


the image classification task and fine-tuning for the object
detection task. For image classification, the input is a whole
image and the task is to recognize the object within this im-
age. Therefore, learned feature representations have robust-
ness to scale and location change of objects in images. Tak-
ing Fig. 1(a) as an example, no matter how large and where
a person is in the image, the image should be classified as
person. However, robustness to object size and location is
not required for object detection. For object detection, can-
didate regions are cropped and warped before they are used
as input of the deep model. Therefore, the positive candi-
date regions for the object class person should have their lo-



existing deep CNN models, max pooling and average pool-
ing are useful in handling deformation but cannot learn the
deformation penalty and geometric models of object parts.
The deformation layer was first proposed in [29] for pedes-
trian detection. In this paper, we extend it to general object
detection on ImageNet. In [29], the deformation layer was
constrained to be placed after the last convolutional layer,
while in this work the def-pooling layer can be placed after
all the convolutional layers to capture geometric deforma-
tion at all the information abstraction levels. In [29], it was
assumed that a pedestrian only has one instance of a body
part, so each part filter only has one optimal response in a
detection window. In this work, it is assumed that an object
has multiple instances of a part (e.g. a car has many wheels),
so each part filter is allowed to have multiple response peaks
in a detection window. Moreover, we allow multiple object
categories to share deformable parts and jointly learn them
with a single network. This new model is more suitable for
general object detection.

Context gains attentions in object detection. The context
information investigated in literature includes regions sur-
rounding objects [5, 8, 13], object-scene interaction [9, 20],
and the presence, location, orientation and size relationship
among objects [2, 48, 49, 7, 31, 13, 40, 9, 53, 8, 50, 30, 6,
35, 45]. In this paper, we use whole-image classification
scores over a large number of classes from a deep model as
global contextual information to refine detection scores.

Besides feature learning, deformation modeling, and
context modeling, there are also other important compo-
nents in the object detection pipeline, such as pretraining
[14], network structures [36, 54, 21], refinement of bound-
ing box locations [14], and model averaging [54, 21, 19].
While these components were studies individually in differ-
ent works, we integrate them into a complete pipeline and
take a global view of them with component-wise analysis
under the same experimental setting. It is an important step
to understand and advance deep learning based object de-
tection.

3. Method

3.1. Overview of our approach

An overview of our proposed approach is shown in Fig.
2. We take the ImageNet object detection task as an ex-
ample. The ImageNet image classification and localization
dataset with 1,000 classes is chosen to pretrain the deep
model. Its object detection dataset has 200 object classes.
In the experimental section, the approach is also applied to
the PASCAL VOC. The pretraining data keeps the same,
while the detection dataset only has 20 object classes. The
steps of our approach are summarized as follows.
1. Selective search proposed in [39] is used to propose can-

didate bounding boxes.

Image Proposed 
bounding boxes

Selective 
search

DeepID-Net

Pretrain, 
def-pooling 

layer

Box 
rejection

Context 
modeling

Remaining 
bounding boxes

Model 
averaging

Bounding box 
regression

person

horse

person

horse

person

horse

person

horse

Figure 2. Overview of our approach. Find detailed description in
the text of Section 3.1. Texts in red highlight the steps that are not
present in RCNN [14].

2. An existing detector, RCNN [14] in our experiment, is
used to reject bounding boxes that are most likely to be
background.

3. An image region in a bounding box is cropped and
fed into the DeepID-Net to obtain 200 detection scores.
Each detection score measures the confidence on the
cropped image containing one specific object class. De-
tails are given in Section 3.2.

4. The 1000-class whole-image classification scores of a
deep model are used as contextual information to re-
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Figure 4. Def-pooling layer. The part detection map and the de-
formation penalty are summed up. Block-wise max pooling is
then performed on the summed map to obtain the output B of size
H
sy

× W
sx

(3 × 1 in this example).

provides the ability to learn the map that implicitly decides
the kernel size for max-pooling.

Example 2. The deformation layer in [29] is a spe-
cial case of the def-pooling layer by enforcing that zδx,δy

in (1) covers all the locations in convl−1,i and only one
output with a pre-defined location is allowed for the def-
pooling layer (i.e. R = ∞, sx = W , and sy = H).
The proof can be found in Appendix 1. To implement
quadratic deformation penalty used in [11], we can pre-
define {dδx,δy

c,n }



bulbs co-exist in a traffic light in Fig. 4.
3. As shown in Fig. 3, the def-pooling layer is a shared rep-

resentation for multiple classes and therefore the learned
visual patterns in the def-pooling layer can be shared
among these classes. As examples in Fig. 6, the learned
circular visual patterns are shared as different object
parts in traffic lights, cars, and ipods.

The layers proposed in [29, 16] does not have these advan-
tages, because they can only be placed after the final convo-
lutional layer, assume one instance per object part, and does
not share visual patterns among classes.

3.5. Fine-tuning the deep model with hinge-loss

In RCNN, feature representation is first learned with the
softmax loss in the deep model after fine-tuning. Then in a
separate step, the learned feature representation is input to a
linear binary SVM classifier for detection of each class. In
our approach, the softmax loss is replaced by the 200 binary
hinge losses when fine-tuning the deep model. Thus the
deep model fine-tuning and SVM learning steps in RCNN
are merged into one step. The extra training time required
for extracting features (∼ 2.4 days with one Titan GPU) is
saved.

3.6. Contextual modeling

The deep model learned for the image classification task
(Fig.



Table 1. Detection mAP (%



Table 4. Ablation study of the two pretraining schemes in Section 3.3 for different net structures on ILSVRC2014 val2. Scheme 0 only
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