
Pictorial structures

UC Irvine

Deva Ramanan

Figure 2: Our mixture-of-trees model encodes topological changes due to viewpoint. Red lines denote springs between pairs
of parts; note there are no closed loops, maintaining the tree property. All trees make use of a common, shared pool of part
templates, which makes learning and inference efficient.

community and commercial systems such as Google Picasa
[1] and face.com [2] (the best-performing system on LFW
benchmark [3]). We first show results in controlled lab
settings, using the well-known MultiPIE benchmark [16].
We definitively outperform past work in all tasks, partic-
ularly so for extreme viewpoints. As our results saturate
this benchmark, we introduce a new “in the wild” dataset of
Flickr images annotated with faces, poses, and landmarks.
In terms of face detection, our model substantially outper-
forms ViolaJones, and is on par with the commercial sys-
tems above. In terms of pose and landmark estimation, our
results dominate even commercial systems. Our results are
particularly impressive since our model is trained with hun-
dreds of faces, while commercial systems use up to billions
of examples [36]. Another result of our analysis is evidence
of large gap between currently-available academic solutions
and commercial systems; we will address this by releasing
open-source software.

2. Related Work
As far as we know, no previous work jointly addresses

the tasks of face detection, pose estimation, and landmark
estimation. However, there is a rich history of all three in
vision. Space does not allow for a full review; we refer
the reader to the recent surveys [42, 27, 40]. We focus on
methods most related to ours.

Face detection is dominated by discriminatively-trained
scanning window classifiers [33, 22, 28, 18], most ubiqui-
tous of which is the Viola Jones detector [38] due its open-
source implementation in the OpenCV library. Our system
is also trained discriminatively, but with much less training
data, particularly when compared to commercial systems.

Pose estimation tends to be addressed in a video scenario
[42], or a controlled lab setting that assumes the detection
problem is solved, such as the MultiPIE [16] or FERET [32]
benchmarks. Most methods use explicit 3D models [6, 17]
or 2D view-based models [31, 10, 21]. We use view-based
models that share a central pool of parts. From this perspec-
tive, our approach is similar to aspect-graphs that reason
about topological changes between 2D views of an object
[7].

Facial landmark estimation dates back to the classic ap-
proaches of Active Appearance Models (AAMs) [9, 26] and

elastic graph matching [25, 39]. Recent work has focused
on global spatial models built on top of local part detectors,
sometimes known as Constrained Local Models (CLMs)
[11, 35, 5]. Notably, all such work assumes a densely con-
nected spatial model, requiring the need for approximate
matching algorithms. By using a tree model, we can use
efficient dynamic programming algorithms to find globally
optimal solutions.

From a modeling perspective, our approach is similar to
those that reason about mixtures of deformable part models
[14, 41]. In particular [19] use mixtures of trees for face de-
tection and [13] use mixtures of trees for landmark estima-
tion. Our model simultaneously addresses both with state-
of-the-art results, in part because it is aggressively trained
to do so in a discriminative, max-margin framework. For
example, previous approaches train part templates indepen-
dantly, while our templates are trained “contextually” in a
joint optimization. We also explore part sharing for reduc-
ing model size and computation, as in [37, 29].

3. Model

Our model is based on mixture of trees with a shared
pool of parts V . We model every facial landmark as a
part and use global mixtures to capture topological changes
due to viewpoint. We show such mixtures for viewpoint
in Fig.2. We will later show that global mixtures can also
be used to capture gross deformation changes for a single
viewpoint, such as changes in expression.

Tree structured part model: We write each tree Tm =
(Vm, Em) as a linearly-parameterized, tree-structured pic-
torial structure [41], where m indicates a mixture and Vm ⊆
V . Let us write I for an image, and li = (xi, yi) for the
pixel location of part i. We score a configuration of parts
L = {li : i ∈ V } as:

S(I, L,m) = Appm(I, L) + Shapem(L) + αm (1)

Appm(I, L) =
�

i∈Vm

wm
i · φ(I, li) (2)

Shapem(L) =
�

ij∈Em

amijdx
2 + bmijdx+ cmijdy

2 + dmijdy

(3)
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Figure 3: We take a “data-driven” approach to orientation-modeling by clustering the relative locations of parts with respect
to their parents. These clusters are used to generate mixture labels for parts during training. For example, heads tend to
be upright, and so the associated mixture models focus on upright orientations. Because hands articulate to a large degree,
mixture models for the hand are spread apart to capture a larger variety of relative orientations.

Figure 5: A visualization of our full-body model for T = 4, trained on the Parse dataset. Note that we show them as 4
separate models, but we emphasize that our representation allows for the composition of any part type with any other part
type, where the score associated with each combination decomposes into a tree (and so is efficient to search over) and is
learned from training data.

Image Parse Testset
Method Torso Head Upper legs Lower legs Upper arms Lower arms Total
R Gradient[?] 39.5 21.4 20.7 20.7 12.7 11.7 19.2
R Gradient+RGB[?] 52.1 37.5 31.0 29.0 17.5 13.6 27.2
ARS HOG [?] 81.4 75.6 63.2 55.1 47.6 31.7 55.2
JE HOG [?] 73.2 62.4 58.6 52.2 47.8 32.5 51.8
JE HOG+RGB [?] 77.6 68.8 61.5 54.9 53.2 39.3 56.4
SNH ROG [?] 54.8
SNH ROG+RGB [?] 91.2 76.6 71.5 64.9 50.0 34.2 60.9
Our Model HOG 89.8 87.8 78.5 69.0 64.4 36.1 67.4

Table 1: We compare our model to all previous published results on the Parse dataset, using the standard criteria of PCP [?].
Our total performance of 67.4% compares favorably to the best previous result of 60.9%. We also beat all previous results
on a per-part basis, except for torso and lower arm detection, for which we are second. [?] uses the same HOG feature set as
us, but embedded in a classic articulated pictorial structure. The relative improvement of our approach is 20%, indicating the
quality of our flexible part-mixture representation.
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Original plan

Inference of deformable part models
“Pictorial structures”

Learning for deformable part models
“Latent SVMs”

(This morning)

(This afternoon)
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Revised plan

“Core” deformable part model system

“Extensions” of deformable part models

(This morning)

(This afternoon)
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Goal: detect objects in cluttered images

Discriminative models for multi-class object layout

Chaitanya Desai Deva Ramanan Charless Fowlkes

Department of Computer Science

U C Irvine

{desaic,dramanan,fowlkes}@ics.uci.edu

Abstract

Many state-of-the-art approaches for object recognition

reduce the problem to a 0-1 classification task. Such re-

ductions allow one to leverage sophisticated classifiers for

learning. These models are typically trained independently

for each class using positive and negative examples cropped

from images. At test-time, various post-processing heuris-

tics such as non-maxima suppression (NMS) are required

to reconcile multiple detections within and between differ-

ent classes for each image. Though crucial to good perfor-

mance on benchmarks, this post-processing is usually de-

fined heuristically.

We introduce a unified model for multi-class object

recognition that casts the problem as a structured prediction

task. Rather than predicting a binary label for each image

window independently, our model simultaneously predicts

a structured labeling of the entire image. Our model learns

statistics that capture the spatial arrangements of various

object classes in real images, both in terms of which ar-

rangements to suppress through NMS and which arrange-

ments to favor through spatial co-occurrence statistics.

We formulate parameter estimation in our model as a

max-margin learning problem. Given training images with

ground-truth object locations, we show how to formulate

learning as a convex optimization problem. We employ a

cutting plane algorithm similar to [14] to efficiently learn

a model from thousands of training images. We show state-

of-the-art results on the PASCAL VOC benchmark that indi-

cate the benefits of learning a global model encapsulating

the spatial layout of multiple object classes.

1. Spatial Interactions in Object Detection

A contemporary and successful approach to object

recognition is to formulate it as a classification task, e.g.

“Does an image window at location i contain a given ob-

ject o?”. The classification formulation allows immediate

application of a variety of sophisticated machine learning

techniques in order to learn optimal detectors from train-

ing data. Such methods have the potential to encapsulate

those subtle statistical regularities of the visual world which

separate object from background. As a result, learning ap-

proaches have often yielded detectors that are more robust

and accurate than their hand built counterparts for a range

of applications, from edge and face detection to general pur-

pose object recognition [25, 6, 8].

In contrast to the well founded techniques used for clas-

sification of individual image patches, the problem of cor-

rectly detecting and localizing multiple objects from multi-

ple classes within an image of a scene has generally been

approached in a far more ad-hoc manner. For example,

non-max suppression (NMS) is required to remove some

detections returned by a classifier based on overlap criteria

or more complicated heuristics (e.g. the mode finding ap-

proach of [6]). Such tricks of the trade are essential to good

performance on benchmarks designed to penalize multiple

non-localized detections, however, they highlight a clear

disconnect between training and testing phases. The ob-

jective optimized during learning only characterizes a sub-

component of the final system used at runtime.

Furthermore, there is a wide range of possible interac-

tions between object detections which is not fully captured

by ad-hoc approaches. In street-level views, pedestrians are

likely to occur standing next to each other, nearly overlap-

ping, but unlikely to occur directly above or below each

negpos

y = [....4..2....1...3..7...1.]
Structured Label

y = {+1,−1}
Classification

Figure 1. Our framework. Classification-based approaches for

recognition predict a binary label for a cropped window (left). We

formulate the recognition problem as predicting a sparse, struc-

tured label vector specifying which windows, if any, contain par-

ticular objects in an entire input image. The latter allows our

model to capture a wide range of contextual constraints among

objects as described in Table 1 and Fig 2.

1

person, plant, cat, dog, chair, sofa, car, 
bicycle, motorbike, table, plane, ...
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Why is finding objects (e.g. people) difficult?

variation in pose, viewpointvariation in appearance

occlusion & clutter

Classic “nuisance factors” for general object recognition

variation in illumination
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Historical approaches

Geometric models 
(1970s-1990s)

Hand-coded models
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Geometric models 
(1970s-1990s)
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• Training data consists of images with labeled bounding boxes

• Need to learn the model structure, filters and deformation costs
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Learned model
fw(x) = w · Φ(x)Training

• Training data consists of images with labeled bounding boxes

• Need to learn the model structure, filters and deformation costs

Training

positive
weights

negative
weights

negativespositives

Statistical classifiers
(2000s-present)

Large-scale training
Appearance-based representations

Hand-coded models

Historical approaches
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Training
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weights
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negpos

Statistical classifiers
(2000s-present)

Hand-coded models Large-scale training
Appearance-based representations

Historical approaches

geometric 
statistical models
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Figure 3: We take a “data-driven” approach to orientation-modeling by clustering the relative locations of parts with respect
to their parents. These clusters are used to generate mixture labels for parts during training. For example, heads tend to
be upright, and so the associated mixture models focus on upright orientations. Because hands articulate to a large degree,
mixture models for the hand are spread apart to capture a larger variety of relative orientations.

Figure 5: A visualization of our full-body model for T = 4, trained on the Parse dataset. Note that we show them as 4
separate models, but we emphasize that our representation allows for the composition of any part type with any other part
type, where the score associated with each combination decomposes into a tree (and so is efficient to search over) and is
learned from training data.

Image Parse Testset
Method Torso Head Upper legs Lower legs Upper arms Lower arms Total
R Gradient[?] 39.5 21.4 20.7 20.7 12.7 11.7 19.2
R Gradient+RGB[?] 52.1 37.5 31.0 29.0 17.5 13.6 27.2
ARS HOG [?] 81.4 75.6 63.2 55.1 47.6 31.7 55.2
JE HOG [?] 73.2 62.4 58.6 52.2 47.8 32.5 51.8
JE HOG+RGB [?] 77.6 68.8 61.5 54.9 53.2 39.3 56.4
SNH ROG [?] 54.8
SNH ROG+RGB [?] 91.2 76.6 71.5 64.9 50.0 34.2 60.9
Our Model HOG 89.8 87.8 78.5 69.0 64.4 36.1 67.4

Table 1: We compare our model to all previous published results on the Parse dataset, using the standard criteria of PCP [?].
Our total performance of 67.4% compares favorably to the best previous result of 60.9%. We also beat all previous results
on a per-part basis, except for torso and lower arm detection, for which we are second. [?] uses the same HOG feature set as
us, but embedded in a classic articulated pictorial structure. The relative improvement of our approach is 20%, indicating the
quality of our flexible part-mixture representation.
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Columbia Dataset (1996)

Flickr dataset (05-12)

Evaluating performance

“In-the-wild”

Caltech 101/256
Image Net
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5 years of PASCAL people detection

average
precision

Discriminative mixtures of star models 2007-2010 
Felzenszwalb, McAllester, Ramanan CVPR 2008

Felzenszwalb, Girshick, McAllester, and Ramanan PAMI 2010 

 1% to 45% in 5 years
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37.5
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20
10

Matching results

(after non-maximum suppression)

~1 second to search all scales
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Benchmark evaluation

Test: ~ 2 second / image
Train: ~ 4 hours

All code online

!"#$%&&'$()*+,-*

PASCAL VOC 2008 Average Precision Rankings

UoCTTIUCI 1rst on 7 classes, 2cnd on 8

PASCAL VOC Lifetime Achievement Award 2010
Invited application paper in ICML 2010
Invited article in Communications of ACM 2011
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Image features:
Image features - 

histograms of gradients 

•Our implementation of DalalTriggs HOG features

Histogram of Gradient (HOG) Features

• Image is partitioned into 8x8 pixel blocks

• In each block we compute a histogram of gradient orientations

- Invariant to changes in lighting, small deformations, etc.

• We compute features at different resolutions (pyramid)
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Histogram of Gradient (HOG) Features

• Image is partitioned into 8x8 pixel blocks

• In each block we compute a histogram of gradient orientations

- Invariant to changes in lighting, small deformations, etc.

• We compute features at different resolutions (pyramid)

Bin gradients from 8x8 pixel 
neighborhoods into 9 orientations

(Dalal & Triggs CVPR 05)

Learned model
fw(x) = w · Φ(x)Training

• Training data consists of images with labeled bounding boxes

• Need to learn the model structure, filters and deformation costs

Training

positive
weights

negative
weights

Histograms of oriented gradients (HOG)
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Scanning-window templates

Learned model
fw(x) = w · Φ(x)Training

• Training data consists of images with labeled bounding boxes

• Need to learn the model structure, filters and deformation costs

Training

positive
weights

negative
weights

Dalal and Triggs CVPR05 (HOG)

w·x > 0

w
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• Need to learn the model structure, filters and deformation costs
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negative
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w = weights for orientation and spatial bins

Papageorgiou and Poggio ICIP99 (wavelets)

Train with a linear classifier (perceptron, logistic regression, SVMs...)
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How to interpret positive and negative weights?
w·x > 0

(wpos - wneg)·x > 0

wpos·x > wneg·x

What do negative weights mean?

(w+ - w-)x > 0

w+ > w-x

Complete system should compete pedestrian/pillar/doorway models

Discriminative models come equipped with own bg

(avoid firing on doorways by penalizing vertical edges)

>

wx > 0

pedestrian 
model

pedestrian 
background
model

What do negative weights mean?

(w+ - w-)x > 0

w+ > w-x

Complete system should compete pedestrian/pillar/doorway models

Discriminative models come equipped with own bg

(avoid firing on doorways by penalizing vertical edges)

>

wx > 0

pedestrian 
model

pedestrian 
background
model

>

Right approach is to compete pedestrian, pillar, doorway... models

Pedestrian 
template

Pedestrian 
background

template

Background class is hard to model - easier to penalize particular vertical edges
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Out-of-core learning

Our test set distribution is highly imbalanced; so should be the training set
(hundreds of positives, hundreds of millions of negatives)

negpos
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Out-of-core learning

Our test set distribution is highly imbalanced; so should be the training set
(hundreds of positives, hundreds of millions of negatives)

negpos

(One can solve problems that are too big to fit in memory)
SVMs are attractive because they generate sparse learning problems
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Large-scale learning

negpos

1. Train SVM with subset of training data 
2. Use model to find margin violations on all training data
3. If no new violations are found, model is optimal! 

(More in afternoon’s talk)
Wednesday, August 7, 2013



How to model large variations in appearance?
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Mixtures of templates

Train “sub-category” templates for each type of pose, body-shape, etc.
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But how to handle...
Long-tail distribution of poses

We need lots of templates, and will likely have little data of ‘yoga twist’ poses
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Deformable part models
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Figure 3: We take a “data-driven” approach to orientation-modeling by clustering the relative locations of parts with respect
to their parents. These clusters are used to generate mixture labels for parts during training. For example, heads tend to
be upright, and so the associated mixture models focus on upright orientations. Because hands articulate to a large degree,
mixture models for the hand are spread apart to capture a larger variety of relative orientations.

Figure 5: A visualization of our full-body model for T = 4, trained on the Parse dataset. Note that we show them as 4
separate models, but we emphasize that our representation allows for the composition of any part type with any other part
type, where the score associated with each combination decomposes into a tree (and so is efficient to search over) and is
learned from training data.

Image Parse Testset
Method Torso Head Upper legs Lower legs Upper arms Lower arms Total
R Gradient[?] 39.5 21.4 20.7 20.7 12.7 11.7 19.2
R Gradient+RGB[?] 52.1 37.5 31.0 29.0 17.5 13.6 27.2
ARS HOG [?] 81.4 75.6 63.2 55.1 47.6 31.7 55.2
JE HOG [?] 73.2 62.4 58.6 52.2 47.8 32.5 51.8
JE HOG+RGB [?] 77.6 68.8 61.5 54.9 53.2 39.3 56.4
SNH ROG [?] 54.8
SNH ROG+RGB [?] 91.2 76.6 71.5 64.9 50.0 34.2 60.9
Our Model HOG 89.8 87.8 78.5 69.0 64.4 36.1 67.4

Table 1: We compare our model to all previous published results on the Parse dataset, using the standard criteria of PCP [?].
Our total performance of 67.4% compares favorably to the best previous result of 60.9%. We also beat all previous results
on a per-part basis, except for torso and lower arm detection, for which we are second. [?] uses the same HOG feature set as
us, but embedded in a classic articulated pictorial structure. The relative improvement of our approach is 20%, indicating the
quality of our flexible part-mixture representation.
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History over 40 years

Model encodes local appearance + pairwise geometry

4

(a) (b) (c)

Fig. 1. Detections obtained with a single component person model. The model is defined by a coarse root filter (a), several

higher resolution part filters (b) and a spatial model for the location of each part relative to the root (c). The filters specify

weights for histogram of oriented gradients features. Their visualization show the positive weights at different orientations. The

visualization of the spatial models reflects the “cost” of placing the center of a part at different locations relative to the root.

To train models using partially labeled data we use a latent variable formulation of MI-SVM

[3] that we call latent SVM (LSVM). In a latent SVM each example x is scored by a function

of the following form,

fβ(x) = max
z∈Z(x)

β · Φ(x, z). (1)

Here β is a vector of model parameters, z are latent values, and Φ(x, z) is a feature vector.

In the case of one of our star models β is the concatenation of the root filter, the part filters,

and deformation cost weights, z is a specification of the object configuration, and Φ(x, z) is a

concatenation of subwindows from a feature pyramid and part deformation features.

We note that (1) can handle very general forms of latent information. For example, z could

specify a derivation under a rich visual grammar.

Our second class of models represents each object category by a mixture of star models.

The score of one of our mixture models at a given position and scale is the maximum over

components, of the score of that component model at the given location. In this case the latent

information, z, specifies a component label and a configuration for that component. Figure 2

shows a mixture model for the bicycle category.

To obtain high performance using discriminative training it is often important to use large

training sets. In the case of object detection the training problem is highly unbalanced because

there is vastly more background than objects. This motivates a process of searching through

the background to find a relatively small number of potential false positives. A methodology of
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visualization of the spatial models reflects the “cost” of placing the center of a part at different locations relative to the root.
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and deformation cost weights, z is a specification of the object configuration, and Φ(x, z) is a

concatenation of subwindows from a feature pyramid and part deformation features.

We note that (1) can handle very general forms of latent information. For example, z could

specify a derivation under a rich visual grammar.

Our second class of models represents each object category by a mixture of star models.

The score of one of our mixture models at a given position and scale is the maximum over

components, of the score of that component model at the given location. In this case the latent

information, z, specifies a component label and a configuration for that component. Figure 2

shows a mixture model for the bicycle category.
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Fig. 1. Detections obtained with a single component person model. The model is defined by a coarse root filter (a), several

higher resolution part filters (b) and a spatial model for the location of each part relative to the root (c). The filters specify

weights for histogram of oriented gradients features. Their visualization show the positive weights at different orientations. The

visualization of the spatial models reflects the “cost” of placing the center of a part at different locations relative to the root.

To train models using partially labeled data we use a latent variable formulation of MI-SVM

[3] that we call latent SVM (LSVM). In a latent SVM each example x is scored by a function

of the following form,

fβ(x) = max
z∈Z(x)

β · Φ(x, z). (1)

Here β is a vector of model parameters, z are latent values, and Φ(x, z) is a feature vector.

In the case of one of our star models β is the concatenation of the root filter, the part filters,

and deformation cost weights, z is a specification of the object configuration, and Φ(x, z) is a

concatenation of subwindows from a feature pyramid and part deformation features.

We note that (1) can handle very general forms of latent information. For example, z could

specify a derivation under a rich visual grammar.

Our second class of models represents each object category by a mixture of star models.

The score of one of our mixture models at a given position and scale is the maximum over

components, of the score of that component model at the given location. In this case the latent

information, z, specifies a component label and a configuration for that component. Figure 2

shows a mixture model for the bicycle category.

To obtain high performance using discriminative training it is often important to use large

training sets. In the case of object detection the training problem is highly unbalanced because

there is vastly more background than objects. This motivates a process of searching through

the background to find a relatively small number of potential false positives. A methodology of
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higher resolution part filters (b) and a spatial model for the location of each part relative to the root (c). The filters specify

weights for histogram of oriented gradients features. Their visualization show the positive weights at different orientations. The

visualization of the spatial models reflects the “cost” of placing the center of a part at different locations relative to the root.

To train models using partially labeled data we use a latent variable formulation of MI-SVM

[3] that we call latent SVM (LSVM). In a latent SVM each example x is scored by a function

of the following form,

fβ(x) = max
z∈Z(x)

β · Φ(x, z). (1)

Here β is a vector of model parameters, z are latent values, and Φ(x, z) is a feature vector.

In the case of one of our star models β is the concatenation of the root filter, the part filters,

and deformation cost weights, z is a specification of the object configuration, and Φ(x, z) is a

concatenation of subwindows from a feature pyramid and part deformation features.

We note that (1) can handle very general forms of latent information. For example, z could

specify a derivation under a rich visual grammar.

Our second class of models represents each object category by a mixture of star models.

The score of one of our mixture models at a given position and scale is the maximum over

components, of the score of that component model at the given location. In this case the latent

information, z, specifies a component label and a configuration for that component. Figure 2

shows a mixture model for the bicycle category.

To obtain high performance using discriminative training it is often important to use large

training sets. In the case of object detection the training problem is highly unbalanced because

there is vastly more background than objects. This motivates a process of searching through

the background to find a relatively small number of potential false positives. A methodology of
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Example: assume a “chain” part model

Pixel
locations

eye nose mouth

Pictorial structures

Part-based representation:

• Each part models local visual properties.

• “Springs” model spatial relationships.

• Joint estimation of part locations.

– No hard detection of parts or features.

– No initialization parameters.

1

-Initialize nodes with match cost
-Initalize edges with spring cost
-Find lowest-cost path from left to right 
with dynamic progamming

If we have n parts and k pixel
locations, what is the complexity? 

What is complexity when we truncate spring cost 
(eg, there are only v valid eye offsets for each 
nose)?

“Secret”: In practice, truncation can reduce 
computation so that local match cost dominateshead torso leg

2) Initialize edges with spring score

Pixel
locations 1) Initialize nodes with match score

3) Find best path from left to right

In practice, (1) is bottleneck
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Example: assume a “chain” part model

Pixel
locations

eye nose mouth

Pictorial structures

Part-based representation:

• Each part models local visual properties.

• “Springs” model spatial relationships.

• Joint estimation of part locations.

– No hard detection of parts or features.

– No initialization parameters.

1

-Initialize nodes with match cost
-Initalize edges with spring cost
-Find lowest-cost path from left to right 
with dynamic progamming

If we have n parts and k pixel
locations, what is the complexity? 

What is complexity when we truncate spring cost 
(eg, there are only v valid eye offsets for each 
nose)?

“Secret”: In practice, truncation can reduce 
computation so that local match cost dominateshead torso leg

Pixel
locations

General formulation

S(x, z) =
�

i

φi(zi, x) +
�

ij∈E

ψij(zi, zj , x)

Local and pairwise potentials can be arbitrary 
nonlinear functions of image and position

(e.g., neural net part model)
(e.g., intervening contour cue on part pairs)
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In the case of one of our star models β is the concatenation of the root filter, the part filters,

and deformation cost weights, z is a specification of the object configuration, and Φ(x, z) is a

concatenation of subwindows from a feature pyramid and part deformation features.
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specify a derivation under a rich visual grammar.
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z = vector of part offsets

= concatenation of HOG features & part offsets

fw(x) = max
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w · Φ(x, z)fw(x) = w · Φ(x)

w = concatenation of filters & deformation parameters

Φ(x, z)
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Class Baseline MC-NMS Our model

plane .262 0.278 0.270 0.288
bike .409 0.559 0.444 0.562
bird .098 0.014 0.015 0.032
boat .094 0.146 0.125 0.142
bottle .214 0.257 0.185 0.294
bus .393 0.381 0.299 0.387
car .432 0.470 0.466 0.487
cat .240 0.151 0.133 0.124
chair .128 0.163 0.145 0.160
cow .140 0.167 0.109 0.177
table .098 0.228 0.191 0.240
dog .162 0.111 0.091 0.117
horse .335 0.438 0.371 0.450

motbike .375 0.373 0.325 0.394
person .221 0.352 0.342 0.355
plant .120 0.140 0.091 0.152
sheep .175 0.169 0.091 0.161
sofa .147 0.193 0.188 0.201
train .334 0.319 0.318 0.342
TV .289 0.373 0.359 0.354
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Latent-variable classificationFormal model

z = vector of part offsets

= concatenation of HOG features & part offsets

fw(x) = max
z

w · Φ(x, z)fw(x) = w · Φ(x)

w = concatenation of filters & deformation parameters

Φ(x, z)

Formal model

z = vector of part offsets

= concatenation of HOG features & part offsets

fw(x) = max
z

w · Φ(x, z)fw(x) = w · Φ(x)

w = concatenation of filters & deformation parameters

Φ(x, z)
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Fig. 1. Detections obtained with a single component person model. The model is defined by a coarse root filter (a), several

higher resolution part filters (b) and a spatial model for the location of each part relative to the root (c). The filters specify

weights for histogram of oriented gradients features. Their visualization show the positive weights at different orientations. The

visualization of the spatial models reflects the “cost” of placing the center of a part at different locations relative to the root.

To train models using partially labeled data we use a latent variable formulation of MI-SVM

[3] that we call latent SVM (LSVM). In a latent SVM each example x is scored by a function

of the following form,

fβ(x) = max
z∈Z(x)

β · Φ(x, z). (1)

Here β is a vector of model parameters, z are latent values, and Φ(x, z) is a feature vector.

In the case of one of our star models β is the concatenation of the root filter, the part filters,

and deformation cost weights, z is a specification of the object configuration, and Φ(x, z) is a

concatenation of subwindows from a feature pyramid and part deformation features.

We note that (1) can handle very general forms of latent information. For example, z could

specify a derivation under a rich visual grammar.

Our second class of models represents each object category by a mixture of star models.

The score of one of our mixture models at a given position and scale is the maximum over

components, of the score of that component model at the given location. In this case the latent

information, z, specifies a component label and a configuration for that component. Figure 2

shows a mixture model for the bicycle category.

To obtain high performance using discriminative training it is often important to use large

training sets. In the case of object detection the training problem is highly unbalanced because

there is vastly more background than objects. This motivates a process of searching through

the background to find a relatively small number of potential false positives. A methodology of
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Φ(x, z)

Score fw(x) is linear in w

{xn, yn}

argmin
w

||w||2 +
�

n

max(0, 1− ynw · xn)

argmin
w

||w||2 s.t. ∀n, ynw · xn ≥ 1

S(x, z) =
�

i

wi · φ(x, zi) +
�

i,j∈E

wij · ψ(zi, zj)

ψ(zi, zj) =





dx
dx2

dy
dy2





ψ(zi, zj) =
�
dx dx2 dy dy2

�T

S(x, z) = w · Φ(x, z)

argmin
w

||w||2

s.t. ∀n, ∀hn �= zn, w · Φ(xn, zn)− w · Φ(xn, hn) ≥ 1

P (z|x) ∝ eS(x,z)

fw(x) > 0

fw(x) = w · Φ(x)

fw(x) = max
z

w · Φ(x, z)

argmin ||w||2 (1)

s.t.∀n ∈ pos, max
z

w · Φ(x, z) ≥ 1 (2)

∀n ∈ neg, ∀zn, w · Φ(xn, zn) ≤ 1 (3)

argmin
w

||w||2 s.t. ∀n, ynw · fw(xn) ≥ 1

1

Formal model

z = vector of part offsets

= concatenation of HOG features & part offsets

fw(x) = max
z

w · Φ(x, z)fw(x) = w · Φ(x)

w = concatenation of filters & deformation parameters

Φ(x, z)

fw(x) = max
z

w · Φ(x, z)
?
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SVMs

Given positive and negative training windows {xn}

 L(w) is convex  (Quadratic Program)

Learned model
fw(x) = w · Φ(x)Training

• Training data consists of images with labeled bounding boxes

• Need to learn the model structure, filters and deformation costs

Training

positive
weights

negative
weights
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Training

positive
weights

negative
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Learned model
fw(x) = w · Φ(x)Training

• Training data consists of images with labeled bounding boxes

• Need to learn the model structure, filters and deformation costs

Training

positive
weights

negative
weights

pos neg

L(w) = ||w||2 +
�

n∈pos
max(0, 1− fw(xn)) +

�

n∈neg
max(0, 1 + fw(xn))

L(w) = ||w||2 +
�

n

max(0, 1− ynfw(xn))

w · Φ(xn, zn)

zp = {zn : n ∈ pos}

zn = argmax
z

w · Φ(xn, z) ∀n ∈ pos

w = argmin
w

L(w) with fixed {zn : n ∈ pos}

L(w, {zn : n ∈ pos})

S(X, Y ) =
�

i

wyi · xi +
�

i,j

wyi,yj · dij

S(X, Y ) = w · Φ(X, Y )

L(X) = argmax
Y

S(X, Y )

argmin
w

||w||2

s.t. ∀n, ∀Hn �= Zn, w · Φ(Xn, Yn)− w · Φ(Xn, Hn) ≥ 1

y
∗ = argmax

y
Sy(X) where y ∈ {1 . . . K}

Sy(X) = max
Z

Sy(X,Z)

xt ∈ Ω

S(x) =
�

t

Local(xt) + Pair(xt, xt−1)

argmax
x1...xk

�

k

S(xk)

S(X, Y ) = w · Φ(X, Y )

2

{xn, yn}

argmin
w

||w||2 +
�

n

max(0, 1− ynw · xn)

argmin
w

||w||2 s.t. ∀n, ynw · xn ≥ 1

S(x, z) =
�

i

wi · φ(x, zi) +
�

i,j∈E

wij · ψ(zi, zj)

ψ(zi, zj) =





dx
dx2

dy
dy2





ψ(zi, zj) =
�
dx dx2 dy dy2

�T

S(x, z) = w · Φ(x, z)

argmin
w

||w||2

s.t. ∀n, ∀hn �= zn, w · Φ(xn, zn)− w · Φ(xn, hn) ≥ 1

P (z|x) ∝ eS(x,z)

fw(x) > 0

fw(x) = w · Φ(x)

fw(x) = max
z

w · Φ(x, z)

argmin ||w||2 (1)

s.t.∀n ∈ pos, max
z

w · Φ(x, z) ≥ 1 (2)

∀n ∈ neg, ∀zn, w · Φ(xn, zn) ≤ 1 (3)

argmin
w

||w||2 s.t. ∀n, ynw · fw(xn) ≥ 1

1
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Latent SVMs

Given positive and negative training windows {xn}

 L(w) is “almost” convex

Learned model
fw(x) = w · Φ(x)Training

• Training data consists of images with labeled bounding boxes

• Need to learn the model structure, filters and deformation costs

Training

positive
weights

negative
weights
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L(w) = ||w||2 +
�
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max(0, 1− fw(xn)) +

�

n∈neg
max(0, 1 + fw(xn))

L(w) = ||w||2 +
�

n

max(0, 1− ynfw(xn))

w · Φ(xn, zn)

zp = {zn : n ∈ pos}

zn = argmax
z

w · Φ(xn, z) ∀n ∈ pos

w = argmin
w

L(w) with fixed {zn : n ∈ pos}

L(w, {zn : n ∈ pos})

S(X, Y ) =
�

i

wyi · xi +
�

i,j

wyi,yj · dij

S(X, Y ) = w · Φ(X, Y )

L(X) = argmax
Y

S(X, Y )

argmin
w

||w||2

s.t. ∀n, ∀Hn �= Zn, w · Φ(Xn, Yn)− w · Φ(Xn, Hn) ≥ 1

y
∗ = argmax

y
Sy(X) where y ∈ {1 . . . K}

Sy(X) = max
Z

Sy(X,Z)

xt ∈ Ω

S(x) =
�

t

Local(xt) + Pair(xt, xt−1)

argmax
x1...xk

�

k

S(xk)

S(X, Y ) = w · Φ(X, Y )

2

{xn, yn}

argmin
w

||w||2 +
�

n

max(0, 1− ynw · xn)

argmin
w

||w||2 s.t. ∀n, ynw · xn ≥ 1

S(x, z) =
�

i

wi · φ(x, zi) +
�

i,j∈E

wij · ψ(zi, zj)

ψ(zi, zj) =





dx
dx2

dy
dy2





ψ(zi, zj) =
�
dx dx2 dy dy2

�T

S(x, z) = w · Φ(x, z)

argmin
w

||w||2

s.t. ∀n, ∀hn �= zn, w · Φ(xn, zn)− w · Φ(xn, hn) ≥ 1

P (z|x) ∝ eS(x,z)

fw(x) > 0

fw(x) = w · Φ(x)

fw(x) = max
z

w · Φ(x, z)

argmin ||w||2 (1)

s.t.∀n ∈ pos, max
z

w · Φ(x, z) ≥ 1 (2)

∀n ∈ neg, ∀zn, w · Φ(xn, zn) ≤ 1 (3)

argmin
w

||w||2 s.t. ∀n, ynw · fw(xn) ≥ 1

1
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L(w) = ||w||2 +
�

n∈pos
max(0, 1− fw(xn)) +
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n∈neg
max(0, 1 + fw(xn))
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�
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max(0, 1− ynfw(xn))

w · Φ(xn, zn)

zp = {zn : n ∈ pos}

zn = argmax
z

w · Φ(xn, z) ∀n ∈ pos

w = argmin
w

L(w) with fixed {zn : n ∈ pos}

L(w, {zn : n ∈ pos})

S(X, Y ) =
�
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wyi · xi +
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i,j

wyi,yj · dij

S(X, Y ) = w · Φ(X, Y )

L(X) = argmax
Y

S(X, Y )
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y
∗ = argmax

y
Sy(X) where y ∈ {1 . . . K}

Sy(X) = max
Z

Sy(X,Z)
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�
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�

k
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Latent SVMs

Given positive and negative training windows {xn}

“almost-convex” - L(w) is convex if we fix latent values for positives

L(w) = ||w||2 +
�

n∈pos
max(0, 1− fw(xn)) +

�

n∈neg
max(0, 1 + fw(xn))

L(w) = ||w||2 +
�

n

max(0, 1− ynfw(xn))

w · Φ(xn, zn)
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y
∗ = argmax

y
Sy(X) where y ∈ {1 . . . K}

Sy(X) = max
Z

Sy(X,Z)

xt ∈ Ω

S(x) =
�

t

Local(xt) + Pair(xt, xt−1)

argmax
x1...xk

�

k

S(xk)

S(X, Y ) = w · Φ(X, Y )
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1) Given positive part locations, learn w with a convex program

L(w) = ||w||2 +
�

n∈pos
max(0, 1− fw(xn)) +

�

n∈neg
max(0, 1 + fw(xn))

L(w) = ||w||2 +
�

n
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w · Φ(xn, zn)

zp = {zn : n ∈ pos}

zn = argmax
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w = argmin
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L(w) with fixed {zn : n ∈ pos}
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�
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�
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L(X) = argmax
Y

S(X, Y )
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w

||w||2
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∗ = argmax
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Z

Sy(X,Z)
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S(x) =
�

t

Local(xt) + Pair(xt, xt−1)

argmax
x1...xk

�

k

S(xk)

S(X, Y ) = w · Φ(X, Y )
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2

The above steps perform coordinate descent on a joint loss 
Can be seen as an instance of the CCCP algorithm (Yuille)

2) Given w,  estimate part locations on positives 
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Treat ground-truth labels 
as partially latentModel update

•Update positives 

-Apply current detector over all positions & scales

-Find best-scoring               that overlaps > 50% with 
ground truth positive bounding box

-Allows for automatic adjustment of b. box

•Collect negative              `s by finding high-scoring 
detections, cycling through negative training images

•Use              `s to train a new detector (w) with 
SVM-light (Joachims) 

•Repeat update 10 times

Φ(xi, zi)

Φ(xi, zi)

Φ(xi, zi)

Allows for “cleaning up” of noisy labels 
(in blue) during iterative learning
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Initialization
Learn root filter with SVM

Initialize part filters to regions in 
root filter with lots of energy
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Example models
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Example models

Figure 5. Some results from the PASCAL 2007 dataset. Each row shows detections using a model for a specific class (Person, Bottle, Car,
Sofa, Bicycle, Horse). The first three columns show correct detections while the last column shows false positives. Our system is able to
detect objects over a wide range of scales (such as the cars) and poses (such as the horses). The system can also detect partially occluded
objects such as a person behind a bush. Note how the false detections are often quite reasonable, for example detecting a bus with the car
model, a bicycle sign with the bicycle model, or a dog with the horse model. In general the part filters represent meaningful object parts
that are well localized in each detection such as the head in the person model.

7
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Example models

Figure 5. Some results from the PASCAL 2007 dataset. Each row shows detections using a model for a specific class (Person, Bottle, Car,
Sofa, Bicycle, Horse). The first three columns show correct detections while the last column shows false positives. Our system is able to
detect objects over a wide range of scales (such as the cars) and poses (such as the horses). The system can also detect partially occluded
objects such as a person behind a bush. Note how the false detections are often quite reasonable, for example detecting a bus with the car
model, a bicycle sign with the bicycle model, or a dog with the horse model. In general the part filters represent meaningful object parts
that are well localized in each detection such as the head in the person model.
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Example models

36

person

car

horse

sofa

bottle

cat

Fig. 10. Examples of high-scoring detections on the PASCAL 2007 dataset. The framed images (last two in each row) illustrate

false positives for each category. Many false positives (such as for person and cat) are due to the bounding box scoring criteria.

June 1, 2009 DRAFT

False positive due to 
imprecise bounding box
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Google’s Pet Emoticon Detector
Our system!
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Extensions: latent sub-categories

Frontal cars

Side / three-quarters view cars

Felzenswalb, Girshick, McAllester, and Ramanan PAMI 2010 
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Extensions: how do we find multiple objects?

Apply NMS to root scores after dynamic programming
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Extensions: how do we find multiple objects?

Figure 5. Some results from the PASCAL 2007 dataset. Each row shows detections using a model for a specific class (Person, Bottle, Car,
Sofa, Bicycle, Horse). The first three columns show correct detections while the last column shows false positives. Our system is able to
detect objects over a wide range of scales (such as the cars) and poses (such as the horses). The system can also detect partially occluded
objects such as a person behind a bush. Note how the false detections are often quite reasonable, for example detecting a bus with the car
model, a bicycle sign with the bicycle model, or a dog with the horse model. In general the part filters represent meaningful object parts
that are well localized in each detection such as the head in the person model.

7

Apply NMS to root scores after dynamic programming
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But will it work for ...?
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N-best maximal decoders for part models

Anonymous ICCV submission

Paper ID 1709

Abstract

We describe a method for generating N-best configura-

tions from part-based models, ensuring that they do not

overlap according to some user-defined definition of over-

lap. We extend previous N-best algorithms from the speech

community to incorporate non-maximal suppression cues,

such that pixel-shifted copies of a single configurations

are not returned. Our algorithms are fast in practice and

outperform standard approaches used to generate multiple

object configurations given an image. We show that one

can use such methods to generate multiple pose hypotheses

for the problem of human pose estimation from video se-

quences. We present quantitative results that demonstrate

that our framework significantly improves the accuracy of a

state-of-the-art pose estimation algorithm.

We address the task of generating multiple candidate ob-
ject configurations in an image or video, within the frame-
work of part-based models. Such a task is relevant if mul-
tiple instances of an object are present, or if one wishes to
resolve ambiguous candidate configurations using higher-
level knowledge (e.g., temporal context from neighboring
frames). We take inspiration from the speech community
and advocate the use of N-best algorithms for generating a
set of N high-scoring candidates.

Though N-best algorithms are popular in speech, they
have not been used in vision due to the fact that second-best
configurations will typically be one-pixel shifted versions of
the best. Crucially, one needs to enforce some form of non-
maximum suppression (NMS) during the decoding process
to ensure that near-identical configurations will not be re-
turned. We describe novel and efficient N-best algorithms
that return a set of putative configurations that are

1. high-scoring, in that they score above some user-
defined threshold

2. diverse, in the sense that they do not overlap according
to a user-defined criteria.

We demonstrate these algorithms for the problem of
tracking people in video sequences. We use a recent state-

Figure 1. In order to localize articulated objects in cluttered scenes,
one will need to reason about multiple pose hypotheses. In the
above image in the top left, we show a true pose in the top mid-
dle. We show other hypotheses that may also score highly given a
reasonable object model. We argue that the correct pose should be
extracted from higher level contextual reasoning involving nearby
objects, occlusion reasoning, etc. We describe novel dynamic pro-
gramming algorithms for part-based models that return such di-
verse, but high-scoring pose hypotheses from an image.

of-the-art part model [21] to generate multiple pose hy-
potheses for each frame, and compare our approach to a
variety of baselines including standard NMS and sampling
algorithms. We then stitch candidates together to yield a fi-
nal track, demonstrating that our pose hypotheses produce
significantly more accurate tracks.

Formulation: Let us write z for a configuration of part
locations, and S(z) for its associated score. As in past
work [5, 2], we use a simple greedy algorithm for instantiat-
ing multiple configurations: Search over the exponentially-
large space of configurations z for the maximally scor-
ing configuration, instantiate it, remove all configurations
which overlap, and repeat. The process is repeated until the
score for the next-best configuration is below a threshold or
N configurations have been instantiated. We describe effi-
cient dynamic programming algorithms for doing so given

1

Perhaps we want to use additional contextual information to resolve 
(global depth ordering, temporal info, etc...)
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Abstract

We describe a method for generating N-best configura-

tions from part-based models, ensuring that they do not

overlap according to some user-defined definition of over-

lap. We extend previous N-best algorithms from the speech

community to incorporate non-maximal suppression cues,

such that pixel-shifted copies of a single configurations

are not returned. Our algorithms are fast in practice and

outperform standard approaches used to generate multiple

object configurations given an image. We show that one

can use such methods to generate multiple pose hypotheses

for the problem of human pose estimation from video se-

quences. We present quantitative results that demonstrate

that our framework significantly improves the accuracy of a

state-of-the-art pose estimation algorithm.

We address the task of generating multiple candidate ob-
ject configurations in an image or video, within the frame-
work of part-based models. Such a task is relevant if mul-
tiple instances of an object are present, or if one wishes to
resolve ambiguous candidate configurations using higher-
level knowledge (e.g., temporal context from neighboring
frames). We take inspiration from the speech community
and advocate the use of N-best algorithms for generating a
set of N high-scoring candidates.

Though N-best algorithms are popular in speech, they
have not been used in vision due to the fact that second-best
configurations will typically be one-pixel shifted versions of
the best. Crucially, one needs to enforce some form of non-
maximum suppression (NMS) during the decoding process
to ensure that near-identical configurations will not be re-
turned. We describe novel and efficient N-best algorithms
that return a set of putative configurations that are

1. high-scoring, in that they score above some user-
defined threshold

2. diverse, in the sense that they do not overlap according
to a user-defined criteria.

We demonstrate these algorithms for the problem of
tracking people in video sequences. We use a recent state-

Figure 1. In order to localize articulated objects in cluttered scenes,
one will need to reason about multiple pose hypotheses. In the
above image in the top left, we show a true pose in the top mid-
dle. We show other hypotheses that may also score highly given a
reasonable object model. We argue that the correct pose should be
extracted from higher level contextual reasoning involving nearby
objects, occlusion reasoning, etc. We describe novel dynamic pro-
gramming algorithms for part-based models that return such di-
verse, but high-scoring pose hypotheses from an image.

of-the-art part model [21] to generate multiple pose hy-
potheses for each frame, and compare our approach to a
variety of baselines including standard NMS and sampling
algorithms. We then stitch candidates together to yield a fi-
nal track, demonstrating that our pose hypotheses produce
significantly more accurate tracks.

Formulation: Let us write z for a configuration of part
locations, and S(z) for its associated score. As in past
work [5, 2], we use a simple greedy algorithm for instantiat-
ing multiple configurations: Search over the exponentially-
large space of configurations z for the maximally scor-
ing configuration, instantiate it, remove all configurations
which overlap, and repeat. The process is repeated until the
score for the next-best configuration is below a threshold or
N configurations have been instantiated. We describe effi-
cient dynamic programming algorithms for doing so given

1

Example: assume a “chain” part model

Pixel
locations

eye nose mouth

Pictorial structures

Part-based representation:

• Each part models local visual properties.

• “Springs” model spatial relationships.

• Joint estimation of part locations.

– No hard detection of parts or features.

– No initialization parameters.

1

-Initialize nodes with match cost
-Initalize edges with spring cost
-Find lowest-cost path from left to right 
with dynamic progamming

If we have n parts and k pixel
locations, what is the complexity? 

What is complexity when we truncate spring cost 
(eg, there are only v valid eye offsets for each 
nose)?

“Secret”: In practice, truncation can reduce 
computation so that local match cost dominateshead torso leg

Pixel
locations
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can use such methods to generate multiple pose hypotheses

for the problem of human pose estimation from video se-

quences. We present quantitative results that demonstrate

that our framework significantly improves the accuracy of a

state-of-the-art pose estimation algorithm.

We address the task of generating multiple candidate ob-
ject configurations in an image or video, within the frame-
work of part-based models. Such a task is relevant if mul-
tiple instances of an object are present, or if one wishes to
resolve ambiguous candidate configurations using higher-
level knowledge (e.g., temporal context from neighboring
frames). We take inspiration from the speech community
and advocate the use of N-best algorithms for generating a
set of N high-scoring candidates.

Though N-best algorithms are popular in speech, they
have not been used in vision due to the fact that second-best
configurations will typically be one-pixel shifted versions of
the best. Crucially, one needs to enforce some form of non-
maximum suppression (NMS) during the decoding process
to ensure that near-identical configurations will not be re-
turned. We describe novel and efficient N-best algorithms
that return a set of putative configurations that are

1. high-scoring, in that they score above some user-
defined threshold

2. diverse, in the sense that they do not overlap according
to a user-defined criteria.

We demonstrate these algorithms for the problem of
tracking people in video sequences. We use a recent state-

Figure 1. In order to localize articulated objects in cluttered scenes,
one will need to reason about multiple pose hypotheses. In the
above image in the top left, we show a true pose in the top mid-
dle. We show other hypotheses that may also score highly given a
reasonable object model. We argue that the correct pose should be
extracted from higher level contextual reasoning involving nearby
objects, occlusion reasoning, etc. We describe novel dynamic pro-
gramming algorithms for part-based models that return such di-
verse, but high-scoring pose hypotheses from an image.

of-the-art part model [21] to generate multiple pose hy-
potheses for each frame, and compare our approach to a
variety of baselines including standard NMS and sampling
algorithms. We then stitch candidates together to yield a fi-
nal track, demonstrating that our pose hypotheses produce
significantly more accurate tracks.

Formulation: Let us write z for a configuration of part
locations, and S(z) for its associated score. As in past
work [5, 2], we use a simple greedy algorithm for instantiat-
ing multiple configurations: Search over the exponentially-
large space of configurations z for the maximally scor-
ing configuration, instantiate it, remove all configurations
which overlap, and repeat. The process is repeated until the
score for the next-best configuration is below a threshold or
N configurations have been instantiated. We describe effi-
cient dynamic programming algorithms for doing so given
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Example: assume a “chain” part model

Pixel
locations

eye nose mouth

Pictorial structures

Part-based representation:

• Each part models local visual properties.

• “Springs” model spatial relationships.

• Joint estimation of part locations.

– No hard detection of parts or features.

– No initialization parameters.

1

-Initialize nodes with match cost
-Initalize edges with spring cost
-Find lowest-cost path from left to right 
with dynamic progamming

If we have n parts and k pixel
locations, what is the complexity? 

What is complexity when we truncate spring cost 
(eg, there are only v valid eye offsets for each 
nose)?

“Secret”: In practice, truncation can reduce 
computation so that local match cost dominateshead torso leg

Pixel
locations
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Park and Ramanan, ICCV 2011

Intuition: backtrack from all part “max-marginals”, not just root

(can we done without any noticeable increase in computation)

Example: assume a “chain” part model
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Pictorial structures

Part-based representation:

• Each part models local visual properties.

• “Springs” model spatial relationships.

• Joint estimation of part locations.

– No hard detection of parts or features.

– No initialization parameters.
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locations, what is the complexity? 
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(eg, there are only v valid eye offsets for each 
nose)?

“Secret”: In practice, truncation can reduce 
computation so that local match cost dominateshead torso leg
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Philosophy: Delay hard decisions as much as possible

Candidate interest points

Candidate parts

Candidate poses

N-best maximal decoding

14

Fig. 13: Results on the Buffy dataset. We visualize all skeletons (instead of boxes) reported by our algorithm
for a given image, after non-maximum suppression (NMS). Our model hence serves as both an articulated
detector and pose estimation algorithm, as evidenced by our average-precision of keypoints (APK) measure.
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A look back: part models as mixture models

Each distinct placement of parts yields a unique global template

Figure 2: Our mixture-of-trees model encodes topological changes due to viewpoint. Red lines denote springs between pairs
of parts; note there are no closed loops, maintaining the tree property. All trees make use of a common, shared pool of part
templates, which makes learning and inference efficient.

community and commercial systems such as Google Picasa
[1] and face.com [2] (the best-performing system on LFW
benchmark [3]). We first show results in controlled lab
settings, using the well-known MultiPIE benchmark [16].
We definitively outperform past work in all tasks, partic-
ularly so for extreme viewpoints. As our results saturate
this benchmark, we introduce a new “in the wild” dataset of
Flickr images annotated with faces, poses, and landmarks.
In terms of face detection, our model substantially outper-
forms ViolaJones, and is on par with the commercial sys-
tems above. In terms of pose and landmark estimation, our
results dominate even commercial systems. Our results are
particularly impressive since our model is trained with hun-
dreds of faces, while commercial systems use up to billions
of examples [36]. Another result of our analysis is evidence
of large gap between currently-available academic solutions
and commercial systems; we will address this by releasing
open-source software.

2. Related Work
As far as we know, no previous work jointly addresses

the tasks of face detection, pose estimation, and landmark
estimation. However, there is a rich history of all three in
vision. Space does not allow for a full review; we refer
the reader to the recent surveys [42, 27, 40]. We focus on
methods most related to ours.

Face detection is dominated by discriminatively-trained
scanning window classifiers [33, 22, 28, 18], most ubiqui-
tous of which is the Viola Jones detector [38] due its open-
source implementation in the OpenCV library. Our system
is also trained discriminatively, but with much less training
data, particularly when compared to commercial systems.

Pose estimation tends to be addressed in a video scenario
[42], or a controlled lab setting that assumes the detection
problem is solved, such as the MultiPIE [16] or FERET [32]
benchmarks. Most methods use explicit 3D models [6, 17]
or 2D view-based models [31, 10, 21]. We use view-based
models that share a central pool of parts. From this perspec-
tive, our approach is similar to aspect-graphs that reason
about topological changes between 2D views of an object
[7].

Facial landmark estimation dates back to the classic ap-
proaches of Active Appearance Models (AAMs) [9, 26] and

elastic graph matching [25, 39]. Recent work has focused
on global spatial models built on top of local part detectors,
sometimes known as Constrained Local Models (CLMs)
[11, 35, 5]. Notably, all such work assumes a densely con-
nected spatial model, requiring the need for approximate
matching algorithms. By using a tree model, we can use
efficient dynamic programming algorithms to find globally
optimal solutions.

From a modeling perspective, our approach is similar to
those that reason about mixtures of deformable part models
[14, 41]. In particular [19] use mixtures of trees for face de-
tection and [13] use mixtures of trees for landmark estima-
tion. Our model simultaneously addresses both with state-
of-the-art results, in part because it is aggressively trained
to do so in a discriminative, max-margin framework. For
example, previous approaches train part templates indepen-
dantly, while our templates are trained “contextually” in a
joint optimization. We also explore part sharing for reduc-
ing model size and computation, as in [37, 29].

3. Model

Our model is based on mixture of trees with a shared
pool of parts V . We model every facial landmark as a
part and use global mixtures to capture topological changes
due to viewpoint. We show such mixtures for viewpoint
in Fig.2. We will later show that global mixtures can also
be used to capture gross deformation changes for a single
viewpoint, such as changes in expression.

Tree structured part model: We write each tree Tm =
(Vm, Em) as a linearly-parameterized, tree-structured pic-
torial structure [41], where m indicates a mixture and Vm ⊆
V . Let us write I for an image, and li = (xi, yi) for the
pixel location of part i. We score a configuration of parts
L = {li : i ∈ V } as:

S(I, L,m) = Appm(I, L) + Shapem(L) + αm (1)

Appm(I, L) =
�

i∈Vm

wm
i · φ(I, li) (2)

Shapem(L) =
�

ij∈Em

amijdx
2 + bmijdx+ cmijdy

2 + dmijdy

(3)

Figure 2: Our mixture-of-trees model encodes topological changes due to viewpoint. Red lines denote springs between pairs
of parts; note there are no closed loops, maintaining the tree property. All trees make use of a common, shared pool of part
templates, which makes learning and inference efficient.

community and commercial systems such as Google Picasa
[1] and face.com [2] (the best-performing system on LFW
benchmark [3]). We first show results in controlled lab
settings, using the well-known MultiPIE benchmark [16].
We definitively outperform past work in all tasks, partic-
ularly so for extreme viewpoints. As our results saturate
this benchmark, we introduce a new “in the wild” dataset of
Flickr images annotated with faces, poses, and landmarks.
In terms of face detection, our model substantially outper-
forms ViolaJones, and is on par with the commercial sys-
tems above. In terms of pose and landmark estimation, our
results dominate even commercial systems. Our results are
particularly impressive since our model is trained with hun-
dreds of faces, while commercial systems use up to billions
of examples [36]. Another result of our analysis is evidence
of large gap between currently-available academic solutions
and commercial systems; we will address this by releasing
open-source software.

2. Related Work
As far as we know, no previous work jointly addresses

the tasks of face detection, pose estimation, and landmark
estimation. However, there is a rich history of all three in
vision. Space does not allow for a full review; we refer
the reader to the recent surveys [42, 27, 40]. We focus on
methods most related to ours.

Face detection is dominated by discriminatively-trained
scanning window classifiers [33, 22, 28, 18], most ubiqui-
tous of which is the Viola Jones detector [38] due its open-
source implementation in the OpenCV library. Our system
is also trained discriminatively, but with much less training
data, particularly when compared to commercial systems.

Pose estimation tends to be addressed in a video scenario
[42], or a controlled lab setting that assumes the detection
problem is solved, such as the MultiPIE [16] or FERET [32]
benchmarks. Most methods use explicit 3D models [6, 17]
or 2D view-based models [31, 10, 21]. We use view-based
models that share a central pool of parts. From this perspec-
tive, our approach is similar to aspect-graphs that reason
about topological changes between 2D views of an object
[7].
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proaches of Active Appearance Models (AAMs) [9, 26] and
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on global spatial models built on top of local part detectors,
sometimes known as Constrained Local Models (CLMs)
[11, 35, 5]. Notably, all such work assumes a densely con-
nected spatial model, requiring the need for approximate
matching algorithms. By using a tree model, we can use
efficient dynamic programming algorithms to find globally
optimal solutions.

From a modeling perspective, our approach is similar to
those that reason about mixtures of deformable part models
[14, 41]. In particular [19] use mixtures of trees for face de-
tection and [13] use mixtures of trees for landmark estima-
tion. Our model simultaneously addresses both with state-
of-the-art results, in part because it is aggressively trained
to do so in a discriminative, max-margin framework. For
example, previous approaches train part templates indepen-
dantly, while our templates are trained “contextually” in a
joint optimization. We also explore part sharing for reduc-
ing model size and computation, as in [37, 29].

3. Model

Our model is based on mixture of trees with a shared
pool of parts V . We model every facial landmark as a
part and use global mixtures to capture topological changes
due to viewpoint. We show such mixtures for viewpoint
in Fig.2. We will later show that global mixtures can also
be used to capture gross deformation changes for a single
viewpoint, such as changes in expression.

Tree structured part model: We write each tree Tm =
(Vm, Em) as a linearly-parameterized, tree-structured pic-
torial structure [41], where m indicates a mixture and Vm ⊆
V . Let us write I for an image, and li = (xi, yi) for the
pixel location of part i. We score a configuration of parts
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Figure 2: Our mixture-of-trees model encodes topological changes due to viewpoint. Red lines denote springs between pairs
of parts; note there are no closed loops, maintaining the tree property. All trees make use of a common, shared pool of part
templates, which makes learning and inference efficient.
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[1] and face.com [2] (the best-performing system on LFW
benchmark [3]). We first show results in controlled lab
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community and commercial systems such as Google Picasa
[1] and face.com [2] (the best-performing system on LFW
benchmark [3]). We first show results in controlled lab
settings, using the well-known MultiPIE benchmark [16].
We definitively outperform past work in all tasks, partic-
ularly so for extreme viewpoints. As our results saturate
this benchmark, we introduce a new “in the wild” dataset of
Flickr images annotated with faces, poses, and landmarks.
In terms of face detection, our model substantially outper-
forms ViolaJones, and is on par with the commercial sys-
tems above. In terms of pose and landmark estimation, our
results dominate even commercial systems. Our results are
particularly impressive since our model is trained with hun-
dreds of faces, while commercial systems use up to billions
of examples [36]. Another result of our analysis is evidence
of large gap between currently-available academic solutions
and commercial systems; we will address this by releasing
open-source software.
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As far as we know, no previous work jointly addresses

the tasks of face detection, pose estimation, and landmark
estimation. However, there is a rich history of all three in
vision. Space does not allow for a full review; we refer
the reader to the recent surveys [42, 27, 40]. We focus on
methods most related to ours.

Face detection is dominated by discriminatively-trained
scanning window classifiers [33, 22, 28, 18], most ubiqui-
tous of which is the Viola Jones detector [38] due its open-
source implementation in the OpenCV library. Our system
is also trained discriminatively, but with much less training
data, particularly when compared to commercial systems.

Pose estimation tends to be addressed in a video scenario
[42], or a controlled lab setting that assumes the detection
problem is solved, such as the MultiPIE [16] or FERET [32]
benchmarks. Most methods use explicit 3D models [6, 17]
or 2D view-based models [31, 10, 21]. We use view-based
models that share a central pool of parts. From this perspec-
tive, our approach is similar to aspect-graphs that reason
about topological changes between 2D views of an object
[7].

Facial landmark estimation dates back to the classic ap-
proaches of Active Appearance Models (AAMs) [9, 26] and

elastic graph matching [25, 39]. Recent work has focused
on global spatial models built on top of local part detectors,
sometimes known as Constrained Local Models (CLMs)
[11, 35, 5]. Notably, all such work assumes a densely con-
nected spatial model, requiring the need for approximate
matching algorithms. By using a tree model, we can use
efficient dynamic programming algorithms to find globally
optimal solutions.

From a modeling perspective, our approach is similar to
those that reason about mixtures of deformable part models
[14, 41]. In particular [19] use mixtures of trees for face de-
tection and [13] use mixtures of trees for landmark estima-
tion. Our model simultaneously addresses both with state-
of-the-art results, in part because it is aggressively trained
to do so in a discriminative, max-margin framework. For
example, previous approaches train part templates indepen-
dantly, while our templates are trained “contextually” in a
joint optimization. We also explore part sharing for reduc-
ing model size and computation, as in [37, 29].

3. Model

Our model is based on mixture of trees with a shared
pool of parts V . We model every facial landmark as a
part and use global mixtures to capture topological changes
due to viewpoint. We show such mixtures for viewpoint
in Fig.2. We will later show that global mixtures can also
be used to capture gross deformation changes for a single
viewpoint, such as changes in expression.

Tree structured part model: We write each tree Tm =
(Vm, Em) as a linearly-parameterized, tree-structured pic-
torial structure [41], where m indicates a mixture and Vm ⊆
V . Let us write I for an image, and li = (xi, yi) for the
pixel location of part i. We score a configuration of parts
L = {li : i ∈ V } as:
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Figure 2: Our mixture-of-trees model encodes topological changes due to viewpoint. Red lines denote springs between pairs
of parts; note there are no closed loops, maintaining the tree property. All trees make use of a common, shared pool of part
templates, which makes learning and inference efficient.
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[1] and face.com [2] (the best-performing system on LFW
benchmark [3]). We first show results in controlled lab
settings, using the well-known MultiPIE benchmark [16].
We definitively outperform past work in all tasks, partic-
ularly so for extreme viewpoints. As our results saturate
this benchmark, we introduce a new “in the wild” dataset of
Flickr images annotated with faces, poses, and landmarks.
In terms of face detection, our model substantially outper-
forms ViolaJones, and is on par with the commercial sys-
tems above. In terms of pose and landmark estimation, our
results dominate even commercial systems. Our results are
particularly impressive since our model is trained with hun-
dreds of faces, while commercial systems use up to billions
of examples [36]. Another result of our analysis is evidence
of large gap between currently-available academic solutions
and commercial systems; we will address this by releasing
open-source software.
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ing model size and computation, as in [37, 29].

3. Model
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pool of parts V . We model every facial landmark as a
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Spatial model defines bias or “prior” 

f(x) = max
z∈Z

wz · x+ bz

Parts as mixture models
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Parts as mixture models

Figure 2: Our mixture-of-trees model encodes topological changes due to viewpoint. Red lines denote springs between pairs
of parts; note there are no closed loops, maintaining the tree property. All trees make use of a common, shared pool of part
templates, which makes learning and inference efficient.
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to do so in a discriminative, max-margin framework. For
example, previous approaches train part templates indepen-
dantly, while our templates are trained “contextually” in a
joint optimization. We also explore part sharing for reduc-
ing model size and computation, as in [37, 29].

3. Model

Our model is based on mixture of trees with a shared
pool of parts V . We model every facial landmark as a
part and use global mixtures to capture topological changes
due to viewpoint. We show such mixtures for viewpoint
in Fig.2. We will later show that global mixtures can also
be used to capture gross deformation changes for a single
viewpoint, such as changes in expression.

Tree structured part model: We write each tree Tm =
(Vm, Em) as a linearly-parameterized, tree-structured pic-
torial structure [41], where m indicates a mixture and Vm ⊆
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Figure 2: Our mixture-of-trees model encodes topological changes due to viewpoint. Red lines denote springs between pairs
of parts; note there are no closed loops, maintaining the tree property. All trees make use of a common, shared pool of part
templates, which makes learning and inference efficient.
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[1] and face.com [2] (the best-performing system on LFW
benchmark [3]). We first show results in controlled lab
settings, using the well-known MultiPIE benchmark [16].
We definitively outperform past work in all tasks, partic-
ularly so for extreme viewpoints. As our results saturate
this benchmark, we introduce a new “in the wild” dataset of
Flickr images annotated with faces, poses, and landmarks.
In terms of face detection, our model substantially outper-
forms ViolaJones, and is on par with the commercial sys-
tems above. In terms of pose and landmark estimation, our
results dominate even commercial systems. Our results are
particularly impressive since our model is trained with hun-
dreds of faces, while commercial systems use up to billions
of examples [36]. Another result of our analysis is evidence
of large gap between currently-available academic solutions
and commercial systems; we will address this by releasing
open-source software.
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methods most related to ours.
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tous of which is the Viola Jones detector [38] due its open-
source implementation in the OpenCV library. Our system
is also trained discriminatively, but with much less training
data, particularly when compared to commercial systems.

Pose estimation tends to be addressed in a video scenario
[42], or a controlled lab setting that assumes the detection
problem is solved, such as the MultiPIE [16] or FERET [32]
benchmarks. Most methods use explicit 3D models [6, 17]
or 2D view-based models [31, 10, 21]. We use view-based
models that share a central pool of parts. From this perspec-
tive, our approach is similar to aspect-graphs that reason
about topological changes between 2D views of an object
[7].

Facial landmark estimation dates back to the classic ap-
proaches of Active Appearance Models (AAMs) [9, 26] and

elastic graph matching [25, 39]. Recent work has focused
on global spatial models built on top of local part detectors,
sometimes known as Constrained Local Models (CLMs)
[11, 35, 5]. Notably, all such work assumes a densely con-
nected spatial model, requiring the need for approximate
matching algorithms. By using a tree model, we can use
efficient dynamic programming algorithms to find globally
optimal solutions.

From a modeling perspective, our approach is similar to
those that reason about mixtures of deformable part models
[14, 41]. In particular [19] use mixtures of trees for face de-
tection and [13] use mixtures of trees for landmark estima-
tion. Our model simultaneously addresses both with state-
of-the-art results, in part because it is aggressively trained
to do so in a discriminative, max-margin framework. For
example, previous approaches train part templates indepen-
dantly, while our templates are trained “contextually” in a
joint optimization. We also explore part sharing for reduc-
ing model size and computation, as in [37, 29].

3. Model

Our model is based on mixture of trees with a shared
pool of parts V . We model every facial landmark as a
part and use global mixtures to capture topological changes
due to viewpoint. We show such mixtures for viewpoint
in Fig.2. We will later show that global mixtures can also
be used to capture gross deformation changes for a single
viewpoint, such as changes in expression.

Tree structured part model: We write each tree Tm =
(Vm, Em) as a linearly-parameterized, tree-structured pic-
torial structure [41], where m indicates a mixture and Vm ⊆
V . Let us write I for an image, and li = (xi, yi) for the
pixel location of part i. We score a configuration of parts
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Figure 2: Our mixture-of-trees model encodes topological changes due to viewpoint. Red lines denote springs between pairs
of parts; note there are no closed loops, maintaining the tree property. All trees make use of a common, shared pool of part
templates, which makes learning and inference efficient.

community and commercial systems such as Google Picasa
[1] and face.com [2] (the best-performing system on LFW
benchmark [3]). We first show results in controlled lab
settings, using the well-known MultiPIE benchmark [16].
We definitively outperform past work in all tasks, partic-
ularly so for extreme viewpoints. As our results saturate
this benchmark, we introduce a new “in the wild” dataset of
Flickr images annotated with faces, poses, and landmarks.
In terms of face detection, our model substantially outper-
forms ViolaJones, and is on par with the commercial sys-
tems above. In terms of pose and landmark estimation, our
results dominate even commercial systems. Our results are
particularly impressive since our model is trained with hun-
dreds of faces, while commercial systems use up to billions
of examples [36]. Another result of our analysis is evidence
of large gap between currently-available academic solutions
and commercial systems; we will address this by releasing
open-source software.
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As far as we know, no previous work jointly addresses

the tasks of face detection, pose estimation, and landmark
estimation. However, there is a rich history of all three in
vision. Space does not allow for a full review; we refer
the reader to the recent surveys [42, 27, 40]. We focus on
methods most related to ours.

Face detection is dominated by discriminatively-trained
scanning window classifiers [33, 22, 28, 18], most ubiqui-
tous of which is the Viola Jones detector [38] due its open-
source implementation in the OpenCV library. Our system
is also trained discriminatively, but with much less training
data, particularly when compared to commercial systems.

Pose estimation tends to be addressed in a video scenario
[42], or a controlled lab setting that assumes the detection
problem is solved, such as the MultiPIE [16] or FERET [32]
benchmarks. Most methods use explicit 3D models [6, 17]
or 2D view-based models [31, 10, 21]. We use view-based
models that share a central pool of parts. From this perspec-
tive, our approach is similar to aspect-graphs that reason
about topological changes between 2D views of an object
[7].

Facial landmark estimation dates back to the classic ap-
proaches of Active Appearance Models (AAMs) [9, 26] and

elastic graph matching [25, 39]. Recent work has focused
on global spatial models built on top of local part detectors,
sometimes known as Constrained Local Models (CLMs)
[11, 35, 5]. Notably, all such work assumes a densely con-
nected spatial model, requiring the need for approximate
matching algorithms. By using a tree model, we can use
efficient dynamic programming algorithms to find globally
optimal solutions.

From a modeling perspective, our approach is similar to
those that reason about mixtures of deformable part models
[14, 41]. In particular [19] use mixtures of trees for face de-
tection and [13] use mixtures of trees for landmark estima-
tion. Our model simultaneously addresses both with state-
of-the-art results, in part because it is aggressively trained
to do so in a discriminative, max-margin framework. For
example, previous approaches train part templates indepen-
dantly, while our templates are trained “contextually” in a
joint optimization. We also explore part sharing for reduc-
ing model size and computation, as in [37, 29].

3. Model

Our model is based on mixture of trees with a shared
pool of parts V . We model every facial landmark as a
part and use global mixtures to capture topological changes
due to viewpoint. We show such mixtures for viewpoint
in Fig.2. We will later show that global mixtures can also
be used to capture gross deformation changes for a single
viewpoint, such as changes in expression.

Tree structured part model: We write each tree Tm =
(Vm, Em) as a linearly-parameterized, tree-structured pic-
torial structure [41], where m indicates a mixture and Vm ⊆
V . Let us write I for an image, and li = (xi, yi) for the
pixel location of part i. We score a configuration of parts
L = {li : i ∈ V } as:
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Part models allow us to represent an 
exponentially-large family of global templates

f(x) = max
z∈Z

wz · x+ bz
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DPMs as large-mixture models

f(x) = max
z∈Z

wz · x+ bz

- “Double-counting” manifests simply as 
too strong of a weight

- Suggests jointly learning parts is crucial
(more on that this afternoon)
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Revisit latent (vs linear) classificationFormal model

z = vector of part offsets

= concatenation of HOG features & part offsets

fw(x) = max
z

w · Φ(x, z)fw(x) = w · Φ(x)

w = concatenation of filters & deformation parameters

Φ(x, z)

Score is linear in x
Positive set {x:fw(x) > 0} 

is half-space
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ψ(zi, zj) =
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dx dx2 dy dy2
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S(x, z) = w · Φ(x, z)

argmin
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||w||2

s.t. ∀n, ∀hn �= zn, w · Φ(xn, zn)− w · Φ(xn, hn) ≥ 1

P (z|x) ∝ eS(x,z)

fw(x) > 0

fw(x) = w · Φ(x)
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w · Φ(x, z)

argmin ||w||2 (1)
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1

Formal model

z = vector of part offsets

= concatenation of HOG features & part offsets

fw(x) = max
z

w · Φ(x, z)fw(x) = w · Φ(x)

w = concatenation of filters & deformation parameters

Φ(x, z)

fw(x) = max
z

wz · x
Score  is ?

Positive set is ?
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Formal model

z = vector of part offsets

= concatenation of HOG features & part offsets

fw(x) = max
z

w · Φ(x, z)fw(x) = w · Φ(x)

w = concatenation of filters & deformation parameters

Φ(x, z)
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Positive set {x:fw(x) > 0} 
is concave

Revisit latent (vs linear) classification
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DPMs vs explicit mixtures

Mixtures of rigid templates Part model

“Exemplar SVMs” 
Malisiewicz et al ICCV 11
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DPMs vs explicit mixtures

Mixtures of rigid templates Part model

“Exemplar SVMs” 
Malisiewicz et al ICCV 11

1) Share parameters across templates
2) Synthesize new templates not seen during training
3) Efficiently search over templates using dynamic programming

Compared to a mixture of exemplars, part models...
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Mixtures of rigid 
templates

Part modelMixtures of rigid templates 
with tied parameters

 (given by parts)

1) Share parameters across mixtures
2) “Synthesize” new rigid templates not seen during training

To examine (1) vs (2), lets define mixture of exemplars with sharing

DPMs vs explicit mixtures
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Mixtures

An analysis of part models

Zhu, Vondrick, Ramanan & Fowlkes, 
“Do we need more training data or better models?”

BMVC 2012
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Mixtures with sharing
Mixtures

An analysis of part models

reduce noise in mixtures by sharing parameters

Zhu, Vondrick, Ramanan & Fowlkes, 
“Do we need more training data or better models?”

BMVC 2012
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Supervised tree DPM
Mixtures with sharing
Mixtures

An analysis of part models

“Synthesis” of unseen (rare) templates is 
even more beneficial than sharing

DPM

synthesize new templates
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Supervised tree DPM
Mixtures with sharing
Mixtures

An argument against “big-data”

One can train a state-of-art face detector (c.f. Google 
Picassa & Facebook’s face.com) with 100 faces!

DPM
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A look back

Geometric statistical models

Learned model
fw(x) = w · Φ(x)Training

• Training data consists of images with labeled bounding boxes

• Need to learn the model structure, filters and deformation costs
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weights

negative
weights

Learned model
fw(x) = w · Φ(x)Training

• Training data consists of images with labeled bounding boxes

• Need to learn the model structure, filters and deformation costs

Training

positive
weights

negative
weights

Learned model
fw(x) = w · Φ(x)Training

• Training data consists of images with labeled bounding boxes

• Need to learn the model structure, filters and deformation costs

Training

positive
weights

negative
weights

Learned model
fw(x) = w · Φ(x)Training

• Training data consists of images with labeled bounding boxes

• Need to learn the model structure, filters and deformation costs

Training

positive
weights

negative
weights

Learned model
fw(x) = w · Φ(x)Training

• Training data consists of images with labeled bounding boxes

• Need to learn the model structure, filters and deformation costs

Training

positive
weights

negative
weights

negativespositives

Figure 2: Our mixture-of-trees model encodes topological changes due to viewpoint. Red lines denote springs between pairs
of parts; note there are no closed loops, maintaining the tree property. All trees make use of a common, shared pool of part
templates, which makes learning and inference efficient.

community and commercial systems such as Google Picasa
[1] and face.com [2] (the best-performing system on LFW
benchmark [3]). We first show results in controlled lab
settings, using the well-known MultiPIE benchmark [16].
We definitively outperform past work in all tasks, partic-
ularly so for extreme viewpoints. As our results saturate
this benchmark, we introduce a new “in the wild” dataset of
Flickr images annotated with faces, poses, and landmarks.
In terms of face detection, our model substantially outper-
forms ViolaJones, and is on par with the commercial sys-
tems above. In terms of pose and landmark estimation, our
results dominate even commercial systems. Our results are
particularly impressive since our model is trained with hun-
dreds of faces, while commercial systems use up to billions
of examples [36]. Another result of our analysis is evidence
of large gap between currently-available academic solutions
and commercial systems; we will address this by releasing
open-source software.

2. Related Work
As far as we know, no previous work jointly addresses

the tasks of face detection, pose estimation, and landmark
estimation. However, there is a rich history of all three in
vision. Space does not allow for a full review; we refer
the reader to the recent surveys [42, 27, 40]. We focus on
methods most related to ours.

Face detection is dominated by discriminatively-trained
scanning window classifiers [33, 22, 28, 18], most ubiqui-
tous of which is the Viola Jones detector [38] due its open-
source implementation in the OpenCV library. Our system
is also trained discriminatively, but with much less training
data, particularly when compared to commercial systems.

Pose estimation tends to be addressed in a video scenario
[42], or a controlled lab setting that assumes the detection
problem is solved, such as the MultiPIE [16] or FERET [32]
benchmarks. Most methods use explicit 3D models [6, 17]
or 2D view-based models [31, 10, 21]. We use view-based
models that share a central pool of parts. From this perspec-
tive, our approach is similar to aspect-graphs that reason
about topological changes between 2D views of an object
[7].

Facial landmark estimation dates back to the classic ap-
proaches of Active Appearance Models (AAMs) [9, 26] and

elastic graph matching [25, 39]. Recent work has focused
on global spatial models built on top of local part detectors,
sometimes known as Constrained Local Models (CLMs)
[11, 35, 5]. Notably, all such work assumes a densely con-
nected spatial model, requiring the need for approximate
matching algorithms. By using a tree model, we can use
efficient dynamic programming algorithms to find globally
optimal solutions.

From a modeling perspective, our approach is similar to
those that reason about mixtures of deformable part models
[14, 41]. In particular [19] use mixtures of trees for face de-
tection and [13] use mixtures of trees for landmark estima-
tion. Our model simultaneously addresses both with state-
of-the-art results, in part because it is aggressively trained
to do so in a discriminative, max-margin framework. For
example, previous approaches train part templates indepen-
dantly, while our templates are trained “contextually” in a
joint optimization. We also explore part sharing for reduc-
ing model size and computation, as in [37, 29].

3. Model

Our model is based on mixture of trees with a shared
pool of parts V . We model every facial landmark as a
part and use global mixtures to capture topological changes
due to viewpoint. We show such mixtures for viewpoint
in Fig.2. We will later show that global mixtures can also
be used to capture gross deformation changes for a single
viewpoint, such as changes in expression.

Tree structured part model: We write each tree Tm =
(Vm, Em) as a linearly-parameterized, tree-structured pic-
torial structure [41], where m indicates a mixture and Vm ⊆
V . Let us write I for an image, and li = (xi, yi) for the
pixel location of part i. We score a configuration of parts
L = {li : i ∈ V } as:

S(I, L,m) = Appm(I, L) + Shapem(L) + αm (1)

Appm(I, L) =
�

i∈Vm

wm
i · φ(I, li) (2)

Shapem(L) =
�

ij∈Em

amijdx
2 + bmijdx+ cmijdy

2 + dmijdy

(3)
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Figure 3: We take a “data-driven” approach to orientation-modeling by clustering the relative locations of parts with respect
to their parents. These clusters are used to generate mixture labels for parts during training. For example, heads tend to
be upright, and so the associated mixture models focus on upright orientations. Because hands articulate to a large degree,
mixture models for the hand are spread apart to capture a larger variety of relative orientations.

Figure 5: A visualization of our full-body model for T = 4, trained on the Parse dataset. Note that we show them as 4
separate models, but we emphasize that our representation allows for the composition of any part type with any other part
type, where the score associated with each combination decomposes into a tree (and so is efficient to search over) and is
learned from training data.

Image Parse Testset
Method Torso Head Upper legs Lower legs Upper arms Lower arms Total
R Gradient[?] 39.5 21.4 20.7 20.7 12.7 11.7 19.2
R Gradient+RGB[?] 52.1 37.5 31.0 29.0 17.5 13.6 27.2
ARS HOG [?] 81.4 75.6 63.2 55.1 47.6 31.7 55.2
JE HOG [?] 73.2 62.4 58.6 52.2 47.8 32.5 51.8
JE HOG+RGB [?] 77.6 68.8 61.5 54.9 53.2 39.3 56.4
SNH ROG [?] 54.8
SNH ROG+RGB [?] 91.2 76.6 71.5 64.9 50.0 34.2 60.9
Our Model HOG 89.8 87.8 78.5 69.0 64.4 36.1 67.4

Table 1: We compare our model to all previous published results on the Parse dataset, using the standard criteria of PCP [?].
Our total performance of 67.4% compares favorably to the best previous result of 60.9%. We also beat all previous results
on a per-part basis, except for torso and lower arm detection, for which we are second. [?] uses the same HOG feature set as
us, but embedded in a classic articulated pictorial structure. The relative improvement of our approach is 20%, indicating the
quality of our flexible part-mixture representation.
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