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C

OMPUTER vision methods are currently unable to reliably detect, segment, and parse
deformable objects in cluttered images. (By parsing,
we mean the ability to identify parts, subparts and
subsubparts of the object – which is useful for
applications such as matching/alignment). Although
there have been some partial successes – see [1], [2],
[3], [4], [5], [6] and others reviewed in section (II)
– none have reached the performance levels and
computational speed obtained for detecting faces
by using techniques such as AdaBoost [7], [8].
In our opinion, the main disadvantages of current approaches is that they are based on limited
representations of deformable objects which only
use a small part of the appearance and geometric
information that is available. For example, current
techniques may rely only on a sparse set of image
cues (e.g. SIFT features or edgelets) and limited
“flat” representations of the spatial interactions between different parts of the object, see figure (1).
As theoretical studies have shown [9], the performance of models degrade if the models fail to
represent (and hence exploit) all available information. But improved representation of deformable
objects is only useful when it is accompanied by
efficient techniques for performing inference and
learning and, in practice, the representations used
in computer vision are closed tied to the inference
and learning algorithms that are available (e.g.,
the representations used in [1], [2] were chosen
Index Terms— Hierarchy, Shape Representation, Ob- because they were suitable for inference by dynamic
ject Parsing, Segmentation, Shape Matching, Structured
programming or belief propagation – with pruning).
Learning.
Hence we argue that progress in this area requires us
to simultaneously develop more powerful represenI. I NTRODUCTION
tations together with efficient inference and learning
Abstract— In this paper, we address the tasks of detecting, segmenting, parsing, and matching deformable
objects. We use a novel probabilistic object model that
we call a hierarchical deformable template (HDT). The
HDT represents the object by state variables defined over
a hierarchy (with typically 5 levels). The hierarchy is built
recursively by composing elementary structures to form
more complex structures. A probability distribution – a
parameterized exponential model – is defined over the hierarchy to quantify the variability in shape and appearance
of the object at multiple scales. To perform inference –
to estimate the most probable states of the hierarchy for
an input image – we use a bottom-up algorithm called
compositional inference. This algorithm is an approximate
version of dynamic programming where approximations
are made (e.g., pruning) to ensure that the algorithm is
fast while maintaining high performance. We adapt the
structure-perceptron algorithm to estimate the parameters
of the HDT in a discriminative manner (simultaneously
estimating the appearance and shape parameters). More
precisely, we specify an exponential distribution for the
HDT using a dictionary of potentials which capture the appearance and shape cues. This dictionary can be large and
so does not require hand-crafting the potentials. Instead
structure-perceptron assigns weights to the potentials so
that less important potentials receive small weights (this is
like a “soft” form of feature selection). Finally, we provide
experimental evaluation of HDTs on different visual tasks
including detection, segmentation, matching (alignment)
and parsing. We show that HDTs achieve state of the
art performance for these different tasks when evaluated
on datasets with groundtruth (and when compared to
alternative algorithms which are typically specialized to
each task).
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algorithms.
In this paper, we propose a new class of object
models – hierarchical deformable templates (HDT).
The HDT is specified by a hierarchical graph where
nodes at different levels of the hierarchy represent
components of the object at different scales, with
the lowest level (leaf) nodes corresponding to the
object boundary – see figure (1, 2). Formally we
define state variables at every node of the graph
and the state of the HDT is specified by the state
of all the nodes. The state of a node is the position,
orientation, and scale of the corresponding component of the object. The clique structure of the HDT
(i.e., the sets of nodes that are directly connected
to each other) model the spatial relations between
different components of the object. The HDT has
a rich representation of the object which enables it
to capture appearance and spatial information at a
range of different scales (e.g., figure (2) shows that
nodes at different levels use different appearance
cues). Moreover, the richness of this representation
implies that an HDT can be applied to a large range
of tasks (e.g., segmentation requires estimating the
states of the leaf nodes, detection requires estimating the root node, matching/alignment is performed
by estimating and matching all the nodes). The
HDT can be thought of as a hybrid discriminativegenerative model (e.g., see [10] which does not have
a hierarchy). The probability distribution specifying
it has terms that can be interpreted as a generative
prior for the configurations of the state variables but
the appearance terms that relate these variables to
the images are of discriminative form.
To ensure practicality of HDT, as discussed
above, it is necessary to specify efficient inference
and learning algorithms. We perform inference on
an HDT – i.e., estimate the most probable states of
the HDT for an input image – by compositional inference [11], [12], which we show is both rapid and
effective. We perform partially-supervised learning
of the parameters of HDT (in a discriminative manner) by extending the recent structure perceptron
learning algorithm [13]. The graph structure of the
HDT is learnt in an unsupervised manner by oneexample learning using a clustering algorithm.
Compositional inference is a bottom-up approximate inference algorithm. The structure of HDTs
means that it is possible to perform exact inference
and estimate the best state by dynamic programming
(DP) in polynomial time in the number of nodes

of the hierarchy and the size of the state space.
Unfortunately the state space size is very large
since object components can occur anywhere in the
image (and the state space also includes orientation
and scale). Hence compositional inference is an
approximate version of DP where we represent the
state of each node by a set of proposals together
with their energies (the terminology is suggested
by the MCMC literature). Proposals for the states
of a parent node are constructed by composing the
proposals for its child nodes. These proposals are
pruned by a threshold – to remove configurations
whose energy is too large (e.g., when the proposals
of the child nodes poorly satisfy the spatial relations
required by the parent node) – and by surround suppression which selects the locally maximal proposal
within a fixed window. The key idea is to keep the
number of proposals small enough to be tractable
but rich enough to yield good performance. Compositional inference was inspired by a compositional
algorithm [11] which was applied to a simple model
and was only tested on a small number of images.
The current version was first reported in [12] where
it was applied to AND/OR graphs. Since the HDT
only outputs a sparse set of points on the object
boundary (the states of the leaf nodes) we obtain a
complete contour by using grab-cut [14] initialized
by the connecting the estimate states of the leaf
nodes.
We learn the graph structure of the HDT by
one-example learning using a clustering algorithm
and make initial estimates of the parameters of
the HDT. Then we estimate the full parameters
of the HDT by adapting the structure-perceptron
algorithm [13] (note that structure perceptron does
not learn the graph structure). This enables us to
learn all the parameters globally in a consistent
manner (i.e., we learn the parameters at all levels
of the hierarchy simultaneously). As we will show,
structure-perceptron enables us to select different
shape and appearance features from a dictionary and
to determine ways to optimally weight them (like a
soft version of the selection and weighting strategy
used in AdaBoost [7], [8]). Structure-perceptron
learning is a discriminative approach that is computationally simpler than standard methods such as
maximum likelihood estimation (since it avoids the
need to evaluate the normalization constant of the
distribution of the HDT). An additional advantage
to discriminative learning is that it focusses atten-
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Fig. 1. Two alternative representations for deformable objects. Left panel: standard models use “flat” Markov Random Field (MRF) models
relying on sparse cues and with limited spatial interactions [1], [2], [5], [6]. Middle panel: an HDT has a hierarchical representation with a
large variety of different images cues and spatial interactions at a range of scales. We can, in theory, obtain a flat model from an HDT by
integrating out all the state variables except those at the leaf nodes. This would give a flat model with extremely complicated connections
(all nodes would be connected to each other) which, in this form, would be intractable for learning and inference. Right panel: The points
along the object boundary correspond to the nodes in the “flat” MRF models or the leaf nodes of the HDT.

tion on estimating those parameters of the model
which are most relevant to task performance. We
first reported on the success of structure-perceptron
learning in [15].
We demonstrate the success and versatility of
HDTs by applying them to a range of visual tasks.
We show that they are very effective in terms of
performance and speed (roughly 20 seconds for
a typical 300 × 200 image – the speed increases
approximately linearly in the size of the image)
when evaluated on large datasets which include
horses [16] and cows [17]. In particular, to illustrate
versatility, we demonstrate state-of-the-art results
for different tasks such as object segmentation (evaluated on the Weizmann horse dataset [16]) and
matching/alignment (evaluated on the face dataset
– [18], [19]). The results on the alignment task on
the face dataset are particularly interesting because
we are comparing to results obtained by methods
such as Active Appearance Models [20] which are
specialized for faces and which have been developed
over a period of many years (while we spent one
week in total to run this application including the
time to obtain the dataset). Overall, we demonstrate
that HDTs can perform a large range of visual
tasks (due to its hierarchical representation) while
other computer vision methods typically restrict
themselves to single tasks.
We perform diagnostic analysis to quantify how
different components of the HDT contribute to overall performance and to the computational cost (e.g.,
speed). In particular, we compare how different
levels of the hierarchy contribute to the overall
performance. This type of diagnostic analysis, in
particular the trade-offs between performance and
computation, is necessary for developing principles

for the optimal design of complex computer vision
models like HDTs.
II. BACKGROUND
There is a vast literature on techniques for the
separate tasks of object detection, segmentation, and
parsing/aligning. But these tasks have typically been
studied separately and not addressed by a single
model as we do in this paper. We give a brief review
of the work that is the most relevant to our approach.
The techniques used are generally fairly different
although there are some similarities which we will
discuss.
There has been a range of attempts to model
deformable objects in order to detect, register, and
recognize them. Many of them can be formulated
as maximum a posteriori inference of the position,
or pose, states z of the object parts in terms of the
data I (i.e., an input image). Formally, they seek to
estimate
z ∗ = arg max p(z|I) = arg max p(I|z)p(z),
z

z

(1)

where p(I|z)p(z) = p(I, z) is of form:
X
X
1
αi f (I(xi ), zi )+
βij g(zi , zj )}
p(I, z) = exp{
Z
i
i,j
(2)
where Z is the normalization constant, xi is image
position. The unary potentials f (I(xi ), zi ) model
how well the individual features match to the positions in the image. The binary potentials g(zi , zj )
impose (probabilistic) constraints about the spatial
relationships between feature points. Typically, z is
defined on a flat MRF model, see figure (1), and the
number of its nodes is small.
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Coughlan et al. [1] provided one of the first
models of this type, using a sparse representation of
the boundary of a hand, and showed that dynamic
programming (DP) could be used to detect the object without needing initialization (but using pruning
to speed up the DP). This type of work was extended
by Felzenswalb [5] and by Coughlan who used a
pruned version of belief propagation (BP) [2]. The
main limitation of this class of model is that they
typically involve local pairwise interactions between
points/features (see the second term in equation (2)).
This restriction is mainly due to computational
reasons (i.e. the types of inference and learning
algorithms available) and not for modeling reasons.
There are no known algorithms for performing
inference/learning for densely connected flat models
– for example, the performance of BP is known to
degrade for representations with many closed loops.
Other classes of models are more suitable for
matching than detection [3], [2], [21]. Some of
these models [2], [21] do use longer range spatial interactions, as encoded by shape context and
other features, and global transformations. But these
models are typically only rigorously evaluated on
matching tasks (i.e., in situations where the detection is trivial). They all need good initialization for
position, orientation, and scale if they are required
to detect objects in images with background clutter.
Recent work has introduced hierarchical models
to represent the structure of objects more accurately
(and enable shape regularities at multiple scales).
Shape-trees were presented [6] to model shape
deformations at more than one level. Other work
[22] [23] uses image features extracted at different
scales but does not formulate them within a hierarchy. Alternative approaches [24] use hierarchies
but of very different types. The hierarchical representations most similar to HDTs are the AND/OR
graph representations [25], [26], [12]. But there are
several differences: (i) these AND/OR models have
appearance (imaging) cues at the leaf nodes only,
(ii) they are only partially, if at all, learnt from the
data, (iii) the image cues and geometrical constraints
are mostly hand-specified. Our work has some similarity to the hybrid discriminative/generative models
proposed by Tu [10] since HDTs combine discriminative models for the object appearance with generative models for the geometric configuration of the
object (but Tu’s work does not involve hierarchies).
Object segmentation has usually been formulated

as a different task than object detection and has been
addressed by different techniques. It aims at finding
the boundary of the object and typically assumes
that the rough location is known and does not involve recovering the pose (i.e. position, orientation,
and scale) of the object. Borenstein and Ullman [16]
provided a public horse dataset and studied the
problem of deformable object segmentation on this
dataset. Torr and his colleagues [27] developed
Object-Cut which locates the object via a pictorial
model learnt from motion cues and use the mincut algorithm to segment out the object of interest.
Ren et al. [28] addressed the segmentation problem
by combining low-, mid- and high-level cues in
Conditional Random Field (CRF). Similarly, Levin
and Weiss [29] used CRF to segment object but
assuming that the position of the object is roughly
given. In contrast to supervised learning, Locus [30]
explores a unsupervised learning approach to learn
a probabilistic object model. Recently, Cour and
Shi [31] currently achieve the best performance on
this horse dataset. Note that none of these methods
report performance on matching/alignment.
III. H IERARCHICAL D EFORMABLE T EMPLATES
(HDT)
This section describes the basic structure of
HDTs. Firstly we describe the graphical structure
in subsection (III-A). Secondly we specify the state
variables and the form of the probability distribution
in subsection (III-B). Thirdly, in subsection (IIIC), we describe the procedure used to learn the
graph structure from one example. The inference
and parameter learning algorithms will be described
in sections (IV) and (V) respectively.
A. The Graphical Structure of the HDT
We represent an object by a hierarchical graph
defined by parent-child relationships. The top node
of the hierarchy represents the pose (position, orientation, and scale) of the center of the object. The
leaf nodes represent the poses of points on the object
boundary and the intermediate nodes represent the
poses of subparts of the object. This is illustrated in
figure (2).
Formally, an HDT is a graph G = (V, E) where
V is the set of nodes (vertices) and E is the set of
edges (i.e., nodes µ, ν ∈ V are connected if (µ, ν) ∈
E)). There is a parent-child structure so that ch(ν)
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denotes the children of node ν. WeTrequire that the
graph to be tree-like so that ch(ν) ch(µ) = ∅ for
all ν, µ ∈ V . The edges are defined by the parentchild relationships and by the requirement that all
the children of a node have an edge connecting
them. Hence (ν, µ) ∈ E provided either µ ∈ ch(ν),
ν ∈ ch(µ), or there exist ρ s.t. µ, ν ∈ ch(ρ). We
define µR to be the root node of the graph. We let
V LEAF denote the leaf nodes. For any node ν, we
define Vν to be the subtree formed by the set of
descendent node with ν as the root node. (We note
that all the nodes of the graph are connected to the
image data terms, see subsection (III-B).

~ D (I, D(zµ )), for
and (ii) “data potentials” of form φ
all µ ∈ V , which depend on measurements of the
image I within the domain D(zµ ). The potentials
will have coefficients α
~ µ, α
~ µD respectively for all
µ ∈ V . We use α to denote {~
αµ , α
~ µD }.
These probability distributions are specified as
a discriminative model which directly models the
posterior distribution P (z|I):
X
1
~ µ , zch(µ) )
exp{−
α
~ µ · φ(z
P (z|I) =
Z(α, I)
µ∈V
X
~ D (I, D(zµ ))}. (3)
−
α
~ µD · φ
µ
µ∈V

It is important to realize that this discriminative
model includes
an explicit prior on the state z given
P
~
by
the
α
~
Each node µ ∈ V is assigned a state variable
µ∈V µ · φ(zµ , zch(µ) ) term in the exponent
zµ and we denote the state variables for the en- in equation (3). This is obtained by applying Bayes
tire graph by z = {zµ : µ ∈ V }. We denote rule P (z|I) = P (I|z)P (z)/P (I) and identifying
zch(µ) = {zν : ν ∈ ch(µ)} to be shorthand for the the components of P (z|I) which depend on I as
states of the child nodes of µ. The state variable P (I|z)/P (I) and those which depend only on z as
indicates properties of the node and, in particular, P (z) (up to an unknown normalization constant).
the subregion D(zµ ) of the image domain D ⊂ R2 Hence an HDT has a prior distribution on the hidcorresponding to the node. The state variable zµ of den states, specifying a distribution on the relative
node µ correspond to the position ~xµ , orientation geometry of the subparts, together with a discrimiθµ , and scale sµ of a subpart of the object: hence native model for how the subparts interact with the
zµ = (~xµ , θµ , sµ ) (and D(zµ ) is calculated from image (specified by the terms parameterized by the
these). For example, the state of the top node for αD ). We use discriminative terms for how the HDT
an object model will correspond to the orientation, interacts with the image for two main reasons: (i)
scale, and center position of the object – while it is far easier to learn discriminative models for
the state of the leaf nodes will correspond to the intensities rather than generative ones (e.g. we can
orientation and position of elements on the boundary use AdaBoost to discriminate between the interiors
of the object. All these state variables are hidden and backgrounds of cows and horses, but there are
– i.e., not directly observable. Note that the state no generative models that can realistically synthevariables take the same form at all levels of the size the intensity properties of cows and horses
hierarchy (unlike other standard hierarchical rep- [33], (ii) it is easier to learn discriminative models
resentations [32], [12]) which is important for the than generative ones (because of the difficulties of
inference and learning algorithms that we describe dealing with the normalization factors).
We now describe the terms in more detail. The
in subsections (IV) and (V).
D
We now define probability distributions on the data terms φ (I, D(zµ )) contain the appearance
state variables defined on the graph. These distri- terms which indicate how the HDT interacts with
butions are of exponential form defined in terms the image. The prior terms φ(zµ , zch(µ) ) are decomof potentials φ(.) which are weighted by parame- posed into vertical terms indicating how the state of
ters α. They specify, for example, the probability the parent node relates to its children and horizontal
distributions for the relative states of the hidden terms defined on triplets of child nodes.
The data terms φD
variables and the data terms. There are two types of
µ (I, D(zµ )) are defined in
terms
of
a
dictionary
of
potentials computed from
terms: (i) “prior potentials” defined over the cliques
~
of the graph φ(zµ , zch(µ) ), for all µ ∈ V , which are image features. More precisely, the potentials are
P (F (I,D(zµ ))|object)
independent of the image I, (later we decompose the of form φD (I, D(zµ )) = log P (F (I,D(zµ ))|background)
“prior” terms into “vertical” and “horizontal” terms) where F (I, D(zµ )) is the feature response
B. The state variables and the potential functions
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Fig. 2. Left Panel: The hierarchical graph of the HDT is constructed by a hierarchical clustering algorithm (see text for details). Black dots
indicate the positions of the leaf nodes in the hierarchy. The arrows indicate how nodes at each level of the hierarchy are linked to their
parents nodes at higher levels – i.e., how groups of subparts are composed to form bigger subparts. Right Panel: the appearance and shape
deformation are modeled at all levels of the hierarchy and different appearance cues are used at different levels (e.g., mean and variance of
features at the mid-levels and edge features at the low-levels).

from the region in the image I specified by
D(zµ ). The distributions P (F (I, D(zµ ))|object)
and P (F (I, D(zµ ))|background) are either
histogram distributions, or uni-variate Gaussians,
measured when zµ is in the correct location
(object) (P (.|object)) or on the background
(P (.|background)), see subsection (V) for more
details. We use different features dictionaries at
different levels of the hierarchy, see figure (2).
For leaf nodes, µ ∈ V LEAF the φD
µ (I, D(zµ )) are
specified by a dictionary of local image features
F (I, D(zµ )) computed by different operators –
there are 27 features in total including the intensity,
the intensity gradient, Canny edge detectors,
Difference of Offset Gaussian (DOOG) at different
scales (13 × 13 and 22 × 22) and orientations
(0, 16 π, 26 π, ...), and so on (see bottom row of
figure 2). For non-leaf nodes, µ ∈ V /V LEAF ,
the φD
µ (I, D(zµ )) are specified by a dictionary of
regional features (e.g. mean, variance, histogram of
image features) defined over the sub-regions D(zµ )
specified by the node state zν , see the second row
of the right panel of figure (2).
The prior terms φ(zµ , zch(µ) ) are decomposed into
horizontal terms and vertical terms. The horizontal
terms are defined for each triplet of child nodes
of µ, see figure (3). I.e., for each triplet (ν, ρ, τ )
such that ν, ρ, τ ∈ ch(µ) we specify the invariant
triplet vector (ITV) [32] l(zµ , zρ , zτ ) and define
φH (zν , zρ , zτ ) to be the Gaussian potential (i.e., the

first and second order statistics). Recall that the
ITV [32] depends only on functions of zν , zρ , zτ ,
such as the internal angles, which are invariant to the
translation, rotation, and scaling of the triple. This
ensures that the potential is also invariant to these
transformations. The parameters of the Gaussian are
learnt from training data as described in section (V).
The vertical terms φV (zµ , zch(µ) ) are used to hold
the structure together by relating the state of the
parent nodes to the state of their children. The
state of the parent node is determined precisely by
the states of the child nodes. This is defined by
φV (zµ , zch(µ) ) = h(zµ , zch(µ) ), where ch(µ) is the set
of child nodes of node µ, h(., .) = 0 if the average
orientations and positions of the child nodes are
equal to the orientation and position of the parent
node. If they are not consistent, then h(., .) = κ,
where κ is a large positive number.
In summary, the HDT models the appearance and
the shape (geometry) at multiple levels. Low-levels
of the hierarchy model short range shape constraints
and local appearance cues, see the third and fourth
rows of figure (2). At higher levels – the top and
second rows of figure (2) – longer range shape
constraints and large scale appearance cues are used.
C. Constructing the Hierarchy by One-example
Learning
In this paper, we learn the hierarchical graph from
a single example of the object. We call this “one-
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a natural parsing of the exemplar – see figure (2).
After one-example learning, we specify a default
HDT which will be used to initialize the parameter
learning in section (V). We set α = 0 for all data
terms except those at the leaf nodes. At the leaf
nodes we set α = 1 for the data terms corresponding
Fig. 3. Representation based on oriented triplet. This gives the to the intensity gradients (we learn the distributions
cliques for the four children of a node. In this example, four triplets
are computed. Each circle corresponds to one node in the hierarchy P (.|object) and P (.|background) for the intensity
which has a descriptor (indicated by blue line) of position, orientation gradient from the responses on and off the object
and scale. The potentials of the cliques are Gaussians defined over boundary). We set α = 1 for the vertical and horifeatures extracted from triple nodes, such as internal angles of the
H
triangle and relative angles between the feature orientation and the zontal terms. For the horizontal terms we set φ (y)
orientations of the three edges of the triangle. These exacted features to be the Gaussian distribution of the invariant triplet
are invariant to scale and rotation.
vector g(~l(zµ , zρ , zτ )) where the mean is measured
from the example and the covariance is set by hand
(to 0.12 times the identity matrix for all levels). This
example learning”. The input is the set {(~xi , θi )} of is just the covariance for the default HDT used for
points on the object boundary curve together with initialization. The covariance will be learnt by the
their orientation (i.e. the normal vector to the curve). HDT by structure-perceptron.
On this set we specify 24 points corresponding to
leaf nodes of the HDT spaced evenly along the
IV. I NFERENCE : PARSING THE M ODEL
boundary (this specification will be used to deterWe now describe an inference algorithm suited
mine ground-truth during for structure-perceptron
learning). The output is the graph structure with to the hierarchical structure of the HDT. Its goal
∗
∗
initial values of the parameters α (with many set to is to obtain the best state z by estimating z =
zero) which gives a default HDT that can be used arg max P (z|I) which can be re-expressed in terms
of minimizing an energy function:
to initialize the structure perceptron learning.
X
We automatically construct the hierarchical graph
~ µ , zch(µ) )
z ∗ = arg min{
α
~ µ · φ(z
by a hierarchical aggregation algorithm which is
µ∈V
X
partially inspired by the “Segmentation by Weighted
~ D (I, D(zµ ))}
α
~ µD · φ
(4)
+
µ
Aggregation (SWA) ” algorithm [34]. The input is
µ∈V
a weighted graph G = {V, E, W } where V is the
vertex set (the 24 points on the boundary), E is the
To perform inference, we observe that the hieraredge set (the edges are defined by the neighboring chical structure of the HDT, and the lack of shared
points on the contour), and W specifies the weights: parents (i.e., the independence of different parts of
wi,j = exp{−β1 dist(~xi , ~xj )+β2 edge(~xi , ~xj )} where the tree), means that we can express the energy
~xi is the position of point i, dist(., .) is the distance function recursively and hence find the optimum z
function and edge(., .) is an indicator function to using dynamic programming in polynomial time in
measure if point i, j are neighbors or not. β1 and the size of the graph G and the state space of the
β2 are set to be 0.5 and 1 respectively (in all {zµ }. But the state space of the {zµ } is very large
experiments). The algorithm proceeds by iterating since every component of the object can occur in
through the vertex points and assigning them to any position of the image, at any orientation, and
clusters based on affinity, so that a new cluster is any scale. Hence, as in other applications of DP or
created if the affinity of the vertex to the current BP to vision [1], [2] we need to perform pruning to
clusters is below threshold. Affinities are computed reduce the set of possible states.
between the clusters and the procedure repeats using
The algorithm is called compositional inference
the clusters as the new vertices. See [34] for details. [11][12], see table (5). It is a pruned form of
The output is a hierarchical graph structure (the dynamic programming (DP) that exploits the indestate variables of the example are thrown out), i.e. pendence structure of the graph model. It is run
a set of nodes and their vertical and horizontal con- bottom-up starting by estimating possible states for
nections. Observe that the hierarchical graph gives the leaf nodes and proceeding to estimate possible
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states for the nodes higher up the tree (a topdown stage is sometimes run as a variant). Although
DP is guaranteed to be polynomial in the relevant
quantities (number of layers and graph nodes, size
of state space of z) full DP is too slow because
of the large size of the state space (i.e. range of
values that zµ can take for each node µ). The
pruning reduces the allowable states of a node µ
to a set of proposals (borrowing terminology from
the MCMC literature) together with their energies.
These proposals are selected by two mechanisms: (i)
energy pruning - to remove proposals corresponding
to large energy, and (ii) surround suppression - to
suppress proposals that occur within a surrounding
window (similar to non-maximal suppression).
The intuition for compositional inference is that
it starts by detecting possible configurations of the
elementary (low-level) components of the HDT and
combines them to produce possible configurations
of high-level components, see figure (4).
The pruning threshold, and the window for surround suppression, must be chosen so that there are
very few false negatives (i.e. the object is always detected as, at worst, a small variant of one of the proposals). In practice, the window is (5, 5, 0.2, π/6)
(i.e., 5 pixels in the x and y directions, up to a
factor of 0.2 in scale, and π/6 in orientation –
same for all experiments). But rapid inference is
achieved by keeping the number of proposals small
(avoiding the danger of combinatorial explosion
due to composition). We performed experiments
to balance the trade-off between performance and
computational speed. Our experiments show that
the algorithm has linear scaling with image size, as
shown in section (VI), and we empirically quantify
the performance of each component of the hierarchy
in section (VI-C).
We now specify compositional inference more
precisely by first specifying how to recursively compute the energy function – which enables dynamical
programming – and then describe the approximations (energy pruning and surround suppression)
made in order to speed up the algorithm without
decreasing performance.
Recursive Formulation of the Energy The discriminative model, see equation (3), is of Gibbs
form and can
by an energy
P be specified
Pfunction:
~
E(z|I) =
~ µ · φ(zµ , zch(µ) ) + µ∈V α
~ µD ·
µ∈V α
~ D (I, D(zµ )). We exploit the tree-structure and exφ
µ

Input: {p1ν 1 }. Output:{pLνL }
Bottom-Up(p1 )
Loop : l = 1 to L, for each node ν at level l
1) Composition:
{plν,b } = ⊕ρ∈ch(ν),a=1,...,ml−1
pl−1
ρ,a
ρ
l
l
l
2) Pruning: {pν,a } = {pν,a |E(pν,a |I) < Tl }
3) Local
Maximum:
{plν,a }
=
l
SurroundSuppression({pν,a }, ²W )
where ²W is the size of the window Wνl
defined in space, orientation, and scale.
Fig. 5.
The inference algorithm. ⊕ denotes the operation of
combining proposals from child nodes to make proposals for parent
nodes.

press this energy function recursively by defining an
energy function Eν (zdes(ν) |I) over the subtree with
root node ν in terms of the state variables zdes(ν)
of the subtree where des(ν) stands for the set of
descendent nodes of ν – i.e. zdes(ν) = {zµ : µ ∈ Vν }.
P
This gives Eν (zdes(ν) )|I) =
~µ ·
µ∈Vν α
P
D
D
~
~
φ(zµ , zch(ν) ) + µ∈Vν α
~ µ · φ (I, D(zµ )), which
can be computed recursively by Eν (zdes(ν) |I) =
P
~ ν , zch(ν) ) +~
αν · φ(z
ανD ·
ρ∈ch(ν) Eρ (zdes(ρ) |I) +~
~ D (I, D(zν )), so that the full energy E(z|I) is
φ
obtained by evaluating Eν (.) at the root node µR .
Compositional Inference. Initialization: at each
leaf node ν ∈ V LEAF we calculate the states {pν,b }
(b indexes the proposal) such that Eν (pν,b |I) < T
(energy pruning with threshold T ) and Eν (pν,b |I) ≤
Eν (pν |I) for all zν ∈ W (pν,b ) (surround suppression
where W (pν,b ) is a window centered on pν,b ). (The
window W (pν,b ) is (5, 5, 0.2, π/6) centered on pν,b ).
We refer to the {pν,b } as proposals for the state
zν and store them with their energies Eν (pν,b |I).
Recursion for parent nodes: to obtain the proposals for a parent node µ at a higher level of the
graph µ ∈ V /V LEAF we first access the proposals
for all its child nodes {pµi ,bi } where {µi : i =
1, ..., |ch(µ)|} denotes the set of child nodes of µ
and their energies {Eµi (pµi ,bi |I) : i = 1, ..., |ch(µ)|}.
Then we compute the states {pµ,b } such that
Eµ (pµ,b |I) ≤ Eµ (zµ |I) for all zµ ∈ W (pµ,b ) where
P|ch(µ)|
Eµ (pµ,b |I) = min{bi } { i=1
Eµi (zdes(µi ,bi ) |I)
D ~D
~
+~
αµ · φ(pµ,b , {pµi ,bi }) +~
αµ · φ (I, D(pµ,b ))}. In our
experiments, the thresholds T are set to take values
such that the recall in the training data is 95%. In
other words, for all object parts corresponding to the
nodes in the hierarchy, 95% of training examples are
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Level 4

Level 3

Level 2

Level 1

Fig. 4. This snapshot illustrates the compositional inference algorithm. The algorithm proceeds by combining proposals for the states of child
nodes to form composite proposals for the states of parent nodes. These composite proposals are pruned to remove those whose energies are
too large and then surround suppression is applied (within a window in space, orientation, and scale) so that only locally maximal proposals
are accepted.

correctly detected by using the thresholds to prune
out proposals.

gence and generalization, have been studied [35].
More recently, Collins [13] developed the structureperceptron algorithm which applies to situations
V. S TRUCTURE -P ERCEPTRON L EARNING
where the output is a structure (e.g. a sequence or
We now describe our parameter learning algo- a tree of states). He obtained theoretical results for
rithm. This constructs the HDT probability distri- convergence, for both separable and non-separable
bution by selecting and weighting features from the cases, and for generalization. In addition Collins
dictionaries. Recall that the graph structure of the and his collaborators demonstrated many successful
HDT has already been learnt from one example by applications of structure-perceptron to natural lanthe hierarchical clustering algorithm and a default guage processing, including tagging [36] (where the
HDT has been specified, see subsection (III-C). We output is sequence/chain), and parsing [37] (where
now have a training dataset where the boundary is the output is a tree).
specified. We hand-specify points on the boundaries
of the object (24 points for the horses and cows)
Structure-perceptron learning can be extended to
using a template to ensure consistency (i.e., that the
points correspond to similar parts of the object on all learning the parameters of HDTs. The learning protraining images). This specifies the ground-truth for ceeds in a discriminative way. By contrast to maxall the state variables of the HDT because the states imum likelihood learning, which requires calculatof the parent nodes are determined by the states of ing the expectation of features, structure-perceptron
their child nodes (see section (III-B)). This enables learning only needs to calculate the energies of the
us to learn the distributions P (F (I, D(zµ ))|object) state variables. Hence structure-perceptron learning
and P (F (I, D(zµ ))|background) and hence deter- is more flexible and computationally simpler.
mine the data potentials φD (recall that the horizontal and vertical potentials are specified by the default
To the best of our knowledge, structureHDT). Thus the remaining task is to estimate the α’s
perceptron learning has never been exploited in
described in section (III-B).
computer vision except in our previous work [15]
(unlike the perceptron which has been applied to
A. Background on Perceptron and Structure- many binary classification and multi-class classifiPerceptron Learning
cation tasks). Moreover, we are applying structurePerceptron learning was developed in the 1960’s perceptron to more complicated models (i.e. HDTs)
for classification tasks (i.e., for binary-valued out- than those treated by Collins [36] (e.g. Hidden
put) and its theoretical properties, including conver- Markov Models for tagging).
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B. Details of Structure-Perceptron Learning
The goal of structure-perceptron learning is to
learn a mapping from inputs I ∈ I to output
structure z ∈ Z. In our case, I is a set of images,
with Z being a set of possible parse trees (i.e. configurations of HDTs) which specify the positions,
orientations, scales of objects and their subparts
in hierarchical form. We use a set of training examples {(Ii , zi ) : i = 1...n} and a dictionary of
functions/potentials {φ} which map each (I, z) ∈
I × Z to a feature vector φ(I, z) ∈ Rd . The task
is to estimate a parameter vector α ∈ Rd for the
weights of the features. This can be interpreted as a
soft form of feature selection so that unimportant
features have small weights. The feature vectors
φ(I, z) can include arbitrary features of parse trees,
as we discussed in section (III-A).
The loss function used in structure-perceptron
learning is of form:
Loss(α) = min φ(I, z) · α − φ(I, z) · α
z

(5)

where z is the correct state configuration for input
I, and z is a dummy variable. (Here φ(I, z) denotes
all the potentials of the model – both data and prior
– and α denotes all the parameters).
The basic structure-perceptron algorithm – Algorithm I – is designed to minimize the loss function.
Its pseudo-code is given in figure (6). The algorithm
proceeds in a simple way (similar to the perceptron
algorithm for classification). The HDT is initialized
by the default model (e.g., α = 1 for the vertical,
horizontal, and leaf node intensity terms and α =
0 for the other data terms). Then the algorithm
loops over the training examples. If the highest
scoring parse tree for input I is not correct, then
the parameters α are updated by an additive term.
The most difficult step of the method is to find
z ∗ = arg minz φ(Ii , z)·α. But this can be performed
by the inference algorithm described in section (V).
Hence the performance and efficiency (empirically
polynomial complexity) of the inference algorithm
is a necessary pre-condition to using structureperceptron learning for HDTs.
C. Averaging Parameters
There is a simple refinement to Algorithm I,
called “the averaged parameters” method (Algorithm II) [13], whose pseudo-code is given in figure (7). The averaged parameters are defined to

Input: A set of training images with ground
truth (Ii , z i ) for i = 1..N . Initialize the parameter vector α by the default model.
Algorithm I:
For t = 1..T, i = 1..N
• Use bottom-up inference to find the best
state of the model on the i’th training
image with current parameter setting, i.e.,
z ∗ = arg minz φ(Ii , z) · α
i ∗
• Update the parameters: α = α+φ(I , z )−
i i
φ(I , z )
Output: Parameters α
Fig. 6.
Algorithm I: a simple training algorithm of structureperceptron learning. α, φ denote the data and prior potentials and
parameters.

Algorithm II:
For t = 1..T, i = 1..N
∗
i
• Parse: z = arg minz φ(I , z) · α
t,i
• Store: α
=α
i ∗
i i
• Update: α = α + φ(I , z ) − φ(I , z )
P
Output: Parameters γ = t,i αt,i /N T
Fig. 7. Algorithm II: a modification of Algorithm I with same
training images and initialization. α, φ are the same as in Algorithm
I.

PT PN t,i
be γ =
t=1
i=1 α /N T , where N T is the
averaging window. It is straightforward to store
these averaged parameters and output them. The
theoretical analysis in [13] shows that Algorithm II
(with averaging) gives better performance and convergence rate than Algorithm I (without averaging).
We will empirically compare these two algorithms
in section (VI).
D. Soft Feature Selection
Structure-perceptron learning uses a dictionary of
features {φ} with parameters {α} initialized by the
default HDT (after one-example learning). As the
algorithm proceeds, it assigns weights to the features so that more important features receive larger
weights. This can be thought of as form of “soft”
feature selection (by contrast to the “hard” feature
selection performed by algorithms like AdaBoost).
This ability to perform soft feature selection allows
us to specify a large dictionary of possible features
and enable the algorithm to select those features
which are most effective. This allows us to learn
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Fig. 8. Examples of the Weizmann horse data set. This figure shows
input image, ground truth of segmentation, parsing (position of leaf
nodes) and detection, from left to right respectively.

HDTs for different objects without needing to specially design features for each object.
This ability to softly select features from a dictionary means that our approach is more flexible
than existing conditional models (e.g., CRF [28],
[29], [38]) which use multi-level features but with
fixed scales (i.e. not adaptive to the configuration of
the hidden state). In section (VI-E), we empirically
study what features the structure-perceptron algorithm judges to be most important for a specific
object like a horse. Section (VI-F) also illustrates
the advantage of soft feature selection by applying
the same learning algorithm to the different task of
face alignment without additional feature design.
VI. E XPERIMENTAL R ESULTS
A. Dataset and Evaluation Criterions
Dataset. We evaluate HDT for different tasks
on different public datasets. Firstly, we use two
standard public datasets, the Weizmann Horse
Dataset [16] and cows [17], to perform experimental evaluations for HDTs. See some examples
in figure (8). These datasets are designed to evaluate segmentation, so the groundtruth only gives
the regions of the object and the background. To
supplement this groundtruth, we asked students to
manually parse the images by locating the states
of leaf nodes of the hierarchy in the images which
deterministically specifies the states of the nodes of
the remainder of the graph (this is the same procedure used to determine groundtruth for learning, see
section (V)). These parse trees are used as ground
truth to evaluate the ability of the HDT to parse the
horses (i.e. to identify different parts of the horse).

Secondly, to show the generality and versatility
of our approach and its ability to deal with different objects without hand-tuning the appearance
features, we apply it to the task of face alignment
(this requires parsing). We use a public dataset [18]
which contains the groundtruth for 65 key points
which lie along the boundaries of face components
with semantic meaning, i.e, eyes, nose, mouth and
cheek. We use part of this dataset for training (200
images) and part for testing (80 images).
The measure for parsing/alignment. For a given
image I, we apply the HDT to parse the image
and estimate the configuration z. To evaluate the
performance of parsing (for horses) and matching/alignment (for faces) we use the average position error measured in terms of pixels. This quantifies the average distance between the positions of
leaf nodes of the ground truth and those estimated
in the parse tree.
The measure for segmentation. The HDT does
not directly output a full segmentation of the object.
Instead the set of leaf nodes gives a sparse estimate
for the segmentation. To enable HDT to give full
segmentation we modify it by a strategy inspired
by grab-cut [14] and obj-cut [27]. We use a rough
estimate of the boundary by sequentially connecting
the leaf nodes of the HDT, to initialize a grab-cut
algorithm (recall that standard grab-cut [14] requires
human initialization, while obj-cut needs motion
cues). We use segmentation accuracy to quantify
the proportion of the correct pixel labels (object
or non-object). Although segmentation accuracy is
widely used as a measure for segmentation, it has
the disadvantage that it depends on the relative size
of the object and the background. For example,
you can get 80% segmentation accuracy on the
weizmann horse dataset by simply labelling every
pixel as background. Therefore, to overcome the
shortcoming of segmentation accuracy, we also report precision/recall, see [28], where precision =
P ∩T P
and recall = P T∩TP P (P is the set of pixels
P
which are classified as object by HDT and TP is
the set of object pixels in ground truth). We note
that segmentation accuracy is commonly used in the
computer vision community, while precision/recall
is more standard in machine learning.
The measure for detection. We use detection
rate to quantify the proportion of successful detections. We rate detection to be successful if the area
of intersection of the labeled object region (obtained
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by graph-cut initialized by the HDT) and the true
object region is greater than half the area of the
union of these regions.
The measure for performance analysis. We
judge that an object(or part) is correctly parsed if
each subpart (i.e. the location of each node in the
hierarchy) is located close (within k1 × l + k2 pixels
where l is the level with k2 = 5 and k1 = 2.5) to the
ground-truth. The thresholds in the distance measure
vary proportionally to the height of levels so that the
distance is roughly normalized according to the size
of object parts. We plot the precision-recall curve
to study the performance of the components of the
whole model.

Level 4
Level 3
Level 2
Level 1
Level 0
Hierarchy

Num. of Prop.
51
77
105
158
225
180

Time/Node
0.14s
0.29s
0.21s
0.10s
0.01s
0.08s

Time/Img
0.14s
0.88s
1.05s
1.22s
0.18s
3.47s

TABLE II
A NALYSIS OF C OMPOSITIONAL I NFERENCE . L EFT PANEL : THE
NUMBERS OF PROPOSALS FOR EACH NODES AT DIFFERENT
LEVELS ( AFTER ENERGY PRUNING AND SURROUND
SUPPRESSION ).
NODES .

C ENTER PANEL : THE T IME COSTS FOR EACH

R IGHT PANEL : THE TIME COSTS FOR THE IMAGE

( AVERAGED OVER THE NODES OF ALL THE LEVELS OF THE
HIERARCHY ).

B. Experiment I: One-example Learning
(II) and figure (11). We anticipate that this analysis
of the tradeoffs between speed and performance
will yield general principles for optimal design of
modeling and inference for computer vision systems
particularly those requiring multi-level processing.
Performance Contributions of Multi-level Object Parts. Figure (11) shows how different comFig. 9. This shows the exemplars used for the horse (left) and the ponents of the hierarchy contribute to performance.
cow (right).
It is easy to note that smaller object parts have
worse performance in terms of precision-recall.
We first report the performance of the default More high-level knowledge including both appearHDT obtained by one-example learning, see subsec- ance and shape prior makes object parts more distion (III-C). The two exemplars used to obtain the tinct from background and thus improves the overall
horse and cow hierarchies are shown in figure (9). performance. One can see that there is a jump in
We use identical parameters for each model (i.e. for performance when we move from level 2 to level
the hierarchical aggregation algorithm, for the data 3, indicating that the information at level 3 (and
terms, and the horizontal and vertical terms, for the below) is sufficient to disambiguate the object from
proposal thresholds and window sizes).
a cluttered background.
We illustrate the segmentation and parsing results
Computational Complexity Analysis. Table (II)
in figure (10). Observe that the algorithm is success- shows that the number of proposals scales almost
ful even for large changes in position, orientation linearly with the level in the hierarchy, and the
and scale – and for object deformations and occlu- time cost for each level is roughly constant. This
sion. The evaluation results for detection, parsing, demonstrates that the pruning and surround supand segmentation are shown in table (I). Overall, the pression are important factors for making bottom-up
performance is very good and the average speed is processing effective. Overall, this helps understand
under 4 seconds for an image of 320 × 240.
the effectiveness of the bottom-up processing at
different levels.
C. Experiment II: Contributions of Object Parts:
Complexity and Performance Analysis
D. Experiment III: Evaluations of StructureWe use the default model provided by one- Perceptron Learning for Deformable Object
example learning to analyze the effectiveness of Detection, Segmentation and Parsing
different components of the HDT in terms of perforIn this experiment, we apply structure-perceptron
mance and time-complexity. This is shown in table learning to include all image features for the leaf
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Dataset
Horse
Cow

Size
328
111

Detection Rate
86.0
88.2

Parsing (Average Position Error)
18.7
15.8

Segmentation Precision/Recall
81.3% /73.4%
81.5% /74.3%

Speed
3.1s
3.5s

TABLE I
T HE PERFORMANCE OF THE DEFAULT HDT PROVIDED BY ONE - EXAMPLE LEARNING .

Fig. 10. Segmentation and parsing results on the horse and cows datasets using the default HDT obtained by one-example learning. The
first column shows the raw images. The second one show the edge maps. The third one shows the parsed result. The last one shows the
segmentation results. The main errors are at the head and legs due to their large variability which may require a model with OR nodes,
see [39].
TABLE III
C OMPARISONS OF ONE - EXAMPLE LEARNING AND STRUCTURE - PERCEPTRON LEARNING
Learning Approaches
One-example learning
Structure-perceptron learning

Training
1
50

Validation
–
50

Detection
86.0 %
99.1%

Parsing
18.7
16.04

Segmentation (Precision/Recall)
81.3% / 73.4%
93.6% / 85.3%

Speed
3.1s
23.1s

nodes and non-leaf nodes, and estimate the pa- training, 50 for validation, and 228 for testing. The
rameters α. The hierarchical structure is obtained parameters learnt from the training set, and with the
by one-example learning. We use the Weizeman best performance on validation set, are selected.
horse dataset [16] for evaluation where a total of
Results. The best parse tree is obtained by
328 images are divided into three subsets – 50 for
performing inference algorithm over HDT learnt

14
0.70

with typical size 320 × 240 is 23 seconds.
Comparisons. In table (IV), we compare the
0.50
segmentation performance of our approach with
0.40
other successful methods. Note that the object cut
method [27] was reported on only 5 horse im0.30
ages
(but object cut was also tested on cows and
0.20
other objects). Levin and Weiss [29] make the
0.10
strong assumption that the position of the object is
0.00
given (other methods do not make this assumption)
0.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 1.00
and not report how many images they tested on.
Recall
Overall, Cour and Shi’s method [31] was the best
Level 4
Level 3
Level 2
Level 1
Level 0
one evaluated on large dataset. But their result is
obtained by manually selecting the best among top
Fig. 11. This figure shows the Precision-Recall curves for different
10 results (other methods output a single result).
levels. Level 4 is the top level. Level 0 is the bottom level.
By contrast, our approach outputs a single parse
only but yields a higher pixel accuracy of 94.7%.
TABLE IV
We put in results of Grabcut using the groundtruth
C OMPARISONS OF S EGMENTATION P ERFORMANCE ON
bounding box as initialization to illustrate the big
W EIZMANN H ORSE DATASET
advantage of using HDT to initialize grabcut. Hence
we conclude that our approach outperforms those alMethods
Testing Seg. Accu.
Pre./Rec.
Our approach
228
94.7%
93.6% / 85.3%
ternatives which have been evaluated on this dataset.
Ren [28]
172
91.0%
86.2%/75.0%
As described above, we prefer the precision/recall
Borenstein [40]
328
93.0%
criteria [28] because the segmentation accuracy is
LOCUS [30]
200
93.1%
Cour [31]
328
94.2%
not very distinguishable (i.e. the baseline starts at
Levin [29]
N/A
95.0%
80% accuracy, obtained by simply classifying every
OBJ CUT [27]
5
96.0%
image pixel as being background). Our algorithm
Grabcut
228
83.3%
(bounding box init.)
outperforms the only other method evaluated in this
way (i.e. Ren et al.’s [28]). For comparison, we
translate Ren et al.’s performance ( 86.2%/75.0%)
by structure-perceptron learning. Figure (12) shows into segmentation accuracy of 91% (note that it is
several parsing and segmentation results. The states impossible to translate segmentation accuracy back
of the leaf nodes of parse tree indicate the posi- into precesion/recall).
tions of the points along the boundary which are
represented as colored dots. The points of same E. Experiment IV: Diagnosis of structurecolor in different images correspond to the same perceptron learning
semantic part. One can see our model’s ability to
In this section, we will conduct diagnosis experideal with shape variations, background noise, tex- ments to study the behavior of structure-perceptron
tured patterns, and changes in viewing angles. The learning.
performance of detection and parsing on this dataset
Convergence Analysis. Figure (13) shows the
is given in table (III). Structure-perceptron learning average position error on training set for both Algowhich include more visual cues outperforms one- rithm II (averaged) and Algorithm I (non-averaged).
example learning in all tasks. The localization rate It shows that the averaged algorithm converges
is around 99%. Our model performs well on the much more stably than the non-averaged algorithm.
parsing task since the average position error is only
Generalization Analysis. Figure (14) shows av16 pixels (to give context, the radius of the color erage position error on training, validation and
circle in figure (12) is 5 pixels). Note no other testing set over a number of training iterations.
papers report parsing performance on this dataset Observe that the behavior on the validation set and
since most (if not all) methods do not estimate the the testing set are quite similar. This confirms that
positions of different parts of the horse (or even the selection of parameters decided by the validation
represent them). The time of inference for image set is reasonable.
Precision

0.60

15

Fig. 12. Examples of Parsing and Segmentation. Column 1 , 2 and 3 show the raw images, parsing and segmentation results respectively.
Column 4 to 6 show extra examples. Parsing is illustrated by dotted points which indicate the positions of leaf nodes (object parts). Note
that the points in different images with the same color correspond to the same semantical part. As for the HDT default model, the main
errors are at the head and legs due to their large variability which may require a model with OR nodes, see [39]
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Fig. 13. The average position errors measured in terms of pixels
(y-axis) across iterations (x-axis) are compared between AlgorithmII(average) and Algorithm-I (non-average).

Soft Feature Selection. Structure-perceptron effectively performs soft feature selection by assigning low values of the weights α to many features/potentials, see figure (15). This enables us to
specify large dictionaries of features/potentials and
allow structure-perceptron to select which ones to
use. We illustrate the types of features/potentials
that structure-perceptron prefers in figure (16) (we

1

10

Train

100

Iteration
Valid

1000

Test

Fig. 14. The average positions errors measured in terms of pixels
on training, validation and testing dataset are reported.

only show the features are shown at the bottom
level of the hierarchy for reasons of space). The
top 5 features, ranked according to their weights,
are listed. The top left, top right and bottom left
panels show the top 5 features for all leaf nodes,
the node at the back of horse and the node at the
neck respectively. Recall that structure-perceptron
learning performs soft feature selection by adjusting
the weights of the features.
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6.000
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2.000
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1
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0.000

Features
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Weights

6.000

were designed specifically to model faces and which
are a mature computer vision technique. Figure (17)
shows the typical parse results for face alignment.
We note that HDTs allow considerable more deformability of objects than do AAMs. Moreover,
HDTs required no special training or tuning for this
problem (we simply acquired the dataset and trained
and tested HDTs the next day).
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VII. C ONCLUSION
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Fig. 15. The weights α of the features for the horse’s back (left
panel) and the horse’s neck (right panel). These experiments use 380
features and show that most are assigned small weights α and hence
are effectively not selected.
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Fig. 16. Weights of Features. The most useful features overall are
gray value, magnitude and orientation of gradient, and difference of
intensity along horizontal and vertical directions (Ix and Iy). DooG1
Ch5 means Difference of offset Gaussian (DooG) at scale 1 (13*13)
and channel (orientation) 5 ( 46 π).

F. Experiment V: Multi-view Face Alignment

We developed a novel Hierarchical Deformable
Template (HDT) model for representing, detecting,
segmenting, and parsing objects. The model is obtained by one-example learning followed by the
structure-perceptron algorithm. We detect and parse
the HDT by the compositional inference algorithm.
Advantages of our approach include the ability to
select shape and appearance features at a variety of
scales in an automatic manner.
We demonstrated the effectiveness and versatility
of our approach by applying it to very different
problems, evaluating it on large datasets, and giving comparisons to the state of the art. Firstly,
we showed that the HDT outperformed other approaches when evaluated for segmentation on the
weizmann horse dataset. It also gave good results for
parsing horses (where we supplied the groundtruth),
though there are no other parsing results reported for
this dataset for comparison. Secondly, we applied
HDTs to the completely different task of multi-view
face alignment (without any parameter tuning or
selection of features) and obtained results very close
to the state of the art (within a couple of days).
The current limitations of the HDT are due to their
lack of OR nodes which decreases their ability to
represent objects that vary greatly in appearance and
shape, see [39].
We note that certain aspects of HDTs have similarities to the human visual system and, in particular,
to biologically inspired vision models. The bottomup process by its use of surround suppression and
its transition from local to global properties is
somewhat analogous to Fukushima’s neocognitron
[41] and more recent embodiments of this principle
[42], [43].

To demonstrate the versatility of HDTs we applied them to the task of multi-view face alignment.
This is a tougher test for the ability of HDTs to parse
images because there have been far more studies of
face alignment than horse parsing. The input is a set
of 64 points marked on the faces. We applied oneexample learning followed by structure-perceptron
to learn HDTs for faces. We then perform alignment
by applying HDTs to each image and using compositional inference to estimate the state variables. Our
HDT approach, using identical settings for horse
parsing, achieves an average distance error of 6.0
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