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STRUCTURED PREDICTION

‣ Objective: Build discriminative models that map from 
features to high-dimensional, structured discrete spaces.

‣ Example: Image Segmentation

x 2 X y 2 {1, 2, . . .}K

f(x ; ✓) ! y
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STRUCTURED PREDICTION

‣ Objective: Build discriminative models that map from 
features to high-dimensional, structured discrete spaces.

‣ Example: Ranking Documents

x 2 X y 2 {1, 2, . . .}K

p(y |x, ✓)



STRUCTURED PREDICTION

‣ Objective: Build discriminative models that map from 
features to high-dimensional, structured discrete spaces.

‣ Example: Matching

x 2 X y 2 {1, 2, . . .}K

p(y |x, ✓)
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CONDITIONAL RANDOM FIELDS

‣ A very common approach to structured prediction is to 
construct a feature-dependent energy.

‣ The resulting Gibbs distribution gives a probabilistic 
model for the discrete space:

‣ A unique partition function for each training example!

p(y |x, ✓) = 1

Z(x, ✓)
exp {�E(x,y ; ✓)}

E(x,y ; ✓) = ✓T (x,y)



A COMPUTATIONAL DISCREPANCY

‣ In many MRFs, finding the mode is easy even when 
finding the partition function is difficult.  That is, one 
may be able to maximize in polynomial time over a set 
that may be exponentially large.

‣ Example: Ising model with positive weights

‣ Partition function is a sum over 
exponentially many configurations.

‣ Graph cuts finds the most probable 
configuration in polynomial time.



A COMPUTATIONAL DISCREPANCY

‣ In many MRFs, finding the mode is easy even when 
finding the partition function is difficult.  That is, one 
may be able to maximize in polynomial time over a set 
that may be exponentially large.

‣ Example: Bipartite matching

‣ Normalization is #P-complete.

‣ The Hungarian algorithm finds the 
most probable match in cubic time.



A COMPUTATIONAL DISCREPANCY

‣ In many MRFs, finding the mode is easy even when 
finding the partition function is difficult.  That is, one 
may be able to maximize in polynomial time over a set 
that may be exponentially large.

‣ Example: Shortest paths

‣ Normalization is #P-complete

‣ Djikstra’s algorithm finds the 
most probable solution in

O(|E|+ |V | log |V |)



A SIMPLE GENERATIVE MODEL

‣ Basic idea: Represent the predictive uncertainty in the 
choice of energy, rather than in the induced MRF.

‣ Use the efficient mode-finding algorithm as an explicit 
component of the data generation procedure.

‣ Use the features to induce a distribution on the 
parameters of an objective function, sample them and 
then optimize to generate the observed data.

‣ Randomized Optimum Models (RandOMs) are a 
generalization of Perturb-and-MAP [Papandreou & 
Yuille, 2011]



RANDOMIZED OPTIMUM MODEL

‣ Define a family of objectives on the label space:

‣ Features of data: 

‣ Parameters of distribution over objectives: 

‣ Draw a random objective: 

‣ Data are the minimizing configuration:

f✓(y) : Y ! R

�(x)

�

✓ ⇠ p(✓ |�(x), �)

y = argmin
y0

f✓(y
0)



NON-MRF EXAMPLE: CONNECTED COMPONENTS



NON-MRF EXAMPLE: CONNECTED COMPONENTS

‣ Draw random edge weights.

‣ Remove edges beneath threshold.

‣ Provides random multi-class segmentation.



LEARNING RANDOMIZED OPTIMUM MODELS

‣ We learn the maximum likelihood estimates of    .

‣ Here, the MLE parameters are the ones that place the 
greatest mass on the objective functions that result in 
the observed data.

‣ Challenge: there are many objectives which are 
consistent with any given datum.

�

F (✓) = argmin
y0

f✓(y
0)

✓ 2 F�1(y) ) F (✓) = y



LEARNING RANDOMIZED OPTIMUM MODELS

‣ The likelihood of     is uniform over               .

‣ We focus on cases where the sets              are simple, 
e.g., convex, star-convex, or easily projected upon.

F (✓) = argmin
y0

f✓(y
0)

✓ 2 F�1(y) ) F (✓) = y

✓ F�1(y)

F�1(y)



THE GEOMETRY OF INVERSE SETS

y1

y2 y3

y4

y5

y6

Equivalence classes of objective functions, 
leading to identical solutions.



THE GEOMETRY OF INVERSE SETS

A subset of the equivalence classes are 
associated with observed data.

y1

y2 y3

y4

y5

y6



THE GEOMETRY OF INVERSE SETS

Find the distribution that places the most 
mass within the observed classes.

y1

y2 y3

y4

y5

y6

✓ ⇠ p(✓ |�(x), �)



MONTE CARLO EXPECTATION MAXIMIZATION

‣ We don’t know which objective function is the “true” one 
for any given data example.

‣ We would like to integrate out the corresponding objective 
parameter   , to maximize the likelihood.

‣ Monte Carlo EM uses MCMC to integrate out the latent 
location in the data-consistent volume.

‣ The simple shape of the inverse set enables this to mix well.

‣ Dynamic variants of, e.g., graph cuts lead to efficient 
inside/outside oracles for slice sampling.

✓



LUNG CT RESULTS

‣ Volumetric CT of lungs 
in 10 patients.

‣ 30 landmarks each
‣ Find feature-driven 

matches.

Figure 4: A single 2D slice of lungs data (overhead view; the subject is facing left). The z-coordinate in the

two images is the same, but the set of shown landmarks (in red) do not generally correspond. (Best viewed in

color.)

Avg. Avg. Avg.

Alg Score Prob Log Prob

Max-margin 91.0% .400 0 (6)
PM(1) 95.0% .538 -1.52 (0)
PM(10) 94.9% .543 -1.54 (0)

MCEM(1) 98.8% .837 -1.67 (2)
MCEM(5) 96.8% .568 -0.62 (1)
MCEM(10) 96.7% .544 -0.56 (1)

Figure 5: Quantitative results on lung CT data.

number of cases where the model assigned low enough probability to the test data such that we
drew no samples that exactly matched the true test labeling.

We compare MCEM to PM and max-margin baselines. Here, though MCEM displays a
small amount of over-confidence, it outperforms both baselines in overall score; that is, the
Randomized Optimum models produce the most accurate predictions on this task.

7 Related Work and Discussion

To our knowledge, the line of work that includes Papandreou and Yuille (2011) and this work
is unique in the technique of defining generative probabilistic models that includes a discrete
optimization procedure as the final step. However, the essential motivating ideas are present in
several works, which are build probabilistic models around computational structures that are
known to be tractable.

For example, Determinental Point Processes (Kulesza and Taskar, 2011) define probabil-
ity models around the computation of the determinant of a matrix. Domke (2011) defines
probability models around a fixed number of iterations of belief propagation. Neither of these
computations is a discrete optimization of the type we consider, but the spirits are similar.

There is also much work on learning under the assumption that test-time inference will
involve running a discrete optimization procedure. Structured output SVMs are perhaps the
most popular, and they have been widely applied e.g., Taskar et al. (2005); Ratli↵ et al. (2006);
Szummer et al. (2008); Joachims et al. (2009), built around a variety of discrete optimization
routines. Approaches such as Kohli and Torr (2008) attempt to represent uncertainty using
min-marginals, but the outputs have no probabilistic interpretation.
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A NEW PROBABILISTIC MODELING TOOL

‣ We can import flexible tools for supervised and 
unsupervised modeling from continuous spaces and 
use them for structured prediction:

‣ Gaussian process regression

‣ Latent linear models

‣ Dirichlet process mixtures

‣ Latent feature models

GAUSSIAN PROCESS DENSITY MODELING 5
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Fig 1: Four unnormalized samples from the GPDS prior with di↵erent pa-
rameters for covariance function K(x,x0)=↵2 exp(�1

2

P
d(xd � x0d)

2/`2d). In
each case the dominating density is the bivariate standard normal and �(·)
is the logistic function.

in Section 2. A rejection sampler requires a proposal density that upper
bounds the unnormalized density of interest. In this case, the proposal den-
sity is ⇡(x | ) and the unnormalized density of interest is �(g(x))⇡(x | ).
We assume that it is possible to draw samples directly from ⇡(x | ).

If g(x) were known, rejection sampling would proceed as follows: first
generate proposals {x̃r} from the dominating density ⇡(x | ). The pro-
posal x̃r would be accepted if a variate ur drawn uniformly from (0, 1) was
less than �(g(x̃r)). These samples would be exact in the sense discussed pre-
viously. However, in the GPDS, g(x) is not known: it is a random function
drawn from a Gaussian process prior. We can nevertheless use rejection sam-
pling by “discovering” g(x) as we proceed at just the places we need to know



UNCERTAINTY IN IMAGE SEGMENTATION

‣ When making predictions in low-level vision, we often 
want to represent our uncertainty.

‣ Acquiring marginals from MRFs can be expensive.

‣ Kohli & Torr (2008) suggested softmax min-marginals, 
with energy           and                                  :

‣ Easy to compute, but may make very poor predictions.

E(y) yd 2 {1, 2, · · · ,K}

p(yd = k) ⇡ exp{��d(k)}PK
k0=1 exp{��d(k)}

�d(k) = min
y|yd=k

E(y)



GENERATING DATA VIA MIN-MARGINALS

‣ As in RandOMs, why bother with the MRF at all?

‣ We take Kohli & Torr (2008) seriously as providing a 
probabilistic model for segmentation.

‣ Effectively a coupled parameterization of a large 
collection of independent multinomials.

‣ It is possible to compute the gradient of the log 
likelihood in terms of the underlying CRF parameters.

‣ The objective is to train for achieving well-calibrated 
test-time marginal predictions.



EVALUATING TRAINING PROCEDURES

fore. For both unary and pairwise features f ,

@�k0

d (ydk0
)

@wk
f

= 1{k=k0} f (⌘
k0

d (ydk0
);x), (17)

where ⌘

k
d(ydk) = argminŷd=ydk E

k
(

ˆ

y;x, ✓). These sub-
gradients can also be computed efficiently using the meth-
ods described in Section 5.

7. Experiments
Experimentally, we apply our models to image segmen-

tation tasks and investigate three main questions. The first
is how well our method can optimize the maximum likeli-
hood objective. We compare against the learning method
suggested by Kohli & Torr (KT), and against a logistic re-
gression baseline. Second, we look at the generalization
capabilities of our models — both the binary and multil-
abel variants. Our main evaluation measure is the probabil-
ity assigned to held-out test examples, but we also look at
hard predictive performance, measured in terms of test ac-
curacy and area under the ROC curve. Third, we investigate
the suitability of the marginals for driving decision theoretic
predictions in terms of expected loss.

We use 84 unary and 4 pairwise features. The unary fea-
tures are simple color-based and texture-based filters, run on
patches surrounding the pixel. One pairwise feature is uni-
formly set to 1, while the others are based on thresholded
responses of the pb boundary detector [10]. We emphasize
that these features include only low level cues.

For our experiments, we use a subset of the PASCAL
VOC Image Segmentation data. We build binary datasets
by considering only images containing a given object class
(e.g., airplane), then the task is to label the given object pix-
els as “figure” and all other pixels as “ground”. We build
multilabel datasets by taking a subset of classes and only
considering images that have at least one of the selected
classes present. Images are scaled so the minimum dimen-
sion is 100 pixels. We focused on Aeroplane, Car, Cow,
and Dog classes but expect results to be representative of
the case where unary information is fairly weak, due to the
simplicity of our input features. We believe to be a common
and important case to consider for low-level vision systems.

7.1. Evaluation of Binary Model Optimization
Recall that the test-time procedures for our method and

KT are identical. Consequently, we can compare the ef-
fectiveness of training the model described in Section 3 us-
ing softmaxed negative min-marginals as approximate gra-
dients (as in [8]) versus exact subgradients (our method).
We also consider a baseline with no pairwise potentials. The
likelihood evaluations of these models are focused on the
case where the goal at test time is to produce a pixel-wise
measure of uncertainty, as would be appropriate in e.g., in-

(a) (b)
Figure 1. Comparison of training negative log likelihoods achieved
by our method (y-axis) versus (a) logistic regression, and (b) the
KT method (x-axis). There is one marker for each of 30 images,
which were optimized independently. In all cases, we achieve bet-
ter training likelihoods than the alternative methods.

teractive image segmentation, multiscale segmentation, and
in the decision-theoretic prediction setting of Section 7.2.

Single Image Datasets. For the first experiment, we
considered 30 data sets, each with a single aeroplane in-
stance. We optimized the logistic regression model to con-
vergence using gradient ascent, then we initialized the other
two methods with the result, initially setting all pairwise
weights to zero. We then ran gradient-based optimiza-
tion using the (sub)gradients computed by the two meth-
ods and recorded the best objective achieved. For KT, we
followed [8] and used a fixed step size that was tuned by
hand but left fixed across experiments. For our method, we
used a dynamic step size decay schedule, which we found
in practice to outperform various static decay schedules: we
maintain a quantity f

(t)
best = mint02{1,...,t} f(✓t0), where f

is the negative average log likelihood objective function.
We then use � · f (t)

best as an estimate of the optimal value f⇤

at iteration t and perform a Polyak-like update, setting step
size 't = (f(✓t)� �f

(t)
best)/||g||2, where g is the subgradi-

ent. We chose � = 0.95 and left it fixed across experiments.
(We also experimented with dynamic step size decay sched-
ules for the KT gradients, but we could not get them to out-
perform the fixed update schedule.) Results are shown in
Fig. 1. While KT always produces better likelihoods than a
unary-only (logistic regression) model, its gradients are not
directly optimizing this quantity (and indeed, it is unclear
that there is any quantity being exactly optimized with the
KT approach). When the correct gradients are used (our
method), we achieve much better training likelihoods.

Full Datasets. Next, we focused on the comparison to
KT and experimented with larger data sets. For each class,
we constructed a training set with 48 images, and paral-
lelized the optimizations over 17 CPUs (1 master, 16 work-
ers). In Fig. 2, we show the best training objective achieved
as a function of wall-clock time. An iteration of KT is
faster than an iteration of our method (due to the fact that
we need to compute argmin-marginals in addition to min-
marginals), but within 1000 seconds, our method overtakes
KT, and then always leads to better training likelihoods.

5

Do we get better training likelihoods by optimizing the 
model with the min-marginal objective?



EVALUATING TRAINING PROCEDURES

Does training time improve using the gradient of the 
log likelihood vs procedure of K&T?

Figure 2. fbest versus time for learning on full training sets.

7.2. Evaluation of Binary Model
We then compare the results of our optimization to that

of KT in terms of performance as a model of segmentation
data. We constructed a test set with the remaining images
(roughly 50 per class) not used for training. We observed
that KT tended towards a set of weights that were different
from the weights that achieved the best performance under
the maximum likelihood objective. To give a better repre-
sentation of the behavior, we report results for the model at
two points: first, KT-fbest takes the weights that achieve the
best training likelihood objective. Second, we let the model
run for longer and took a set of weights from the point that
it seemed to converge to. We call this KT-final.

Train and Test Performance. In the first set of eval-
uations, we report training and test performance according
to three measures: average pixel likelihood, 0-1 pixel accu-
racy, and area under the ROC curve (AUC). Our approach
is consistently best on the likelihood and AUC measures,
which are the ones where a good measure of uncertainty
is required, and it is competitive on pixel accuracy in all
cases. In the Car data, all methods experienced some over-
fitting, but otherwise training performance was indicative
of test performance, showing that better optimization of the
maximum likelihood objective led to models with better test
performance. Quantitative results are shown in Fig. 3, and
illustrative qualitative results are shown in Fig. 4.

Decision Theoretic Predictions for \
[ Score. Given

properly calibrated probabilities, we can make predictions
that seek to maximize expected score on the test set. Here,
we take this approach and seek to optimize the intersection-
over-union (\[ ) score that is commonly used to evaluate
image segmentations. Given true labeling y

⇤, the score

is defined as �(y,y⇤
) =

1

K

PK
k=1

P

d 1{y⇤
d
=k^yd=k}

P

d 1{y⇤
d
=k_yd=k}

. In

Log Lik Accuracy AUC

A
er

o KT-final -.35 (-.29) 87.3 (89.7) .85 (.87)
KT-fbest -.32 (-.28) 88.1 (89.9) .85 (.87)

Ours -.26 (-.24) 88.9 (90.4) .90 (.90)

C
ar

KT-final -.48 (-.65) 84.1 (78.7) .69 (.65)
KT-fbest -.39 (-.51) 86.2 (80.0) .66 (.62)

Ours -.35 (-.51) 86.1 (81.4) .76 (.65)

C
ow

KT-final -.54 (-.64) 79.7 (75.9) .76 (.77)
KT-fbest -.47 (-.52) 80.9 (76.7) .66 (.65)

Ours -.38 (-.41) 82.5 (79.9) .84 (.82)

D
og

KT-final -.52 (-.45) 81.8 (84.7) .64 (.66)
KT-fbest -.43 (-.38) 84.1 (86.7) .62 (.66)

Ours -.38 (-.34) 84.0 (86.8) .76 (.79)
Figure 3. Results for binary models. Format is “Train (Test)”.
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Figure 4. Estimated marginal probabilities for test examples. On
many examples (e.g. left), the three methods behave similarly.
When they behave differently (middle and right), KT-final often
becomes overconfident; KT-fbest is often under-confident; and our
method is more able to produce well-calibrated probabilities.

the case of a binary model, K=2 and classes are fore-
ground and background. Given our predictive distribu-
tion Q(y) =

QD
d=1

QK
k=1

q
�(yd,k)
dk , the expected score for

making prediction y is e(y) =
P

y

0 Q(y

0
)�(y,y0

). Since
� does not decompose, even evaluating e(y) requires a
sum over exponentially many joint configurations. In-
stead, we define a smoothed surrogate expected score
that is tractable to evaluate given prediction y: ẽ(y) =

1

K

PK
k=1

EQ(y0)[
P

d 1{y0
d
=k^yd=k}]

EQ(y0)[
P

d 1{y0
d
=k_yd=k}]

. Our strategy will be to

initialize prediction y at the mode of Q, then to greedily

6



EVALUATING TEST-TIME PERFORMANCE

Figure 2. fbest versus time for learning on full training sets.
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Figure 4. Estimated marginal probabilities for test examples. On
many examples (e.g. left), the three methods behave similarly.
When they behave differently (middle and right), KT-final often
becomes overconfident; KT-fbest is often under-confident; and our
method is more able to produce well-calibrated probabilities.
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EVALUATING TEST-TIME PERFORMANCE

Figure 2. fbest versus time for learning on full training sets.

7.2. Evaluation of Binary Model
We then compare the results of our optimization to that
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data. We constructed a test set with the remaining images
(roughly 50 per class) not used for training. We observed
that KT tended towards a set of weights that were different
from the weights that achieved the best performance under
the maximum likelihood objective. To give a better repre-
sentation of the behavior, we report results for the model at
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best training likelihood objective. Second, we let the model
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Train and Test Performance. In the first set of eval-
uations, we report training and test performance according
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racy, and area under the ROC curve (AUC). Our approach
is consistently best on the likelihood and AUC measures,
which are the ones where a good measure of uncertainty
is required, and it is competitive on pixel accuracy in all
cases. In the Car data, all methods experienced some over-
fitting, but otherwise training performance was indicative
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KT-final -.52 (-.45) 81.8 (84.7) .64 (.66)
KT-fbest -.43 (-.38) 84.1 (86.7) .62 (.66)

Ours -.38 (-.34) 84.0 (86.8) .76 (.79)
Figure 3. Results for binary models. Format is “Train (Test)”.
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Figure 4. Estimated marginal probabilities for test examples. On
many examples (e.g. left), the three methods behave similarly.
When they behave differently (middle and right), KT-final often
becomes overconfident; KT-fbest is often under-confident; and our
method is more able to produce well-calibrated probabilities.

the case of a binary model, K=2 and classes are fore-
ground and background. Given our predictive distribu-
tion Q(y) =

QD
d=1

QK
k=1

q
�(yd,k)
dk , the expected score for

making prediction y is e(y) =
P

y

0 Q(y

0
)�(y,y0

). Since
� does not decompose, even evaluating e(y) requires a
sum over exponentially many joint configurations. In-
stead, we define a smoothed surrogate expected score
that is tractable to evaluate given prediction y: ẽ(y) =

1

K

PK
k=1

EQ(y0)[
P

d 1{y0
d
=k^yd=k}]

EQ(y0)[
P

d 1{y0
d
=k_yd=k}]

. Our strategy will be to

initialize prediction y at the mode of Q, then to greedily
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INCORPORATING TEST-TIME LOSSES

\/[ Before \/[ After Change

A
er

o KT-final 63.4 63.9 .5
KT-fbest 60.7 61.8 1.1

Ours 64.1 66.6 2.5

C
ar

KT-final 43.5 44.2 .7
KT-fbest 40.7 43.3 2.6

Ours 41.8 45.9 4.1

C
ow

KT-final 51.2 51.7 .5
KT-fbest 40.7 47.1 6.4

Ours 46.5 52.8 6.3

D
og

KT-final 52.1 52.0 -.1
KT-fbest 44.5 47.2 2.7

Ours 48.9 55.3 6.4
Figure 5. Test results for maximizing surrogate expected \

[ score.
“Before” corresponds to predicting the mode of Q; “After” is the
prediction from our expected score maximization routine.

hill climb in terms of ẽ(y) until we reach a local maximum
of expected score. At each step, we iterate through classes
k, proposing to flip pixel d to label k, where d is the pixel
that has largest probability qdk amongst pixels not currently
labeled k. When we cycle through all k but do not make a
flip, we terminate. This yields our prediction, y, which we
will evaluate under �(y,y⇤

). Quantitative results for this
approach are shown in Fig. 5. Interestingly, even though
KT-final gives higher scores for the initial mode prediction,
our method surpasses it in all cases after running the ex-
pected score optimization. Because KT-final does not pro-
duce well-calibrated probabilities, the expected loss opti-
mization either provides little win or hurts predictions.

In Fig. 6, we illustrate the trajectories that the expected
score optimizer takes as it performs the local ascent. Each
line is for a different image, and the left-most endpoint of
the line corresponds to the initialization of the optimizer.
As the line moves right, the expected score increases, and
ideally the true score will also increase, which would corre-
spond to the line moving upwards. In Fig. 7, we show the
change in predictions from before and after running the op-
timizer for three images, under our predictive distributions.

Statistical Significance. For all of the experiments
in this section, we ran a bootstrap experiment, where we
resampled instances with replacement, and computed the
mean of each evaluation measure on each resampled set
of instances. We repeated the resampling procedure 1000
times and computed the standard deviations across the re-
sampled datasets. Tables with these error bars appear in the
Supplementary Material.

7.3. Evaluation of Multilabel Model
Finally, we ran experiments on the multilabel model, and

compared it to learning a CRF with loopy belief propaga-
tion (LBP) for approximate inference. We used the pub-
licly available libDAI implementation of LPB [11], setting
damping to .3, and using a maximum of 100 iterations. We

(a) KT-final (b) Ours
Figure 6. Trajectories as the local optimizer moves from mode
prediction (left-most point of line segment) to the prediction that
locally maximizes the surrogate expected score (right-most point
of line segment). The surrogate expected score is on the x-axis,
and the true score (which uses the ground truth to compute) is on
the y-axis. (a) KT-final on dog test data. (b) Ours on dog test data.
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Figure 7. Expected loss optimization results on test images.

constructed a dataset of 5 classes (the four from previously
plus background), and chose 80 images evenly from the 4
foreground classes. We similarly constructed a test set of a
separate 80 images. To optimize, we parallelized computa-
tion across 41 CPUs (1 master, 40 slaves), and let each algo-
rithm run for 12 hours (nearly 500 hours of CPU time). The
models produced similar test performance — LBP gave an
average test \

[ score of 17.2, while ours produced a score of
17.7. After expected score optimization, LBP performance
increased to 17.3, while ours increased to 20.0. However,
the most striking difference between the approaches was the
speed and reliability of the inference routines. While LBP
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If we must produce one test-time segmentation, better-
calibrated probabilities enable us to choose the 
segmentation that minimizes expected loss.
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timizer for three images, under our predictive distributions.
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in this section, we ran a bootstrap experiment, where we
resampled instances with replacement, and computed the
mean of each evaluation measure on each resampled set
of instances. We repeated the resampling procedure 1000
times and computed the standard deviations across the re-
sampled datasets. Tables with these error bars appear in the
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compared it to learning a CRF with loopy belief propaga-
tion (LBP) for approximate inference. We used the pub-
licly available libDAI implementation of LPB [11], setting
damping to .3, and using a maximum of 100 iterations. We

(a) KT-final (b) Ours
Figure 6. Trajectories as the local optimizer moves from mode
prediction (left-most point of line segment) to the prediction that
locally maximizes the surrogate expected score (right-most point
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Figure 7. Expected loss optimization results on test images.

constructed a dataset of 5 classes (the four from previously
plus background), and chose 80 images evenly from the 4
foreground classes. We similarly constructed a test set of a
separate 80 images. To optimize, we parallelized computa-
tion across 41 CPUs (1 master, 40 slaves), and let each algo-
rithm run for 12 hours (nearly 500 hours of CPU time). The
models produced similar test performance — LBP gave an
average test \

[ score of 17.2, while ours produced a score of
17.7. After expected score optimization, LBP performance
increased to 17.3, while ours increased to 20.0. However,
the most striking difference between the approaches was the
speed and reliability of the inference routines. While LBP
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SUMMARY

‣ MRF doesn’t stand for “Magical Random Field”

‣ Efficient optimization procedures can provide a useful 
tool in the generative modeling toolbox for structured 
prediction.

‣ Train your models to answer the questions you’ll ask 
them at test time!

‣ If the full representational power of the model will 
never be used, there may be a significant 
computational gain in exactly fitting a model that is 
“just big enough”.
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