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In this paper, we study the problem which concernswhatand Thus, given the goal of extracting style-de ning elements, we pose
whereof style elementsvhere the elements refer to local regions of our search as a feature selection probl&gj,[where the selected
a shape that de ne its style. Speci cally, we aim to translate high- “features” would lead us to the elements we seek. Note that we
level and non-descriptive languages of object styles typically used reserve the term “element” to refer to concrete, locatable regions
by humans, e.g., “Japanese” or “Ming” for furniture, irgmplicit over a 3D shape. “Features”, visually explicit or latent, serve to
andlocalizedgeometric elements or regions over the models that describethe elements themselves. In our method, we rst sample
characterize the styles (see Figure 1). These elements would thera set of candidate elements from all the input shapes, and describe
explicitly re ect the “distinctive manners which permit the grouping each element with multiple features. Speci cally, the elements are
of shapes into style categories” from Fernie's de nition. In addition geometric patches extracted from the surfaces of the input shapes.
to enabling analysis, the spatially located concrete elements canOur goal is then to select the candidate elements that, when present
be manipulated directly, e.g., for style-driven modeling. In contrast, on a shape, are able to de ne the style of the shape and distinguish it
some of the most recent works on style analysis either take a wholistic from other styles. For this step, we introduce a novel iterative method
view of shape styles, learning a style compatibility measure without for nding a set of style-de ning elements based on feature selection
separating individual style elementsg], or require a geometric applied to the candidate elements. Speci cally, the feature selection
match between portions of two shapes to yield a style similarity allows to nd sets of discriminative elements that distinguish among
measurel7]. To date, works which deal directly with style-de ning  different styles. The union of all the sets of discriminative elements
properties either explicitly specify the properteegriori [33] or rely then provides aupersebf elements that constitute the style-de ning
on hand-crafted rules to de ne the stylistic elements [14]. elements. Although there is redundancy in this set if our only goal
is style classi cation, the redundancy provides a more complete
We take as input a set of diverse shapes organized into differentcharacterization of a style by capturing the possible elements that
style labels, where the grouping is provided by human experts; seecan be present on a shape to de ne the style, which can be of use to
Figure 2. Since the collection of shape styles studied in our work (see certain applications beyond classi cation.
Section 6) are closely tied to domain knowledge, t:"Xloert_anm)tadehe explicit description and location of the style-de ning elements

inputs are expected to be more reliable with less data contamination - . ) .

compared to crowdsourced user groupings. Using such an input to cofan bene t several applications for content creation, since it may be
locate style elements is also WeII-motivatea since it supgeetsire dif cult for an artist or automatic algorithm to create a shape in a
selectiorfor separation of shape styles given style just from an abstract high-level description. The de ning

elements are thus a concrete description of how to grant a specic
style to an object. Also, given the nature of the elements we select,
we do not require a correspondence between source and target shapes,
in contrast to style analysis methods that transfer styles between 3D
shapes by analogy §], that match portions of shapek{], or require

a consistent segmentation of shapes across the input set [16].

Our goal is to nd a set ofie ning elements for each style group.
To distinguish one style from the others, it is typically suf cient
to learn a set ofliscriminativeelements, which corresponds to a
minimal set of elements that tell one style apart from the others.
However, to fully characterize a style and enable applications that
manipulate the styles, we need a set of elements that captooesa To demonstrate the advantages of our method, we present several
completecharacterization of the style. This more complete set is applications that are made possible by one of the key abilities of
precisely what we de ne as a set@é ning elementsFor example, to our approach: the spatial localization of elements. The applications
differentiate between the Children and European furniture in Figure 2, include style-revealing view selection, style-aware sampling, and
it is suf cient to look at whether the shape parts are smooth or style-driven modeling. In addition, we show results on using the
adorned with embellishments. However, to confer a shape with the style-de ning elements to analyze and classify the styles of various
Children style, we may need to modify the shape beyond simply collections of man-made objects, and present comparisons of our
removing the decorations from the parts, e.g., we need to add roundmethod to alternative approaches that could be used to address the
corners to the parts. selection of elements, concluding that our method is more effective
than these alternatives.
In contrast to previous work on saliencyZ 28], we note that style-
de ping ele.ments are d.ifferent from geomgtric.ally salient regions. 2 RELATED WORK
Salient regions are typically unique or distinctive when compared
to other regions of the same shaj@&][ On the other hand, style- | this section, we cover works related to the analysis and comparison
de ning elements should be widespread across shapes of the samef image or shape styles, following with a discussion on feature
style and form a type of collective property. For example, as seen selection, which is the main building block in our method.
in Figure 2, smooth and round patches appear all over the Children ] )
furniture, but rarely appear in other styles such as Ming and Japanese>ty!e and content analysis on imagébere have been many works
Therefore, these elements are distinctive features for a particular®n Style analysis for images, where style can be loosely seen as a set
(Children) style in the context of other styles, but not necessarily for Of characteristics that allow a meaningful grouping of images. Here,
individual shapes. In addition, in our results in Figure 21, we show We discuss the works that are most relevant to our method.

how view-point selectiqn based on sgliency highlights different shape poersch et al.§] nd image patches that are characteristic of a
aspects than when using style-de ning elements. speci ¢ geospatial location. The patches are extracted from a large
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exemplar pair. In contrast to these approaches, our style extractionto encode shapes ef ciently for comparis@?], and also different
does not require a correspondence between a base and exempldrag-of-words representations have been proposgdfl]. In our
shape, nor a mapping between portions of the shapes as in the curvenethod, we encode shapes with a word-frequency representation. We
analogy works. In addition, we learn style-de ning elements from compare this choice to an alternative encoding in Section 6, to show
a set of examples, in @o-analysiframework, which allows us to that our representation is adequate for our setting.

obtain a more general model for a style.

Style co-analysisRather than working with individual shapes or a Distinctive regions of 3D surfaceEarlier work by Shilane et al2p]
training set, style co-analysis can work with a style-content table shares some resemblance to our method. That work also attempts
of a set of shapes to extract features that characterize a style. Xuo extractdistinctiveregions over 3D shapes when given a multi-
et al. [33] pre-determine the style-de ning features, namely, part category shape collection. The key conceptual difference between
proportions, and performfarward co-analysis to group the feature  the two works is that we seedtylede ning elements while their
variations that de ne different styles. In comparison, we formulate work seeksontentdiscriminating regions. They de ne the distinc-
our problem as aimverseanalysis, since we select style-de ning tion of a surface region over a 3D object by how useful the region
elements from a large pool of candidates and are able to locate themis in distinguishing the object from other objects belonging to dif-
on speci ¢ regions of the shapes. Our input is a style grouping and ferent categories, in the context of shape retrieval. Speci cally, the
not a more granular style-content table. Li et &¥][restrict their distinction for a region is high if, in a shape-based search of a data-
analysis to curve styles of 2D shapes that are decorative in naturebase with the region as the query, the resulting ranked retrieval list
and group stylistic curve features based on a set of hand-crafted ruleswould consist mostly of objects of the same category near the front.
In contrast, our style analysis is data-driven and more general, sinceClearly, our interpretation of style-de ning elements and the method
we de ne a varied set of candidate elements, and then extract theof element extraction are both different. We co-analyze a shape col-
relevant style-de ning elements from this set via feature selection. lection via classi cation tasks, while their method performs shape
retrieval based on pairwise similarities. On the technical front, their
retrieval is based on a single shape descriptor (the spherical harmonic
descriptor) while our distance metric is learned over a set of features
models, but without explicitly selecting sets of style-de ning ele- for each c_andidate element. We believe that style-discriminating and
! style-de ning shape elements tend to be more local and more subtle,

”?er.‘ts: Most notably, Lun et allf] de ne a structure-transcending compared to content-discriminating surface regions, so that the ensu-
similarity measure to compare the style of two shapes. The method.

. . . . ing analysis calls for a feature representation and selection scheme
searches for pairs of matching salient geometric elements acros

Ihat is more involved.
the shapes, and determines the amount of similarity based on the atis

number of matching elements. The measure is tuned with crowd-

sourced training data that captures examples of style similarities. Liu Feature selectionln statistical pattern recognition, there is a vast
et al. [16] also make use of crowdsourced relative assessments ofliterature on feature selection. In the context of classi cation, the
style compatibility, but focus on the domain of 3D furniture models. goal of these methods is to examine a large set of features to nd a
Their metric for stylistic compatibility is based on obtaining a consis- subset that is suf cient for discriminating a given class from others,
tent segmentation of the input shapes and quantifying the similarity eliminating redundancy and irrelevant features in the process. Feature
of their styles with part-aware feature vectors. The key distinction selection methods can be grouped into three broad categories: lter,
between our method and these works is that we explicitly identify wrapper, and embedded metho8g][ Filter methods select features

the style-de ning elements over the input shapes. Another technical according to their statistical properties, such as correlation. Wrapper
difference lies in the input speci cations: our method takes style approaches test the performance of subsets of features by training a
grouping information from expert annotations while their methods classi er with these features and evaluating their classi cation accu-
were built on large sets of data triplets with style ranking information racy. Thus, wrapper methods tend to be more demanding than Iter
collected via crowdsourcing. approaches due to the repeated training and use of a classi er. Em-

. bedded methods perform feature selection while training a classi er,
Furthermore, the style of other types of geometric datasets can also P 9

be compared with similar approaches. Garces etSilpfopose and thus, offer a better balance between performance and accuracy.
a style similarity measure for clip art illustrations that is learned

from crowdsourced similarity estimates, while O'Donovan et22] [ In our work, we use a Iter method, the minimal-redundancy-maximal-
propose a learning approach to obtain a perceptual similarity measurerelevance (MRMR) criteriond3], to ef ciently select a set of candi-

of fonts. In contrast to these works, our goal is to nd a complete set date elements. MRMR incorporates several criteria that have been
of style-de ning elements and locate them on the shapes, rather thanshown to lead to a quality feature selection. We also re ne the can-
de ning only a global similarity. didate set with a wrapper method, speci cally, a standard/ard

. . . sequential feature selectianethod B2]. We provide more details
Shape comparison and retrievéth our method, we do not require . . .
on these methods in Section 5. In Section 6, we also compare to

correspondenceg between shapes to extract collection-wide stylean embedded method, L1-regularized logistic regres<i8h &s an
elements. To achieve that, we encode shapes as bag-of-words repre- . .

. . . alternative to our feature selection.
sentations. There have been many works in shape retrieval on how

Learning style similaritiesAn alternate line of works proposes to
de ne global style similarity measures, where multiple features are
considered when quantifying the similarity between the styles of two
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Fig. 17. Average accuracies of style classi cation in relation to the Fig. 18. Evaluation of different methods for selecting candidate ele-
number of discriminative sets included in the nal set of de ning ments. We observe that our method, denoted Ours Auto, leads to the
elements. We show an average for all the styles in each dataset. best classi cation results. Please refer to the text for further details on

the other methods.

the construction of the initial elements, our shape representation, the
effect that the size of the training set has on the results, and analyze
the weights learned for the per-element similarity measures. For these
components, we only provide a short summary here, and give more
details and evaluation plots in the supplementary material.

Candidate selectioniVe evaluate the rst step of our method based
on peak analysis by comparing it to two alternative approaches that
could be used for candidate selecti®aris denotes a method where
we select candidate elements with a sampling and Itering approach
inspired by the work of Doersch et ab][ In short, we select an
element if its k-nearest neighbors comprise only a few style labels

and cover as many shapes as possible from the dominating Style‘%ig. 19. Evaluation of different feature selection algorithms for the

This implies that the element is weakly discriminative of a style. ggcong step of our method. Note the better accuracy of our method
We provide more details on this method in AppendixkAmeans when combined with a KNN classi er.

denotes a baseline method where we cluster the initial elements

with k-means into 100 clusters. We then take the cluster centers as o ) ) )
candidate elements. We also explore three different settings of ourOUr method with different settings, where we substitute the classi er
method. InOurs Autg we select the candidate elements automatically, In Our feature selection wrapper with three options: we consider a
according to the density peak clusteri®g]; in Ours Paris we apply k-nearest neighbor classi er (denot€uirs KNN, a classi er based

the Itering of the Paris method to the density peaks detected by our ©n discriminant linear analysi©(rs LDA), and an SVM classi er
method; nally, in Ours K-meanswe run our method requesting the (Ours SVM.

same number of candidates as choserkfoneang100 elements). Figure 19 shows the result of this comparison. We observe that our
method leads to the best classi cation accuracies, especially when
combined with a KNN classi er, although other classi ers and the
L1-reg approach are comparable on several of the sets. This is rea-
sonable since all of the methods start from the same set of initial
elements, and any effective feature selection method should lead to
satisfactory results in this setting. However, it is worth mentioning
Feature selectior\Ve evaluate the second step of our method by com- that the comparison is in terms of shape style classi cation. When
paring it to two alternative approachdgultiSVMdenotes a method  localized features are required, the L1-reg approach provides discrim-
that uses a multi-label SVM classi er. Note that this method allows inative elements, but does not necessarily build a more complete set
us to classify shapes into different styles, and thus we can compareof de ning elements. For all the other experiments in the paper, our
its classi cation accuracy to our method. However, the multi-label method is used with the KNN classi er.

classi er does not perform feature selection for each label, and thus
is not able to extract corresponding de ning elemekhts.reg de-
notes an approach based on L1-regularized logistic regreszspn [
We perform the L1 minimization on each style. This method can Geodesic radius of elementdle evaluate the effect of different

be used for feature selection by retrieving the elements whose opvalues of the main parameter used in the element construction, the
timized weights are non-zero. We also evaluate the second step ofgeodesic radius of the patches, on the accuracy of classi cation. We

Figure 18 presents the result of this comparison. We observe that ou
method with automatic selection of peaks provides the best classi
cation accuracy. We also see that our method with other settings
is comparable for most sets. However, the Itering and k-means
approaches lead to inferior results in some of the sets.

For the following evaluations, we only provide a summary in the
paper. More details are provided in the supplementary material.
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and of a local nature, based mainly on the geometry of shapes. Weconsistency. Thus, it would be interesting, although not straightfor-
focus on local elements, since several authors characterize the stylevard, to explore how to turn a set of style-ranked triplets into a style
of works of art based on local patterns, such as the categorizationgrouping which would serve as input to our style analysis.

of furniture based mainly on the type of feet and nials that appear o .

on the shapefl]. Thus, our analysis does not consider stylistic One nal observation is that the de ning elements of a style that we

features that are anisotropic, structural, and more global, which could sele(_:t with our method are not inFrinsic to the s_tyle, but are de ned
complement the description of certain shape styles. relative to other styles (the positive and negative elements). Thus,
it may be interesting to explore the question of whether de ning

Moreover, one criterion that we use for the selection of de ning elements can be de ned in an intrinsic manner, and extracted from a

elements is that they should appear frequently across the shape§et of example shapes with a single style.
of a style. Thus, our method may miss known de ning elements,

if they only appear seldom in every shape, such as the spires of A\cKkNOWLEDGMENTS
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A SAMPLING AND FILTERING OF ELEMENTS

In this section, we describe the Itering approach inspired by the work
of Doersch et al.j] that can be used as an alternative for the selection
of candidate elements. The goal of this approach is to select elements
that weakly discriminate the styles. Thus, we seek elements whose
neighborhoods are dominated by only a few style labels and at the
same time cover as many shapes as possible. Towards this goal, we
randomly sample 1,000 element8from the set of initial elements.

Given a sampled element, we seleckitaearest neighbors from the

full set of elements , according to the normalized correlation. We
then analyze this neighborhood to compute a histodtigrof style
labels of the neighbors, and another histogtégmof shape coverage

by the neighbors. Speci call{s records the percentage of shapes
from each style that is covered by the elements of the neighborhood.
We then rank the elements basedkthly ) E(Hs), whereE is the
entropy of the histogram. The lower this product is, the higher the
element is ranked. Finally, we pick the top rankéiDelements to
form C, avoiding the duplication of any choice. Two elements are
considered to be duplicated if their neighborhoods overlap in more
than30%where the overlap of two neighborhoods is de ned as the
percentage of elements that appear in both neighborhoods. Note that,
when we combine our method with this Itering, we replac%with

the density peaks, while the rest of the method remains the same.
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