Object detection with grammar models
Ross Girshick
University of Chicago

helmet,
occluded left side

ski cap, no face
truncated

Pedro Felzenszwalb

David McAllester

Brown University

TTI Chicago

pirate hat, dresses,
long hair

truncation, holding glass,
heavy occlusion

Objects from rich categories have
diverse structural variation

Object detection with grammar models

Discriminatively Trained, Multiscale, Deformable Part Model

zenszwalb
of Chicago
hicago.edu

Ross Girshick

Pedro Felzenszwalb

David McAllester
Deva Ramanan
Toyota Technological Institute at Chicago
UC Irvine
University of Chicagodramanan@ics.uci.edu Brown
mcallester@tti-c.org

University

David McAllester
TTI Chicago

Abstract

escribes a discriminatively trained, multile part model for object detection. Our systwo-fold improvement in average precision
rformance in the 2006 PASCAL person dee. It also outperforms the best results in the
in ten out of twenty categories. The system
n deformable parts. While deformable part
come quite popular, their value had not been
n difficult benchmarks such as the PASCAL
system also relies heavily on new methods
ve training. We(f)
combine a margin-sensitive
(g)
ata mining hard negative examples with a
oulders and feet). The most active blocks are
all
latent SVM. A latent SVM, like a hide over the training examples. (b) Each “pixel”
to a non-convex training problem. Howor the negative SVM weights. (d) A test image.
VM is semi-convex and the training probthe positive and the negative SVM weights.
nvex once latent information is specified for
mples. We believe that our training methMaking
svmeffective
learninguse
practical.
ally
makelarge-scale
possible the
of moreIn
C. Burges, and A. Smola, editors, Advances in
on such as hierarchical (grammar) models
ds - Support Vector Learning. The MIT Press,
lving latent three dimensional pose.
MA, USA, 1999.

More mixture components?

Dalal & Triggs
CVPR 2005
AP 0.12

Sukthankar. Pca-sift: A more distinctive repon
r local image descriptors. CVPR, Washington,
es
2004.
the66–75,
problem
of detecting and localizing obc category,image
such as
peoplefrom
or cars,
in static
Distinctive
features
scale-invariant
ve developed
a new
multiscale deformable
CV,
60(2):91–110,
2004.
olving
this problem.
The models
are trained
nell.
Method
of and apparatus
for pattern
recognative
procedure
that
only
requires
boundy 1986. U.S. Patent No. 4,567,610.
or the positive examples. Using these modk andaC.
Schmid. system
A performance
evaluation
nted
detection
that is both
highlyof
ors.
PAMI,
2004.
Accepted.
curate, processing an image in about 2 secyk and
C. Schmid.rates
Scale
invariant
ving
recognition
thatand
are affine
significantly
detectors.
IJCV,
60(1):63–86,
2004.
ious systems.
chieves
a two-fold
in average
k,
C. Schmid,
and A.improvement
Zisserman. Human
deteche
winning system
[5] in
2006
PASCAL
a probabilistic
assembly
ofthe
robust
part
detectors.
n Prague,
challenge.
The
system volume
also outperforms
V,
Czech
Republic,
I, pages 69–
in the 2007 challenge in ten out of twenty

Felzenszwalb, Girshick,
McAllester & Ramanan
PAMI 2010
AP 0.36

Papageorgiou, and T. Poggio. Example-based
upon work supported by the National Science
onbased
in images
by components. PAMI, 23(4):349–
rant No. 0534820 and 0535174.
01.

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.
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object categories. Figure 1 shows an example detection obtained with our person model.
The notion that objects can be modeled by parts in a deformable 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 practice. On difficult datasets, deformable models are often outperformed 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 covering 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. However, our system is semi-supervised, trained with a maxmargin framework, and does not rely on feature detection.
We also describe a simple and effective strategy for learning parts from weakly-labeled data. In contrast to computationally 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 handling latent variables such as part positions, and introduce a
new method for data mining “hard negative” examples during training. We believe that handling partially labeled data
is a significant issue in machine learning for computer vision. For example, the PASCAL dataset only specifies a
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Localizing people with an object detection grammar
Subtype 1 Subtype 2

Example detections and derived filters

Part 1
Part 2
Part 3
Part 4
Part 5
Part 6
Occluder

Parts 1-6 (no occlusion)

Parts 1-4 & occluder

Parts 1-2 & occluder

AP 0.47

✸ Fine-grained occlusion ✸ Part sharing
✸ Non-trivial model of the stuff that causes occlusion
✸ Part subtypes ✸ Subparts at multiple resolutions
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Discriminative training when the label space != output space
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Weak-label structural SVM
Generalizes latent structural SVM
Top performance on PASCAL VOC 2010 ‘person’

