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Abstract

We consider the problem of parsing human poses and recagrizeir actions in static images
with part-based models. Most previous work in part-basedetsoonly considers rigid parts (e.g.,
torso, head, half limbs) guided by human anatomy. We argatettis representation of parts is not
necessarily appropriate. In this paper, we introduce tibieal poselets—a new representation for
modeling the pose con guration of human bodies. Hierarahposelets can be rigid parts, but they
can also be parts that cover large portions of human bodigs {erso + left arm). In the extreme
case, they can be the whole bodies. The hierarchical pesaietorganized in a hierarchical way
via a structured model. Human parsing can be achieved byrimfethe optimal labeling of this
hierarchical model. The pose information captured by thésanchical model can also be used as a
intermediate representation for other high-level tasks.démonstrate it in action recognition from
static images.

Keywords: human parsing, action recognition, part-based modelsatuleical poselets, max-
margin structured learning

1. Introduction

Modeling human bodies (or articulated objects in general) in images is a lotmglasoblem in
computer vision. Compared with rigid objects (e.g., faces and cars) whicheeeasonably mod-
eled using several prototypical templates, human bodies are much monelididé enodel due to the
wide variety of possible pose con gurations.

A promising solution for dealing with the pose variations is to use part-basedismdrhart-based
representations, such as cardboard people (Ju et al., 1996) oigbistarcture (Felzenszwalb and
Huttenlocher, 2005), provide an elegant framework for modeling artedilabjects, such as human
bodies. A part-based model represents the human body as a constelliatiet of rigid parts (e.g.,
torso, head, half limbs) constrained in some fashion. The typical cortsttaiad are tree-structured
kinematic constraints between adjacent body parts, for example, topsw-iglf-limb connection,
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or upper-lower half-limb connection. Part-based models consist of twortangiccomponents: (1)
part appearances specifying what each body part should look likeeimtage; (2) con guration
priors specifying how parts should be arranged relative to each &thgrbased models have been
used extensively in various computer vision applications involving humaok,asihuman parsing
(Felzenszwalb and Huttenlocher, 2005; Ramanan, 2006), kinematigigg&amanan et al., 2005),
action recognition (Yang et al., 2010) and human-object interaction (Wdd-ai-Fei, 2010).

Considerable progress has been made to improve part-based modetxafgie, there has
been a line of work on using better appearance models in part-based mvdgbsesentative exam-
ple is the work by Ramanan (2006), who learns color histograms of panséhn initial edge-based
model. Ferrari et al. (2008) and Eichner and Ferrari (2009) fuiithprove the part appearance
models by reducing the search space using various tricks, for exangple|ative locations of part
locations with respect to a person detection and the relationship betweenenifpart appearances
(e.g., upper-arm and torso tend to have the same color), Andriluka @08R) build better edge-
based appearance models using the HOG descriptors (Dalal and 20§38, Sapp et al. (2010b)
develop ef cient inference algorithm to allow the use of more expensaguires. There is also
work (Johnson and Everingham, 2009; Mori et al., 2004; Mori, 2@%ivasan and Shi, 2007)
on using segmentation as a pre-processing step to provide better sgapiaitsaor computing part
appearances.

Another line of work is on improving con guration priors in part-based med&lost of them
focus on developing representations and fast inference algorithmbytiss the limitations of
kinematic tree-structured spatial priors in standard pictorial structure Imo@&amples include
common-factor models (Lan and Huttenlocher, 2005), loopy graphsg(aiath Martin, 2008; Ren
et al., 2005; Tian and Sclaroff, 2010; Tran and Forsyth, 2010), nastof trees (Wang and Mori,
2008). There is also work on building spatial priors that adapt to testingeea (Sapp et al.,
2010a).

Most of the previous work on part-based models use rigid parts thahateraically meaning-
ful, for example, torso, head, half limbs. Those rigid parts are usuallesepted as rectangles
(e.g., Andriluka et al. 2009; Felzenszwalb and Huttenlocher 2005; Ran2ft6; Ren et al. 2005;
Sigal and Black 2006; Wang and Mori 2008) or parallel lines (e.g., Reh 2005). However, as
pointed out by some recent work (Bourdev and Malik, 2009; Bourdey. £2010), rigid parts are
not necessarily the best representation since rectangles and paraedieinherently dif cult to
detect in natural images.

In this paper, we introduce a presentation of parts inspired by the earkyafdarr (1982).
The work in Marr (1982) recursively represents objects as genedatiglinders in a coarse-to- ne
hierarchical fashion. In this paper, we extend Marr's idea for twdlanms in the general area of
“looking at people”. The rst problem is human parsing, also knownuwasén pose estimation. The
goal is to nd the location of each body part (torso, head, limbs) of agrens a static image. We
use a part-based approach for human parsing. The novelty of oldrisvibrat our notion of “parts”
can range from basic rigid parts (e.g., torso, head, half-limb), to largegpief bodies covering
more than one rigid part (e.g., torso + left arm). In the extreme case, vee'pasts” corresponding
to the whole body. We propose a new representation called “hierarqgiosalets” to capture this
hierarchy of parts. We infer the human pose using this hierarchicageptation.

The hierarchical poselet also provides rich information about bodggtsat can be used in
other applications. To demonstrate this, we apply it to recognize human actgtatic images.
In this application, we use hierarchical poselets to capture various plesmation of the human
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body, this information is further used as some intermediate representatioeitehiafaction of the
person.

A preliminary version of this work appeared in Wang et al. (2011). Wewize the rest of the
paper as follows. Section 2 reviews previous work in human parsingaimh aecognition. Section
3 introduces hierarchical poselet, a new representation for modelingrhboty con gurations.
Section 4 describes how to use hierarchical poselets for human passictipn 5 develops variants
of hierarchical poselets for recognizing human action in static images. ®¥gemrexperimental
results on human parsing and action recognition in Section 6 and concludetinrsy.

2. Previous Work

Finding and understanding people from images is a very active area inutemysion. In this
section, we brie y review previous work in human parsing and action geitmn that is most
related to our work.

Human parsing:Early work related to nding people from images is in the setting of detecting
and tracking people with kinematic models in both 2D and 3D. Forsyth et al6j30@vide an
extensive survey of this line of work.

Recent work has examined the problem in static images. Some of thesedmgsrasge exemplar-
based. For example, Toyama and Blake (2001) track people using 2opkxs. Mori and Malik
(2002) and Sullivan and Carlsson (2002) estimate human poses by mapchistpred 2D tem-
plates with marked ground-truth 2D joint locations. Shakhnarovich et@3Ruse local sensitive
hashing to allow ef cient matching when the number of exemplars is large.

Part-based models are becoming increasingly popular in human parsifg.we&k includes
the cardboard people (Ju et al., 1996) and the pictorial structure (iSelzalb and Huttenlocher,
2005). Tree-structured models are commonly used due to its ef ciendythBre are also methods
that try to alleviate the limitation of tree-structured models, include common-factdelsigLan
and Huttenlocher, 2005), loopy graphs (Jiang and Martin, 2008; Raln 2005; Tian and Sclaroff,
2010; Tran and Forsyth, 2010), mixtures of trees (Wang and MorBR00

Many part-based models use discriminative learning to train the model parameteamples
include the conditional random elds (Ramanan and Sminchisescu, 2006afa, 2006), max-
margin learning (Kumar et al., 2009; Wang et al., 2011; Yang and Ram&0ad) and boosting
(Andriluka et al., 2009; Sapp et al., 2010b; Singh et al., 2010). Preapproaches have also ex-
plored various features, including image segments (superpixels) @lolnsl Everingham, 2009;
Mori et al., 2004; Mori, 2005; Sapp et al., 2010a,b; Srinivasan and2807), color features (Ra-
manan, 2006; Ferrari et al., 2008), gradient features (Andriluk ,2009; Johnson and Evering-
ham, 2010; Wang et al., 2011; Yang and Ramanan, 2011).

Human action recognitionMost of the previous work on human action recognition focuses on
videos. Some work (Efros et al., 2003) uses global template for actiogméon. A lot of recent
work (Dollar et al., 2005; Laptev et al., 2008; Niebles et al., 2006) uses bagiafswnodels. There
is also work (Ke et al., 2007; Niebles and Fei-Fei, 2007) using parthaselels.

Compared with videos, human action recognition from static images is a reldégshstudied
area. Wang et al. (2006) provide one of the earliest examples of aeogmition in static images.
Recently, template models (Ikizler-Cinbis et al., 2009), bag-of-words m¢Delsitre et al., 2010),
part-based models (Delaitre et al., 2010; Yang et al., 2010) have allgvepased for static-image
action recognition. There is also a line of work on using contexts for acdoagnition in static
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images, including human-object context (Desai et al., 2010; Gupta e08b, Xao and Fei-Fei,
2010) and group context (Lan et al., 2010; Maji et al., 2011).

3. Hierarchical Poselets

Our pose representation is based on the concept of “poselet” intrddaddourdev and Malik
(2009). In a nutshell, poselets refer to pieces of human poses that htlg tifystered in both
appearance and con guration spaces. Poselets have been shogveftediive at person detection
(Bourdev and Malik, 2009; Bourdev et al., 2010).

In this paper, we propose a new representation céliedirchical poseletsHierarchical pose-
lets extend the original poselets in several important directions to make theenapjropriate for
human parsing. We start by highlighting the important properties of oueseptation.

Beyond rigid “parts”: Most of the previous work in part-based human modeling are based on
the notion that the human body can be modeled as a set of rigid parts cahimesziene way. Almost
all of them use a natural de nition of parts (e.g., torso, head, upperflimbs) corresponding to
body segments, and model those parts as rectangles, parallel linessroprithitive shapes.

As pointed out by Bourdev and Malik (2009), this natural de nition of f{ga fails to acknowl-
edge the fact that rigid parts are not necessarily the most salient fe&urgsual recognition. For
example, rectangles and parallel lines can be found as limbs, but theyscapeaeasily confused
with windows, buildings, and other objects in the background. So it is imiigrdif cult to build
reliable detectors for those parts. On the other hand, certain visualnsatt®rering large portions
of human bodies, for example, “a torso with the left arm raising up” or “iedateral pose”, are
much more visually distinctive and easier to identify. This phenomenon was\aaseven prior to
the work of poselet and was exploited to detect stylized human poses éahdjgpearance models
for kinematic tracking (Ramanan et al., 2005).

Multiscale hierarchy of “parts”; Another important property of our representation is that we
de ne “parts” at different levels of hierarchy to cover pieces of harpases at various granularity,
ranging from the con guration of the whole body, to small rigid parts. Irtipalar, we de ne 20
parts to represent the human pose and organize them in a hierarchy shBigure 1. To avoid
terminological confusion, we will use “part” to denote one of the 20 partsiguré 1 and use
“primitive part” to denote rigid body parts (i.e., torso, head, half limbs) fraw on.

In this paper, we choose the 20 parts and the hierarchical structuretireFigmanually. Of
course, it is possible to de ne parts corresponding to other combinatibhedy segments, for
example, left part of the whole body. It may also be possible to learn theectivity of parts au-
tomatically from data, for example, using structure learning methods (KoltkFaadman, 2009).
We would like to leave these issues as future work.

We use a procedure similar to Yang et al. (2010) to select poselets fopastc First, we cluster
the joints on each part into several clusters based on their relatindy coordinates with respect
to some reference joint of that part. For example, for the part “torse’choose the middle-top
joint as the reference and compute the relative coordinates of all thejoitieron the torso with
respect to this reference joint. The concatenation of all those coorsiwétée the vector used for
clustering. We run K-means clustering on the vectors collected from allrigaimages and remove
clusters that are too small. Similarly, we obtain the clusters for all the other. partise end, we
obtain 5 to 20 clusters for each part. Based on the clustering, we cropittesjgonding patches
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Figure 1: An illustration of the hierarchical pose representation. Thélddges indicate the con-
nectivity among different parts.

from the images and form a set of poselets for that part. Figure 2 shamspdes of two different
poselets for the part “legs”.

Our focus is the new representation, so we use standard HOG desc(iptdal and Triggs,
2005) to keep the feature engineering to the minimum. For each poselet, steuodtHOG fea-
tures from patches in the corresponding cluster and from randontiveegatches. Inspired by the
success of multiscale HOG features (Felzenszwalb et al., 2010), wefiggerd cell sizes when
computing HOG features for different parts. For example, we use cellg ofl2 pixel regions for
poselets of the whole body, and cells of 2 for poselets of the upper/lower arm. This is moti-
vated by the fact that large body parts (e.g., whole body) are typicallyreptesented by coarse
shape information, while small body parts (e.g., half limb) are better repgexsby more detailed
information. We then train a linear SVM classi er for detecting the preseffieach poselet. The
learned SVM weights can be thought as a template for the poselet. Exampegead HOG tem-
plates for the “legs” poselets are shown as the last columns of Figureainites of poselets and
their corresponding HOG templates for other body parts are shown ineFgur

A poselet of a primitive part contains two endpoints. For example, for elpbasf upper-left leg,
one endpoint corresponds to the joint between torso and upper-lethlegther one corresponds
to the joint between upper/lower left leg. We record the mean location (wifect$o the center
of the poselet image patch) of each endpoint. This information will be usaghivah parsing when
we need to infer the endpoints of a primitive part for a test image.

4. Human Parsing

In this section, we describe how to use hierarchical poselets in humangarge rst develop an
undirected graphical model to represent the con guration of the hurose (5ection 4.1). We then
develop the inference algorithm for nding the best pose con guratiothsnmodel (Section 4.2)
and the algorithm for learning model parameters (Section 4.3) from traiitsg d

4.1 Model Formulation

We denote the complete con guration of a human pose asf liglt ;, wherekK is the total number
of parts (i.e.K = 20 in our case). The con guration of each plit parametrized by = ( x;Vi; z).
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Figure 2: Examples of two poselets for the part “legs”. Each row cpomrds to a poselet. We

show several patches from the poselet cluster. The last column sheWOB template
of the poselet.

X

whole body

rigid parts

Figure 3: Visualization of some poselets learned from different bodyg parthe UIUC people data
set, including whole body, large parts (top to bottom: torso+left arm, legso-ttiead,
left arm), and rigid parts (top to bottom: upper/lower left arm, torso, uppeefideft leg,

head). For each poselet, we show two image patches from the cord&sgpatuster and
the learned SVM HOG template.
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Here (x;yi) de nes the image location, argl is the index of the corresponding poselet for this
part, thatisz 2 f 1;2;:::; P.g, whereP, is the number of poselets for tivth part. In this paper, we
assume the scale of the person is xed and do not search over multipls.sktasestraightforward
to augment; with other information, for example, scale and foreshortening.

The complete posk can be represented by a grai= fV ; Eg, where a vertex2 V denotes
a part and an edg@; j) 2 E captures the constraint between parésd j. The structure ofs is
shown in Figure 1. We de ne the score of labeling an imagéth the posd. as:

FLD= & f(sh+ & y(il): (1)
i2V (i;)2E
The details of the potential functions in Equation 1 are as follows.
Spatial priory (Ij;1j): This potential function captures the compatibility of con gurations of
parti and partj. Itis parametrized as:

y(li;lj) = aij;zi;zjbin(xi Xj:Yi yJ)
P D .
= a a la@)1lo(z)aijapbin(x X5y yj):
a=1b=1
Similar to Ramanan (2006), the function binisé a vectorized count of spatial histogram bins. We
usels( ) to denote the function that takes 1 if its argument eqaadsd O otherwise. Her@;;j.7;,
is a model parameter that favors certain relative spatial bins when pogedetsz; are chosen for
partsi and j, respectively. Overall, this potential function models the (relative) spatiahgement
and poselet assignment of a pgirj) of parts.
Local appearancé(l;;1): This potential function captures the compatibility of placing the pose-
let z at the locatior(x;;y;) of an imagd. It is parametrized as:

P
;= bizif(l(li))z é_ biaf(l(li)) 1.(2);
a=1

whereb;.; is a vector of model parameters corresponding to the pogeded f(1(l;)) is a feature
vector corresponding to the image patch de ned;byVe de ne f(I(l;)) as a lengtt?, + 1 vector
as:

Each element;(1(l;)) is the score of placing poselgt at image locatior{x;;y;). The constant 1
appended at the end of vector allows us to learn the model with a bias ternthelinveords, the
score of placing the poselgtat image locatiortx;; y;) is a linear combination (with bias term) of the
responses all the poselet templateéaty;) for parti. We have found that this feature vector works
better than the one used in Yang et al. (2010), which de f(g§l;)) as a scalar of a single poselet
template response. This is because the poselet templates learned fondgrguréit are usually not
independent of each other. So it helps to combine their responses asahadpearance model.

We summarize and highlight the important properties of our model and coalegwur re-
search by comparing with related work.

Discriminative “parts”: Our model is based on a new concept of “parts” which goes beyond the
traditional rigid parts. Rigid parts are inherently dif cult to detect. We insteansider parts cov-
ering a wide range of portions of human bodies. We use poselets to cdfgtinetive appearance
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patterns of various parts. These poselets have better discriminativegitae traditional rigid part
detectors. For example, look at the examples in Figure 2 and Figure 3,4bkefsocapture various
characteristic patterns for large parts, such as the “A’-shape forgkdrdhe rst row of Figure 2.

Coarse-to- ne granularity:Different parts in our model are represented by features at varying
levels of detalils (i.e., cell sizes in HOG descriptors). Conceptually, this muti-granularity can
be seen as providing an ef cient coarse-to- ne search strategyveder, it is very different from
the coarse-to- ne cascade pruning in Sapp et al. (2010b). The matt®app et al. (2010b) prunes
the search space of small parts (e.g., right lower arm) at the coarseitgnglsimple features and
apply more sophisticated features in the pruned search space. Howeweould like to argue that
at the coarse level, one should not even consider small parts, sincartheherently dif cult to
detect or prune at this level. Instead, we should focus on large batly giace they are easy to
nd at the coarse level. The con gurations of large pieces of humandsodill guide the search
of smaller parts. For example, an upright torso with arms raising up (céarskinformation) is a
very good indicator of where the arms ( ne-level details) might be.

Structured hierarchical modelA nal important property of our model is that we combine
information across different parts in a structured hierarchical wag drfginal work on poselets
(Bourdev and Malik, 2009; Bourdev et al., 2010) uses a simple Houghgzecheme for person
detection, that is, each poselet votes for the center of the person, endtds are combined to-
gether. This Hough voting might be appropriate for person detectioiit,ibutot enough for human
parsing which involves highly complex and structured outputs. Insteadjewelop a structured
model that organize information about different parts in a hierarchasdlibn. Another work that
uses hierarchical models for human parsing is the AND-OR graph in Z&lu(@008). But there are
two important differences. First, the appearance models used in Zhu20@8) are only de ned
on sub-parts of body segments. Their hierarchical model is only usad #ilphe small pieces to-
gether. As mentioned earlier, appearance models based on body segraéniterently unreliable.
In contrast, we use appearance models associated with parts of vargiagSecond, the OR-nodes
in Zhu et al. (2008) are conceptually similar to poselets in our case. ButRaeddes in Zhu et al.
(2008) are de ned manually, while our poselets are learned.

Our work on human parsing can be seen as bridging the gap between putapechools
of approaches for human parsing: part-based methods, and exdrapt-methods. Part-based
methods, as explained above, model the human body as a collection of nitgd Pplaey use local
part appearances to search for those parts in an image, and uses@iog priors to put these
pieces together in some plausible way. But since the con guration priorsesetmethods are
typically de ned as pairwise constraints between parts, these methodéydaak any notion that
captures what a person should look like as a whole. In contrast, exebgdad methods (Mori
and Malik, 2002; Shakhnarovich et al., 2003; Sullivan and Carlsda02)search for images with
similar whole body con gurations, and transfer the poses of those wellladttraining images
to a new image. The limitation of exemplar-based approaches is that theyerggoid matching
of the entire body. They cannot handle test images of which the legs arerdindame training
images, while the arms are similar to other training images. Our work combinesrteésef both
schools. On one hand, we capture the large-scale information of hursarvigdarge parts. On the
other hand, we have the exibility to compose new poses from differerts pa
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4.2 Inference

Given an imagé, the inference problem is to nd the optimal pose labelingthat maximize the
scoreF(L;1), thatis,L = argmax F(L;l). We use the max-product version of belief propagation
to solve this problem. We pick the vertex corresponding to part “whole’baslyhe root and pass
messages upwards towards this root. The message fromtpats parentj is computed as:

m(lj) = m|9><(U(|j)+ y (li:15)); 2
ulpy=fd)+ & md)):
k2kids;

Afterwards, we pass messages downward from the root to other eeirtigesimilar fashion. This
message passing scheme is repeated several times until it convergestethporarily ignore the
poselet indiceg andz; and think ofl; = ( x;;y;), we can represent the messages as 2D images and
pass messages using techniques similar to those in Ramanan (2006). Thei(lyaigeobtained
by summing together response images from its child paits) and its local response imagd ;).
f(l;) can be computed in linear time by convolving the HOG feature map with the template of
The maximization in Equation 2 can also be calculated in time linear to the sigg pfin practice,
we compute messages on each Xglz;) and enumerate all the possible assignment;of;)

to obtain the nal message. Note that since the graph structure is not dhi®eessage passing
scheme does not guarantee to nd the globally optimal solution. But empiricediyhave found
this approximate inference scheme to be suf cient for our application.

The inference gives us the image locations and poselet indices of all er@Qboth primitive
and non-primitive). To obtain the nal parsing result, we need to computéottagions of the two
endpoints for each primitive part. These can be obtained from the mepniahkbcations recorded
for each primitive part poselet (see Sec. 3).

Figure 4 shows a graphical illustration of applying our model on a test imkgeeach part
in the hierarchy, we show two sample patches and the SVM HOG template cordasg to the
poselet chosen for that part.

4.3 Learning

In order to describe the learning algorithm, we rst write Equation 1 as adiheection of a single
parameter vectar which is a concatenation of all the model parameters, that is:

F(L;1)= wF(I;L); where
w=[aijap bial; 8i5j;ab;
F(I5L) =[1a(2)16(z)bin(i  xj5yi yj); T(1(1)) 1a(2)]5 8i ;&b

The inference scheme in Section 4.2 solizess argmaxw” F(I;L). Given a set of training
images in the form of I"; L”gr'}'zl, we learn the model parameteavsising a form of structural SVM
(Tsochantaridis et al., 2005) as follows:

min }jjvw'j2+ Ca x"; st 8n; 8L: (3)
wx 2 n
wFE(ML™ wF@OML) DL LM x™ 4)
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Figure 4: A graphical illustration of applying our model on a test image. &oh @art (please refer
to Figure 1), we show the inferred poselet by visualizing two sample pafobmsthe
corresponding poselet cluster and the SVM HOG template.

Consider a training image', the constraint in Equation 4 enforces the score of the true &bkl
be larger than the score of any other hypothesis laligl some margin. The loss functi@{L; L")
measures how incorrettis compared withL". Similar to regular SVMsx, are slack variables
used to handle soft margins. This formulation is often called margin-resaalithge SVM-struct
literature (Tsochantaridis et al., 2005).

We use a loss function that decomposes into a sum of local losses denrezdth parb(L; L") =
ak DL L"). If thei-th part is a primitive part, we de ne the local loBL;; L") as:

DiLisLY) =1 1(z 8 Z)+ d((x;%); (x5 (5)

wherel( ) is an indicator function that takes 1 if its argument is true, and O otherwiseintiition

of Equation 5 is as follows. If the hypothesized poselaes the same as the ground-truth poselet
Z" for thei-th part, the rst term of Equation 5 will be zero. Otherwise it will incur a ldséwe
choosd = 10 in our experiments). The second term in Equaticah(8;yi); (X' y)) , measures the
distance (we ush distance) between two image locatidms y;) and(x";y"). If the hypothesized
image locatior(x;; i) is the same as the ground-truth image locafihy") for thei-th part, no loss

is added. Otherwise a loss proportional to thdistance of these two locations will be incurred.

If the i-th part is not a primitive part, we simply sB(L;; L") to be zero. This choice is based on
the following observation. In our framework, non-primitive parts onlyseas some intermediate
representations that help us to search for and disambiguate small primitise Plae nal human
parsing results are still obtained from con guratidn®f primitive parts. Even if a particular hy-
pothesized. gets one of its non-primitive part labeling wrong, it should not be penalzddng as
the labelings of primitive parts are correct.

The optimization problem in Equations (3,4) is convex and can be solvedthsimgtting plane
method implemented in the SVM-struct package (Joachims et al., 2008). Howewopt to use a
simpler stochastic subgradient descent method to allow greater exibility in tefrimsplementa-
tion.
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Figure 5: Human actions in static images. We show some sample images and tb&tians on
the two data sets used in our experiments (see Section 6). Each image isethnitia
the action category and joints on the human body. It is clear from these e@thpt
static images convey a lot of information about human actions.

First, it is easy to show that Equations (3,4) can be equivalently written as:
min Sjwij2+ C& R"(L);
w 2 . ’
where R"(L) = max D(L;L+ W F(™L) wFNL" :

In order to do gradient descent, we need to calculate the subgr§g@ief{L) at a particulaxw.
Let us de ne:

L?= argmax D(L; L")+ wF(I™L) : (6)

Equation 6 is called loss-augmented inference (Joachims et al., 200&n hecshown that the
subgradienfl,R"(L) can be computed &R (L) = F(I";L?) F(I™;L"). Since the loss function
D(L;L") can be decomposed into a sum over local losses on each individuaghpdoss-augmented
inference in Equation 6 can be solved in a similar way to the inference probl8ection 4.2. The
only difference is that the local appearance mddgl ) needs to be augmented with the local loss
functionD(L;;L}"). Interested readers are referred to Joachims et al. (2008) for rataiésd

5. Action Recognition

The hierarchical poselet is a representation general enough to déusany applications. In this
section, we demonstrate it in human action recognition from static images.

Look at the images depicted in Figure 5. We can easily perceive the acfipesple in those
images, even though only static images are given. So far most work in hustian eecognition
has been focusing on recognition from videos. While videos certainlyiggauseful cues (e.g.,
motion) for action recognition, the examples in Figure 5 clearly show that theniraition conveyed
by static images is also an important component of action recognition. In thes, pegconsider the
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problem of inferring human actions from static images. In particular, wengegested in exploiting
the human pose as a source of information for action recognition.

Several approaches have been proposed to address the probdtsticofmage action recog-
nition in the literature. The rst is a standard pattern classi cation apprp#udt is, learning a
classi er based on certain image feature representations. For exakipler-Cinbis et al. (2009)
learn SVM classi ers based on HOG descriptors. The limitation with this amgbraathat it com-
pletely ignores the pose of a person. Another limitation is that SVM classi er$igitip assume
that images from the same action category can be represented by a ehpariictype (which are
captured by the weights of the SVM classi er). However, the examples iargi§ clearly show
that humans can have very varied appearances when performingribeastion, which are hard to
characterize with a canonical prototype.

Another approach to static image action recognition is to explicitly recover timahpose, then
use the pose as a feature representation for action recognition. Foplexd-errari et al. (2009)
estimate the 2D human pose in TV shots. The estimated 2D poses can be usedctofeatures
which in turn can be used to retrieve TV shots containing people with similasgosequery. As
point out in Yang et al. (2010), the problem with this approach is that 2Ddmpose estimation
is still a very challenging problem. The output of the state-of-the-art psienation system is
typically not reliable enough to be directly used for action recognition.

The work in Yang et al. (2010) is the closest to ours. It uses a remasm based on human
pose for action recognition. But instead of explicitly recovering the pegpisse con guration, it
represents the human pose as a set of latent variables in the model. Theid mieds not require
the predicted human pose to be exactly correct. Instead, it learns whighooents of the pose are
useful for differentiating various actions.

The pose representation in Yang et al. (2010) is limited to four parts: Uqmaiy left/right arm,
and legs. Learning and inference in their model amounts to infer the begfucations of these
four parts for a particular action. A limitation of this representation is that isam contain pose
information about larger (e.g., whole body) or smaller (e.g., half-limbs) pdéftsbelieve that pose
information useful for discerning actions can vary depending on difffeaction categories. Some
actions (e.g.running have distinctive pose characteristics in terms of both the upper and lower
bodies, while other actions (e.@ginting) are characterized by only one arm. The challenge is how
to represent the pose information at various levels of details for actiogmné@won.

In this section, we use hierarchical poselets to capture richer poseition for action recog-
nition. While a richer pose representation may offer more pose informatiss lfias), it must also
be harder to estimate accurately (more variance). In this paper, we deaterisat our rich pose
representation (even with higher variance) is useful for action rétogn

5.1 Action-Speci ¢ Hierarchical Poselets

Since our goal is action recognition, we choose to use an action-spewian of the hierarchical
poselets. This is similar to the action-speci ¢ poselets used in Yang et al0)20he difference

is that the action-speci ¢ poselets in Yang et al. (2010) are only de negims of four parts—

left/right arms, upper-body, and legs. These four parts are orghimzestar-like graphical model.
In contrast, our pose representation captures a much wider rangeoghatfon across various
pieces of the human body. So ours is a much richer representation thgretyain (2010).

3086



DISCRIMINATIVE HIERARCHICAL PART-BASED MODELS

Figure 6: Examples of poselets for “playing golf”. For each poselet, isealize several patches
from the corresponding cluster and the SVM HOG template. Notice the multisatle
of the poselets. These poselets cover various portions of the humais badiading the
whole body (1st row), both legs (2nd row), one arm (3nd row), eesypely.

The training images are labeled with ground-truth action categories and joiriteechuman
body (Figure 5). We use the following procedure to select poseletsdpeei ¢ part (e.g.Jeg9 of
a particular action category (e.gunning). We rst collect training images of that action category
(running). Then we cluster the joints on the paedd9 into several clusters based on their relative
(x;y) coordinates with respect to some reference joint. Each cluster will gamesto a “running
legs” poselet. We repeat this process for the part in other action categdm the end, we obtain
about 15 to 30 clusters for each part. Figures 6 and 7 show exampleseiéts for “playing golf”
and “running” actions, respectively.

Similarly, we train a classi er based on HOG features (Dalal and Trigg852@ detect the
presence of each poselet. Image patches in the corresponding phseiet are used as positive
examples and random patches as negative examples for training thealaSainilar to the model
in Sec. 4, we use different cell sizes when constructing HOG featareffferent parts. Large cell
sizes are used for poselets of large body parts (e.g., whole body @, tahile small cell sizes
are used for small body parts (e.g., half limbs). Figure 6 and Figure 7 showe examples of the
learned SVM weights for some poselets.

5.2 Our Model

Letl be animage containing a persdf2 Y be its action label wher¥ is the action label alphabet,

L be the pose con guration of the person. The complete pose con guratidenoted ak = fligk ;

(K = 20 in our case), wherk = (x;VYi;z) represents the 2D image location and the index of the
corresponding poselet cluster for théh part. The complete podecan be represented by a graph
G=fV;Egshownin Figure 1. A verteik2 V denotes théth part and an edgg; j) 2 E represents
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Figure 7: Examples of poselets for “running”. For each poselet, waliriseveral patches from
the corresponding cluster and the SVM HOG template. Similar to Figure 6, tbestefs
cover various portions of the human bodies

the spatial constraint between thth and thej-th parts. We de ne the following scoring function
to measure the compatibility of the tripl& L;Y):

FOLLY) = wy(D+ & v+ & yv(isly): (7)
i2V i;j2E
Here we use the subscript to explicitly emphasize that these functionseiecdpr a particular
action label. The details of the potential functions in Equation 7 are as follows.
Root appearancex (1): This potential function models the compatibility of the action label
and the global appearance of an imagk is parametrized as:

wy(l) = ag f(I): (8)

Here f(1) is a feature vector extracted from the whole imageithout considering the pose. In
this paper, we use the HOG descriptor (Dalal and Triggs, 200basfthe feature vectdr(l). The
parameter@y can be interpreted as a HOG template for the action categoryote that if we
only consider this potential function, the parametiesigsgy,y can be obtained from the weights
of a multi-class linear SVM trained with HOG descriptdi@) alone without considering the pose
information.

Part appearancé v (l;l;): This potential function models the compatibility of the con guration
l; of thei-th part and the local image patch de ned by ( %;Vi;z), under the assumption that the
action label isY. Since our goal is action recognition, we also enforce that the pagedabuld
comes from the actiol. In other words, if we de neZiY as the set of poselet indices for thth
part corresponding to the action categ¥rythis potential function is parametrized as:

v f(G) ifz22Zy,
¥ otherwise

fy(;h) = 9)
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Here f(l;1;) is the score of placing the SVM HOG templatet location(xi; y;) in the imagd.

Pairwise part constrainy (li;1;): This potential function models the compatibility of the con-
gurations between thé-th and thej-th parts, under the assumption that the action lab¥l igve
parametrize this potential function using a vectorized counts of spatial fastolins, similar to
Ramanan (2006); Yang et al. (2010). Again, we enforce posglatsiz; to come from actioly as
follows:

(10)

(g> bin(li 1)) ifz22Y:z2Z);
yv(lislj) = ;; F e

otherwise

Here bir( ) is a vector all zeros with a single one for the occupied bin.

Note that if the potential functions and model parameters in Equations(7,8¢® 1@t depend
on the action labeY, the part appearandd€ ) and pairwise part constraigt( ) exactly recover the
human parsing model in Section 4.

5.3 Learning and Inference

We de ne the score of labeling an imagevith the action labeY as follows:

H(l;Y) = mLaxF(I;L;Y): (12)

Given the model paramete€d= fa;b;gg, Equation 11 is a standard MAP inference problem in
undirected graphical models. We can approximately solve it using mesaagiag scheme similar
to that in Section 4.2. The predicted action la¥eis chosen a¥ = argmaxH(l;Y).

We adopt the latent SVM (Felzenszwalb et al., 2010) framework for legthe model parame-
ters. First, it is easy to see that Equation 7 can be written as a linear funttimsdel parameters as
F(I;L;Y)= QF(I;L;Y), whereQ is the concatenation of all the model parameters @.gh, and
g andF (I;L;Y) is the concatenation of the corresponding feature vectors. Givencéd tsaining
examples in the form dfl"; L”;Y”gﬁzl, the model parameters are learned by solving the following
optimization problem:

min }ijjj2+ Ca X" st 8n 8Y: (12)
Qx 2 N
HA™Y™  HAMY) DY; YY) x™ (13)

It is easy to show that Equations (12,13) can be equivalently written as:
min2jQj%+ C& R™ (14)
Q 2 n
where R" = max DY;YM)+ Q F(M™Y) mFXQ> FO™LY":

The problem in Equation 14 is not convex, but we can use simple stochastgradient descent
to nd a local optimum. Let us de ne:

(Y:L)= argrpng(Y;Y”)+ Q> F(I™L;Y));

L%= arg rrla>(Q> FO™LY™):
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head + upper arm head + lower arm

Buffy UIUC people sportimages Buffy UIUC people sportimages

Figure 8: Scatter plots of heads (red) and upper/lower arms (blue aed)gwith respect to xed
upper body position on three data sets.

Then the gradient of Equation 14 can be computed as:
Q+CQ FUMSL:;Y) FU™MLOYM :
n

To initialize the parameter learning, we rst learn a pose estimation model usintabieled
(1"; L") collected from training examples with class laldelThe parameters of these pose estimation
models are used to initializ®, andgy. The parameteray are initialized from a linear SVM model
based on HOG descriptors without considering the poses.

6. Experiments

In this section, we present our experimental results on human parsicgofsé.1) and action
recognition (Section 6.2).

6.1 Experiments on Human Parsing

There are several data sets popular in the human parsing communityafopkex Buffy data set

(Ferrari et al., 2008), PASCAL stickmen data set (Eichner and Fe2@09). But these data sets
are not suitable for us for several reasons. First of all, they onlyatonipper-bodies, but we are
interested in full-body parsing. Second, as pointed out in Tran ang/thof@010), there are very

few pose variations in those data sets. In fact, previous work has exjloiseproperty of these data
sets by pruning search spaces using upper-body detection and saetiomg(frerrari et al., 2008), or

by building appearance model using location priors (Eichner and K&2@9). Third, the contrast

of image frames of the Buffy data set is relatively low. This issue suggestbdétter performance

can be achieved by engineering detectors to overcome the contrastliiifc Please refer to the
discussion in Tran and Forsyth (2010) for more details. In our worlghve®se to use two data skets
containing very aggressive pose variations. The rst one is the Ulel@pfe data set introduced in
Tran and Forsyth (2010). The second one is a new sport image data bete collected from the

Internet which has been used in Wang et al. (2011). Figure 8 shaitesplots of different body

parts of our data sets compared with the Buffy data set (Ferrari et 8B) 2Bing a visualization

style similar to Tran and Forsyth (2010) . It is clear that the two data setsinsks paper have

much more variations.

1. Both data sets can be downloaded fiattp://vision.cs.uiuc.edu/humanparse
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“ours PS  IIP ours PS 1P ours PS P

Figure 9: Examples of human body parsing on the UIUC people data setoM{gace our method
with the pictorial structure (PS) (Andriluka et al., 2009) and the iterative araays-
ing (IIP) (Ramanan, 2006). Notice the large pose variations, cluttergdybaund, self-
occlusions, and many other challenging aspects of the data set.

6.1.1 UIUC FEoPLEDATA SET

The UIUC people data set (Tran and Forsyth, 2010) contains 593 injad@gor training, 247 for

testing). Most of them are images of people playing badminton. Some are iofgusEsple playing

Frisbee, walking, jogging or standing. Sample images and their parsiritsrasaishown in the rst

three rows of Figure 9. We compare with two other state-of-the-art appes that do full-body
parsing (with published codes): the improved pictorial structure by Andrigt al. (2009), and the
iterative parsing method by Ramanan (2006). The results are also sh&iguie 9.

To quantitatively evaluate different methods, we measure the percerftageectly localized
body parts. Following the convention proposed in Ferrari et al. (2008pdy part is considered
correctly localized if the endpoints of its segment lies within 50% of the grdaut-segment length
from their true locations. The comparative results are shown in TableQ(a)method outperforms
other approaches in localizing most of body parts. We also show the (8slitow, Table 1(a)) of
using only the basic-level poselets corresponding to the rigid parts. lkas that our full model
using hierarchical poselets outperforms using rigid parts alone.

Detection and parsingAn interesting aspect of our approach is that it produces not only the
con gurations of primitive parts, but also the con gurations of other &arlgody parts. These pieces
of information can potentially be used for applications (e.g., gesture-tb#S8dhat do not require
precise localizations of body segments. In Figure 10, we visualize thegooations of four larger
parts on some examples. Interestingly, the con guration of the whole bioglgtly gives us a person
detector. So our model can be seen as a principled way of unifying huasgngstimation, person
detection, and many other areas related to understanding humans. Irsthewrof Table 2, we
show the results of person detection on the UIUC people data set by guonirhuman parsing
model, then picking the bounding box corresponding to the part “wholgtaithe detection. We
compare with the state-of-the-art person detectors in Felzenszwall§28H0) and Andriluka et al.
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Method Torso| Upperleg | Lowerleg | Upperarm | Forearm | Head
Ramanan (2006) 441 | 11,7 7.3 | 255 251|113 109|259 25| 30.8
Andriluka et al. (2009) | 70.9 | 37.3 35.6| 23.1 22.7| 22.3 30.0| 9.7 10.5| 59.1
Our method (basic-level) 79.4 | 53.8 53.4| 47.8 39.7| 17.8 21.1| 11.7 16.6| 65.2
Our method (full model)| 86.6 | 58.3 54.3| 53.8 46.6| 28.3 33.2| 23.1 17.4| 68.8
(a) UIUC people data set
Method Torso| Upperleg | Lowerleg | Upperarm| Forearm | Head
Ramanan (2006) 287 | 74 722|176 20.8| 83 6.6|202 21| 129
Andriluka et al. (2009) | 715 | 442 43.1| 30.7 31| 28 29.6|17.3 15.3| 63.3
Our method (basic-level) 73.3 | 45.0 47.6| 40.4 39.9| 194 27.0| 13.3 99| 475
Our method (full model)| 75.3 | 50.1 48.2| 425 36.5| 23.3 27.1] 12.2 10.2| 47.5
(b) Sport image data set

Table 1: Human parsing results by our method and two comparison methodsn&sr2806; An-
driluka et al., 2009) on two data sets. The percentage of correctly lodqdenes is shown
for each primitive part. If two numbers are shown in one cell, they indicatéeftieight
body parts. As a comparison, we also show the results of using only rigisl {easic-
level).

wﬁ LT
L —_—

4] ==
e

_
=

Figure 10: Examples of other information produced by our model. On eadjeima show bound-
ing boxes corresponding to the whole body, left arm, right arm and lgssize of each
bounding box is estimated from its corresponding poselet cluster.

(2009). Since mostimages contain one person, we only consider théateteith the best score on
an image for all the methods. We use the metric de ned in the PASCAL VOC clgglenmeasure
the performance. A detection is considered correct if the intersectiaruoi@n with respect to the
ground truth bounding box is at least 50%. It is interesting to see that dhooheutperforms other
approaches, even though it is not designed for person detection.

Our method| Felzenszwalb et al. (201Q) Andriluka et al. (2009)
UIUC people 66.8 48.58 50.61
Sport image 63.94 45.61 59.94

Table 2: Comparison of accuracies of person detection on both datdrsets. method, the con-
guration of the poselets corresponding to the whole body can be direstlg tor person
detection.
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Ours PS 1P Ours PS 1P Ours PS 1P

Figure 11: Examples of human body parsing on the sport image data seorifig@aiee our method
with the pictorial structure (PS) (Andriluka et al., 2009) and the iterative engsing
(IIP) (Ramanan, 2006).

6.1.2 ORTIMAGE DATA SET

The UIUC people data set is attractive because it has very aggressieeand spatial variations.
But one limitation of that data set is that it mainly contains images of people plagidginton.
One might ask what happens if the images are more diverse. To answguésson, we have
collected a new sport image data set from more than 20 sport categodks]iig acrobatics,
American football, croquet, cycling, hockey, gure skating, soccelf and horseback riding. There
are in total 1299 images. We randomly choose 649 of them for training anetshéor testing.
The last three rows of Figure 9 show examples of human parsing resgigthéo with results of
Andriluka et al. (2009) and Ramanan (2006) on this data set. The quastitatnparison is shown
in Table 1(b). We can see that our approach outperforms the other tthe omajority of body parts.

Similarly, we perform person detection using the poselet correspondthg tehole body. The
results are shown in the second row of Table 2. Again, our method oatperbther approaches.

6.1.3 KINEMATIC TRACKING

To further illustrate our method, we apply the model learned from the UlUgplpedata set for
kinematic tracking by independently parsing the human gure in each framfeiglre 12, we show
our results compared with applying the method in Ramanan (2006). It is cbeaitthie results that
kinematic tracking is still a very challenging problem. Both methods make mistakesestingly,

when our method makes mistakes (e.g., gures with blue arrows), the outipldaks like a valid

body con guration. But when the method in Ramanan (2006) makes mistakgs Qures with

red arrows), the errors can be very wild. We believe this can be exdldipehe very different
representations used in these two methods. In Ramanan (2006), a hudyais bepresented by
the set of primitive parts. Kinematic constraints are used to enforce theciity of those parts.
But these kinematic constraints have no idea what a person looks like asl@ Winthe incorrect
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/

Figure 12: Examples of kinematic tracking on the baseball and gure skd#tasets. The 1st and
3rd rows are our results. The 2rd and 4th rows are results of Ramaf@as)( Notice
how mistakes of our method (blue arrows) still look like valid human poses, Wike
of Ramanan (2006) (red arrows) can be wild.

results of Ramanan (2006), all the primitive parts are perfectly connedtkd problem is their
connectivity does not form a reasonable human pose as a whole.

In contrast, our model uses representations that capture a spectrinothofarge and small
body parts. Even in situations where the small primitive parts are hard totdeteanethod can
still reason about the plausible pose con guration by pulling informatiomftarge pieces of the
human bodies.

6.2 Experiments on Action Recognition

We test our approach on two publicly available data sets: the still images ddt&izer et al.,
2008) and the Leeds sport data set (Johnson and Everingham, Bai®)ata sets contain images
of people with ground-truth pose annotations and action labels.

6.2.1 SILL IMAGE DATA SET

We rst demonstrate our model on the still image data set collected in Ikizlelr €@08). This
data set contains more than 2000 static images from ve action categoriesingaplaying golf,
running, sitting, and walking. Sample images are shown in the rst two rowsgaire 5. Yang et al.
(2010) have annotated the pose with 14 joints on the human body on all thesimate data set.
Following Yang et al. (2010), we choose3lof the images from each category to form the training
data, and the remaining ones as the test Hata.

2. A small number of images/annotations we obtained from the authorargf ¥t al. (2010) are somehow corrupted
due to some le-system failure. We have removed those images fromathesdt.
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] method | overall | avg per-class

Our approach 65.15 70.77
Yang et al. (2010) | 63.49 68.37
SVM mixtures 62.8 64.05
Linear SVM 60.32 61.5

Table 3: Performance on the still image data set. We report both overabhardge per-class
accuracies. The results are based on our own implementation.

dancing playing golf running

sitting walking

Figure 13: Visualization of some inferred poselets on the still image data seseThst images
have been correctly recognized by our model. For a test image, we shesvpbselets
that have high responses. Each poselet is visualized by showinglgeatahes from its
cluster.

We compare our approach with two baseline method. The rst baseline is actags-SVM
based on HOG features. For the second baseline, we use mixtures of®d®ls similar to that
in Felzenszwalb et al. (2010). We set the number of mixtures for each tdse the number of
whole-body poselets. From Table 3, we can see that our approactrfoutps the baseline by a
large margin. Our performance is also better than the reported resultsgretah (2010). However,
the accuracy numbers are not directly comparable since the training/teatmgets and features
are not completely identical. In order to do a fair comparison, we re-implemhe¢néemethod in
Yang et al. (2010) by only keeping the parts used in Yang et al. (2020j.full model performs
better.

In Figure 13, we visualize several inferred poselets on some examptesevalation categories
are correctly classi ed. Each poselet is visualized by showing sepatahes from the correspond-
ing poselet cluster.
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athletics badminton baseball

soccer tennis volleyball

Figure 14: Visualization of some inferred poselets on the Leeds sporsdatd hese test images
have been correctly recognized by our model. For a test image, we shesvpbselets
that have high responses. Each poselet is visualized by showinglseatahes from its
cluster.

| method [ overall | avg per-clasg
Our approach| 54.6 54.6
SVM mixtures| 52.7 49.13
Linear SVM 52.7 52.93

Table 4: Performance on the Leeds sport data set. We report bothllaved average per-class
accuracies.

6.2.2 LEEDSSPORTDATA SET

The Leeds sport data set (Johnson and Everingham, 2010) cori@ils2ages from eight different
sports: athletics, badminton, baseball, gymnastics, parkour, socads, teolleyball. Each image
in the data set is labeled with 14 joints on the human body. Sample images and thd jalmte
are shown in the last four rows of Figure 5. This data set is very chafigriyie to very aggressive
pose variations.

We choose half of the images for training, and the other half for testing. pErfermance
is shown in Table 4. Again, we compare with the HOG-based SVM and SVM retas the
baselines. We can see that our method still outperforms the baseline. Simianysualize the
inferred poselets on some examples in Figure 14.
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American football dancing  croquét playing golf eld hockey running

Figure 15: Visualization of inferred poses on unseen actions. Herectitng of the test im-
ages American football croquetand eld hockey are not available during training.
Our model recognizes these exampleslascing playing golf running respectively.
Some of the results (e.gcroquet  gol ng) make intuitive sense. Others (e.fpot-
ball! dancing might not be intuitive at rst. But if we examine the poselets carefully,
we can see that various pieces of the football player are very similar te thaad in
the dancing action.

6.2.3 UINSEENACTIONS

An interesting aspect of our model is that it outputs not only the predictezhdabel, but also some
rich intermediate representation (i.e., action-speci c hierarchical po¥elbtait the human pose.
This information can potentially be exploited in various contexts. As an examgepply the
model learned from the still image data setiEsscribeimages from sports categories not available
during training. In Figure 15, we show examples of applying the modeléekiinom the still image
data set to images with unseen action categories. The action categaniesdan footballcroquet
and eld hockey) for the examples in Figure 15 are disjoint from the action categories oftithe s
image data set. In this situation, our model obviously cannot correctly pthdiaction labels (since
they are not available during training). Instead, it classi es those imagjeg the action labels it
has learned. For example, it classi es "“American football” as “dancifigfpquet” as “playing
golf”, “ eld hockey” as “running”. More importantly, our model output®pelets for various parts
which support its prediction. From these information, we can say a lott&hmerican football”
even though the predicted action label is wrong. For example, we canisagtaser to “dancing”
than “playing golf” because the pose of the football player in the image is sitoitzartain type of
dancing legs, and certain type of dancing arms.

7. Conclusion and Future Work

We have presented hierarchical poselets, a new representation felimgdaliman poses. Different
poselets in our representation capture human poses at various levedsofagity. Some poselets
correspond to the rigid parts typically used in previous work. Others @aarspond to large pieces
of the human bodies. Poselets corresponding to different parts aeized in a structured hier-
archical model. The advantage of this representation is that it infers tharhpose by pulling
information across various levels of details, ranging from the coarggesbiathe whole body, to
the ne-detailed information of small rigid parts. We have demonstrate the apiplis of this rep-
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resentation in human parsing and human action recognition from static imageentfy, similar
ideas (Sun and Savarese, 2011) have been applied in other applicsticmas object detection.

As future work, we would like to explore how to automatically construct thespand the
hierarchy using data-driven methods. This will be important in order taneMteerarchical poselets
to other objects (e.g., birds) that do not have obvious kinematic strucivieealso like to apply the
hierarchical poselet representation to other vision tasks, such asrsagiomre
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