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The challenge

[Pascal VOC images]

Objects in each category vary greatly in appearance
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An evolution of models
• HOG features/templates [Dalal, Triggs 2005]

- Invariance to photometric variation 
and small deformations + SVM training

• Deformable part models (DPM)

- HOG templates + LSVM training

- Invariance to larger deformations

• Mixtures of DPM

- Allow significant variations due to
major poses and subtypes
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Deformable models

• Can take us a long way...

• But not all the way
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Structure variation
• Object in rich categories have variable structure

• These are NOT deformations

• Mixture of deformable models?  too many combined choices

- There is always something you never saw before

• Bag of words?  not enough structure

• Non-parametric?  doesn’t generalize
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Richer part-based models
• Some parts should be optional

- A person could have a hat or not

• There should be subtypes (mixtures) at the part level

- A person could wear a skirt or pants

- A mouth can be smiling or frowning

• Parts should be reusable

- A wheel model can be used twice in a car model

- Same wheel model can be used in car and truck model et

• This can be done using a grammar/compositional model

- [Jin, Geman, 2006], [Zhu, Mumford, 2006], [Zhu, Yuille, 2005], etc.
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Object detection grammars

• Objects defined in terms of other objects through production rules

- face -> eyes, nose, mouth

• Objects can be defined by multiple productions

- legs -> pants

- legs -> skirt

- Subtypes, structure variability

• Deformation rules allow parts to move relative to each other

- Spatial variability

• Same object can be used in different productions

- Shared parts

(A tractable compositional framework)
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- person -> face, trunk, arms, lower-part

- face -> eyes, nose, mouth

- face -> hat, eyes, nose, mouth

- hat -> baseball-cap

- hat -> sombrero

- lower-part -> shoe, shoe, legs

- lower-part -> bare-foot, bare-foot, legs

- legs -> pants

- legs -> skirt

shoe

lower-part

person

eyes

face

legsshoe
nose

mouth

pants

trunk arms
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Relationship to pictorial structures / DPM

• Pictorial structure 

- parts (local appearance)

- springs (spatial relationships)

- parts and springs forms a graph --- structure is fixed

• Object detection grammar

- Grammar generates tree of symbols --- structure is variable

- Location of symbol is related to location of parent

- Appearance model associated with each terminal
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Formalism

• Set of terminal symbols T

- (templates)

• Set of nonterminal symbols N

- (objects/parts)

• Set of placements Ω within an image 

• Placed symbol X(ω)

- X ∈ T ⋃ N

- ω ∈ Ω

eye((100,80),10)

face((90,10),50)
ω might be (x,y) position and scale
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Production rules
• Productions define expansions of nonterminals into bags of symbols

• We can expand a nonterminal into a bag of terminals by repeatedly 
applying productions

- There are choices along the way

- Expansion has score = sum of scores of productions used along the way

- X(ω) ~~s~~> { A1(ω1), ... , An(ωn) }   (sequence of expansions)

- Leads to a derivation tree

placed 
nonterminal

Bag of placed 
symbols

score

X(ω) --s--> { Y1(ω1), ... , Yn(ωn) }
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Appearance for terminals
• Each terminal has an appearance model

- Defined by a scoring function f(A,ω,I)

- Score for placing terminal A at position ω within image I

FA I f(A,ω,I)

f(A,ω,I) might be the response of a HOG filter FA at position ω within I 
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Appearance for nonterminals
• We extend the appearance model from terminals to nonterminals

• Best expansion of X(ω) into a bag of placed terminals

- Takes into account 

1) expansion score 

2) appearance model of placed terminals at their placements

• Detect objects (any symbol) by finding high scoring placements

f(X,ω,I) =        max               ( s + ∑ f(Ai,ωi,I) )
X(ω) ~~s~~> { A1(ω1), ... , An(ωn) }

i
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Implementation

• General implementation for a class of grammars
(voc-release4)

- Production rules specified by schemas

- Appearance of terminals defined by HOG filters

- Inference done via dynamic programming 

- Parameter learning from bounding boxes (LSVM)
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Isolated deformation grammars
• Productions defined by two kinds of schemas

• Structure schema

- One production for each placement ω

• Deformation schema

- One production for each ω and displacement δ

• Leads to efficient algorithm for computing scores f(X,ω,I)

X(ω) --s--> { Y1(ω+δ1), ... , Yn(ω+δn) }

X(ω) --s(δ)--> { Y(ω+δ) }
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Face grammar

domain D = ⌦⇥� of the parameter (!, �) in a deformation rule.

An isolated deformation grammar defines a “factored” model such that the position of a symbol

in a derivation tree is only related to the position of its parent.

For example, we can define an isolated deformation grammar for faces with

N = {FACE,EYE,EYE0,MOUTH,MOUTH0},

T = {FACE.FILTER,EYE.FILTER,SMILE.FILTER,FROWN.FILTER}.

We have a structural rule for representing a face in terms of a global template and parts

8! : FACE(!) 0! {FACE.FILTER(!),EYE0(! � �
l

),EYE0(! � �
r

),MOUTH0(! � �
m

)}.

Here �
l

, �
r

, �
m

are constants that specify the ideal displacement between each part and the face.

Note that EYE0 appears twice in the right hand side under di↵erent ideal displacements, to account

for the two eyes in a face. We can move the parts that make up a face from their ideal locations

using deformation rules

8!, � : EYE0(!)
||�||2! {EYE(! � �)},

8!, � : MOUTH0(!)
||�||2! {MOUTH(! � �)}.

Finally we associate templates with the part nonterminals using structural rules

8! : EYE(!) 0! {EYE.FILTER(!)},

8! : MOUTH(!) s! {SMILE.FILTER(!)},

8! : MOUTH(!) f! {FROWN.FILTER(!)}.

The last two rules specify two di↵erent templates that can be used for the mouth at di↵erent scores

that reflect the prevalence of smiling and frowning faces.

2.6 Labeled Derivation Trees

Let G be an object detection grammar. We define a labeled derivation tree to be a rooted tree

such that: (1) each leaf v has an associated placed terminal A(!); (2) each internal node v has an

associated placed nonterminal X(!), a placed production schema, and a value z for the schema

leading to a placed production with X(!) in the left hand side and the placed symbols associated

7
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Learning

• z is an expansion of X(ω) into a bag of terminals

• w is a vector of model parameters

- Score of each structure schema

- Deformation parameters of each deformation schema

- Appearance template for each terminal (HOG filters)

• w can be trained using Latent SVM

f(X,ω,I) =        max               ( s + ∑ f(Ai,ωi,I) )
X(ω) ~~s~~> { A1(ω1), ... , An(ωn) }

f(X,ω,I) =        max  wTϕ(z)
z
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Person detection grammar [NIPS 2011]

• Instantiation includes a variable number of parts

- 1,...,k and occluder if k < 6

• Parts can translate relative to each other

• Parts have subtypes

• Parts have deformable sub-parts (not shown)

• Beats all other methods on PASCAL 2010 (49.5 AP)
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Figure 1: Shallow grammar model. This figure illustrates a shallow version of our grammar model
(Section 2.1). This model has six person parts and an occlusion model (“occluder”), each of which
comes in one of two subtypes. A detection places one subtype of each visible part at a location and
scale in the image. If the derivation does not place all parts it must place the occluder. Parts are
allowed to move relative to each other but are constrained by deformation penalties.

We consider models with productions specified by two kinds of schemas (a schema is a template for
generating productions). A structure schema specifies one production for each placement ! 2 ⌦,

X(!) s�! { Y1(! � �1), . . . , Yn

(! � �
n

) }. (3)

Here the �
i

specify constant displacements within the feature map pyramid. Structure schemas can
be used to define decompositions of objects into other objects.

Let � be the set of possible displacements within a single scale of a feature map pyramid. A
deformation schema specifies one production for each placement ! 2 ⌦ and displacement � 2 �,

X(!)
↵·�(�)�! { Y (! � �) }. (4)

Here �(�) is a feature vector and ↵ is a vector of deformation parameters. Deformation schemas
can be used to define deformable models. We define �(�) = (dx, dy, dx2, dy2) so that deformation
scores are quadratic functions of the displacements.

The parameters of our models are defined by a weight vector w with entries for the score of each
structure schema, the deformation parameters of each deformation schema and the filter coefficients
associated with each terminal. Then score(T ) = w ·�(T ) where �(T ) is the sum of (sparse) feature
vectors associated with each placed terminal and production in T .

2.1 A grammar model for detecting people

Each component in the person model learned by the voc-release4 system [12] is tuned to detect
people under a prototypical visibility pattern. Based on this observation we designed, by hand, the
structure of a grammar that models visibility by using structural variability and optional parts. For
clarity, we begin by describing a shallow model (Figure 1) that places all filters at the same resolution
in the feature map pyramid. After explaining this model, we describe a deeper model that includes
deformable subparts at higher resolutions.

Fine-grained occlusion Our grammar model has a start symbol Q that can be expanded using one
of six possible structure schemas. These choices model different degrees of visibility ranging from
heavy occlusion (only the head and shoulders are visible) to no occlusion at all.

Beyond modeling fine-grained occlusion patterns when compared to the mixture models from [12]
or [7], our grammar model is also richer in the following ways. In Section 5 we show that each of
these aspects improves detection performance.

Occlusion model If a person is occluded, then there must be some cause for the occlusion — either
the edge of the image or an occluding object such as a desk or dinner table. We model the cause of
occlusion through an occlusion object that has a non-trivial appearance model.
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Part subtypes The mixture model from [12] has two subtypes for each mixture component. The
subtypes are forced to be mirror images of each other and correspond roughly to left-facing people
and right-facing people. Our grammar model has two subtypes for each part, which are also forced
to be mirror images of each other. But in the case of our grammar model, the decision of which part
subtype to instantiate at detection time is independent for each part.

The shallow person grammar model is defined by the following grammar. The indices p (for part), t
(for subtype), and k have the following ranges: p 2 {1, . . . , 6}, t 2 {L, R} and k 2 {1, . . . , 5}.

Q(!) sk�! { Y1(! � �1), . . . , Yk
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The grammar has a start symbol Q with six alternate choices that derive people under varying de-
grees of visibility (occlusion). Each part has a corresponding nonterminal Y

p

that is placed at some
ideal position relative to Q. Derivations with occlusion include the occlusion symbol O. A derivation
selects a subtype and displacement for each visible part. The parameters of the grammar (production
scores, deformation parameters and filters) are learned with the discriminative procedure described
in Section 4. Figure 1 illustrates the filters in the resulting model and some example detections.

Deeper model We extend the shallow model by adding deformable subparts at two scales: (1)
the same as, and (2) twice the resolution of the start symbol Q. When detecting large objects,
high-resolution subparts capture fine image details. However, when detecting small objects, high-
resolution subparts cannot be used because they “fall off the bottom” of the feature map pyramid.
The model uses derivations with low-resolution subparts when detecting small objects.

We begin by replacing the productions from Y
p,t

in the grammar above, and then adding new pro-
ductions. Recall that p indexes the top-level parts and t indexes subtypes. In the following schemas,
the indices r (for resolution) and u (for subpart) have the ranges: r 2 {H,L}, u 2 {1, . . . , N

p

},
where N

p

is the number of subparts in a top-level part Y
p

.

Y
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(!)
↵p,t·�(�)�! { Z
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We note that as in [22] our model has hierarchical deformations. The part terminal A
p,t

can move
relative to Q and the subpart terminal A

p,t,r,u

can move relative to A
p,t

.

The displacements �
p,t,H,u

place the symbols W
p,t,H,u

one octave below Z
p,t

in the feature map
pyramid. The displacements �

p,t,L,u

place the symbols W
p,t,L,u

at the same scale as Z
p,t

. We add
subparts to the first two top-level parts (p = 1 and 2), with the number of subparts set to N1 = 3
and N2 = 2. We find that adding additional subparts does not improve detection performance.

2.2 Inference and test time detection

Inference involves finding high scoring derivations. At test time, because images may contain mul-
tiple instances of an object class, we compute the maximum scoring derivation rooted at Q(!), for
each ! 2 ⌦. This can be done efficiently using a standard dynamic programming algorithm [11].

We retain only those derivations that score above a threshold, which we set low enough to ensure
high recall. We use box(T ) to denote a detection window associated with a derivation T . Given a
set of candidate detections, we apply non-maximal suppression to produce a final set of detections.

To define box(T ) we assign a detection window size, in feature map coordinates, to each produc-
tions schema that can be applied to the start symbol. This leads to detections with one of six possible
aspect ratios, depending on which production was used in the first step of the derivation. The ab-
solute location and size of a detection depends on the placement of Q. For the first five production
schemas, the ideal location of the occlusion part, O, is outside of box(T ).
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Part subtypes The mixture model from [12] has two subtypes for each mixture component. The
subtypes are forced to be mirror images of each other and correspond roughly to left-facing people
and right-facing people. Our grammar model has two subtypes for each part, which are also forced
to be mirror images of each other. But in the case of our grammar model, the decision of which part
subtype to instantiate at detection time is independent for each part.

The shallow person grammar model is defined by the following grammar. The indices p (for part), t
(for subtype), and k have the following ranges: p 2 {1, . . . , 6}, t 2 {L, R} and k 2 {1, . . . , 5}.
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The grammar has a start symbol Q with six alternate choices that derive people under varying de-
grees of visibility (occlusion). Each part has a corresponding nonterminal Y

p

that is placed at some
ideal position relative to Q. Derivations with occlusion include the occlusion symbol O. A derivation
selects a subtype and displacement for each visible part. The parameters of the grammar (production
scores, deformation parameters and filters) are learned with the discriminative procedure described
in Section 4. Figure 1 illustrates the filters in the resulting model and some example detections.

Deeper model We extend the shallow model by adding deformable subparts at two scales: (1)
the same as, and (2) twice the resolution of the start symbol Q. When detecting large objects,
high-resolution subparts capture fine image details. However, when detecting small objects, high-
resolution subparts cannot be used because they “fall off the bottom” of the feature map pyramid.
The model uses derivations with low-resolution subparts when detecting small objects.

We begin by replacing the productions from Y
p,t

in the grammar above, and then adding new pro-
ductions. Recall that p indexes the top-level parts and t indexes subtypes. In the following schemas,
the indices r (for resolution) and u (for subpart) have the ranges: r 2 {H,L}, u 2 {1, . . . , N
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},
where N
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We note that as in [22] our model has hierarchical deformations. The part terminal A
p,t

can move
relative to Q and the subpart terminal A

p,t,r,u

can move relative to A
p,t

.

The displacements �
p,t,H,u

place the symbols W
p,t,H,u

one octave below Z
p,t

in the feature map
pyramid. The displacements �

p,t,L,u

place the symbols W
p,t,L,u

at the same scale as Z
p,t

. We add
subparts to the first two top-level parts (p = 1 and 2), with the number of subparts set to N1 = 3
and N2 = 2. We find that adding additional subparts does not improve detection performance.

2.2 Inference and test time detection

Inference involves finding high scoring derivations. At test time, because images may contain mul-
tiple instances of an object class, we compute the maximum scoring derivation rooted at Q(!), for
each ! 2 ⌦. This can be done efficiently using a standard dynamic programming algorithm [11].

We retain only those derivations that score above a threshold, which we set low enough to ensure
high recall. We use box(T ) to denote a detection window associated with a derivation T . Given a
set of candidate detections, we apply non-maximal suppression to produce a final set of detections.

To define box(T ) we assign a detection window size, in feature map coordinates, to each produc-
tions schema that can be applied to the start symbol. This leads to detections with one of six possible
aspect ratios, depending on which production was used in the first step of the derivation. The ab-
solute location and size of a detection depends on the placement of Q. For the first five production
schemas, the ideal location of the occlusion part, O, is outside of box(T ).
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Part subtypes The mixture model from [12] has two subtypes for each mixture component. The
subtypes are forced to be mirror images of each other and correspond roughly to left-facing people
and right-facing people. Our grammar model has two subtypes for each part, which are also forced
to be mirror images of each other. But in the case of our grammar model, the decision of which part
subtype to instantiate at detection time is independent for each part.

The shallow person grammar model is defined by the following grammar. The indices p (for part), t
(for subtype), and k have the following ranges: p 2 {1, . . . , 6}, t 2 {L, R} and k 2 {1, . . . , 5}.
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The grammar has a start symbol Q with six alternate choices that derive people under varying de-
grees of visibility (occlusion). Each part has a corresponding nonterminal Y

p

that is placed at some
ideal position relative to Q. Derivations with occlusion include the occlusion symbol O. A derivation
selects a subtype and displacement for each visible part. The parameters of the grammar (production
scores, deformation parameters and filters) are learned with the discriminative procedure described
in Section 4. Figure 1 illustrates the filters in the resulting model and some example detections.

Deeper model We extend the shallow model by adding deformable subparts at two scales: (1)
the same as, and (2) twice the resolution of the start symbol Q. When detecting large objects,
high-resolution subparts capture fine image details. However, when detecting small objects, high-
resolution subparts cannot be used because they “fall off the bottom” of the feature map pyramid.
The model uses derivations with low-resolution subparts when detecting small objects.

We begin by replacing the productions from Y
p,t

in the grammar above, and then adding new pro-
ductions. Recall that p indexes the top-level parts and t indexes subtypes. In the following schemas,
the indices r (for resolution) and u (for subpart) have the ranges: r 2 {H,L}, u 2 {1, . . . , N
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where N
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We note that as in [22] our model has hierarchical deformations. The part terminal A
p,t

can move
relative to Q and the subpart terminal A

p,t,r,u
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.

The displacements �
p,t,H,u
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p,t

in the feature map
pyramid. The displacements �
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place the symbols W
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at the same scale as Z
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. We add
subparts to the first two top-level parts (p = 1 and 2), with the number of subparts set to N1 = 3
and N2 = 2. We find that adding additional subparts does not improve detection performance.

2.2 Inference and test time detection

Inference involves finding high scoring derivations. At test time, because images may contain mul-
tiple instances of an object class, we compute the maximum scoring derivation rooted at Q(!), for
each ! 2 ⌦. This can be done efficiently using a standard dynamic programming algorithm [11].

We retain only those derivations that score above a threshold, which we set low enough to ensure
high recall. We use box(T ) to denote a detection window associated with a derivation T . Given a
set of candidate detections, we apply non-maximal suppression to produce a final set of detections.

To define box(T ) we assign a detection window size, in feature map coordinates, to each produc-
tions schema that can be applied to the start symbol. This leads to detections with one of six possible
aspect ratios, depending on which production was used in the first step of the derivation. The ab-
solute location and size of a detection depends on the placement of Q. For the first five production
schemas, the ideal location of the occlusion part, O, is outside of box(T ).
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Part subtypes The mixture model from [12] has two subtypes for each mixture component. The
subtypes are forced to be mirror images of each other and correspond roughly to left-facing people
and right-facing people. Our grammar model has two subtypes for each part, which are also forced
to be mirror images of each other. But in the case of our grammar model, the decision of which part
subtype to instantiate at detection time is independent for each part.

The shallow person grammar model is defined by the following grammar. The indices p (for part), t
(for subtype), and k have the following ranges: p 2 {1, . . . , 6}, t 2 {L, R} and k 2 {1, . . . , 5}.
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The grammar has a start symbol Q with six alternate choices that derive people under varying de-
grees of visibility (occlusion). Each part has a corresponding nonterminal Y

p

that is placed at some
ideal position relative to Q. Derivations with occlusion include the occlusion symbol O. A derivation
selects a subtype and displacement for each visible part. The parameters of the grammar (production
scores, deformation parameters and filters) are learned with the discriminative procedure described
in Section 4. Figure 1 illustrates the filters in the resulting model and some example detections.

Deeper model We extend the shallow model by adding deformable subparts at two scales: (1)
the same as, and (2) twice the resolution of the start symbol Q. When detecting large objects,
high-resolution subparts capture fine image details. However, when detecting small objects, high-
resolution subparts cannot be used because they “fall off the bottom” of the feature map pyramid.
The model uses derivations with low-resolution subparts when detecting small objects.

We begin by replacing the productions from Y
p,t

in the grammar above, and then adding new pro-
ductions. Recall that p indexes the top-level parts and t indexes subtypes. In the following schemas,
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subparts to the first two top-level parts (p = 1 and 2), with the number of subparts set to N1 = 3
and N2 = 2. We find that adding additional subparts does not improve detection performance.

2.2 Inference and test time detection

Inference involves finding high scoring derivations. At test time, because images may contain mul-
tiple instances of an object class, we compute the maximum scoring derivation rooted at Q(!), for
each ! 2 ⌦. This can be done efficiently using a standard dynamic programming algorithm [11].

We retain only those derivations that score above a threshold, which we set low enough to ensure
high recall. We use box(T ) to denote a detection window associated with a derivation T . Given a
set of candidate detections, we apply non-maximal suppression to produce a final set of detections.

To define box(T ) we assign a detection window size, in feature map coordinates, to each produc-
tions schema that can be applied to the start symbol. This leads to detections with one of six possible
aspect ratios, depending on which production was used in the first step of the derivation. The ab-
solute location and size of a detection depends on the placement of Q. For the first five production
schemas, the ideal location of the occlusion part, O, is outside of box(T ).
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and right-facing people. Our grammar model has two subtypes for each part, which are also forced
to be mirror images of each other. But in the case of our grammar model, the decision of which part
subtype to instantiate at detection time is independent for each part.
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grees of visibility (occlusion). Each part has a corresponding nonterminal Y
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that is placed at some
ideal position relative to Q. Derivations with occlusion include the occlusion symbol O. A derivation
selects a subtype and displacement for each visible part. The parameters of the grammar (production
scores, deformation parameters and filters) are learned with the discriminative procedure described
in Section 4. Figure 1 illustrates the filters in the resulting model and some example detections.

Deeper model We extend the shallow model by adding deformable subparts at two scales: (1)
the same as, and (2) twice the resolution of the start symbol Q. When detecting large objects,
high-resolution subparts capture fine image details. However, when detecting small objects, high-
resolution subparts cannot be used because they “fall off the bottom” of the feature map pyramid.
The model uses derivations with low-resolution subparts when detecting small objects.
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and N2 = 2. We find that adding additional subparts does not improve detection performance.

2.2 Inference and test time detection

Inference involves finding high scoring derivations. At test time, because images may contain mul-
tiple instances of an object class, we compute the maximum scoring derivation rooted at Q(!), for
each ! 2 ⌦. This can be done efficiently using a standard dynamic programming algorithm [11].

We retain only those derivations that score above a threshold, which we set low enough to ensure
high recall. We use box(T ) to denote a detection window associated with a derivation T . Given a
set of candidate detections, we apply non-maximal suppression to produce a final set of detections.

To define box(T ) we assign a detection window size, in feature map coordinates, to each produc-
tions schema that can be applied to the start symbol. This leads to detections with one of six possible
aspect ratios, depending on which production was used in the first step of the derivation. The ab-
solute location and size of a detection depends on the placement of Q. For the first five production
schemas, the ideal location of the occlusion part, O, is outside of box(T ).
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Detections with person grammar
Qualitative results 1

(a) Full visibility (b) Occlusion boundaries

Figure: Example detections. Parts are blue. The occlusion part, if used,
is dashed cyan. (a) Detections of fully visible people. (b) Examples where
the occlusion part detects an occlusion boundary.

Qualitative results 2

(a) Early termination (b) Mistakes

Figure: Example detections. Parts are blue. The occlusion part, if used,
is dashed cyan. (a) Detections where there is no occlusion, but a partial
person is appropriate. (b) Mistakes, where the model did not detect
occlusion properly.

Qualitative results 1

(a) Full visibility (b) Occlusion boundaries

Figure: Example detections. Parts are blue. The occlusion part, if used,
is dashed cyan. (a) Detections of fully visible people. (b) Examples where
the occlusion part detects an occlusion boundary.
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Abstract

This paper describes a discriminatively trained, multi-
scale, deformable part model for object detection. Our sys-
tem achieves a two-fold improvement in average precision
over the best performance in the 2006 PASCAL person de-
tection challenge. It also outperforms the best results in the
2007 challenge in ten out of twenty categories. The system
relies heavily on deformable parts. While deformable part
models have become quite popular, their value had not been
demonstrated on difficult benchmarks such as the PASCAL
challenge. Our system also relies heavily on new methods
for discriminative training. We combine a margin-sensitive
approach for data mining hard negative examples with a
formalism we call latent SVM. A latent SVM, like a hid-
den CRF, leads to a non-convex training problem. How-
ever, a latent SVM is semi-convex and the training prob-
lem becomes convex once latent information is specified for
the positive examples. We believe that our training meth-
ods will eventually make possible the effective use of more
latent information such as hierarchical (grammar) models
and models involving latent three dimensional pose.

1. Introduction
We consider the problem of detecting and localizing ob-

jects of a generic category, such as people or cars, in static
images. We have developed a new multiscale deformable
part model for solving this problem. The models are trained
using a discriminative procedure that only requires bound-
ing box labels for the positive examples. Using these mod-
els we implemented a detection system that is both highly
efficient and accurate, processing an image in about 2 sec-
onds and achieving recognition rates that are significantly
better than previous systems.

Our system achieves a two-fold improvement in average
precision over the winning system [5] in the 2006 PASCAL
person detection challenge. The system also outperforms
the best results in the 2007 challenge in ten out of twenty

This material is based upon work supported by the National Science
Foundation under Grant No. 0534820 and 0535174.

Figure 1. Example detection obtained with the person model. The
model is defined by a coarse template, several higher resolution
part templates and a spatial model for the location of each part.

object categories. Figure 1 shows an example detection ob-
tained with our person model.

The notion that objects can be modeled by parts in a de-
formable configuration provides an elegant framework for
representing object categories [1–3, 6,10, 12, 13,15, 16, 22].
While these models are appealing from a conceptual point
of view, it has been difficult to establish their value in prac-
tice. On difficult datasets, deformable models are often out-
performed by “conceptually weaker” models such as rigid
templates [5] or bag-of-features [23]. One of our main goals
is to address this performance gap.

Our models include both a coarse global template cov-
ering an entire object and higher resolution part templates.
The templates represent histogram of gradient features [5].
As in [14, 19, 21], we train models discriminatively. How-
ever, our system is semi-supervised, trained with a max-
margin framework, and does not rely on feature detection.
We also describe a simple and effective strategy for learn-
ing parts from weakly-labeled data. In contrast to computa-
tionally demanding approaches such as [4], we can learn a
model in 3 hours on a single CPU.

Another contribution of our work is a new methodology
for discriminative training. We generalize SVMs for han-
dling latent variables such as part positions, and introduce a
new method for data mining “hard negative” examples dur-
ing training. We believe that handling partially labeled data
is a significant issue in machine learning for computer vi-
sion. For example, the PASCAL dataset only specifies a

1

DPM (CVPR08)
AP=0.27 2 DPM (PAMI10) 

AP=0.36 6 DPM (voc-release4) 
AP=0.43

(a) (b) (c) (d) (e) (f) (g)
Figure 6. Our HOG detectors cue mainly on silhouette contours (especially the head, shoulders and feet). The most active blocks are
centred on the image background just outside the contour. (a) The average gradient image over the training examples. (b) Each “pixel”
shows the maximum positive SVM weight in the block centred on the pixel. (c) Likewise for the negative SVM weights. (d) A test image.
(e) It’s computed R-HOG descriptor. (f,g) The R-HOG descriptor weighted by respectively the positive and the negative SVM weights.

would help to improve the detection results in more general
situations.
Acknowledgments. This work was supported by the Euro-
pean Union research projects ACEMEDIA and PASCAL. We
thanks Cordelia Schmid for many useful comments. SVM-
Light [10] provided reliable training of large-scale SVM’s.
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Figure 1: Shallow grammar model. This figure illustrates a shallow version of our grammar model
(Section 2.1). This model has six person parts and an occlusion model (“occluder”), each of which
comes in one of two subtypes. A detection places one subtype of each visible part at a location and
scale in the image. If the derivation does not place all parts it must place the occluder. Parts are
allowed to move relative to each other but are constrained by deformation penalties.

We consider models with productions specified by two kinds of schemas (a schema is a template for
generating productions). A structure schema specifies one production for each placement ! 2 ⌦,

X(!) s�! { Y1(! � �1), . . . , Yn

(! � �
n

) }. (3)

Here the �
i

specify constant displacements within the feature map pyramid. Structure schemas can
be used to define decompositions of objects into other objects.

Let � be the set of possible displacements within a single scale of a feature map pyramid. A
deformation schema specifies one production for each placement ! 2 ⌦ and displacement � 2 �,

X(!)
↵·�(�)�! { Y (! � �) }. (4)

Here �(�) is a feature vector and ↵ is a vector of deformation parameters. Deformation schemas
can be used to define deformable models. We define �(�) = (dx, dy, dx2, dy2) so that deformation
scores are quadratic functions of the displacements.

The parameters of our models are defined by a weight vector w with entries for the score of each
structure schema, the deformation parameters of each deformation schema and the filter coefficients
associated with each terminal. Then score(T ) = w ·�(T ) where �(T ) is the sum of (sparse) feature
vectors associated with each placed terminal and production in T .

2.1 A grammar model for detecting people

Each component in the person model learned by the voc-release4 system [12] is tuned to detect
people under a prototypical visibility pattern. Based on this observation we designed, by hand, the
structure of a grammar that models visibility by using structural variability and optional parts. For
clarity, we begin by describing a shallow model (Figure 1) that places all filters at the same resolution
in the feature map pyramid. After explaining this model, we describe a deeper model that includes
deformable subparts at higher resolutions.

Fine-grained occlusion Our grammar model has a start symbol Q that can be expanded using one
of six possible structure schemas. These choices model different degrees of visibility ranging from
heavy occlusion (only the head and shoulders are visible) to no occlusion at all.

Beyond modeling fine-grained occlusion patterns when compared to the mixture models from [12]
or [7], our grammar model is also richer in the following ways. In Section 5 we show that each of
these aspects improves detection performance.

Occlusion model If a person is occluded, then there must be some cause for the occlusion — either
the edge of the image or an occluding object such as a desk or dinner table. We model the cause of
occlusion through an occlusion object that has a non-trivial appearance model.
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Summary
• The big challenge is handling appearance variation 

• Object detection grammars can express many types of models

- Mixtures of DPM

- Models with variable structure

- Models with shared parts

- etc. -- think of it as a programming language

• General implementation

- Isolated deformation grammars + HOG + LSVM

• Learning grammar structure is still an open problem
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