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Motivation - abundance of 3D data
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Shape Modeling Mechanical CAD

Molecular BiologyMedicineCultural Heritage

BuildingsShapeNet
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Shape segmentation / labeling
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Input shape Segmented shape

Segment shape into 
(semantically) 

meaningful part

Kalogerakis et al.’10, Shapira et al.’10, Golovinskiy and Funkhouser’08 (x2), Lai et al.’08



Importance of shape segmentation
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"How can we decompose a 3D model into parts?"

Psychological research indicates 
that recognition and shape 
understanding are based on 
structural decomposition of the 
shape into smaller parts [Hoffmann 
et al. 84,97]

Applications in other shape 
analysis tasks such as 
shape matching and shape 
recognition
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Applications
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Modeling by example 
Funkhouseret al., 2004

Part Based Shape Synthesis 
Kalogerakis et al. 2012

Prior knowledge for part correspondence 
van Kaicket al., 2011



Applications
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Data-driven shape completion 
Sung et al., 2015

Image Based Modeling 
Huang et al. 2015

Learning to segment new synthetic 
and scanned shapes 

Kalogerakis et al. 2017



More applications

7Product search

[Funkhouser et al.05]

Solving puzzles

[Huang et al.06]

Paleontology 

[Wiley et al.05]

Protein folding

[Cooper et al.10]

Learning custom 
deformation handles

[Yumer and Kara 2014] 
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Lecture outline
• Shape segmentation - problem statement 
• Approaches 

• Overview 
• Supervised 

• Learning using co-segmented shape datasets 
• Unsupervised 

• Clustering in descriptor space 
• Semi-supervised 

• Active learning with human in the loop 
• Datasets
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✔



Single-shape segmentation: 
geometry-driven
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K-Means
[Shalfman et al. 2002]

Random Walks
[Lai et al. 08]

Fitting Primitives
[Attene et. al 2006]

Normalized Cuts
[Golovinskiy and Funkhouser 08]

Randomized Cuts
[Golovinskiy and Funkhouser 08]

Core Extraction
[Katz et al. 05]

Shape Diameter Function
[Shapira et al. 08]

Slide credit: Q. Huang



Consistent segmentation  
in shape collections

• Can more knowledge be inferred by analyzing a set of shapes?
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Consistent segmentations
[Golovinskiy and Funkhouser 09]

Consistent segmentations for 
model composition

Kreavoy et al. 2008

Co-segmentation
[Xu el al. 10]

• Explore geometric cues 
• Require shapes in correspondence
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SUPERVISED SHAPE 
SEGMENTATION

Supervised segmentation and labelling
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Supervised shape segmentation
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Input shape Labeled shape

Training  Meshes

Head
Neck
Torso
Leg
Tail
Ear

Learn from 
examples
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Labeling problem statement
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C = { head, neck, torso, leg, tail, ear } 

c1

Head

Neck
Torso
Leg
Tail

Ear

c2

c4

c3

1 2 3, , ∈c c c C
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Conditional Random Field for Labeling

• “Learning 3D Mesh Segmentation and Labeling”, 
[Kalogerakis et al. 2010]
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Conditional Random Field for Labeling
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Conditional Random Field for Labeling
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Conditional Random Field for Labeling
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Conditional Random Field for Labeling

18

1 2
,

* argmin ( ; ) ( , ; )i i ij i j
j

c c l c c
ι ι

α
⎧ ⎫

= Ε + Ε⎨ ⎬
⎩ ⎭
∑ ∑i ij

c
x y

Edge 
Features

Input Mesh Labeled Mesh

Head

Neck
Torso
Leg
Tail

Ear

Slide credit: E. Kalogerakis



Conditional Random Field for Labeling
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Feature vector

x

• surface curvature
• singular values from PCA
• shape diameter 
• distances from medial surface
• average geodesic distances
• shape contexts
• spin images
• contextual label features
   Using more features helps
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Learning a classifier
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Learning a classifier
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Head

Neck
Torso
Leg
Tail
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?

We use the Jointboost classifier [Torralba et al. 2007] 
{( , )}→ i icx
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Joint-Boost classifier [Torralba et al. 2007]

• Properties 
• Automatic feature selection
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Joint-Boost classifier [Torralba et al. 2007]

• Properties 
• Automatic feature selection 
• Can handle large number of input features 
• Fast sequential learning algorithm 
• Shares features among classes 
• Produces output probabilities

24
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Joint-Boost classifier [Torralba et al. 2007]

• Algorithm outline 
• Classifier composed of decision stumps

25
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lated segments [Golovinskiy and Funkhouser 2008; Shapira et al.
In Press]. A small constant ϵ is added to avoid computing log 0.

3.3 JointBoost classifier

Here we briefly summarize the JointBoost classifier; see [Torralba
et al. 2007] for more information. JointBoost is a boosting algo-
rithm that has many appealing properties: it performs automatic
feature selection and can handle large numbers of input features for
multiclass classification, it has a fast sequential learning algorithm
(Section 4.1), and it produces output probabilities suitable for com-
bination with other terms in the CRF model. JointBoost is designed
to share features among classes, which greatly reduces generaliza-
tion error for multiclass recognition when classes overlap in feature
space. For these reasons, we believe that JointBoost is the best
available classifier for this task.

The classifier takes as input a feature vector z, and outputs a prob-
ability P (c = l|z) for each possible class label l ∈ C, where C
is the set of possible labels. In the unary energy term, a classifier
computes the likelihood of a part label c given unary features x. In
the pairwise energy term, a second JointBoost classifier is used to
determine the likelihood that adjacent faces have different classes
(c ̸= c′) given pairwise features y. This is a binary classifier; in this
case, JointBoost reduces to an earlier algorithm called GentleBoost
[Friedman et al. 2000]. Finally, we use a cascade of JointBoost
classifiers to define contextual label features (Section 3.4).

The classifier is composed of decision stumps. A decision stump is
a very simple classifier that scores each possible class label l, given
a feature vector z, based only on thresholding its f -th entry zf . A
JointBoost decision stump can be written as:

h(z, l;φ) =

⎧
⎨

⎩

a zf > τ and l ∈ CS

b zf ≤ τ and l ∈ CS

kl l /∈ CS

(6)

In other words, each decision stump stores a set of classes CS . If
l ∈ CS , then the stump compares zf against a threshold τ , and
returns a constant a if zf > τ , and another constant b otherwise.
If l /∈ CS , then the comparison is ignored; instead, a constant kl is
returned instead. There is one kl for each l /∈ CS . The parameters φ
of a single decision stump are f, a, b, τ , the set CS , and kl for each
l /∈ CS .

The probability of a given class l is then computed by summing the
decision stumps and then performing a softmax transformation:

H(z, l) =
∑

j

h(z, l;φj) (7)

P (c = l|z, ξ) = exp(H(z, l))∑
ℓ∈C exp(H(z, ℓ))

(8)

The parameters ξ consist of the parameters {φj} of all the individ-
ual decision stumps.

3.4 Feature vectors

We do not know in advance which features will be useful for seg-
mentation. Furthermore, it may be that different features are infor-
mative for different mesh parts and for different styles of segmenta-
tion. As a result, we construct our feature vectors out of as many in-
formative features as possible. Since the JointBoost algorithm per-
forms automatic feature selection, each classifier only uses a subset
of the provided features. In our experiments, we have not found a
case where adding informative features led to worse results. Hence,
one may add other features besides the ones listed here. We find

that the precise form of the features is important: careful selection
of details, such as binning strategy and normalization, can improve
results. Adding features does increase computation time, especially
for preprocessing and learning. Hence, we have attempted to design
features that are as informative as possible.

Unary features. We use multi-scale surface curvature, singular
values extracted from Principal Component Analysis of local shape,
shape diameter [Shapira et al. In Press], distances from medial sur-
face points [Liu et al. 2009], average geodesic distances [Hilaga
et al. 2001; Zhang et al. 2005], shape contexts [Belongie et al.
2002], and spin images [Johnson and Hebert 1999] to form a ba-
sic 339-dimensional feature vector x̃i per face i. Full details of our
implementation for these features are given in Appendix A.

Contextual label features. Training a classifier using only the
above features is often sufficient for labeling. However, in many
cases, better results can be achieved by re-training an additional
classifier that uses information about the global distribution of la-
bels around each mesh face. Since the labels are not known in ad-
vance, they are approximated by an initial application of the classi-
fier with the above features. We introduce contextual label features
based on these initial labels.

We first train an initial JointBoost classifier using the initial feature
vector x̃. This classifier can be applied to each training mesh to
produce per-face class probabilities P (c|x̃). Then, for each face i,
we compute a histogram of these probabilities, which captures the
global distribution of part labels relative to the face, in a manner
inspired by shape contexts [Belongie et al. 2002], and similar to
image auto-contexts [Tu 2008] and bags of semantic textons [Shot-
ton et al. 2008]. The histogram bins are determined as a function
of geodesic and euclidean distances. These features allow the algo-
rithm to make use of estimates of labels from the global context of
each face. Details of the histograms are given in the Appendix.

The values of these histogram bins form a set x̄1 of contextual la-
bel features that are concatenated with x̃ to produce the full feature
vector x1 = [x̃T , x̄T

1 ]
T . The new feature vector has 339 + 35 · |C|

features, where |C| is the number of labels. Then, we train a new
JointBoost classifier from x̄1 to class probabilities. The new clas-
sifier will now take into account the generated contextual features
to further discriminate parts, as shown in Figure 2g, compared to
the result of Figure 2f, where only the initial JointBoost classifier is
used (without the contextual label features).

After training the second classifier, we bin the newly produced class
probabilities P (c|x1) to produce new contextual label features x̄2.
These are concatenated with x̃ to produce a third feature vector x2.
Then, we can train a third classifier based on the feature vector x2.
This process can be iterated to further refine the discrimination of
classes, similar to cascade generalization [Gama and Brazdil 2000].
This approach may be iterated N times to produce N feature vec-
tors, until the error on the validation set does not increase. In our
experiments, the algorithm usually selects N = 3. Computing the
feature vectors for a new surface entails repeating the same process
as above: x̃ is computed for each face, then the first JointBoost pro-
duces the first set of contextual features x̄, and the process repeats
until getting xN , which is used as the complete feature vector x.
We find that using these contextual features produces a significant
improvement in performance, about 3 − 10%, depending on the
mesh category.

Pairwise features. The pairwise feature vector yij between
faces i and j consists of the dihedral angles between the faces, and
differences of the following features between the faces: curvatures
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lated segments [Golovinskiy and Funkhouser 2008; Shapira et al.
In Press]. A small constant ϵ is added to avoid computing log 0.

3.3 JointBoost classifier

Here we briefly summarize the JointBoost classifier; see [Torralba
et al. 2007] for more information. JointBoost is a boosting algo-
rithm that has many appealing properties: it performs automatic
feature selection and can handle large numbers of input features for
multiclass classification, it has a fast sequential learning algorithm
(Section 4.1), and it produces output probabilities suitable for com-
bination with other terms in the CRF model. JointBoost is designed
to share features among classes, which greatly reduces generaliza-
tion error for multiclass recognition when classes overlap in feature
space. For these reasons, we believe that JointBoost is the best
available classifier for this task.

The classifier takes as input a feature vector z, and outputs a prob-
ability P (c = l|z) for each possible class label l ∈ C, where C
is the set of possible labels. In the unary energy term, a classifier
computes the likelihood of a part label c given unary features x. In
the pairwise energy term, a second JointBoost classifier is used to
determine the likelihood that adjacent faces have different classes
(c ̸= c′) given pairwise features y. This is a binary classifier; in this
case, JointBoost reduces to an earlier algorithm called GentleBoost
[Friedman et al. 2000]. Finally, we use a cascade of JointBoost
classifiers to define contextual label features (Section 3.4).

The classifier is composed of decision stumps. A decision stump is
a very simple classifier that scores each possible class label l, given
a feature vector z, based only on thresholding its f -th entry zf . A
JointBoost decision stump can be written as:

h(z, l;φ) =

⎧
⎨

⎩

a zf > τ and l ∈ CS

b zf ≤ τ and l ∈ CS

kl l /∈ CS

(6)

In other words, each decision stump stores a set of classes CS . If
l ∈ CS , then the stump compares zf against a threshold τ , and
returns a constant a if zf > τ , and another constant b otherwise.
If l /∈ CS , then the comparison is ignored; instead, a constant kl is
returned instead. There is one kl for each l /∈ CS . The parameters φ
of a single decision stump are f, a, b, τ , the set CS , and kl for each
l /∈ CS .

The probability of a given class l is then computed by summing the
decision stumps and then performing a softmax transformation:

H(z, l) =
∑

j

h(z, l;φj) (7)

P (c = l|z, ξ) = exp(H(z, l))∑
ℓ∈C exp(H(z, ℓ))

(8)

The parameters ξ consist of the parameters {φj} of all the individ-
ual decision stumps.

3.4 Feature vectors

We do not know in advance which features will be useful for seg-
mentation. Furthermore, it may be that different features are infor-
mative for different mesh parts and for different styles of segmenta-
tion. As a result, we construct our feature vectors out of as many in-
formative features as possible. Since the JointBoost algorithm per-
forms automatic feature selection, each classifier only uses a subset
of the provided features. In our experiments, we have not found a
case where adding informative features led to worse results. Hence,
one may add other features besides the ones listed here. We find

that the precise form of the features is important: careful selection
of details, such as binning strategy and normalization, can improve
results. Adding features does increase computation time, especially
for preprocessing and learning. Hence, we have attempted to design
features that are as informative as possible.

Unary features. We use multi-scale surface curvature, singular
values extracted from Principal Component Analysis of local shape,
shape diameter [Shapira et al. In Press], distances from medial sur-
face points [Liu et al. 2009], average geodesic distances [Hilaga
et al. 2001; Zhang et al. 2005], shape contexts [Belongie et al.
2002], and spin images [Johnson and Hebert 1999] to form a ba-
sic 339-dimensional feature vector x̃i per face i. Full details of our
implementation for these features are given in Appendix A.

Contextual label features. Training a classifier using only the
above features is often sufficient for labeling. However, in many
cases, better results can be achieved by re-training an additional
classifier that uses information about the global distribution of la-
bels around each mesh face. Since the labels are not known in ad-
vance, they are approximated by an initial application of the classi-
fier with the above features. We introduce contextual label features
based on these initial labels.

We first train an initial JointBoost classifier using the initial feature
vector x̃. This classifier can be applied to each training mesh to
produce per-face class probabilities P (c|x̃). Then, for each face i,
we compute a histogram of these probabilities, which captures the
global distribution of part labels relative to the face, in a manner
inspired by shape contexts [Belongie et al. 2002], and similar to
image auto-contexts [Tu 2008] and bags of semantic textons [Shot-
ton et al. 2008]. The histogram bins are determined as a function
of geodesic and euclidean distances. These features allow the algo-
rithm to make use of estimates of labels from the global context of
each face. Details of the histograms are given in the Appendix.

The values of these histogram bins form a set x̄1 of contextual la-
bel features that are concatenated with x̃ to produce the full feature
vector x1 = [x̃T , x̄T

1 ]
T . The new feature vector has 339 + 35 · |C|

features, where |C| is the number of labels. Then, we train a new
JointBoost classifier from x̄1 to class probabilities. The new clas-
sifier will now take into account the generated contextual features
to further discriminate parts, as shown in Figure 2g, compared to
the result of Figure 2f, where only the initial JointBoost classifier is
used (without the contextual label features).

After training the second classifier, we bin the newly produced class
probabilities P (c|x1) to produce new contextual label features x̄2.
These are concatenated with x̃ to produce a third feature vector x2.
Then, we can train a third classifier based on the feature vector x2.
This process can be iterated to further refine the discrimination of
classes, similar to cascade generalization [Gama and Brazdil 2000].
This approach may be iterated N times to produce N feature vec-
tors, until the error on the validation set does not increase. In our
experiments, the algorithm usually selects N = 3. Computing the
feature vectors for a new surface entails repeating the same process
as above: x̃ is computed for each face, then the first JointBoost pro-
duces the first set of contextual features x̄, and the process repeats
until getting xN , which is used as the complete feature vector x.
We find that using these contextual features produces a significant
improvement in performance, about 3 − 10%, depending on the
mesh category.

Pairwise features. The pairwise feature vector yij between
faces i and j consists of the dihedral angles between the faces, and
differences of the following features between the faces: curvatures
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Joint-Boost classifier [Torralba et al. 2007]

• Algorithm outline 
• Classifier composed of decision stumps 

• Scores class labels by thresholding f-th entry of a feature 
vector z 

• Probability of a given class l
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lated segments [Golovinskiy and Funkhouser 2008; Shapira et al.
In Press]. A small constant ϵ is added to avoid computing log 0.

3.3 JointBoost classifier

Here we briefly summarize the JointBoost classifier; see [Torralba
et al. 2007] for more information. JointBoost is a boosting algo-
rithm that has many appealing properties: it performs automatic
feature selection and can handle large numbers of input features for
multiclass classification, it has a fast sequential learning algorithm
(Section 4.1), and it produces output probabilities suitable for com-
bination with other terms in the CRF model. JointBoost is designed
to share features among classes, which greatly reduces generaliza-
tion error for multiclass recognition when classes overlap in feature
space. For these reasons, we believe that JointBoost is the best
available classifier for this task.

The classifier takes as input a feature vector z, and outputs a prob-
ability P (c = l|z) for each possible class label l ∈ C, where C
is the set of possible labels. In the unary energy term, a classifier
computes the likelihood of a part label c given unary features x. In
the pairwise energy term, a second JointBoost classifier is used to
determine the likelihood that adjacent faces have different classes
(c ̸= c′) given pairwise features y. This is a binary classifier; in this
case, JointBoost reduces to an earlier algorithm called GentleBoost
[Friedman et al. 2000]. Finally, we use a cascade of JointBoost
classifiers to define contextual label features (Section 3.4).

The classifier is composed of decision stumps. A decision stump is
a very simple classifier that scores each possible class label l, given
a feature vector z, based only on thresholding its f -th entry zf . A
JointBoost decision stump can be written as:

h(z, l;φ) =

⎧
⎨

⎩

a zf > τ and l ∈ CS

b zf ≤ τ and l ∈ CS

kl l /∈ CS

(6)

In other words, each decision stump stores a set of classes CS . If
l ∈ CS , then the stump compares zf against a threshold τ , and
returns a constant a if zf > τ , and another constant b otherwise.
If l /∈ CS , then the comparison is ignored; instead, a constant kl is
returned instead. There is one kl for each l /∈ CS . The parameters φ
of a single decision stump are f, a, b, τ , the set CS , and kl for each
l /∈ CS .

The probability of a given class l is then computed by summing the
decision stumps and then performing a softmax transformation:

H(z, l) =
∑

j

h(z, l;φj) (7)

P (c = l|z, ξ) = exp(H(z, l))∑
ℓ∈C exp(H(z, ℓ))

(8)

The parameters ξ consist of the parameters {φj} of all the individ-
ual decision stumps.

3.4 Feature vectors

We do not know in advance which features will be useful for seg-
mentation. Furthermore, it may be that different features are infor-
mative for different mesh parts and for different styles of segmenta-
tion. As a result, we construct our feature vectors out of as many in-
formative features as possible. Since the JointBoost algorithm per-
forms automatic feature selection, each classifier only uses a subset
of the provided features. In our experiments, we have not found a
case where adding informative features led to worse results. Hence,
one may add other features besides the ones listed here. We find

that the precise form of the features is important: careful selection
of details, such as binning strategy and normalization, can improve
results. Adding features does increase computation time, especially
for preprocessing and learning. Hence, we have attempted to design
features that are as informative as possible.

Unary features. We use multi-scale surface curvature, singular
values extracted from Principal Component Analysis of local shape,
shape diameter [Shapira et al. In Press], distances from medial sur-
face points [Liu et al. 2009], average geodesic distances [Hilaga
et al. 2001; Zhang et al. 2005], shape contexts [Belongie et al.
2002], and spin images [Johnson and Hebert 1999] to form a ba-
sic 339-dimensional feature vector x̃i per face i. Full details of our
implementation for these features are given in Appendix A.

Contextual label features. Training a classifier using only the
above features is often sufficient for labeling. However, in many
cases, better results can be achieved by re-training an additional
classifier that uses information about the global distribution of la-
bels around each mesh face. Since the labels are not known in ad-
vance, they are approximated by an initial application of the classi-
fier with the above features. We introduce contextual label features
based on these initial labels.

We first train an initial JointBoost classifier using the initial feature
vector x̃. This classifier can be applied to each training mesh to
produce per-face class probabilities P (c|x̃). Then, for each face i,
we compute a histogram of these probabilities, which captures the
global distribution of part labels relative to the face, in a manner
inspired by shape contexts [Belongie et al. 2002], and similar to
image auto-contexts [Tu 2008] and bags of semantic textons [Shot-
ton et al. 2008]. The histogram bins are determined as a function
of geodesic and euclidean distances. These features allow the algo-
rithm to make use of estimates of labels from the global context of
each face. Details of the histograms are given in the Appendix.

The values of these histogram bins form a set x̄1 of contextual la-
bel features that are concatenated with x̃ to produce the full feature
vector x1 = [x̃T , x̄T

1 ]
T . The new feature vector has 339 + 35 · |C|

features, where |C| is the number of labels. Then, we train a new
JointBoost classifier from x̄1 to class probabilities. The new clas-
sifier will now take into account the generated contextual features
to further discriminate parts, as shown in Figure 2g, compared to
the result of Figure 2f, where only the initial JointBoost classifier is
used (without the contextual label features).

After training the second classifier, we bin the newly produced class
probabilities P (c|x1) to produce new contextual label features x̄2.
These are concatenated with x̃ to produce a third feature vector x2.
Then, we can train a third classifier based on the feature vector x2.
This process can be iterated to further refine the discrimination of
classes, similar to cascade generalization [Gama and Brazdil 2000].
This approach may be iterated N times to produce N feature vec-
tors, until the error on the validation set does not increase. In our
experiments, the algorithm usually selects N = 3. Computing the
feature vectors for a new surface entails repeating the same process
as above: x̃ is computed for each face, then the first JointBoost pro-
duces the first set of contextual features x̄, and the process repeats
until getting xN , which is used as the complete feature vector x.
We find that using these contextual features produces a significant
improvement in performance, about 3 − 10%, depending on the
mesh category.

Pairwise features. The pairwise feature vector yij between
faces i and j consists of the dihedral angles between the faces, and
differences of the following features between the faces: curvatures

4

E. Kalogerakis, A. Hertzmann, K. Singh / Learning 3D Mesh Segmentation and Labeling, TOG 29{3}, Siggraph 2010

lated segments [Golovinskiy and Funkhouser 2008; Shapira et al.
In Press]. A small constant ϵ is added to avoid computing log 0.

3.3 JointBoost classifier

Here we briefly summarize the JointBoost classifier; see [Torralba
et al. 2007] for more information. JointBoost is a boosting algo-
rithm that has many appealing properties: it performs automatic
feature selection and can handle large numbers of input features for
multiclass classification, it has a fast sequential learning algorithm
(Section 4.1), and it produces output probabilities suitable for com-
bination with other terms in the CRF model. JointBoost is designed
to share features among classes, which greatly reduces generaliza-
tion error for multiclass recognition when classes overlap in feature
space. For these reasons, we believe that JointBoost is the best
available classifier for this task.

The classifier takes as input a feature vector z, and outputs a prob-
ability P (c = l|z) for each possible class label l ∈ C, where C
is the set of possible labels. In the unary energy term, a classifier
computes the likelihood of a part label c given unary features x. In
the pairwise energy term, a second JointBoost classifier is used to
determine the likelihood that adjacent faces have different classes
(c ̸= c′) given pairwise features y. This is a binary classifier; in this
case, JointBoost reduces to an earlier algorithm called GentleBoost
[Friedman et al. 2000]. Finally, we use a cascade of JointBoost
classifiers to define contextual label features (Section 3.4).

The classifier is composed of decision stumps. A decision stump is
a very simple classifier that scores each possible class label l, given
a feature vector z, based only on thresholding its f -th entry zf . A
JointBoost decision stump can be written as:

h(z, l;φ) =

⎧
⎨

⎩

a zf > τ and l ∈ CS

b zf ≤ τ and l ∈ CS

kl l /∈ CS

(6)

In other words, each decision stump stores a set of classes CS . If
l ∈ CS , then the stump compares zf against a threshold τ , and
returns a constant a if zf > τ , and another constant b otherwise.
If l /∈ CS , then the comparison is ignored; instead, a constant kl is
returned instead. There is one kl for each l /∈ CS . The parameters φ
of a single decision stump are f, a, b, τ , the set CS , and kl for each
l /∈ CS .

The probability of a given class l is then computed by summing the
decision stumps and then performing a softmax transformation:

H(z, l) =
∑

j

h(z, l;φj) (7)

P (c = l|z, ξ) = exp(H(z, l))∑
ℓ∈C exp(H(z, ℓ))

(8)

The parameters ξ consist of the parameters {φj} of all the individ-
ual decision stumps.

3.4 Feature vectors

We do not know in advance which features will be useful for seg-
mentation. Furthermore, it may be that different features are infor-
mative for different mesh parts and for different styles of segmenta-
tion. As a result, we construct our feature vectors out of as many in-
formative features as possible. Since the JointBoost algorithm per-
forms automatic feature selection, each classifier only uses a subset
of the provided features. In our experiments, we have not found a
case where adding informative features led to worse results. Hence,
one may add other features besides the ones listed here. We find

that the precise form of the features is important: careful selection
of details, such as binning strategy and normalization, can improve
results. Adding features does increase computation time, especially
for preprocessing and learning. Hence, we have attempted to design
features that are as informative as possible.

Unary features. We use multi-scale surface curvature, singular
values extracted from Principal Component Analysis of local shape,
shape diameter [Shapira et al. In Press], distances from medial sur-
face points [Liu et al. 2009], average geodesic distances [Hilaga
et al. 2001; Zhang et al. 2005], shape contexts [Belongie et al.
2002], and spin images [Johnson and Hebert 1999] to form a ba-
sic 339-dimensional feature vector x̃i per face i. Full details of our
implementation for these features are given in Appendix A.

Contextual label features. Training a classifier using only the
above features is often sufficient for labeling. However, in many
cases, better results can be achieved by re-training an additional
classifier that uses information about the global distribution of la-
bels around each mesh face. Since the labels are not known in ad-
vance, they are approximated by an initial application of the classi-
fier with the above features. We introduce contextual label features
based on these initial labels.

We first train an initial JointBoost classifier using the initial feature
vector x̃. This classifier can be applied to each training mesh to
produce per-face class probabilities P (c|x̃). Then, for each face i,
we compute a histogram of these probabilities, which captures the
global distribution of part labels relative to the face, in a manner
inspired by shape contexts [Belongie et al. 2002], and similar to
image auto-contexts [Tu 2008] and bags of semantic textons [Shot-
ton et al. 2008]. The histogram bins are determined as a function
of geodesic and euclidean distances. These features allow the algo-
rithm to make use of estimates of labels from the global context of
each face. Details of the histograms are given in the Appendix.

The values of these histogram bins form a set x̄1 of contextual la-
bel features that are concatenated with x̃ to produce the full feature
vector x1 = [x̃T , x̄T

1 ]
T . The new feature vector has 339 + 35 · |C|

features, where |C| is the number of labels. Then, we train a new
JointBoost classifier from x̄1 to class probabilities. The new clas-
sifier will now take into account the generated contextual features
to further discriminate parts, as shown in Figure 2g, compared to
the result of Figure 2f, where only the initial JointBoost classifier is
used (without the contextual label features).

After training the second classifier, we bin the newly produced class
probabilities P (c|x1) to produce new contextual label features x̄2.
These are concatenated with x̃ to produce a third feature vector x2.
Then, we can train a third classifier based on the feature vector x2.
This process can be iterated to further refine the discrimination of
classes, similar to cascade generalization [Gama and Brazdil 2000].
This approach may be iterated N times to produce N feature vec-
tors, until the error on the validation set does not increase. In our
experiments, the algorithm usually selects N = 3. Computing the
feature vectors for a new surface entails repeating the same process
as above: x̃ is computed for each face, then the first JointBoost pro-
duces the first set of contextual features x̄, and the process repeats
until getting xN , which is used as the complete feature vector x.
We find that using these contextual features produces a significant
improvement in performance, about 3 − 10%, depending on the
mesh category.

Pairwise features. The pairwise feature vector yij between
faces i and j consists of the dihedral angles between the faces, and
differences of the following features between the faces: curvatures
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Labeling energy: unary term
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P( | )torso x P( | )leg x P( | )tail x
Slide credit: E. Kalogerakis



Labeling using unary term alone
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Conditional random field labeling
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Pairwise Term
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Geometry-dependent term: likelihood of 
label change based on geometry alone
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Pairwise Term
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Learned label compatibility term: learned with 
JointBoost from geometric 191-D features
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Full CRF result
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Learning and inference

• Learn unary classifier and G(y) with Joint Boosting 
[Torralba et al. 2007]

• Hold-out validation for the rest of parameters

• CRF inference - using graph cuts [Boykov et al. 2001]

33Slide credit: E. Kalogerakis



Dataset used in experiments
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• Princeton Segmentation Benchmark (PSB) [Chen et al. 2009]                   
http://segeval.cs.princeton.edu 

• 11 human generated segmentations (“probabilistic” ground truth) 
• 380 watertight meshes across 19 categories

Slide credit: E. Kalogerakis
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Dataset used in experiments

• We label 380 meshes from the PCB [Chen et al. 2009]

• Each of the 19 categories is treated separately
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Labeling results
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Segmentation Comparisons
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Shape Diameter
[Shapira et al. 10]

Randomized Cuts
[Golovinskiy and 
Funkhouser 08]

Our approach
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Shape Diameter
[Shapira et al. 10]

Randomized Cuts
[Golovinskiy and 
Funkhouser 08]
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Segmentation Comparisons
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Learning different segmentation styles
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Generalization to different categories
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Torso
Leg

Failure cases
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Limitations (common to most approaches)

• Adjacent segments with the same label are merged
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Head
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segmentation
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• Results depend on having sufficient training data
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Limitations

• Many features are sensitive to topology
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• A follow-up: “Prior Knowledge for Part Correspondence”  
[van Kaick et al. 2011]

More on learning shape labeling
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• A follow-up: “Prior Knowledge for Part Correspondence”  
[van Kaick et al. 2011] 
• Similar problem formulation, combined with per-face mesh 

alignment 

• Deep learning for shape labeling - in the second part of the 
course

More on learning shape labeling

46
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Questions so far?



UNSUPERVISED CO-SEGMENTATION 
OF SHAPE COLLECTIONS

Unsupervised segmentation
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Unsupervised co-segmentation in 
shape collections

• A collection of shapes sharing a general structure and 
functionality, but not necessarily similar corresponding parts

49Slide credit: O. Sidi



Unsupervised co-segmentation in 
shape collections

• Our goal: derive consistent segmentation across the collection 
• Note the geometric and topological differences of parts!
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E.g. handles
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Unsupervised co-segmentation in 
shape collections

• “Unsupervised Co-Segmentation of a Set of Shapes via 
Descriptor-Space Spectral Clustering” [Sidi et al. 2011] 

Main ideas 
• Treat the segmentation problem as clustering in the space of 

shape descriptors rather than spatial coordinates 

• Pro: doesn’t require spatially aligned shapes 

• Spectral clustering using diffusion maps 

• Create statistical models of shape part descriptors using 
obtained clusters 

• Refine individual segmentations using graph cuts
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Unsupervised co-segmentation in 
shape collections

• Algorithm outline

52

2. Segment descriptor 
embedding

4. Statistical model1. Pre-segmentation 3. Clustering5. Result
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Step 0: compute shape descriptors
• Input: scale-normalized shapes in upright orientation 
• Face-level descriptors 

• Geodesic distance from the base of the shape 
• Angle between face normal and upright direction 
• Shape diameter function (SDF) [Shapira et al. 2009]

53

Examples of the cone of rays shot 
to the opposite side of the shape

SDF - weighted average of all ray 
lengths (see the paper for details)

Image credit: L. Shapira



Step 1: pre-segmentation
• Initial (imperfect) segments obtained by        

mean-shift clustering [Comaniciu and Meyer  
2002] applied to face descriptors 

• Segment-level descriptors 
• Histograms of face-level descriptors per 

segment       - for descriptor d and patch i 

• Segment area normalized by total shape area 

• Segment geometry descriptor, derived from 
eigenvalues of PCA applied to segment vertices
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Step 2: diffusion descriptor embedding
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Step 2: descriptor embedding - 
motivation

• Applied to segment descriptors

Dissimilar 
handles

56Slide credit: O. Sidi



Step 2: descriptor embedding - 
motivation

• Applied to segment descriptors

Dissimilar 
handles
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Step 2: descriptor embedding - 
motivation

• Applied to segment descriptors

Dissimilar 
handles
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Step 2: descriptor embedding - 
motivation

• Third party connections

Dissimilar 
handles
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Third 
parties

Image credit: O. Sidi



Step 2: descriptor embedding - 
motivation

• Diffusion map embedding via third parties

Dissimilar 
handles

60Image credit: O. Sidi



Step 2: descriptor embedding - 
motivation

• Diffusion map embedding via third parties

Dissimilar 
handles
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Step 2: diffusion descriptor embedding
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However, it is important to notice that the objects that we consider
can have a large amount of variability. Thus, a simple clustering
algorithm will not group the segments into the proper classes, since
the segments are non-uniformly distributed in descriptor space. The
shape of the clusters can be highly anisotropic or even non-linear.
To overcome this difficulty, we first embed the segments into a new
space with the aid of diffusion maps, where the Euclidean distance
between two segments will better reflect their similarity. Then,
clustering in the embedding will provide a more accurate group-
ing of segments. The usefulness of applying the diffusion maps for
the co-segmentation of a group of shapes is illustrated in Figure 2.

Embedding computation. We start with the set of segments ob-
tained from all the shapes, S = {s1, . . . , sn}. The dissimilarity
between two segments si and sj is given by

D(si, sj) =

vuut
ndX

d=1

EMD2
(h

d
i , h

d
j ) + |ai � aj |2 + kgi � gjk22,

(3)
where h

d
i , ai, and gi are the segment-level descriptors discussed

in Section 4 and nd = 3. EMD is the earth-mover’s distance, a
common measure of the dissimilarity between two probability dis-
tributions, since the h

d
i are histograms.

Next, we construct an affinity matrix W , with

Wi,j = exp(�D(si, sj)/2�
2
). (4)

Note that, in our method, we obtain the pairwise affinities by ap-
plying a Gaussian kernel to the segment dissimilarities, but other
choices for the kernel are also possible [Nadler et al. 2005]. By
defining a matrix Di,i =

P
j Wi,j , we obtain the normalized

M = D

�1
W . M can be seen as a stochastic matrix, with Mi,j

being the probability of a transition from segment si to segment sj
in one time step. The transition probability can be interpreted as the
strength of the connection between the two segments.

Finally, we compute the eigendecomposition of the matrix M , ob-
taining eigenvalues �0 = 1 > �1 � �2 � . . . � �n�1 � 0 and
eigenvectors  0, . . . , n�1 [Nadler et al. 2005; Coifman and Lafon
2006]. The diffusion map at time t is then given by

 t(s) = (�

t
1 1(s), . . . ,�

t
n�1 n�1(s)), (5)

where t(s) defines the coordinates of segment s in the embedding
or map. The eigenvector  0 is constant and is thus discarded.

Interpretation. The main result regarding diffusion maps is that
the Euclidean distance between two points x and y on the map is
equal to the diffusion distance between the two points [Nadler et al.
2005]. The diffusion distance is given by

D2
t (x, y) =

X

z

(p(t, z|x)� p(t, z|y))2w(z), (6)

where p(t, z|x) is the probability of transition from x to z in t time
steps, and w(z) weights the local density at z. The larger the num-
ber of short paths that exist between x and y, the more the distance
will decrease, giving an indication of how strongly the two points
are connected. The time parameter t can be varied to analyze the
structure of the points at different scales [Coifman and Lafon 2006].
An alternative interpretation is to see the map as the state of a dy-
namic system after t steps of a diffusion process have taken place.

Implementation. We compute the diffusion map using only the
first three eigenvectors, since the diffusion distance can be well ap-
proximated in this manner [Nadler et al. 2005]. Moreover, we select

t = 3 for computing the embedding of all the segments and t = 5

for the initial per-object segmentation (as described in Section 4).

Clustering. After obtaining the diffusion maps, we cluster the seg-
ments in the embedded space with an agglomerative hierarchical
algorithm. We start with each segment as an initial cluster and,
during the incremental construction of the hierarchy, we merge the
current pair of clusters with minimal distance. The distance be-
tween two clusters is given by the Euclidean distance between their
centroids. The final number of clusters is provided by the user, and
it corresponds approximately to the number of semantic parts that
constitute the shapes. The result is a grouping of the segments into
the potential classes of parts that exist in the set.

6 Statistical model and co-segmentation

Statistical model. We now derive a statistical model for each class
of parts. The models are constructed from the clusters of segments,
based on the shape descriptors.

For each cluster ci, we collect the descriptor values for all the faces
of all the segments in the cluster. Based on the observed values, we
estimate a multi-dimensional Gaussian to model the class,

p(f |ci) = p(f, µi,⌃i) = C e

� 1
2 (f�µi)

T⌃�1
i (f�µi)

, (7)

where µi and ⌃i are the parameters that model the i-th class, and
C is the Gaussian’s normalization constant. The parameter dimen-
sions are 3 ⇥ 1 and 3 ⇥ 3, respectively, as we use three face-
level descriptors. The parameters are estimated with a standard
expectation-maximization approach. We observed that this scheme
provides a simple, yet effective, class model, e.g., as opposed to
more complex models such as mixtures of Gaussians.

Finally, the probability that an unknown face f belongs to class ci
is given by Bayes’ Theorem,

p(ci|f) / p(f |ci)p(ci), (8)

where the prior p(ci) is taken as the sum of the area of the seg-
ments that are part of cluster ci, normalized by the total area of all
segments in the set.

Refined co-segmentation. The statistical model for each class
is used to perform the final co-segmentation. We pose the co-
segmentation as a labeling optimization which is solved individu-
ally for each shape. The group information enters the optimization
through the data term of the labeling energy.

Given a mesh, we define the graph G = {V,E}, where the nodes
V are given by the faces of the mesh and an arc {u, v} 2 E if the
faces u and v are neighbors on the mesh. The optimization is then
posed as finding the labeling l that minimizes the energy

E(l) =
X

u2V

ED(u, lu) +

X

uv2E

ES(u, v, lu, lv) , (9)

where lu and lv are the labels assigned to nodes u and v, respec-
tively, and ED and ES are the data and smoothness energy terms.

The data term is given by

ED(u, lu) = �! log(p(clu |u)), (10)

where p(clu |u) is the probability that node u is part of cluster clu ,
given by the statistical model of cluster clu , and ! is a constant that
regulates the influence of the data term in the total energy. The cost
of assigning a specific label to the node increases according to how
unlikely it is that the face belongs to the corresponding class.

3 eigenvectors were used in the paper

* more details 
in the paper
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Step 3: clustering in the embedding 
space

• Agglomerative hierarchical clustering [?] in the embedding 
space 

• Number of classes given by the user 

• Clustering gives an initial co-segmentation
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Step 3: more results
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Descriptor space  
clustering

Initial shapes
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Step 4: statistical model and labeling

• Goal: create statistical models of part descriptors to refine the 
segmentation

65Slide credit: O. Sidi



Step 4: statistical model and labeling

• Fit three-dimensional Gaussians to descriptors, using 
Expectation Maximization (EM)

66

• Inference: probability of face belonging to class

However, it is important to notice that the objects that we consider
can have a large amount of variability. Thus, a simple clustering
algorithm will not group the segments into the proper classes, since
the segments are non-uniformly distributed in descriptor space. The
shape of the clusters can be highly anisotropic or even non-linear.
To overcome this difficulty, we first embed the segments into a new
space with the aid of diffusion maps, where the Euclidean distance
between two segments will better reflect their similarity. Then,
clustering in the embedding will provide a more accurate group-
ing of segments. The usefulness of applying the diffusion maps for
the co-segmentation of a group of shapes is illustrated in Figure 2.

Embedding computation. We start with the set of segments ob-
tained from all the shapes, S = {s1, . . . , sn}. The dissimilarity
between two segments si and sj is given by

D(si, sj) =

vuut
ndX

d=1

EMD2
(h

d
i , h

d
j ) + |ai � aj |2 + kgi � gjk22,

(3)
where h

d
i , ai, and gi are the segment-level descriptors discussed

in Section 4 and nd = 3. EMD is the earth-mover’s distance, a
common measure of the dissimilarity between two probability dis-
tributions, since the h

d
i are histograms.

Next, we construct an affinity matrix W , with

Wi,j = exp(�D(si, sj)/2�
2
). (4)

Note that, in our method, we obtain the pairwise affinities by ap-
plying a Gaussian kernel to the segment dissimilarities, but other
choices for the kernel are also possible [Nadler et al. 2005]. By
defining a matrix Di,i =

P
j Wi,j , we obtain the normalized

M = D

�1
W . M can be seen as a stochastic matrix, with Mi,j

being the probability of a transition from segment si to segment sj
in one time step. The transition probability can be interpreted as the
strength of the connection between the two segments.

Finally, we compute the eigendecomposition of the matrix M , ob-
taining eigenvalues �0 = 1 > �1 � �2 � . . . � �n�1 � 0 and
eigenvectors  0, . . . , n�1 [Nadler et al. 2005; Coifman and Lafon
2006]. The diffusion map at time t is then given by

 t(s) = (�

t
1 1(s), . . . ,�

t
n�1 n�1(s)), (5)

where t(s) defines the coordinates of segment s in the embedding
or map. The eigenvector  0 is constant and is thus discarded.

Interpretation. The main result regarding diffusion maps is that
the Euclidean distance between two points x and y on the map is
equal to the diffusion distance between the two points [Nadler et al.
2005]. The diffusion distance is given by

D2
t (x, y) =

X

z

(p(t, z|x)� p(t, z|y))2w(z), (6)

where p(t, z|x) is the probability of transition from x to z in t time
steps, and w(z) weights the local density at z. The larger the num-
ber of short paths that exist between x and y, the more the distance
will decrease, giving an indication of how strongly the two points
are connected. The time parameter t can be varied to analyze the
structure of the points at different scales [Coifman and Lafon 2006].
An alternative interpretation is to see the map as the state of a dy-
namic system after t steps of a diffusion process have taken place.

Implementation. We compute the diffusion map using only the
first three eigenvectors, since the diffusion distance can be well ap-
proximated in this manner [Nadler et al. 2005]. Moreover, we select

t = 3 for computing the embedding of all the segments and t = 5

for the initial per-object segmentation (as described in Section 4).

Clustering. After obtaining the diffusion maps, we cluster the seg-
ments in the embedded space with an agglomerative hierarchical
algorithm. We start with each segment as an initial cluster and,
during the incremental construction of the hierarchy, we merge the
current pair of clusters with minimal distance. The distance be-
tween two clusters is given by the Euclidean distance between their
centroids. The final number of clusters is provided by the user, and
it corresponds approximately to the number of semantic parts that
constitute the shapes. The result is a grouping of the segments into
the potential classes of parts that exist in the set.

6 Statistical model and co-segmentation

Statistical model. We now derive a statistical model for each class
of parts. The models are constructed from the clusters of segments,
based on the shape descriptors.

For each cluster ci, we collect the descriptor values for all the faces
of all the segments in the cluster. Based on the observed values, we
estimate a multi-dimensional Gaussian to model the class,

p(f |ci) = p(f, µi,⌃i) = C e

� 1
2 (f�µi)

T⌃�1
i (f�µi)

, (7)

where µi and ⌃i are the parameters that model the i-th class, and
C is the Gaussian’s normalization constant. The parameter dimen-
sions are 3 ⇥ 1 and 3 ⇥ 3, respectively, as we use three face-
level descriptors. The parameters are estimated with a standard
expectation-maximization approach. We observed that this scheme
provides a simple, yet effective, class model, e.g., as opposed to
more complex models such as mixtures of Gaussians.

Finally, the probability that an unknown face f belongs to class ci
is given by Bayes’ Theorem,

p(ci|f) / p(f |ci)p(ci), (8)

where the prior p(ci) is taken as the sum of the area of the seg-
ments that are part of cluster ci, normalized by the total area of all
segments in the set.

Refined co-segmentation. The statistical model for each class
is used to perform the final co-segmentation. We pose the co-
segmentation as a labeling optimization which is solved individu-
ally for each shape. The group information enters the optimization
through the data term of the labeling energy.

Given a mesh, we define the graph G = {V,E}, where the nodes
V are given by the faces of the mesh and an arc {u, v} 2 E if the
faces u and v are neighbors on the mesh. The optimization is then
posed as finding the labeling l that minimizes the energy

E(l) =
X

u2V

ED(u, lu) +

X

uv2E

ES(u, v, lu, lv) , (9)

where lu and lv are the labels assigned to nodes u and v, respec-
tively, and ED and ES are the data and smoothness energy terms.

The data term is given by

ED(u, lu) = �! log(p(clu |u)), (10)

where p(clu |u) is the probability that node u is part of cluster clu ,
given by the statistical model of cluster clu , and ! is a constant that
regulates the influence of the data term in the total energy. The cost
of assigning a specific label to the node increases according to how
unlikely it is that the face belongs to the corresponding class.

However, it is important to notice that the objects that we consider
can have a large amount of variability. Thus, a simple clustering
algorithm will not group the segments into the proper classes, since
the segments are non-uniformly distributed in descriptor space. The
shape of the clusters can be highly anisotropic or even non-linear.
To overcome this difficulty, we first embed the segments into a new
space with the aid of diffusion maps, where the Euclidean distance
between two segments will better reflect their similarity. Then,
clustering in the embedding will provide a more accurate group-
ing of segments. The usefulness of applying the diffusion maps for
the co-segmentation of a group of shapes is illustrated in Figure 2.

Embedding computation. We start with the set of segments ob-
tained from all the shapes, S = {s1, . . . , sn}. The dissimilarity
between two segments si and sj is given by
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where h
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in Section 4 and nd = 3. EMD is the earth-mover’s distance, a
common measure of the dissimilarity between two probability dis-
tributions, since the h

d
i are histograms.

Next, we construct an affinity matrix W , with

Wi,j = exp(�D(si, sj)/2�
2
). (4)

Note that, in our method, we obtain the pairwise affinities by ap-
plying a Gaussian kernel to the segment dissimilarities, but other
choices for the kernel are also possible [Nadler et al. 2005]. By
defining a matrix Di,i =

P
j Wi,j , we obtain the normalized

M = D

�1
W . M can be seen as a stochastic matrix, with Mi,j

being the probability of a transition from segment si to segment sj
in one time step. The transition probability can be interpreted as the
strength of the connection between the two segments.

Finally, we compute the eigendecomposition of the matrix M , ob-
taining eigenvalues �0 = 1 > �1 � �2 � . . . � �n�1 � 0 and
eigenvectors  0, . . . , n�1 [Nadler et al. 2005; Coifman and Lafon
2006]. The diffusion map at time t is then given by

 t(s) = (�
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1 1(s), . . . ,�
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n�1 n�1(s)), (5)

where t(s) defines the coordinates of segment s in the embedding
or map. The eigenvector  0 is constant and is thus discarded.

Interpretation. The main result regarding diffusion maps is that
the Euclidean distance between two points x and y on the map is
equal to the diffusion distance between the two points [Nadler et al.
2005]. The diffusion distance is given by

D2
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(p(t, z|x)� p(t, z|y))2w(z), (6)

where p(t, z|x) is the probability of transition from x to z in t time
steps, and w(z) weights the local density at z. The larger the num-
ber of short paths that exist between x and y, the more the distance
will decrease, giving an indication of how strongly the two points
are connected. The time parameter t can be varied to analyze the
structure of the points at different scales [Coifman and Lafon 2006].
An alternative interpretation is to see the map as the state of a dy-
namic system after t steps of a diffusion process have taken place.

Implementation. We compute the diffusion map using only the
first three eigenvectors, since the diffusion distance can be well ap-
proximated in this manner [Nadler et al. 2005]. Moreover, we select

t = 3 for computing the embedding of all the segments and t = 5

for the initial per-object segmentation (as described in Section 4).

Clustering. After obtaining the diffusion maps, we cluster the seg-
ments in the embedded space with an agglomerative hierarchical
algorithm. We start with each segment as an initial cluster and,
during the incremental construction of the hierarchy, we merge the
current pair of clusters with minimal distance. The distance be-
tween two clusters is given by the Euclidean distance between their
centroids. The final number of clusters is provided by the user, and
it corresponds approximately to the number of semantic parts that
constitute the shapes. The result is a grouping of the segments into
the potential classes of parts that exist in the set.

6 Statistical model and co-segmentation

Statistical model. We now derive a statistical model for each class
of parts. The models are constructed from the clusters of segments,
based on the shape descriptors.

For each cluster ci, we collect the descriptor values for all the faces
of all the segments in the cluster. Based on the observed values, we
estimate a multi-dimensional Gaussian to model the class,

p(f |ci) = p(f, µi,⌃i) = C e
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where µi and ⌃i are the parameters that model the i-th class, and
C is the Gaussian’s normalization constant. The parameter dimen-
sions are 3 ⇥ 1 and 3 ⇥ 3, respectively, as we use three face-
level descriptors. The parameters are estimated with a standard
expectation-maximization approach. We observed that this scheme
provides a simple, yet effective, class model, e.g., as opposed to
more complex models such as mixtures of Gaussians.

Finally, the probability that an unknown face f belongs to class ci
is given by Bayes’ Theorem,

p(ci|f) / p(f |ci)p(ci), (8)

where the prior p(ci) is taken as the sum of the area of the seg-
ments that are part of cluster ci, normalized by the total area of all
segments in the set.

Refined co-segmentation. The statistical model for each class
is used to perform the final co-segmentation. We pose the co-
segmentation as a labeling optimization which is solved individu-
ally for each shape. The group information enters the optimization
through the data term of the labeling energy.

Given a mesh, we define the graph G = {V,E}, where the nodes
V are given by the faces of the mesh and an arc {u, v} 2 E if the
faces u and v are neighbors on the mesh. The optimization is then
posed as finding the labeling l that minimizes the energy

E(l) =
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u2V

ED(u, lu) +
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uv2E

ES(u, v, lu, lv) , (9)

where lu and lv are the labels assigned to nodes u and v, respec-
tively, and ED and ES are the data and smoothness energy terms.

The data term is given by

ED(u, lu) = �! log(p(clu |u)), (10)

where p(clu |u) is the probability that node u is part of cluster clu ,
given by the statistical model of cluster clu , and ! is a constant that
regulates the influence of the data term in the total energy. The cost
of assigning a specific label to the node increases according to how
unlikely it is that the face belongs to the corresponding class.
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However, it is important to notice that the objects that we consider
can have a large amount of variability. Thus, a simple clustering
algorithm will not group the segments into the proper classes, since
the segments are non-uniformly distributed in descriptor space. The
shape of the clusters can be highly anisotropic or even non-linear.
To overcome this difficulty, we first embed the segments into a new
space with the aid of diffusion maps, where the Euclidean distance
between two segments will better reflect their similarity. Then,
clustering in the embedding will provide a more accurate group-
ing of segments. The usefulness of applying the diffusion maps for
the co-segmentation of a group of shapes is illustrated in Figure 2.
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proximated in this manner [Nadler et al. 2005]. Moreover, we select
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for the initial per-object segmentation (as described in Section 4).
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algorithm. We start with each segment as an initial cluster and,
during the incremental construction of the hierarchy, we merge the
current pair of clusters with minimal distance. The distance be-
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it corresponds approximately to the number of semantic parts that
constitute the shapes. The result is a grouping of the segments into
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6 Statistical model and co-segmentation
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where µi and ⌃i are the parameters that model the i-th class, and
C is the Gaussian’s normalization constant. The parameter dimen-
sions are 3 ⇥ 1 and 3 ⇥ 3, respectively, as we use three face-
level descriptors. The parameters are estimated with a standard
expectation-maximization approach. We observed that this scheme
provides a simple, yet effective, class model, e.g., as opposed to
more complex models such as mixtures of Gaussians.

Finally, the probability that an unknown face f belongs to class ci
is given by Bayes’ Theorem,
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To overcome this difficulty, we first embed the segments into a new
space with the aid of diffusion maps, where the Euclidean distance
between two segments will better reflect their similarity. Then,
clustering in the embedding will provide a more accurate group-
ing of segments. The usefulness of applying the diffusion maps for
the co-segmentation of a group of shapes is illustrated in Figure 2.
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will decrease, giving an indication of how strongly the two points
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structure of the points at different scales [Coifman and Lafon 2006].
An alternative interpretation is to see the map as the state of a dy-
namic system after t steps of a diffusion process have taken place.
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first three eigenvectors, since the diffusion distance can be well ap-
proximated in this manner [Nadler et al. 2005]. Moreover, we select
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centroids. The final number of clusters is provided by the user, and
it corresponds approximately to the number of semantic parts that
constitute the shapes. The result is a grouping of the segments into
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of parts. The models are constructed from the clusters of segments,
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sions are 3 ⇥ 1 and 3 ⇥ 3, respectively, as we use three face-
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expectation-maximization approach. We observed that this scheme
provides a simple, yet effective, class model, e.g., as opposed to
more complex models such as mixtures of Gaussians.

Finally, the probability that an unknown face f belongs to class ci
is given by Bayes’ Theorem,
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where the prior p(ci) is taken as the sum of the area of the seg-
ments that are part of cluster ci, normalized by the total area of all
segments in the set.

Refined co-segmentation. The statistical model for each class
is used to perform the final co-segmentation. We pose the co-
segmentation as a labeling optimization which is solved individu-
ally for each shape. The group information enters the optimization
through the data term of the labeling energy.
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of assigning a specific label to the node increases according to how
unlikely it is that the face belongs to the corresponding class.

However, it is important to notice that the objects that we consider
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To overcome this difficulty, we first embed the segments into a new
space with the aid of diffusion maps, where the Euclidean distance
between two segments will better reflect their similarity. Then,
clustering in the embedding will provide a more accurate group-
ing of segments. The usefulness of applying the diffusion maps for
the co-segmentation of a group of shapes is illustrated in Figure 2.
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Interpretation. The main result regarding diffusion maps is that
the Euclidean distance between two points x and y on the map is
equal to the diffusion distance between the two points [Nadler et al.
2005]. The diffusion distance is given by
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t (x, y) =
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(p(t, z|x)� p(t, z|y))2w(z), (6)

where p(t, z|x) is the probability of transition from x to z in t time
steps, and w(z) weights the local density at z. The larger the num-
ber of short paths that exist between x and y, the more the distance
will decrease, giving an indication of how strongly the two points
are connected. The time parameter t can be varied to analyze the
structure of the points at different scales [Coifman and Lafon 2006].
An alternative interpretation is to see the map as the state of a dy-
namic system after t steps of a diffusion process have taken place.

Implementation. We compute the diffusion map using only the
first three eigenvectors, since the diffusion distance can be well ap-
proximated in this manner [Nadler et al. 2005]. Moreover, we select

t = 3 for computing the embedding of all the segments and t = 5

for the initial per-object segmentation (as described in Section 4).

Clustering. After obtaining the diffusion maps, we cluster the seg-
ments in the embedded space with an agglomerative hierarchical
algorithm. We start with each segment as an initial cluster and,
during the incremental construction of the hierarchy, we merge the
current pair of clusters with minimal distance. The distance be-
tween two clusters is given by the Euclidean distance between their
centroids. The final number of clusters is provided by the user, and
it corresponds approximately to the number of semantic parts that
constitute the shapes. The result is a grouping of the segments into
the potential classes of parts that exist in the set.

6 Statistical model and co-segmentation

Statistical model. We now derive a statistical model for each class
of parts. The models are constructed from the clusters of segments,
based on the shape descriptors.

For each cluster ci, we collect the descriptor values for all the faces
of all the segments in the cluster. Based on the observed values, we
estimate a multi-dimensional Gaussian to model the class,

p(f |ci) = p(f, µi,⌃i) = C e
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, (7)

where µi and ⌃i are the parameters that model the i-th class, and
C is the Gaussian’s normalization constant. The parameter dimen-
sions are 3 ⇥ 1 and 3 ⇥ 3, respectively, as we use three face-
level descriptors. The parameters are estimated with a standard
expectation-maximization approach. We observed that this scheme
provides a simple, yet effective, class model, e.g., as opposed to
more complex models such as mixtures of Gaussians.

Finally, the probability that an unknown face f belongs to class ci
is given by Bayes’ Theorem,

p(ci|f) / p(f |ci)p(ci), (8)

where the prior p(ci) is taken as the sum of the area of the seg-
ments that are part of cluster ci, normalized by the total area of all
segments in the set.

Refined co-segmentation. The statistical model for each class
is used to perform the final co-segmentation. We pose the co-
segmentation as a labeling optimization which is solved individu-
ally for each shape. The group information enters the optimization
through the data term of the labeling energy.

Given a mesh, we define the graph G = {V,E}, where the nodes
V are given by the faces of the mesh and an arc {u, v} 2 E if the
faces u and v are neighbors on the mesh. The optimization is then
posed as finding the labeling l that minimizes the energy

E(l) =
X

u2V

ED(u, lu) +

X

uv2E

ES(u, v, lu, lv) , (9)

where lu and lv are the labels assigned to nodes u and v, respec-
tively, and ED and ES are the data and smoothness energy terms.

The data term is given by

ED(u, lu) = �! log(p(clu |u)), (10)

where p(clu |u) is the probability that node u is part of cluster clu ,
given by the statistical model of cluster clu , and ! is a constant that
regulates the influence of the data term in the total energy. The cost
of assigning a specific label to the node increases according to how
unlikely it is that the face belongs to the corresponding class.
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However, it is important to notice that the objects that we consider
can have a large amount of variability. Thus, a simple clustering
algorithm will not group the segments into the proper classes, since
the segments are non-uniformly distributed in descriptor space. The
shape of the clusters can be highly anisotropic or even non-linear.
To overcome this difficulty, we first embed the segments into a new
space with the aid of diffusion maps, where the Euclidean distance
between two segments will better reflect their similarity. Then,
clustering in the embedding will provide a more accurate group-
ing of segments. The usefulness of applying the diffusion maps for
the co-segmentation of a group of shapes is illustrated in Figure 2.

Embedding computation. We start with the set of segments ob-
tained from all the shapes, S = {s1, . . . , sn}. The dissimilarity
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being the probability of a transition from segment si to segment sj
in one time step. The transition probability can be interpreted as the
strength of the connection between the two segments.

Finally, we compute the eigendecomposition of the matrix M , ob-
taining eigenvalues �0 = 1 > �1 � �2 � . . . � �n�1 � 0 and
eigenvectors  0, . . . , n�1 [Nadler et al. 2005; Coifman and Lafon
2006]. The diffusion map at time t is then given by
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it corresponds approximately to the number of semantic parts that
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of parts. The models are constructed from the clusters of segments,
based on the shape descriptors.

For each cluster ci, we collect the descriptor values for all the faces
of all the segments in the cluster. Based on the observed values, we
estimate a multi-dimensional Gaussian to model the class,
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where µi and ⌃i are the parameters that model the i-th class, and
C is the Gaussian’s normalization constant. The parameter dimen-
sions are 3 ⇥ 1 and 3 ⇥ 3, respectively, as we use three face-
level descriptors. The parameters are estimated with a standard
expectation-maximization approach. We observed that this scheme
provides a simple, yet effective, class model, e.g., as opposed to
more complex models such as mixtures of Gaussians.

Finally, the probability that an unknown face f belongs to class ci
is given by Bayes’ Theorem,

p(ci|f) / p(f |ci)p(ci), (8)

where the prior p(ci) is taken as the sum of the area of the seg-
ments that are part of cluster ci, normalized by the total area of all
segments in the set.

Refined co-segmentation. The statistical model for each class
is used to perform the final co-segmentation. We pose the co-
segmentation as a labeling optimization which is solved individu-
ally for each shape. The group information enters the optimization
through the data term of the labeling energy.

Given a mesh, we define the graph G = {V,E}, where the nodes
V are given by the faces of the mesh and an arc {u, v} 2 E if the
faces u and v are neighbors on the mesh. The optimization is then
posed as finding the labeling l that minimizes the energy
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where lu and lv are the labels assigned to nodes u and v, respec-
tively, and ED and ES are the data and smoothness energy terms.

The data term is given by

ED(u, lu) = �! log(p(clu |u)), (10)

where p(clu |u) is the probability that node u is part of cluster clu ,
given by the statistical model of cluster clu , and ! is a constant that
regulates the influence of the data term in the total energy. The cost
of assigning a specific label to the node increases according to how
unlikely it is that the face belongs to the corresponding class.
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it corresponds approximately to the number of semantic parts that
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6 Statistical model and co-segmentation

Statistical model. We now derive a statistical model for each class
of parts. The models are constructed from the clusters of segments,
based on the shape descriptors.

For each cluster ci, we collect the descriptor values for all the faces
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sions are 3 ⇥ 1 and 3 ⇥ 3, respectively, as we use three face-
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provides a simple, yet effective, class model, e.g., as opposed to
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is given by Bayes’ Theorem,
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where the prior p(ci) is taken as the sum of the area of the seg-
ments that are part of cluster ci, normalized by the total area of all
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sions are 3 ⇥ 1 and 3 ⇥ 3, respectively, as we use three face-
level descriptors. The parameters are estimated with a standard
expectation-maximization approach. We observed that this scheme
provides a simple, yet effective, class model, e.g., as opposed to
more complex models such as mixtures of Gaussians.

Finally, the probability that an unknown face f belongs to class ci
is given by Bayes’ Theorem,

p(ci|f) / p(f |ci)p(ci), (8)

where the prior p(ci) is taken as the sum of the area of the seg-
ments that are part of cluster ci, normalized by the total area of all
segments in the set.

Refined co-segmentation. The statistical model for each class
is used to perform the final co-segmentation. We pose the co-
segmentation as a labeling optimization which is solved individu-
ally for each shape. The group information enters the optimization
through the data term of the labeling energy.

Given a mesh, we define the graph G = {V,E}, where the nodes
V are given by the faces of the mesh and an arc {u, v} 2 E if the
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where lu and lv are the labels assigned to nodes u and v, respec-
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The data term is given by

ED(u, lu) = �! log(p(clu |u)), (10)

where p(clu |u) is the probability that node u is part of cluster clu ,
given by the statistical model of cluster clu , and ! is a constant that
regulates the influence of the data term in the total energy. The cost
of assigning a specific label to the node increases according to how
unlikely it is that the face belongs to the corresponding class.

Figure 7: Results of our co-segmentation on a variety of shapes. Corresponding segments in each class are shown with the same color.
Notice how the segmentation and labeling is coherent for many of the parts in each set. The results for all the sets were obtained with the
same parameters and shape descriptors. Labeling accuracy statistics for each class are shown in Table 1.

Similarly to [Shapira et al. 2009], the smoothness term is defined as

ES(u, v, lu, lv) =

⇢
0, if lu = lv

� log(✓uv/⇡) luv, otherwise, (11)

where luv is the length of the edge between the faces corresponding
to u and v, and ✓uv is the dihedral angle between the two faces.

To obtain the labeling that minimizes the energy E , we use graph
cuts optimization [Boykov et al. 2001]. More specifically, the
multi-label ↵-expansion algorithm is utilized.

The result of the labeling optimization is a co-segmentation of the
set, since the labeling energy is based on the statistical models ob-
tained from the co-analysis. Thus, in addition to an individual seg-
mentation for each shape, we also obtain a correspondence among
the segments, so that two segments on two different shapes cor-
respond to each other if they possess the same label. Notice also
that this step allows us to correct errors that appear in the initial
co-segmentation, such as displaced boundaries and mislabeled seg-
ments. An example of the refinement is shown in Figure 6.

7 Results

In this section, we evaluate our unsupervised co-segmentation
method and present qualitative and quantitative results. We also
compare our method with the state-of-the-art in co-segmentation
and with a supervised approach. Since our goal in this work is to
present a fully unsupervised approach, all the results were obtained
with a fixed set of parameters.

Datasets and methodology. We use seven classes of shapes in our
experiments: candelabra, chairs, four-legged animals, goblets, gui-
tars, lamps, and vases. The sets of man-made shapes are composed
of objects that possess significant variability, i.e., a common type of
part can appear with different topologies and geometries across the
set, and it can be absent or appear multiple times on a shape. We
modeled two new classes of man-made shapes for this work, while

the remaining classes appeared in [van Kaick et al. 2011]. We man-
ually segmented and labeled each shape, according to a specific la-
beling scheme for each class. This provides a ground-truth label for
each face. We also selected one set of organic shapes (four-legged
animals) from the Princeton Segmentation Benchmark [Chen et al.
2009], and use the ground-truth labeling created by Kalogerakis
et al. [2010]. Note that the ground truth is only used for a sta-
tistical evaluation and is not utilized by our algorithm. The co-
segmentation is performed separately for each class.

Co-segmentation and labeling. Visual results of our co-
segmentation are shown in Figure 7. Notice how, despite the great
variability in the shape parts, our co-analysis is able to extract the
common parts in the set and yield a coherent labeling. We point out
illustrative examples. For candelabra, the method is able to iden-
tify the flames and wax candles of different sizes across the set, and
separate them from the bases and holders, which appear in rich vari-
eties. Also, the multiplicity of the flames and candles does not pose
a problem to the method. Moreover, the lamps and goblets are suc-
cessfully segmented and labeled into their three constituent parts,
even though the geometry or thickness of the corresponding parts
varies. Notice also the different topologies of the lamp supports
that are detected. Chairs are also co-segmented into their main con-
stituent parts, and we obtain a correspondence between legs of dif-
ferent topologies, including star-shaped legs and legs with railings.
In the vases, handles of different sizes and shapes are identified, as
well as bodies with very different geometries, including spherical,
cylindrical, or flat bodies. We also see how the various types of
guitar bodies are separated from the necks. Finally, we observe that
the co-analysis is also successful when applied to a set of organic
shapes with significant variability. Heads with short or long necks
are correctly labeled, as well as the various animal bodies and legs.

We also notice a few shortcomings in the results. The small handles
that appear on the candelabra are not properly separated from the
holders, and similarly the small guitar headstocks are not separated
from the fretboards. The cylindrical sections in the chair backrests
are assigned to the same clusters as the seats. And, the animal tails
are fused with the segments that represent the bodies, while some of
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Results
• Dataset: seven sets of shapes  

• Man-made shapes  
 [van Kaick et al. 2011] 
• Organic shapes  
 [Kalogerakis et al. 2010, Chen et al. 2009] 

• Variability in geometry and part composition
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Limitation: small components like ears and horns are not consistently 
segmented

Different legs are not differentiated from each other

Slide credit: O. Sidi



Limitations: lack of third parties
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Limitations: incorrect connections
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Effect of the set on the accuracy
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Number of shapes in the set
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The set contains more 
information than  
individual shapes

Slide credit: O. Sidi



Descriptor clustering - different flavor

• A follow-up work: “Co-Segmentation of 3D Shapes via 
Subspace Clustering”, Hu et al. 2012 

• Previous method [Sidi et al. 2011] 

• Relies on pre-segmentation 

 affects quality of final result 

• Uses SDF + simple descriptors 

can we use more advanced descriptors? 
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 Pre-segmentation

Image credit: O. Sidi



Co-segmentation via subspace 
clustering

• Utilize over-segmentation to create initial segments
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Over-segmentation 
[Huang et al. 2011]

Unsupervised

Slide credit: R. Hu



Over-segmentation
• Segmentation parameterization [Huang et al. 2011]
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Randomized Cuts

Initial Segments

     Super-pixels  
[Ren and Malik 03]

        Patches 
[Golovinskiy and  
Funkhouser 08] 

Slide credit: R. Hu



Co-segmentation via subspace 
clustering: key observation

• “two parts of models perceived as corresponding may not 
necessarily be similar in all features and may even significantly 
differ on some”
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Chair legs are quite 
similar in AGD features 
(upper right) while they 
differ a lot in SDF features 
(lower right)  

Slide credit: R. Hu



Choice of features

• Different sets favor different features 
• Single feature is not enough
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[Kalogerakis et al. 2010]

• Curvature 
• Shape context 
• Average geodesic 

distance 
• Shape diameter 

(function)

Slide credit: R. Hu



• Different sets favor different features 
• Single feature is not enough
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[Kalogerakis et al. 2010] [Ben-Chen and Gostman 2008]

CF

• Conformal factor

Choice of features

Slide credit: R. Hu



Patch features given by histograms

83Slide credit: R. Hu



• Idea 1: corresponding patches lie in common subspaces of 
some features (but not necessarily all features) 

• Idea 2: “two patches are considered as similar if they are 
similar in a subset of feature spaces and have large similarity 
measurement in each of these feature spaces"

Co-segmentation via subspace 
clustering: key observation
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AGD

Co-segmentation

Subspace clustering

Key idea 1

Key idea 2

Slide credit: R. Hu



Background: subspace clustering

•  
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[Vidal 2010]

 

Slide credit: R. Hu



Sub-space clustering:               
technical details

• Sub-space clustering performed via quadratic programming 

• Smart penalty allows to finds a subset of similar patch pairs, 
and a subset of features to measure their similarity  

• Refine part boundaries using graph cuts

86Our algorithm [Sidi et al. 2011]Slide credit: R. Hu



Unsupervised co-segmentation as 
optimization problem

• “Joint Shape Segmentation with Linear Programing”   
[Huang et al. 2011] 

• Objective 

• Outline 
• Segmentation parameterization 
• Segmentation score 
• Consistency score  
• 0-1 linear programming formulation
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Learning part-based templates
• “Learning Part-based Templates from Large Collections of 

3D Shapes” [Kim et al. 2013] 
• Jointly solve for deformations, part segmentation and inter-

model correspondence
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ACTIVE LEARNING WITH 
HUMAN IN THE LOOP

Semi-supervised segmentation
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Active segmentation learning
• Data-driven method perform well when 

• They rely on big datasets 
• With detailed annotations (e.g., parts labels) 
• Annotations are curated 

• Manual annotation 
• Time consuming 

Not suitable for large collections 
• Automatic annotation 

• Never perfectly reliable
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Manual Annotation
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Time consuming Low efficiency Not satisfactory 
accuracy

• Millions of 3D models 
• Constantly evolving

Airplane tail

•Semantic ambiguity•3D annotation takes 
lots of time

Slide credit: L. Yi



Time consuming Low efficiency Not satisfactory 
accuracy

• Millions of 3D models 
• Constantly evolving

Airplane tail

•Semantic ambiguity•3D annotation takes 
lots of time

Efficiency

Accuracy
?

Manual Annotation
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Manual Annotation

Slide credit: L. Yi



Time consuming Low efficiency Not satisfactory 
accuracy

• Millions of 3D models 
• Constantly evolving

Airplane tail

•Semantic ambiguity•3D annotation takes 
lots of time

Manual Annotation

93

Efficiency

Accuracy
?

Manual Annotation
Verification may improve 
accuracy, but will reduce 

efficiency even further

Slide credit: L. Yi



Automatic annotation
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Automatic annotation
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Not reliable

• Large variation
• Different levels of semantic 

knowledge are needed

Slide credit: L. Yi



Automatic annotation
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Not reliable

• Large variation
• Different levels of semantic 

knowledge are needed

Efficiency

Accuracy
?

Algorithm Prediction

Manual Annotation

Slide credit: L. Yi



Automatic annotation
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Efficiency

Accuracy
Chen et al. 09 ?

Algorithm Prediction

Manual Annotation

Slide credit: L. Yi



Automatic annotation
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Efficiency

Accuracy
Chen et al. 09

Automatic annotation

Manual Annotation

?

Slide credit: L. Yi



Problem Definition
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Active Co-Analysis of a Set of Shapes [Wang et al. 12]

Efficiency

Accuracy
Chen et al. 09

Algorithm Prediction

Manual Annotation Wang et al 12

Slide credit: L. Yi



Problem Definition
• “A Scalable Active Framework for Region Annotation in 3D 

Shape Collections” [Li et al. 2016]
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Efficiency

Accuracy
Chen et al. 09 Li et al. 16

Algorithm Prediction

Manual Annotation Wang et al 12

Slide credit: L. Yi



Problem Definition
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Efficiency

Accuracy
?

Slide credit: L. Yi



Main idea: verification is much more 
efficient than labeling
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Approach overview
• Unified framework which combines 

• human annotation 
• automatic prediction by correspondence propagation 
• batch verification by expert

103Slide credit: L. Yi



Pipeline
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Pipeline
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Pipeline
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Pipeline
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Pipeline
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Pipeline

109Slide credit: L. Yi



Optimization
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Optimization

111

How to issue Annotation and Verification tasks 

to optimize the Utility Function

  Utility Function:
worker time

#(ACCURATE labeling)

Slide credit: L. Yi



Optimization
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  Utility Function:
worker time

#(ACCURATE labeling)

Slide credit: L. Yi



Optimization
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  Utility Function:
worker time

#(ACCURATE labeling)

worker time

Slide credit: L. Yi



Optimization
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  Utility Function:
worker time

#(ACCURATE labeling)

worker time

#(accurate labeling)

Algorithm Behavior

Slide credit: L. Yi



Utility Function

115

Select Annotation Set: Beam Search

Annotation, 
verification 

sets

# accurate 
labels 

expectation

Worker time 
expectation

Slide credit: L. Yi



Utility Function
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Select Annotation Set: Beam Search

Select Verification Set: Greedy Search

Annotation, 
verification 

sets

# accurate 
labels 

expectation

Worker time 
expectation

Slide credit: L. Yi
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Results
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body
engine

wings
tail

roof hood
wheels

gas tanklight
handleseat

wheel

handle body handle keyboard

peak
panel

handle
blade

body
head
neck

shade
base
tube

headband
earphone

fin
body
nose

deck
wheel

handle
barrel
trigger

back

leg

seat

arm

legtop

airplane (4027) earphone (73) cap (56) motorbike (336)

bag (83) mug (213) laptop (452) table (8420)

guitar (793) knife (420) rocket (85) lamp (2308)

chair (6742) pistol (307) car (7496) skateboard 
(152)

~30,000 shapes 
~90,000 parts

Slide credit: L. Yi



Evaluation
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Part labeling on COSEG dataset [Wang et al. 12]

Slide credit: L. Yi



SEGMENTATION/LABELING 
DATASETS

For your reference
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Segmentation/labeling datasets
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• Segmentation/labeling datasets links: 

• Princeton Segmentation Benchmark (PSB) [Chen et al. 2009]                   
http://segeval.cs.princeton.edu 

• 11 human generated segmentations (“probabilistic” ground truth) 
• 380 watertight meshes across 19 categories

http://segeval.cs.princeton.edu


Segmentation/labeling datasets
• Segmentation/labeling datasets links: 

• Labeled PSB dataset (L-PSB) [Kalogerakis et al. 2010]                                          
http://people.cs.umass.edu/%7Ekalo/papers/LabelMeshes/
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http://people.cs.umass.edu/%7Ekalo/papers/LabelMeshes/


Segmentation/labeling datasets
• Segmentation/labeling datasets links: 

• Shape COSEG dataset [Wang et al. 2012]                                         
http://irc.cs.sdu.edu.cn/~yunhai/public_html/ssl/ssl.htm 

• 1090 watertight meshes, obtained using active segmentation 
• 2-5 parts / mesh
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http://irc.cs.sdu.edu.cn/~yunhai/public_html/ssl/ssl.htm


Segmentation/labeling datasets
• Segmentation/labeling datasets links: 

• Labeled ShapeNet subset [Yi et al. 2016]                             
http://web.stanford.edu/~ericyi/project_page/part_annotation/index.html
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~30,000 shapes, ~90,000 parts

http://web.stanford.edu/~ericyi/project_page/part_annotation/index.html
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