in log scale.

k=1

Here, φk = (φk,1 , . . . , φk,nk ) is the potential vector for the
k-th module. In general, obtaining the exact marginals can
be intractable due to the nonlinearity φk . Leveraging the
exponential family form, we derive a variational algorithm
via the mean field approximation. Specifically, we consider
the product distributions over x and θ as follows
$
q(x, θ|η, ζ) = qx (x|η)
qθk (θ k |ζ k ).
(11)

!"#$%&'!(")*

#-'%,.!-.'&-/&",!(01-.!*!"2&'3!%40,'

+,"-!',+&'!(")*
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Here, η and ζ are variational parameters. Our objective here
is to seek a distribution q̂ from this family that optimally approximates the posterior distribution p(x, θ|y; τ ) in terms
of minimizing the K-L divergence. With p given, this is
equivalent to maximizing the following objective function:
L(η, ζ) =

nk
M "
"

Figure 2. The top-left of this figure shows the input signal, while
the bottom-left compares the results obtained from standard Gaussian MRF and switchable MRF, respectively depicted with solid
line and dashed line. On the right column are the posterior probabilities of switches for observation-links and neighbor-links.

Eζ k [θ k ]T Eη [φk (xCk , y)]

k=1 i=1

+ Hqx (η) +

M
"

Hqθk (ζ k ).

(12)

k=1

3.3. Analysis of the Model

Here, Hqx and Hqθk are the entropies of qx and qθk as functions of η and ζ k respectively. This problem can be solved
by alternatively updating ζ and η leaving the other fixed.
Suppose we choose qθk (θ k |ζ k ) as below
qθk (θ k |ζ k ) = exp(ζ Tk θ k − Ak (ζ k )).

We examine several important aspects of the switchable
MRFs. Again, take denoising for example. Consider two
pixels xi and xj jointly generated from a Gaussian distribution with zero mean, marginal variance σ 2 and correlation
coefficient ρ. Then, the distribution of ∆x = xi − xj is also
Gaussian, with variance 2σ 2 (1 − ρ). With a switch θ with
prior P (θ = 1) = p0 added to the link between them, the
marginal of ∆x becomes a Gaussian scale mixture, as

(13)

With η fixed, there is a close-form formula for updating ζ k :
ζ̂ k = τ k + Eη [φk (xCk , y)].

(14)

p0 N (∆x|0, 2σ 2 (1 − ρ)) + (1 − p0 )N (∆x|0, 2σ 2 ). (16)

On the other hand, when ζ is fixed, the optimal η can be
obtained by solving the following problem:
η̂ = argmax
η

nk
M "
"

Figure 1 shows that with such change, the heavy-tail characteristics in natural images can be effectively captured.
Next, with the purpose of testing its response to sharp
changes and outlier observations, we construct a signal with
a swift jump, and superimpose on it with white noises and
sparse pulses. Then, we apply our method to recover it.
The results are shown in figure 2. We can see that standard Gaussian MRF leads to over-smoothing across the big
jump, while the switchable MRF preserves the sharpness of
the change by breaking the neighbor-link there. Moreover,
the effect of the pulses that could otherwise affect the recovered signal has been successfully filtered out by detaching
the corresponding observation links.

T

θ̄ k Eη [φk (xCk , y)] + Hqx (η). (15)

k=1 i=1

Here, θ̄ k = Eζ k [θ k ]. This is equivalent to performing variational inference of x over a “mean MRF” with each potential term weighted by θ̄ k . Both Eq.(14) and (15) involve
Eη [φk (xCk , y)]. Hence, it is advisable to choose the form
of qx such that these expectation terms are easy to work
with. For instance, if φk is quadratic, it is convenient to let
qx be a Gaussian. Depending on the form of base MRF, one
can apply various inference techniques to solve this problem, and resort to further approximation when necessary.
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Figure 3. This figure shows the direction of temporal switches inferred from a switchable model constructed on a dynamic 1D signal. Each switch selects a link connecting a source point to the
corresponding target point in next time. Note that only a downsampled subset of such links are depicted here.
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Figure 4. The high-level picture of our low level vision system.
Various low level vision tasks share the same underlying graph
that captures the appearance and motion structure. In this framework, the graph is controlled by a collection of switches, which are
estimated based on both appearance and motion information, and
in turn guide the inference in solving the low level vision tasks.

Finally, we apply the model in a dynamic context, which
uses switches to steer the temporal links across time. In
particular, we construct a dynamic 1D signal which moves
forward and backward periodically. The inferred temporal
links are illustrated in figure 3. We can see that they are
successfully adapted to the signal motion.
The analysis above clearly demonstrates that with
switches incorporated to control the graph structure, our
model effectively addresses the difficulties faced by traditional Gaussian MRFs. Compared to the models relying on
high order interactions, this way is much more efficient.

When processing videos, we also incorporate motion information. Currently, we use a state-of-the-art motion estimator [19] to derive optical flow measurements and use
them to parameterize a switching prior over temporal links.
Concretely, we define temporal link energies, as
#
"
!
wM
(T ) wT
(xt+1,j − xt,i )2 +
||sj − ut+1,i ||2 .
θt,ij
2
2
j∈Rt+1 (i)

Here, sj is the coordinate of the j-th site, and ut+1,i denotes the predicted location of the i-th pixel in time t + 1
according to the reference motion field. This is equivalent to
treating the flow vectors as a noisy observation and encouraging linking to nodes with similar pixel values and that are
close to the predicted destination.

4. Integrated Low-Level Vision System
We develop a low-level vision system that integrates denoising, inpainting, segmentation, and motion estimation
based on switchable MRFs.

4.2. Inference over Large-Scale MRF

4.1. System Overview

The overall inference procedure is as presented in section 3.2. In each iteration, we sum up the potentials from all
tasks to update the posterior of switches using Eq.(14), and
then perform task-specific inference based on the updated
graph using Eq.(15). We note that the task of denoising and
inpainting entails the inference over a large-scale Gaussian
MRF that could contain over millions of nodes.
Given a Gaussian MRF, and thus its information matrix
J and linear potential vector h, the goal of inference is to
derive the means, variances, and covariances. Here, the
mean J−1 h can be solved efficiently using a sparse equation solver. However, direct computation of the covariance matrix J−1 can be infeasible for large-scale model.
An approximate method is loopy belief propagation (LBP),
which is not guaranteed to converge and its estimation of the
marginal variances are known to be optimistic. Moreover,
we note that E[(xi −xj )2 ] = (µi −µj )2 +(σi2 +σj2 −2σij ).
Here, µi , µj are the means of xi and xj , σi2 , σj2 are their
variances, and σij is their covariance. This implies that the
computation of the expected potential associated to an edge
requires not only the marginal means and variances, but also
the covariance, which LBP is not able to provide.

As illustrated in figure 4, the method comprises a graph
at its core underlying various vision tasks. Each node of the
graph is connected to a pixel via an observation link, and
to other nodes in the same frame within a distance to it via
spatial links. Each observation link and spatial link is controlled by an independent switch with a binomial prior. For
videos, we introduce additional temporal links connecting
each node to possible destination nodes in the next frame.
Temporal links with the same source node are controlled by
a switch with a multinomial prior selecting which particular
link to turn on.
Each vision task of our framework is accomplished
through the inference over an MRF model constructed
based on the common graph. While these tasks share the
same underlying graph, the forms of potentials can be different for different tasks. Specifically, each node is associated with an intrinsic pixel value xi and a region label
zi . For denoising or inpainting, we use Gaussian MRFs as
a base model with pairwise energies of the form w(xi −
xj )2 /2; while for segmentation, we use a Potts model with
pairwise energies of the form wI(zi "= zj ).
5

see that our method works well across different conditions,
producing clean and sharp images. The results yielded by
non-local mean filtering are relatively blurry. FOE works
well in moderate SNR conditions (e.g. PSNR¿20) which
are consistent with the original paper. However, its performance degrades noticeably as the noise variance continues
to increase. This issue has been observed by other authors.
There are two reasons: (1) the standard FOE model uses 25
filters with small kernels (5x5) and do not yield robust performance in lower SNR conditions, and (2) the complexity
of FOE models in some cases may also contribute to its vulnerability to low SNR. When the images are corrupted by
shot noise, non-local mean filtering performs very poorly
by propagating of the effects of outlier pixels. More results
are provided in the supplement.
We also evaluate the performance quantitatively in terms
of PSNR, with different levels of noise. In particular, for
Gaussian white noise, we respectively test on noise variances from 0.005 to 0.1; while for shot noise, we respectively test on noise densities from 0.02 to 0.3. Figure 6
shows the average performance obtained on all images in
our testing set. For the cases with Gaussian noise, our
method performs consistently better than standard MRF
model and non-local mean filtering. Whereas FoE yields
very good performance comparable to ours when noise variance is small (e.g. 0.005), it breaks down quickly as the
noise variance increases. This is partly due to the vulnerability of high order models to noise. For the cases with
shot noise, both standard MRF and non-local mean filtering
performs poorly; while our method works drastically better
and produces near perfect results. The switches of the observation links that would automatically detach the outlier
pixels play a key role in its success.
Next, we apply our method to image inpainting. In particular, we infer the pixel values occluded by the text as
shown in figure 7. We see that our algorithm recovers the
scene nearly perfectly. The superior performance of our
switchable models is mainly due to two reasons: (1) By incorporating switches to adapt the graphical structure, it preserves local image structures like edges. Moreover, the iterative inference procedure refines the graph gradually, leading to further improvement. (2) The simplicity of the model
structure makes it resilient to large noise variance.
Compared to high order models, our method runs much
more efficiently (5 times faster than FoEs in testing stage),
and does not require a pre-training stage, which in itself is
time-consuming and difficult for most high order models.

We derive an efficient inference algorithm based on the
tree-reweighted approximation [25]. We only present the
key results; the detailed derivation is provided in the supplement. In this algorithm, we solve for the variances as
well as the covariances between directly connected nodes,
by maximizing a variational objective, as
!
!
1
Hv (σv2 ) −
Iij (ρij ). (17)
− Eq [xT Jx] +
2
v∈V

{i,j}∈E

Here, V and E are the sets of nodes and edges. Hv (σv2 ) =
log(σv2 )/2 + C is the marginal entropy at node v that
depends only on the marginal variance and Iij (ρij ) =
− log(1 − ρ2ij )/2 is the mutual information between node
i and j, depending only on the correlation coefficient ρij .
The solution is via iterative updates as follows
"
(18)
σv ← (2Jvv )−1 ( b2v + 4Jvv − bv ),
#
2 + 4a2 − β ).
(19)
ρij ← (2aij )−1 ( βij
ij
ij
$
Here, aij = Jij σi σj and bv = u∈N (v) Jvu ρvu σu . Differing from previous work on tree-reweighted inference, which
uses a fixed-point message passing scheme and is restricted
to discrete MRFs, ours is an alternate optimzation method
tailored for Gaussian MRFs with guaranteed convergence.

5. Experiments
We conducted experiments to test the proposed approach
on real data, and compare it with other methods qualitatively and quantitatively on denoising. We also demonstrate
its capability in image inpainting and segmentation.
Given an image or video, we first normalize it such that
the dynamic range of the pixel values is in [0, 1]. Then, we
obtain an initial guess of the true pixel values through median filtering with 5 × 5 window. Using the filtered result,
we calculate the median of neighbor-pixel-difference (denoted by δnb ), and roughly estimate the noise variance (denoted by σ02 ). The base weights of the neighbor links and
2
the observation links are respectively set to 1/(2δnb
) and
1/(2σ02 ). The prior confidence of each link is set to 0.999.
This setting works well in most cases under consideration
and was used through our experiments.

5.1. Image Denoising and Inpainting
We test the image denoising performance on a set of
about 600 images collected from internet, which comprises
images of various categories. The data set is constructed
with an aim to provide a unified testbed for various vision tasks. We compare our method with standard MRFbased denoising, non-local mean filtering [6], and field of
experts [13]1 . The results are shown in figure 5. We can

5.2. Video Denoising
For video denoising. a graph with temporal links is established over the entire video. The input video as well as
the denoised results are provided in the supplement package. Figure 8 demonstrates the adapted temporal link struc-

1 We use the MATLAB codes as well as the pre-trained models (with
24 filters on 5 × 5 cliques) publicly available in Roth’s website.

6

Figure 5. The results of image denoising. Rows: The first row are the results on an image with Gaussian noise with variances 0.02. The
second row are the result with shot noise of density 0.2. Columns: From left to right are the noisy images, the results of switchable MRF,
non-local mean, and field of experts. Note that the last image in the second row is the ground-truth.
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Figure 7. The left is an image corrupted by description text, and
the right is the recovered image produced our inpainting method.

(a) Results on images with gaussian white
noise
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Figure 8. On the left is a map of “average temporal link directions”
overlain on top of the frame, which are the difference vectors between the posterior mean of the destination node coordinates and
the source coordinates. The two pictures on the right focus on a
local part that captures a moving hand.

(b) Results on images with shot noise

Figure 6. Quantitative comparison of the denoising performance
yielded by different methods with different levels of noise. The
curves reflect the results averaged over the 600 testing images.

yielded by our method. In doing so, we manually specify
the initial seeds of the foreground and background regions.
The result is shown in figure 9. We see that the bridge is
properly separated from the background. This result in a
sense confirms our belief that the graph structure derived by
our approach is consistent with the image structure.

ture by visualizing the “mean temporal link directions”,
which shows that our inference algorithm can effectively
steer the links towards the motion direction.

5.3. Segmentation
As we have discussed above, our inference algorithm
would lead to a graph that preserves the image structure,
such as object boundaries. To test this, we perform segmentation using graph cut [2] based on the posterior mean graph

6. Conclusion
In this paper, we presented a new framework for low
level vision, based on switchable MRFs. By introducing
7
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Figure 9. On the left is the input image with strokes indicating the
initial seeds of foreground and background. On the right is the
segmentation result. We reduced the brightness of the background
part so as to distinguish it from the foreground.

switches to control the underlying graphical structure, we
formulated an exponential family of MRFs, and thereupon
derived a variational inference algorithm. Then we developed a low level vision system that couples different tasks
via a shared graph. The inference over this system not only
leads to improved task-specific solutions, but also provides
a graph that adapts to the image structure. The results of
comparative experiments on real data clearly showed that
our approach effectively overcomes the issues suffered by
traditional methods, and exhibits substantially better robustness than high order models. In addition, it runs efficiently
and does not require a time-consuming pre-training stage.
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