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Abstract

We present a new method for training deformable mod-

els. Assume that we have training images where part lo-

cations have been labeled. Typically, one fits a model by

maximizing the likelihood of the part labels. Alternatively,

one could fit a model such that, when the model is run on the

training images, it finds the parts. We do this by maximizing

the conditional likelihood of the training data.

We formulate model-learning as parameter estimation

in a conditional random field (CRF). Initializing parame-

ters with their maximum likelihood estimates, we reach the

global optimum by gradient ascent. We present a learning

algorithm that searches exhaustively over all part locations

in an image without relying on feature detectors. This pro-

vides millions of examples of training data, and seems to

avoid over-fitting issues known with CRFs.

Results for part localization are relatively scarce in

the community. We present results on three established

datasets; Caltech motorbikes [8], USC people [19], and

Weizmann horses [3]. In the Caltech set we significantly

outperform the state-of-the-art [6]. For the challenging

people dataset, we present results that are comparable

to [19], but are obtained using a significantly more generic

model (devoid of a face or skin detector). Our model is

general enough to find other articulated objects; we use

it to recover poses of horses in the challenging Weizmann

database.

1. Introduction

Deformable models have a long-standing history in the

vision community beginning with pictorial structures [10]

and deformable templates [11], and also include the recent

active appearance models [5] and constellation models [4].

These models represent an object as a collection of parts,

explicitly encoding both the appearance of a part and its

spatial arrangement.

There have been numerous approaches that use these

models for detection. They address questions of the form:

given an image, is there a motorbike or not? Surprisingly,

one can obtain state-of-the-art detection performance by ig-

noring spatial constraints (the so-called “bag of feature”

models). We believe this fact suggests that: (1) shape is

hard to learn with current methods and (2) one should con-

sider more difficult recognition tasks such as localization:

where is the motorbike, which way is it facing? Our work

focuses on methods for learning and evaluating deformable

models, given the task of localization.

A natural method of learning a deformable model is to

fit the model to some observed instances. This is often

formulated as maximum likelihood (ML). Given a collec-

tion of images where part locations have been labeled, one

computes sample means and variances (assuming gaussian

models). Even non-probabilistic approaches such as exem-

plar matching implicitly do this; here the mean is encoded

by the exemplar.

An alternative is to tune parameters so that the model

does well at a task (in our case, localization). Intuitively,

we want to tune parameters so that the model, when run

on a training image, recovers the labeled part locations. We

show that by formulating our model as a conditional random

field (CRF), we naturally optimize this criteria.

We demonstrate the resulting models on three datasets;

Caltech motorbikes [8], USC people [19], and Weizmann

horses [3]. The Caltech set is known to be easy for detec-

tion, but we use it to evaluate part localization. We sur-

pass the best-reported results in [6]. We present an articu-

lated model for human pose estimation that is comparable

to [19] on their challenging set of people images. In con-

trast to [19], we use a generic articulated model devoid of a

face detector or skin model. To demonstrate its generality,

we train it to localize deforming horses in the challenging

Weizmann dataset.

2. Related Work

Approaches for learning parts-based models can loosely

be divided into generative, semi-supervised, and discrimi-

native. Given labeled training data, generative methods fol-

low the ML framework described above [5, 6, 7, 11, 14, 15,

20]. Alternatively, Weber et al. and Fergus et al. use EM

to learn models from partially-labeled data [8, 27]. Their
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Figure 1. Our approach to model building. Assume we are given a collection of training images Im with labeled part locations L (we

show 2 images on the left). Classic approaches learn the model Θ that maximizes the joint likelihood Pr(Im, L|Θ). Assuming gaussian

models, one does this by computing sample means and variances. We show the mean pose in the top middle. If we use the model to infer

the pose in each training image, we often get incorrect localizations; the arm gets confused with the body (bottom middle). In this work,

we learn a model that is trained to infer the correct poses in the training images. We do this by maximizing the conditional Pr(L|Im, Θ).

We show the new learned mean pose on the right top. By pulling the arm away from the body, the resulting model infers poses that are

closer to the labeled training set (bottom right).

approach required knowing an image contains a motorbike,

but not where its parts are located. Although our work here

learns in a supervised framework, there is a close connec-

tion between our CRF optimization and EM (we look at this

in Sec. 4).

Discriminative training of deformable models dates back

to at least decision trees [1], convolutional neural nets [18],

and include recent approaches such as [12, 13, 22]. In these

cases, models are optimized for detection and not localiza-

tion. Kumar and Hebert introduced CRFs for low-level vi-

sion [16]. They infer pixel labels from a loopy grid (and so

require approximations for inference and learning), while

we infer part locations on a tree-structured model.

There exist relatively few published results for localiza-

tion of deformable models [6, 23]. One notable exception

is human pose estimation. Most work involves tracking in

video sequences, although approaches for pose estimation

in static images exist [14, 19, 21, 24]. The unconstrained

nature of the problem typically requires some limiting as-

sumption such as uncluttered backgrounds, visible faces,

and/or visible skin regions.

3. Deformable Part Model

We use a parts and structure model framework common

in the previously mentioned approaches. Let us write the

location of part i as li = (xi, yi). We later extend li to en-

code part orientation for articulated models. We denote the

configuration of a K part model as L = (l1 . . . lK). Given

model parameters Θ, the joint probability of a configuration

L in an image Im is

Pr(Im, L|Θ) = (1)

∏
(i,j)∈E

Pr(li|lj)

K∏
i=1

Pr(Im(li)|li)
∏
l∈bg

Pr(Im(l|bg))

The first term captures part geometry, while the second term

models the local image patch at each part. The last term

models the image patches in the background. We assume

the local probability functions are gaussian:

Pr(li|lj) = N(li − lj ; μi, Σi) (2)

The geometric model in Eq.2 has an intuitive interpretation

as a “spring” that connects part i to part j. The spring has

a rest position of μi and a stiffness encoded by Σi. We

assume E is a known tree (see Sec. 4.2), and so each part i

is connected to one parent j. We will often write the relative

location of part i simply as ri = li − lj .

Pr(Im(li)|li) = N(Im(li);αi, Γi). (3)

The appearance model in Eq.3 is defined with a feature vec-

tor Im(li) describing the image patch centered at (xi, yi).
We can think of αi as an image template for part i. We

describe our feature vector representation in Sec. 6. Our

final model is defined by the parameters of each gaussian

Θ = {μi, Σi, αi, Γi, αbg, Γbg}.

Inference: In order to use the model to localize an object

in an image Im, we need the posterior over part locations

L:
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Pr(L|Im,Θ) ∝
∏

(i,j)∈E

Pr(li|lj)
K∏

i=1

Pr(Im(li)|li)

Pr(Im(li)|bg)

(4)

LMAP = argmaxL Pr(L|Im,Θ) (5)

LBayes = EΘ[L] =
∑
L

L Pr(L|Im,Θ) (6)

We use EΘ[·] to denote an expectation with respect to the

posterior defined by model Θ. Given an image, one can lo-

calize an object by either computing the maximum a poste-

riori estimate (LMAP ) or the average location with respect

to the posterior (the Bayesian estimate LBayes). If E is tree,

both are computable by fast variants of dynamic program-

ming [7]. One can also use the MAP estimate as a detector

by thresholding the unnormalized posterior.

Learning: Assume we are given training images Imt

where part locations Lt have been labeled. (As a notation

convention, we use subscripts to denote part numbers and

superscripts to denote image numbers). The classic criteria

for learning a model is to maximize the joint likelihood of

the labeled data

ΘML = max
Θ

∏
t

Pr(Imt, Lt|Θ) (7)

= max
μ,Σ

∏
t

Pr(Lt|μ,Σ) max
α,Γ

∏
t

Pr(Imt|Lt, α,Γ)

(8)

In the literature, this is often called maximum likelihood

(ML) learning. Since the likelihood factors into Eq. 1, it

suffices to find the ML estimates of the individual gaussian

terms. This is done by independently computing sample

means and variances. For example, we set μi to be the av-

erage position of part i with respect to part j.

In some ways, this independence is unintuitive. Suppose

we learn a very accurate appearance template αi. This sug-

gests we do not need a strong spatial prior Σi (since we

can find the part simply by matching the template αi). This

inter-dependence implies ΘML may not be optimal.

What is wrong with ΘML? Consider Fig.1. The mean

pose in a collection of labeled people images tends to have

the arms lying alongside the body. This is because, on aver-

age, a person tends to keep their arms there. However, such

a pose may not be useful for localizing people because the

estimated arms will be confused with the body. We do not

want the most likely pose, but rather the pose that produces

the best estimates when used for inference. We argue that

ML may be the wrong criteria because it is not directly tied

to inference.

The posterior in Eq. 4 is the precise quantity used for

inference. We will show that learning a Θ which maxi-

mizes Pr(L|Im,Θ) produces a model well-suited for lo-

calization. We call such a model ΘCL because it maxi-

mizes the conditional likelihood of labels given the image.

Computing ΘCL is difficult because Eq.4 is not normalized.

The implicit normalization factor is actually a function of

all the parameters Θ. This means that, unlike ML learning,

we cannot fit each parameter independently. Our resulting

model, however, is equivalent to a tree-structured Condi-

tional Random Field (CRF) [17]. We apply standard algo-

rithms from that literature to learn ΘCL.

4. Maximizing the conditional likelihood

Since are working directly with Eq.4, it will be conve-

nient to simplify our appearance model by assuming both

parts and the background have the same covariance Γbg . In

that case we can write:

Pr(Im(li)|li)

Pr(Im(li)|bg)
∝ expwT

i ·Im(li) (9)

where

wi = Γ−1
bg (αi − αbg). (10)

Given a set of labeled poses L̃t, let us write the (log) condi-

tional likelihood:

L(Θ) =
∑

t

log Pr(L̃t|Imt, Θ). (11)

We find the ΘCL that maximizes Eq.11 by gradient ascent.

Decomposing Σ−1
i = CT

i Ci, we calculate the gradient as

follows:

dL

dμi

= CT
i Ci{

∑
t

r̃t
i −

∑
t

EΘ[rt
i ]} (12)

dL

dCi

= Ci{
∑

(r̃t
i − μi)

2 −
∑

t

EΘ[(rt
i − μi)

2]} (13)

dL

dwi

=
∑

t

Imt(l̃ti) −
∑

t

EΘ[Imt(lti)] (14)

where we recall ri = li − lj . These updates are similar to

the standard equations found in the CRF literature. The first

summation in each term computes “empirical averages” of

our sufficient statistics. The second summation computes

the expected statistics by averaging over the posterior under

the current model Θ (Eq. 6). At the optimal setting ΘCL,

the two terms are equal (the gradient is 0). This implies

∑
t

r̃t
i =

∑
t

EΘCL
[rt

i ]. (15)
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