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Intuition

 A combined generative-discriminative model

(a) a classifier that focuses on the appearance of the organs(object);

(b) a generative model, which captures organ(object) relative location 

and thus global, probabilistic shape information.

 Unlabeled Selection

QBC（ query by committee ）



Methods

Following the work in [7], we have applied random forest classification to 

the task of assigning organ class probabilities to all voxels of a previously 

unseen CT scan.

The classifier is based on box-shaped visual features.

 Discriminative Voxel Classification

[7] Geremia, E., Menze, B.H., Clatz, O., Konukoglu, E., Criminisi, A., Ayache, N.:
Spatial decision forests for MS lesion segmentation in multi-channel MR images.
In: Jiang, T., Navab, N., Pluim, J.P.W., Viergever, M.A. (eds.) MICCAI 2010.
LNCS, vol. 6361, pp. 111–118. Springer, Heidelberg (2010)

Problem:
Although random forests do capture some level of context, they fail at 
modeling the long-range spatial relationships between organs.



Methods

A generative graphical model which captures relative organ positions and organ shapes 

probabilistically. Each organ is represented by its centroid location 𝑘𝑜 and a probabilistic 

atlas of shape 𝐴𝑜(𝑟) such that the probability that the voxel at location 𝑟 is inside the 

organ is 𝐴𝑜(𝑟 − 𝑘𝑜)

 Generative Model of CT Scans

𝜃 = {𝑠, 𝑏, 𝑡, 𝜀}



Methods

 Generative Model of CT Scans

𝜃 = {𝑠, 𝑏, 𝑡, 𝜀}two coordinate systems in the model

A reference frame in which the sets of centroids from the training dataset are jointly 

aligned                                       follow a multivariate Gaussian distribution:

A physical coordinate system in which all CT scans are defined. These coordinates are 

mapped to the physical frame by a simple rigid transform

Use probabilistic principal component analysis (PPCA [17]) to deal with missing data

where Φ is the matrix with the orthonormal principal components



Methods

 Segmenting Previously Unseen Scans

Obtain two models 𝑝𝑔(𝑟) and 𝑝𝑑(𝑟)

Minimize the Jensen Shannon divergence 

𝐽𝑆(𝑃||𝑄) = (1/2)[𝐾𝐿(𝑃||𝑅) + (𝐾𝐿(𝑄||𝑅)], where 𝑅 = (𝑃 + 𝑄)

2. Combining the models via Bayes` theorem

1. Fitting the generative model to the classifier output



Methods

 Segmenting Previously Unseen Scans

Bayesian semantic segmentation

The aligned generative model can be interpreted as a location prior in a 

Bayesian framework. The posterior probability of label 𝐿 at location 𝑟 is 

therefore given by Bayes’theorem

1. Fitting the generative model to the classifier output

2. Combining the models via Bayes` theorem



Methods

At each iteration an expert labels the scan which maximizes the 

disagreement between the discriminative and generative models

 Training Set Construction through Active Learning

Making the utilities inversely proportional to 
the average volumes of the organs to remove 
the bias towards larger organs



Algorithm

[4]Breunig, M., Kriegel, H., Ng, R., Sander, J.: LOF: 
identifying density-based local outliers. Sigmod Rec. 29(2), 
93–104 (2000)



Experiment

 Setup

1. the accuracy of our Bayesian segmentation approach versus the 

discriminative classifier alone

2. the validity of our database construction strategy as compared to 

alternative techniques

 Dataset

196 clinical CT scans

Two scans are randomly selected to form the initial training set



Experiment

Comparing algorithm

A1. The proposed active learning approach.

A2. Randomly selecting scans from the unlabeled pool.

A3. Uncertainty sampling [8], in which the scan that maximizes the mean voxel entropy              

is selected. Our generative model is thus not used for data selection, but it is still 

used in segmentation.

A4. Same as 2, but the generative model is replaced by a generic Markov Random Field 

(MRF) prior in segmentation. 

A.5 Same setup as in 2, but without any generative model at all the MAP estimate

8. Lewis, D., Gale, W.: A sequential algorithm for training text classififiers. In: Proc.
ACM SIGIR Conf. Res. and Dev. in Inf., pp. 3–12 (1994)



Experiment



Experiment



Experiment

Because of the cyst in the left kidney and the lack of context due to reduced 
field of view. Adding it to the training set could negatively affect the 
performance of the system



CVPR-2012



Problem Setting



Intuition

Model the problem as a pairwise CRF and cast active learning as finding 

its most informative nodes.

1. Train a weakly supervised model Multi-Image Model (MIM) [6] to 

recover a first approximation of these labels.

2. Run a active learning algorithm which queries the oracle for the true 

state of a few latent variables selected by a novel criterion.

When the true state of a variable is revealed, it induces change to the 
state of other variables as well. These changes propagate locally through 
the pairwise potentials of the CRF, as well as globally through the unary 
potential.

[6] A. Vezhnevets, V. Ferrari, and J. Buhmann, “Weakly supervised se
mantic segmentation with a multi image model,” in ICCV, 2011. 



Methods

 weakly supervised semantic segmentation with a pairwise CRF

Model:
Model the weakly labeled training set as a CRF, where nodes correspond to 
the latent superpixel labels. The total energy 𝐸 of the model is a function of 

these labels 𝑦𝑖
𝑗 and appearance model parameters 𝜃

τ = be the training set, where image 𝐼𝑗 consists of 

superpixels 𝑥𝑖
𝑗
.     Yj ⊂ 𝑌, all possible labels 𝑌 = {1,… , 𝐶}



Methods

 weakly supervised semantic segmentation with a pairwise CRF

Model as CRF:

makes sure that a superpixel can only take 
a label from the label set 𝑌𝑗 of the image

The first unary potential 𝜓 𝑦𝑖
𝑗
, 𝑥𝑖

𝑗
, 𝜃 measures how well the appearance 

of 𝑥𝑖
𝑗 matches the appearance model 𝜃

𝑦𝑖
𝑗 of class 𝑦𝑖

𝑗



Methods

 weakly supervised semantic segmentation with a pairwise CRF

Model as CRF:

𝐷() is a similarity metric, [0,1]

The pairwise potential 𝜑 encourages connected superpixels to take the 
same label if their appearance similarity is high



Methods

 Active Learning

The Expected Change(EC) score of 𝑦𝑖
𝑗 is defined as

𝐹(𝑥, 𝜃) be the output (a label) of the CRF for a training superpixel 𝑥, 
with the appearance model parameter vector 𝜃.

Here 𝑤𝑖
𝑗 is the importance weight of 𝑦𝑖

𝑗 , i.e. the number of pixels in 

superpixel 𝑥𝑖
𝑗



Algorithm



Experiment

 Dataset

MSRC-21            LabelMe

 Baselines

1. random sampling

2. the uncertainty sampling by the entropy of the unary potential(this score 

is calculated from the outputs of Naive Bayes appearance models）

3. the third criterion samples according to maximal uncertainty measured by 

the Bethe entropy [28] of the full CRF

[28] J. S. Yedidia, W. T. Freeman, and Y. Weiss, “Constructing free
energy approximations and generalized belief propagation algo
rithms.,” IEEE Transactions on Information Theory, pp. 2282–2312,
2005



Experiment



Experiment

This effect might be due to the latter method neglecting the CRF 
connections, thereby over-fitting to unary potential uncertainty.
Moreover, the good performance of the random strategy suggests 
this data-set to be fairly simple.



Experiment

Random sampling performs much worse then other criteria, 
confirming our judgement that this data-set is more challenging.
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Intuition

 Problem Description (Applicable Scene)

Most MAP inference algorithms for CRFs optimize an energy function 

knowing all the potentials. 

In this paper focus on CRFs where the computational cost of instantiating 

the potentials is orders of magnitude higher than MAP inference. This is 

often the case in semantic image segmentation, where most potentials 

are instantiated by slow classifiers fed with costly features.



Intuition

 Active MAP inference

1. Select a subset of potentials to be instantiated in the energy function, 

leaving the rest of the parameters of the potentials unknown (Active)

2. Estimate the MAP labeling from such incomplete energy function



Preliminaries

𝐺 = (𝑉, 𝐸) be the graph that represents the distribution

Denote 𝑃(𝑥|𝜃) as the probability density distribution of a labeling modeled with the graph 𝐺

𝐸𝜃(𝑥) = 𝜃𝑇𝜑(𝑥), in which 𝜑 𝑥 = (𝜑1(𝑥), … , 𝜑𝑀(𝑥))𝑇 is the vector of potentials

The most probable state 𝑥∗ is obtained by inferring the Maximum a Posteriori (MAP) of 𝑃(𝑥|𝜃), 

or equivalently by minimizing the energy, i.e. 𝑥∗ = arg min
𝑥∈𝐿𝑁

𝜃𝑇 𝜑(𝑥)

The parameters of 𝜃 related to the unary potentials are typically the result of evaluating 

classifiers fed with features extracted from the image.

Active MAP inference aims at estimating x∗ with only a subset of the elements of θ, {θj}

 Active MAP Inference in CRFs



Preliminaries

 Perturb-and-MAP [16]

[16] G. Papandreou and A. Yuille. Perturb-and-map random fifields: Using
discrete optimization to learn and sample from energy models. In ICCV, 2011.

PM is based on injecting noise in the energy function to perturb it, 

The different 𝜃˜s that yield the same MAP labeling 𝑥,

Define the set of perturbations 𝜖, that yields the labeling 𝑥,

PM assigns a probability to 𝑥 equal to the probability of drawing a perturbation 𝜖 that 

belongs to the set 𝑃𝑥 − 𝜃. Thus, the PM distribution is

We can easily draw samples from a PM distribution by simply doing MAP inference on a 

perturbed energy



Methods

𝑃(𝜃|𝜃𝛿) is the probability that the parameters of the potentials take the values 𝜃 given 𝜃𝛿 .

Use a model to approximate it, referred to as 

Use                         to define probability on 𝑥∗, i.e. the probability that 𝑥 is the MAP labeling.

 MAP Inference for Incomplete Energies

It can be shown that                        is indeed a PM random field, from which we can easily 
draw samples.



Methods

 Relation to Perturb-and-MAP

Proposition 1.

where      is the set of               such that 𝑥 minimizes the energy function 

Note also that we draw 𝜖 from                            which is 𝑓𝜃 centered at 0.

To obtain samples of 𝑥∗ in practice, we simply perturb 𝜇 using 𝜖, and then, we apply MAP 
inference to 



Methods

 Model of the Missing Parameters

Use a simple collection of independent Gaussian variables to define

1. If the parameter of the potential is unknown (𝛿𝑖 = 0), it is a univariate Gaussian 

distribution, centered at 𝜇𝑖 and deviation 𝜎𝑖

2. Otherwise it is consistent with the instantiate potential,

Set 𝜋 to a fixed value that we learn by cross-validation. Thus, all 

are a Gaussian distribution with the same parameters.



Methods

The algorithm starts from 𝛿 = 0, and it sequentially determines which potential to compute 

next, until the time budget expires.

 Selection of 𝜹

Define as the expected reward 
of instantiating the potential 𝑖.

where the expected value is over,

which is the Gaussian model of the 
posterior 



Methods

 Expected Reward

Expected Residual Entropy (ERE)

can be computed by drawing samples from the PM

Expected Labeling Change (ELC)

where 𝑥𝑡
∗ is the MAP labeling at iteration 𝑡, and Δ(·,·) is a function that counts how many 

labels of 𝑥𝑡
∗ differ from the labeling that we obtain with the PM when instantiating 𝜃𝑖 = 𝜃.



Methods

 Efficient Computation of the Reward

Efficient computation of the expected reward

the PM draws the unknown parameters of the energy from , which is the 

same probability distribution that we use to generate the 𝜃𝑠 for the expected value.

Area of Influence

It is assumed that instantiating a potential reduces the score of the potentials that are

in its“area of influence”, while the rest remain unchanged.



Experiment



Experiment



Experiment

Active MAP for human-in-the-loop segmentation

Set the instantiated unary 

potentials to add high penalties 

for the labels different

from the ground-truth, or 0



Annotation Propagation in Large Image Databases 

via Dense Image Correspondence

ECCV-2012



System overview



Intuition

 Four Assumptions

(a) regions corresponding to each tag have distinct visual appearances, 

(b) neighboring pixels in one image tend to have the same annotation, 

(c) similar patterns across different images should have similar 

annotation,

(d) tags and tag co-occurrences which are more frequent in the database 

are also more probable.



Terminology and Formulation

input database Ω = (𝑰, 𝑽) is comprised of RGB images 𝑰 = {𝐼1, . . . , 𝐼𝑁 } and 

vocabulary 𝑽 = {𝑙1, . . . , 𝑙𝐿}

for images  label 𝑪 = {𝑐1, . . . , 𝑐𝑁}

for pixel 𝒑 = (𝑥, 𝑦), 𝑐𝑖(𝒑) ∈ {1, . . . , 𝐿, ∅} (∅ denoting unlabeled)

The tags associated with the images, 𝑻 = {𝒕1, . . . , 𝒕𝑁: 𝒕𝑖 ⊆ {1,… , 𝐿}}

Define directly as the set union of the pixel labels 𝒕𝑖 =∪𝒑∈Λ𝑖 𝑐𝑖(𝒑), where 

Λ𝑖 is image and 𝐼𝑖 is lattice

 Terminology
pixel-level labeling (or semantic segmentation) as “labeling” 
textual image-level annotation as “tags”



Terminology and Formulation

 Formulation

Formulate this discrete labeling problem in a probabilistic framework, 

where our goal is to construct the joint posterior distribution of pixel 

labels given the input database and available annotations, 𝑃(𝑪|Ω, 𝑻𝑡 , 𝑪𝑙).

𝑰𝑡 and 𝑻𝑡, tagged images with their tags

𝑰𝑙 and 𝑪𝑙, labeled images with their labels



Terminology and Formulation

 Formulation

Written in energy form (−log 𝑃(𝐶|Ω, 𝑇𝑡, 𝐶𝑙)) , the cost of global assignment 

𝐶 of labels to pixels is given by

where 𝑁𝑝 are the spatial neighbors of pixel 𝑝 within its image, 

and 𝑁𝑖 are other images similar to image 𝐼𝑖. 

For each such image 𝑗 ∈ 𝑁𝑖, 𝑤𝑖𝑗 defines the (dense) correspondence 

between pixels in 𝐼𝑖 and pixels in 𝐼𝑗



Terminology and Formulation

 Formulation

Written in energy form (−log 𝑃(𝐶|Ω, 𝑇𝑡, 𝐶𝑙)) , the cost of global assignment 

𝐶 of labels to pixels is given by

• The data term, Φ𝑝, by means of local visual properties of image 𝐼𝑖 at pixel 𝑝

• The intra-image smoothness term, 𝜓𝑖𝑛𝑡, is used to regularize the labeling 

with respect to the image structures 

• The inter-image smoothness term, 𝜓𝑒𝑥𝑡, is used for regularization across 

corresponding pixels in similar images.



Text-to-Image Correspondence

 Local Image Descriptors

Select features used prevalently in object and scene recognition to 

characterize local image structures and color features

Using both SIFT and HOG features  

yield a 527-dimensional descriptor 𝐷𝑖(𝒑) for every pixel 𝒑 in image 𝐼𝑖

Using PCA to reduce the descriptor to 𝑑 = 50 dimensions



Text-to-Image Correspondence

 Learning Appearance Models

Use a generative model based on Gaussian mixtures to represent the 

distribution of the above continuous features

where 𝜌𝑙 is the weight of model (word) 𝑙 in generating the feature 𝐷𝑖(𝑝), 
𝑀 is the number of components in each model (M = 5), 
𝜃𝑙 = (𝜋𝑙,𝑘 , 𝜇𝑙,𝑘 , Σ𝑙,𝑘)is the mixture weight, mean and covariance of component 
𝑘 in model 𝑙
use a Gaussian outlier model with parameters 𝜃𝜖 = (µ𝜖 , Σ𝜖) and weight 𝜌𝜖

using a standard EM algorithm to optimize



Text-to-Image Correspondence

 Learning Appearance Models

Use a generative model based on Gaussian mixtures to represent the 

distribution of the above continuous features

Given the learned model parameters, Θ, and an observed descriptor, 𝐷𝑖(𝑝), 
the probability of the pixel belonging to word l is computed by



Annotation Propagation

 Dense Image Correspondence

First fetch the top (𝐾, 𝜖) nearest neighbors, 𝑵𝒊, for every image 𝐼𝑖 using 

the GIST descriptor, where 𝐾 is the maximum number of neighbors, and 

𝜖 is a threshold on the distance between the images

Use SIFT-flow to align the image with each of its neighbors, which results 

in an integer warp field 𝒘𝑖𝑗 mapping each pixel in 𝐼𝑖 to a pixel in 𝐼𝑗



Annotation Propagation

 Large-scale Inference

Data term

where 𝑃𝑎(𝑐𝑖(𝑝) = 𝑙; 𝐷𝑖(𝑝), Θ) was defined in the previous section, 

𝑃𝑡
𝑖(𝑙) is the estimated probability of image 𝐼𝑖 having the tag 𝑙, 

𝑃𝑠 (𝑐𝑖(𝑝)) and 𝑃𝑐
𝑖(𝑐𝑖(𝑝)) capture the probability of the pixel 𝑝 having the word 

𝑙 based on its relative spatial position and color



Annotation Propagation

Data term

The term 𝑃𝑡
𝑖(𝑙) is used to bias the tags of image 𝐼𝑖 towards ones with higher 

frequency and co-occurrence among its neighbors.

𝒉𝑜 is the 𝐿 × 𝐿 row-normalized tag co-occurrence matrix, computed from the 
current tag estimates and initialized from the known tags,  𝑍 = σ𝑗∈𝑁𝑖

|𝑡𝑗|

The first term measures the frequency of word 𝑙 among image 𝐼𝑖 ’𝑠 neighbors

The second term is the mean co-occurrence rate of word 𝑙 within its neighbors’tags



Annotation Propagation

Data term

spatial location term

where ℎ𝑙
𝑠(𝑝) is the normalized spatial histogram of word l across all images in 

the database.

This term will assist in places where the appearance and pixel 

correspondence might not be as reliable

color term

where ℎ𝑐
𝑖,𝑙 is the color histogram of word 𝑙 in image 𝐼𝑖



Annotation Propagation

 Large-scale Inference

Smoothness terms

where 𝛼𝑖 , 𝛼𝑗 are the image weights as defined in Section 3.2, and 𝑆𝑖 is the 

SIFT descriptor for image 𝐼𝑖

inter-image compatibility between corresponding pixels 𝑝 and 𝑟 =
𝑝 + 𝑤𝑖𝑗(𝑝) in images 𝐼𝑖 and 𝐼𝑗



Annotation Propagation

 Large-scale Inference

Smoothness terms

intra-image compatibility

𝒉𝑜 is the 𝐿 × 𝐿 row-normalized tag co-occurrence matrix, computed from 
the current tag estimates and initialized from the known tags



Annotation Propagation

 Choosing Images to Annotate

Want to strategically choose“image hubs”that have many similar images, 
as they will have many direct neighbors in the image graph to which they 
can propagate labels efficiently

 Method

Using the GIST descriptor as the image similarity measure.

Use visual pagerank to find good images to label

VisualRank: Applying PageRank to Large-Scale Image Search TPAMI-2008



Annotation Propagation



System overview

The Architecture



Experiment

 Active segmentation propagation



Active Image Segmentation Propagation

CVPR-2016



Intuition

 weakly supervised segmentation algorithms

Take a pool of images known to contain the same object category, and exploit the 

repeated patterns to jointly segment out the foreground per image

 semi-automatic segmentation propagation

The idea is to actively request human annotations for select images that, once labeled 

with their foreground, are most expected to help co-segment the remaining 

unlabeled images



Propagation engine proceeds

1. Actively choosing images which once annotated by humans will likely 

be most useful in propagating segmentations to other images

2. Given human annotations on actively chosen images (marked in pink), 

propagating them (dark arrows) to generate segmentations for other 

unlabeled images



Method

 Problem Description

𝐼 = {𝐼1, 𝐼2, . . . , 𝐼𝑁} be a collection of weakly supervised images, all of which contain 

instances of the same object category

Our goal is to jointly segment these images, yielding a foreground object mask 𝑀 =

{𝑀1, 𝑀2, . . . , 𝑀𝑁} for each one

𝑅 = {𝑅𝑖𝑗} denote the set of all region proposals in all 𝑁 images, where 𝑅𝑖𝑗 denotes the 

𝑗-th region for image 𝐼𝑖



Method

 Region proposals and descriptors

1. Generate the generic object proposals and compute a saliency map using 

[Saliency Detection via Absorbing Markov Chain ICCV-2013]

2. Obtain two ranked lists of these proposals using saliency and objectiveness

scores using[CPMC: Automatic Object Segmentation Using Constrained 

Parametric Min-Cuts]. retain the union of the top 30% from each list.

3. Cluster the reduced set into 𝑟 clusters using the regions’ HOG similarity and 

spatial overlap (IoU metric)

For each image 𝐼𝑖 , extract a global appearance descriptor denoted 𝐼𝑖
𝑐

For each region 𝑅𝑖𝑗 , extract two features: a saliency rating 𝑅𝑖𝑗
𝑠 , and a region appearance 

descriptor 𝑅𝑖𝑗
𝑐



Method

 Semi-automatic joint foreground segmentation

Define a Markov Random Field (MRF) joint segmentation graph 𝐺 = (𝑅, 𝐸) based on 

the filtered region proposals across all images in the collection

Keep a sparse set of edges 𝐸 by only connecting regions whose similarity exceeds a 

threshold 𝜏

𝑆 ⊆ 𝐼 denote the current subset of images labeled with foreground masks by human 

annotators

1. Replace all nodes 𝑅𝑗
𝑠 by the single mask region given by the human annotator, 

denoted 𝑅𝑠, and we clamp its label 𝑌𝑠 = 1. 
2. Modify the edge set 𝐸 appropriately, such that in image 𝑠, only the mask 𝑅 ̂𝑠 has 

edges to similar regions in unlabeled images



Method

 Semi-automatic joint foreground segmentation

The intuition is that a good region proposal (i.e., one close to the actual foreground 

object segment) will strongly match a human-labeled ground truth region

Define energy function 𝐸(𝑌) for jointly segmenting the image collection 𝐼



Method

 Semi-automatic joint foreground segmentation

The intuition is that a good region proposal (i.e., one close to the actual foreground 

object segment) will strongly match a human-labeled ground truth region

Define energy function 𝐸(𝑌) for jointly segmenting the image collection 𝐼

The pairwise term encourages similar-looking regions to take the same label

The minimum energy solution 𝑌∗ = argmin
𝑌

𝐸(𝑌) yields a set of 

good region proposals for each image in the collection.



Method

 Active selection for propagation

Active selection algorithm accounts for three criteria—influence, diversity, and 

uncertainty

where 𝐷(·) is a learned predictor of image difficulty

where 𝑆𝑡
′ denotes all unlabeled 

images not in the candidate batch 𝑆𝑡

and 𝑠𝑖𝑚 is the cosine similarity



Pseudocode

First, extract the K > k 
most uncertain unlabeled
images

𝐹(𝑆𝑡) =
𝐼𝑁𝐹𝐿𝑈𝐸𝑁𝐶𝐸(𝑆𝑡) + 𝐷𝐼𝑉𝐸𝑅𝑆𝐼𝑇𝑌(𝑆𝑡)



R-CNN

 Architecture and Process



Experiment

 Active segmentation propagation



Experiment

 Weakly supervised foreground segmentation

Weak supervision (i.e., all images have an object from the same 

category) is the only information available. No additional human 

annotation is requested.



Experiment

 Weakly supervised foreground segmentation

Weak supervision (i.e., all images have an object from the same 

category) is the only information available. No additional human 

annotation is requested.


