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Learning Deep Image Feature Hierarchies
• Deep learning gives ~ 10% improvement on ImageNet 

– 1.2M images 
– 1000 categories 
– 60 million 

parameters

[1] Krizhevsky, Sutskever and Hinton. ImageNet classification with deep convolutional neural networks, NIPS’12. 
[2] Sermanet, Eigen, Zhang, Mathieu, Fergus, LeCun. Overfeat: Integrated recognition, localization and detection using convolutional networks. ICLR’14. 
[3] Donahue, Jia, Vinyals, Hoffman, Zhang, Tzeng, Darrell. Decaf: A deep convolutional activation feature for generic visual recognition. ICML’14.



Impact of Deep Learning in Computer Vision
• 2012-2014 classification results in ImageNet 

• 2015 results: MSR under 3.5% error using 150 layers!

CNN 
non-CNN

Slide from Yann LeCun’s CVPR’15 plenary and ICCV’15 tutorial intro by Joan Bruna



Transfer from ImageNet to Other Datasets
• CNNs + SMVs [1] 

• Retrain top-layer [2] 

• Deep Face [3]
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Figure 2: Transferring parameters of a CNN. First, the network is trained on the source task (ImageNet classification, top row) with
a large amount of available labelled images. Pre-trained parameters of the internal layers of the network (C1-FC7) are then transferred to
the target tasks (Pascal VOC object or action classification, bottom row). To compensate for the different image statistics (type of objects,
typical viewpoints, imaging conditions) of the source and target data we add an adaptation layer (fully connected layers FCa and FCb) and
train them on the labelled data of the target task.

(here object and action classification in Pascal VOC), as il-
lustrated in Figure 2. However, this is difficult as the la-
bels and the distribution of images (type of objects, typical
viewpoints, imaging conditions, etc.) in the source and tar-
get datasets can be very different, as illustrated in Figure 3.
To address these challenges we (i) design an architecture
that explicitly remaps the class labels between the source
and target tasks (Section 3.1), and (ii) develop training and
test procedures, inspired by sliding window detectors, that
explicitly deal with different distributions of object sizes,
locations and scene clutter in source and target tasks (Sec-
tions 3.2 and 3.3).

3.1. Network architecture

For the source task, we use the network architec-
ture of Krizhevsky et al. [24]. The network takes as
input a square 224 × 224 pixel RGB image and pro-
duces a distribution over the ImageNet object classes.
This network is composed of five successive convolu-
tional layers C1. . . C5 followed by three fully connected
layers FC6. . . FC8 (Figure 2, top). Please refer to [24]
for the description of the geometry of the five convolu-
tional layers and their setup regarding contrast normaliza-
tion and pooling. The three fully connected layers then
compute Y6=σ(W6Y5 +B6), Y7=σ(W7Y6 +B7),
and Y8=ψ(W8Y7 +B8), where Yk denotes the out-
put of the k-th layer, Wk, Bk are the trainable param-
eters of the k-th layer, and σ(X)[i]=max(0,X[i]) and
ψ(X)[i]=eX[i]/

∑
j e

X[j] are the “ReLU” and “SoftMax”
non-linear activation functions.

For target tasks (Pascal VOC object and action classifica-
tion) we wish to design a network that will output scores for
target categories, or background if none of the categories
are present in the image. However, the object labels in the
source task can be very different from the labels in the tar-
get task (also called a “label bias” [49]). For example, the
source network is trained to recognize different breeds of
dogs such as huskydog or australianterrier, but the
target task contains only one label dog. The problem be-
comes even more evident for the target task of action classi-
fication. What object categories in ImageNet are related to
the target actions reading or running ?

In order to achieve the transfer, we remove the output
layer FC8 of the pre-trained network and add an adaptation
layer formed by two fully connected layers FCa and FCb
(see Figure 2, bottom) that use the output vector Y7 of the
layer FC7 as input. Note that Y7 is obtained as a complex
non-linear function of potentially all input pixels and may
capture mid-level object parts as well as their high-level
configurations [27, 53]. The FCa and FCb layers compute
Ya=σ(WaY7 +Ba) and Yb=ψ(WbYa +Bb), where
Wa, Ba, Wb, Bb are the trainable parameters. In all our
experiments, FC6 and FC7 have equal sizes (either 4096 or
6144, see Section 4), FCa has size 2048, and FCb has a size
equal to the number of target categories.

The parameters of layers C1. . .C5, FC6 and FC7 are first
trained on the source task, then transferred to the target task
and kept fixed. Only the adaptation layer is trained on the
target task training data as described next.

[1] Razavian, Azizpour, Sullivan, Carlsson, CNN Features off-the-shelf: an Astounding Baseline for Recognition. CVPRW’14. 
[2] Oquab, Bottou, Laptev, Sivic. Learning and transferring mid-level image representations using convolutional neural networks CVPR’14 
[3] Taigman, Yang, Ranzato, Wolf. DeepFace: Closing the Gap to Human-Level Performance in Face Verification. CVPR’14 

aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv mAP

GHM[8] 76.7 74.7 53.8 72.1 40.4 71.7 83.6 66.5 52.5 57.5 62.8 51.1 81.4 71.5 86.5 36.4 55.3 60.6 80.6 57.8 64.7
AGS[11] 82.2 83.0 58.4 76.1 56.4 77.5 88.8 69.1 62.2 61.8 64.2 51.3 85.4 80.2 91.1 48.1 61.7 67.7 86.3 70.9 71.1
NUS[39] 82.5 79.6 64.8 73.4 54.2 75.0 77.5 79.2 46.2 62.7 41.4 74.6 85.0 76.8 91.1 53.9 61.0 67.5 83.6 70.6 70.5

CNN-SVM 88.5 81.0 83.5 82.0 42.0 72.5 85.3 81.6 59.9 58.5 66.5 77.8 81.8 78.8 90.2 54.8 71.1 62.6 87.2 71.8 73.9
CNNaug-SVM 90.1 84.4 86.5 84.1 48.4 73.4 86.7 85.4 61.3 67.6 69.6 84.0 85.4 80.0 92.0 56.9 76.7 67.3 89.1 74.9 77.2

Table 1: Pascal VOC 2007 Image Classification Results compared to other methods which also use training data outside VOC. The CNN representation
is not tuned for the Pascal VOC dataset. However, GHM [8] learns from VOC a joint representation of bag-of-visual-words and contextual information.
AGS [11] learns a second layer of representation by clustering the VOC data into subcategories. NUS [39] trains a codebook for the SIFT, HOG and LBP
descriptors from the VOC dataset. Oquab et al. [29] adapt the CNN classification layers and achieves better results (77.7) indicating
the potential to boost the performance by further adaptation of the representation to the target task/dataset.
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Figure 2: a) Evolution of the mean image classification AP over PAS-
CAL VOC 2007 classes as we use a deeper representation from the
OverFeat CNN trained on the ILSVRC dataset. OverFeat considers
convolution, max pooling, nonlinear activations, etc. as separate layers.
The re-occurring decreases in the plot is of the activation function layer
which loses information by half rectifying the signal. b) Confusion matrix
for the MIT-67 indoor dataset. Some of the off-diagonal confused classes
have been annotated, these particular cases could be hard even for a human
to distinguish.

last 2 layers the performance increases. We observed the
same trend in the individual class plots. The subtle drops in
the mid layers (e.g. 4, 8, etc.) is due to the “ReLU” layer
which half-rectifies the signals. Although this will help the
non-linearity of the trained model in the CNN, it does not
help if immediately used for classification.

3.2.3 Results of MIT 67 Scene Classification

Table 2 shows the results of different methods on the MIT
indoor dataset. The performance is measured by the aver-
age classification accuracy of different classes (mean of the
confusion matrix diagonal). Using a CNN off-the-shelf rep-
resentation with linear SVMs training significantly outper-
forms a majority of the baselines. The non-CNN baselines
benefit from a broad range of sophisticated designs. con-
fusion matrix of the CNN-SVM classifier on the 67 MIT
classes. It has a strong diagonal. The few relatively bright
off-diagonal points are annotated with their ground truth
and estimated labels. One can see that in these examples the
two labels could be challenging even for a human to distin-
guish between, especially for close-up views of the scenes.

Method mean Accuracy

ROI + Gist[36] 26.1
DPM[30] 30.4
Object Bank[24] 37.6
RBow[31] 37.9
BoP[21] 46.1
miSVM[25] 46.4
D-Parts[40] 51.4
IFV[21] 60.8
MLrep[9] 64.0

CNN-SVM 58.4
CNNaug-SVM 69.0
CNN(AlexConvNet)+multiscale pooling [16] 68.9

Table 2: MIT-67 indoor scenes dataset. The MLrep [9] has a fine
tuned pipeline which takes weeks to select and train various part detectors.
Furthermore, Improved Fisher Vector (IFV) representation has dimension-
ality larger than 200K. [16] has very recently tuned a multi-scale orderless
pooling of CNN features (off-the-shelf) suitable for certain tasks. With this
simple modification they achieved significant average classification accu-
racy of 68.88.

3.3. Object Detection
Unfortunately, we have not conducted any experiments for
using CNN off-the-shelf features for the task of object de-
tection. But it is worth mentioning that Girshick et al. [15]
have reported remarkable numbers on PASCAL VOC 2007
using off-the-shelf features from Caffe code. We repeat
their relevant results here. Using off-the-shelf features they
achieve a mAP of 46.2 which already outperforms state
of the art by about 10%. This adds to our evidences of
how powerful the CNN features off-the-shelf are for visual
recognition tasks.
Finally, by further fine-tuning the representation for PAS-
CAL VOC 2007 dataset (not off-the-shelf anymore) they
achieve impressive results of 53.1.

3.4. Fine grained Recognition
Fine grained recognition has recently become popular due
to its huge potential for both commercial and cataloging
applications. Fine grained recognition is specially inter-
esting because it involves recognizing subclasses of the
same object class such as different bird species, dog breeds,
flower types, etc. The advent of many new datasets with
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which loses information by half rectifying the signal. b) Confusion matrix
for the MIT-67 indoor dataset. Some of the off-diagonal confused classes
have been annotated, these particular cases could be hard even for a human
to distinguish.
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non-linearity of the trained model in the CNN, it does not
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CNN Features off-the-shelf: an Astounding Baseline for Recognition
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Abstract

Recent results indicate that the generic descriptors ex-
tracted from the convolutional neural networks are very
powerful [10, 29, 48]. This paper adds to the mount-
ing evidence that this is indeed the case. We report on
a series of experiments conducted for different recogni-
tion tasks using the publicly available code and model of
the OverFeat network which was trained to perform ob-
ject classification on ILSVRC13. We use features extracted
from the OverFeat network as a generic image represen-
tation to tackle the diverse range of recognition tasks of
object image classification, scene recognition, fine grained
recognition, attribute detection and image retrieval applied
to a diverse set of datasets. We selected these tasks and
datasets as they gradually move further away from the orig-
inal task and data the OverFeat network was trained to
solve. Astonishingly, we report consistent superior results
compared to the highly tuned state-of-the-art systems in
all the visual classification tasks on various datasets. For
instance retrieval it consistently outperforms low memory
footprint methods except for sculptures dataset. The results
are achieved using a linear SVM classifier (or L2 distance
in case of retrieval) applied to a feature representation of
size 4096 extracted from a layer in the net. The representa-
tions are further modified using simple augmentation tech-
niques e.g. jittering. The results strongly suggest that fea-
tures obtained from deep learning with convolutional nets
should be the primary candidate in most visual recognition
tasks.

1. Introduction
“Deep learning. How well do you think it would work
for your computer vision problem?” Most likely this ques-
tion has been posed in your group’s coffee room. And
in response someone has quoted recent success stories
[29, 15, 10] and someone else professed skepticism. You
may have left the coffee room slightly dejected thinking
“Pity I have neither the time, GPU programming skills nor
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Figure 1: top) CNN representation replaces pipelines of s.o.a methods
and achieve better results. e.g. DPD [50].
bottom) Augmented CNN representation with linear SVM consistently
outperforms s.o.a. on multiple tasks. Specialized CNN refers to other
works which specifically designed the CNN for their task

large amount of labelled data to train my own network to
quickly find out the answer”. But when the convolutional
neural network OverFeat [38] was recently made pub-
licly available1 it allowed for some experimentation. In
particular we wondered now, not whether one could train
a deep network specifically for a given task, but if the fea-
tures extracted by a deep network - one carefully trained
on the diverse ImageNet database to perform the specific
task of image classification - could be exploited for a wide
variety of vision tasks. We now relate our discussions and
general findings because as a computer vision researcher
you’ve probably had the same questions:
Prof: First off has anybody else investigated this issue?
Student: Well it turns out Donahue et al. [10], Zeiler
and Fergus [48] and Oquab et al. [29] have suggested that
generic features can be extracted from large CNNs and pro-
vided some initial evidence to support this claim. But they
have only considered a small number of visual recognition

1There are other publicly available deep learning implementations such
as Alex Krizhevsky’s ConvNet and Berkeley’s Caffe. Benchmarking
these implementations is beyond the scope of this paper.

1

plane bike bird boat btl bus car cat chair cow table dog horse moto pers plant sheep sofa train tv mAP

INRIA [32] 77.5 63.6 56.1 71.9 33.1 60.6 78.0 58.8 53.5 42.6 54.9 45.8 77.5 64.0 85.9 36.3 44.7 50.6 79.2 53.2 59.4
NUS-PSL [44] 82.5 79.6 64.8 73.4 54.2 75.0 77.5 79.2 46.2 62.7 41.4 74.6 85.0 76.8 91.1 53.9 61.0 67.5 83.6 70.6 70.5

PRE-1000C 88.5 81.5 87.9 82.0 47.5 75.5 90.1 87.2 61.6 75.7 67.3 85.5 83.5 80.0 95.6 60.8 76.8 58.0 90.4 77.9 77.7

Table 1: Per-class results for object classification on the VOC2007 test set (average precision %).

plane bike bird boat btl bus car cat chair cow table dog horse moto pers plant sheep sofa train tv mAP

NUS-PSL [49] 97.3 84.2 80.8 85.3 60.8 89.9 86.8 89.3 75.4 77.8 75.1 83.0 87.5 90.1 95.0 57.8 79.2 73.4 94.5 80.7 82.2

NO PRETRAIN 85.2 75.0 69.4 66.2 48.8 82.1 79.5 79.8 62.4 61.9 49.8 75.9 71.4 82.7 93.1 59.1 69.7 49.3 80.0 76.7 70.9
PRE-1000C 93.5 78.4 87.7 80.9 57.3 85.0 81.6 89.4 66.9 73.8 62.0 89.5 83.2 87.6 95.8 61.4 79.0 54.3 88.0 78.3 78.7

PRE-1000R 93.2 77.9 83.8 80.0 55.8 82.7 79.0 84.3 66.2 71.7 59.5 83.4 81.4 84.8 95.2 59.8 74.9 52.9 83.8 75.7 76.3
PRE-1512 94.6 82.9 88.2 84.1 60.3 89.0 84.4 90.7 72.1 86.8 69.0 92.1 93.4 88.6 96.1 64.3 86.6 62.3 91.1 79.8 82.8

Table 2: Per-class results for object classification on the VOC2012 test set (average precision %).

Action jumpphon instr read bike horse run phot compwalk mAP

STANFORD [1] 75.7 44.8 66.6 44.4 93.2 94.2 87.6 38.4 70.6 75.6 69.1
OXFORD [1] 77.0 50.4 65.3 39.5 94.1 95.9 87.7 42.7 68.6 74.5 69.6

NO PRETRAIN 43.2 30.6 50.2 25.0 76.8 80.7 75.2 22.2 37.9 55.6 49.7
PRE-1512 73.4 44.8 74.8 43.2 92.1 94.3 83.4 45.7 65.5 66.8 68.4
PRE-1512U 74.8 46.0 75.6 45.3 93.5 95.0 86.5 49.3 66.7 69.5 70.2

Table 3: Pascal VOC 2012 action classification results (AP %).

sessment of localization results, we compute an output map
for each category by averaging the scores of all the testing
patches covering a given pixel of the test image. Examples
of such output maps are given in Figures 1 and 5 as well
as on the project webpage [2]. This visualization clearly
demonstrates that the system knows the size and locations
of target objects within the image. Addressing the detection
task seems within reach.

Action recognition. The Pascal VOC 2012 action recog-
nition task consists of 4588 training images and 4569 test
images featuring people performing actions among ten cate-
gories such as jumping, phoning, playinginstrument
or reading. This fine-grained task differs from the
object classification task because it entails recognizing
fine differences in human poses (e.g. running v.s.
walking) and subtle interactions with objects (phoning
or takingphoto). Training samples with multiple simul-
taneous actions are excluded from our training set.

To evaluate how our transfer method performs on this
very different target task, we use a network pre-trained
on 1512 ImageNet object classes and apply our transfer
methodology to the Pascal VOC action classification task.
Since the bounding box of the person performing the ac-
tion is known at testing time, both training and testing are
performed using a single square patch per sample, centered
on the person bounding box. Extracting the patch pos-
sibly involves enlarging the original image by mirroring
pixels. The results are summarized in row PRE-1512 Ta-
ble 3. The transfer method significantly improves over the
NO PRETRAIN baseline where the CNN is trained solely on
the action images from Pascal VOC, without pretraining on
ImageNet. In particular, we obtain best results on challeng-
ing categories playinginstrument and takingphoto.

In order to better adapt the CNN to the subtleties of the

action recognition task, and inspired by [6], our last re-
sults were obtained by training the target task CNN with-
out freezing the FC6 weights. More precisely, we copy
the ImageNet-trained weights of layers C1. . .C5, FC6 and
FC7, we append the adaptation layers FCa and FCb, and
we retrain layers FC6, FCa, and FCb on the action recog-
nition data. This strategy increases the performance on all
action categories (row PRE-1512U in Table 3), yielding, to
the best of our knowledge, the best average result published
on the Pascal VOC 2012 action recognition task.

To demonstrate that we can also localize the action in the
image, we train the network in a sliding window manner, as
described in section 3. In particular, we use the ground truth
person bounding boxes during training, but do not use the
ground truth person bounding boxes at test time. Example
output maps shown in figure 6 clearly demonstrate that the
network provides an estimate of the action location in the
image.

Failure modes. Top-ranked false positives in Figure 5
correspond to samples closely resembling target object
classes. Resolving some of these errors may require high-
level scene interpretation. Our method may also fail to
recognize spatially co-occurring objects (e.g., person on a
chair) since patches with multiple objects are currently ex-
cluded from training. This issue could be addressed by
changing the training objective to allow multiple labels per
sample. Recognition of very small or very large objects
could also fail due to the sparse sampling of patches in our
current implementation. As mentioned in Section 3.3 this
issue could be resolved using a more efficient CNN-based
implementation of sliding windows.

5. Conclusion

Building on the performance leap achieved by [23] on
ILSVRC-2012, we have shown how a simple transfer learn-
ing procedure yields state-of-the-art results on challenging
benchmark datasets of much smaller size. We have also
demonstrated the high potential of the mid-level features
extracted from an ImageNet-trained CNNs. Although the
performance of this setup increases when we augment the
source task data, using only 12% of the ImageNet corpus al-

plane bike bird boat btl bus car cat chair cow table dog horse moto pers plant sheep sofa train tv mAP

INRIA [32] 77.5 63.6 56.1 71.9 33.1 60.6 78.0 58.8 53.5 42.6 54.9 45.8 77.5 64.0 85.9 36.3 44.7 50.6 79.2 53.2 59.4
NUS-PSL [44] 82.5 79.6 64.8 73.4 54.2 75.0 77.5 79.2 46.2 62.7 41.4 74.6 85.0 76.8 91.1 53.9 61.0 67.5 83.6 70.6 70.5

PRE-1000C 88.5 81.5 87.9 82.0 47.5 75.5 90.1 87.2 61.6 75.7 67.3 85.5 83.5 80.0 95.6 60.8 76.8 58.0 90.4 77.9 77.7

Table 1: Per-class results for object classification on the VOC2007 test set (average precision %).

plane bike bird boat btl bus car cat chair cow table dog horse moto pers plant sheep sofa train tv mAP

NUS-PSL [49] 97.3 84.2 80.8 85.3 60.8 89.9 86.8 89.3 75.4 77.8 75.1 83.0 87.5 90.1 95.0 57.8 79.2 73.4 94.5 80.7 82.2

NO PRETRAIN 85.2 75.0 69.4 66.2 48.8 82.1 79.5 79.8 62.4 61.9 49.8 75.9 71.4 82.7 93.1 59.1 69.7 49.3 80.0 76.7 70.9
PRE-1000C 93.5 78.4 87.7 80.9 57.3 85.0 81.6 89.4 66.9 73.8 62.0 89.5 83.2 87.6 95.8 61.4 79.0 54.3 88.0 78.3 78.7

PRE-1000R 93.2 77.9 83.8 80.0 55.8 82.7 79.0 84.3 66.2 71.7 59.5 83.4 81.4 84.8 95.2 59.8 74.9 52.9 83.8 75.7 76.3
PRE-1512 94.6 82.9 88.2 84.1 60.3 89.0 84.4 90.7 72.1 86.8 69.0 92.1 93.4 88.6 96.1 64.3 86.6 62.3 91.1 79.8 82.8

Table 2: Per-class results for object classification on the VOC2012 test set (average precision %).

Action jumpphon instr read bike horse run phot compwalk mAP

STANFORD [1] 75.7 44.8 66.6 44.4 93.2 94.2 87.6 38.4 70.6 75.6 69.1
OXFORD [1] 77.0 50.4 65.3 39.5 94.1 95.9 87.7 42.7 68.6 74.5 69.6

NO PRETRAIN 43.2 30.6 50.2 25.0 76.8 80.7 75.2 22.2 37.9 55.6 49.7
PRE-1512 73.4 44.8 74.8 43.2 92.1 94.3 83.4 45.7 65.5 66.8 68.4
PRE-1512U 74.8 46.0 75.6 45.3 93.5 95.0 86.5 49.3 66.7 69.5 70.2

Table 3: Pascal VOC 2012 action classification results (AP %).

sessment of localization results, we compute an output map
for each category by averaging the scores of all the testing
patches covering a given pixel of the test image. Examples
of such output maps are given in Figures 1 and 5 as well
as on the project webpage [2]. This visualization clearly
demonstrates that the system knows the size and locations
of target objects within the image. Addressing the detection
task seems within reach.

Action recognition. The Pascal VOC 2012 action recog-
nition task consists of 4588 training images and 4569 test
images featuring people performing actions among ten cate-
gories such as jumping, phoning, playinginstrument
or reading. This fine-grained task differs from the
object classification task because it entails recognizing
fine differences in human poses (e.g. running v.s.
walking) and subtle interactions with objects (phoning
or takingphoto). Training samples with multiple simul-
taneous actions are excluded from our training set.

To evaluate how our transfer method performs on this
very different target task, we use a network pre-trained
on 1512 ImageNet object classes and apply our transfer
methodology to the Pascal VOC action classification task.
Since the bounding box of the person performing the ac-
tion is known at testing time, both training and testing are
performed using a single square patch per sample, centered
on the person bounding box. Extracting the patch pos-
sibly involves enlarging the original image by mirroring
pixels. The results are summarized in row PRE-1512 Ta-
ble 3. The transfer method significantly improves over the
NO PRETRAIN baseline where the CNN is trained solely on
the action images from Pascal VOC, without pretraining on
ImageNet. In particular, we obtain best results on challeng-
ing categories playinginstrument and takingphoto.

In order to better adapt the CNN to the subtleties of the

action recognition task, and inspired by [6], our last re-
sults were obtained by training the target task CNN with-
out freezing the FC6 weights. More precisely, we copy
the ImageNet-trained weights of layers C1. . .C5, FC6 and
FC7, we append the adaptation layers FCa and FCb, and
we retrain layers FC6, FCa, and FCb on the action recog-
nition data. This strategy increases the performance on all
action categories (row PRE-1512U in Table 3), yielding, to
the best of our knowledge, the best average result published
on the Pascal VOC 2012 action recognition task.

To demonstrate that we can also localize the action in the
image, we train the network in a sliding window manner, as
described in section 3. In particular, we use the ground truth
person bounding boxes during training, but do not use the
ground truth person bounding boxes at test time. Example
output maps shown in figure 6 clearly demonstrate that the
network provides an estimate of the action location in the
image.

Failure modes. Top-ranked false positives in Figure 5
correspond to samples closely resembling target object
classes. Resolving some of these errors may require high-
level scene interpretation. Our method may also fail to
recognize spatially co-occurring objects (e.g., person on a
chair) since patches with multiple objects are currently ex-
cluded from training. This issue could be addressed by
changing the training objective to allow multiple labels per
sample. Recognition of very small or very large objects
could also fail due to the sparse sampling of patches in our
current implementation. As mentioned in Section 3.3 this
issue could be resolved using a more efficient CNN-based
implementation of sliding windows.

5. Conclusion

Building on the performance leap achieved by [23] on
ILSVRC-2012, we have shown how a simple transfer learn-
ing procedure yields state-of-the-art results on challenging
benchmark datasets of much smaller size. We have also
demonstrated the high potential of the mid-level features
extracted from an ImageNet-trained CNNs. Although the
performance of this setup increases when we augment the
source task data, using only 12% of the ImageNet corpus al-

aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv mAP

GHM[8] 76.7 74.7 53.8 72.1 40.4 71.7 83.6 66.5 52.5 57.5 62.8 51.1 81.4 71.5 86.5 36.4 55.3 60.6 80.6 57.8 64.7
AGS[11] 82.2 83.0 58.4 76.1 56.4 77.5 88.8 69.1 62.2 61.8 64.2 51.3 85.4 80.2 91.1 48.1 61.7 67.7 86.3 70.9 71.1
NUS[39] 82.5 79.6 64.8 73.4 54.2 75.0 77.5 79.2 46.2 62.7 41.4 74.6 85.0 76.8 91.1 53.9 61.0 67.5 83.6 70.6 70.5

CNN-SVM 88.5 81.0 83.5 82.0 42.0 72.5 85.3 81.6 59.9 58.5 66.5 77.8 81.8 78.8 90.2 54.8 71.1 62.6 87.2 71.8 73.9
CNNaug-SVM 90.1 84.4 86.5 84.1 48.4 73.4 86.7 85.4 61.3 67.6 69.6 84.0 85.4 80.0 92.0 56.9 76.7 67.3 89.1 74.9 77.2

Table 1: Pascal VOC 2007 Image Classification Results compared to other methods which also use training data outside VOC. The CNN representation
is not tuned for the Pascal VOC dataset. However, GHM [8] learns from VOC a joint representation of bag-of-visual-words and contextual information.
AGS [11] learns a second layer of representation by clustering the VOC data into subcategories. NUS [39] trains a codebook for the SIFT, HOG and LBP
descriptors from the VOC dataset. Oquab et al. [29] adapt the CNN classification layers and achieves better results (77.7) indicating
the potential to boost the performance by further adaptation of the representation to the target task/dataset.
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Figure 2: a) Evolution of the mean image classification AP over PAS-
CAL VOC 2007 classes as we use a deeper representation from the
OverFeat CNN trained on the ILSVRC dataset. OverFeat considers
convolution, max pooling, nonlinear activations, etc. as separate layers.
The re-occurring decreases in the plot is of the activation function layer
which loses information by half rectifying the signal. b) Confusion matrix
for the MIT-67 indoor dataset. Some of the off-diagonal confused classes
have been annotated, these particular cases could be hard even for a human
to distinguish.

last 2 layers the performance increases. We observed the
same trend in the individual class plots. The subtle drops in
the mid layers (e.g. 4, 8, etc.) is due to the “ReLU” layer
which half-rectifies the signals. Although this will help the
non-linearity of the trained model in the CNN, it does not
help if immediately used for classification.

3.2.3 Results of MIT 67 Scene Classification

Table 2 shows the results of different methods on the MIT
indoor dataset. The performance is measured by the aver-
age classification accuracy of different classes (mean of the
confusion matrix diagonal). Using a CNN off-the-shelf rep-
resentation with linear SVMs training significantly outper-
forms a majority of the baselines. The non-CNN baselines
benefit from a broad range of sophisticated designs. con-
fusion matrix of the CNN-SVM classifier on the 67 MIT
classes. It has a strong diagonal. The few relatively bright
off-diagonal points are annotated with their ground truth
and estimated labels. One can see that in these examples the
two labels could be challenging even for a human to distin-
guish between, especially for close-up views of the scenes.

Method mean Accuracy

ROI + Gist[36] 26.1
DPM[30] 30.4
Object Bank[24] 37.6
RBow[31] 37.9
BoP[21] 46.1
miSVM[25] 46.4
D-Parts[40] 51.4
IFV[21] 60.8
MLrep[9] 64.0

CNN-SVM 58.4
CNNaug-SVM 69.0
CNN(AlexConvNet)+multiscale pooling [16] 68.9

Table 2: MIT-67 indoor scenes dataset. The MLrep [9] has a fine
tuned pipeline which takes weeks to select and train various part detectors.
Furthermore, Improved Fisher Vector (IFV) representation has dimension-
ality larger than 200K. [16] has very recently tuned a multi-scale orderless
pooling of CNN features (off-the-shelf) suitable for certain tasks. With this
simple modification they achieved significant average classification accu-
racy of 68.88.

3.3. Object Detection
Unfortunately, we have not conducted any experiments for
using CNN off-the-shelf features for the task of object de-
tection. But it is worth mentioning that Girshick et al. [15]
have reported remarkable numbers on PASCAL VOC 2007
using off-the-shelf features from Caffe code. We repeat
their relevant results here. Using off-the-shelf features they
achieve a mAP of 46.2 which already outperforms state
of the art by about 10%. This adds to our evidences of
how powerful the CNN features off-the-shelf are for visual
recognition tasks.
Finally, by further fine-tuning the representation for PAS-
CAL VOC 2007 dataset (not off-the-shelf anymore) they
achieve impressive results of 53.1.

3.4. Fine grained Recognition
Fine grained recognition has recently become popular due
to its huge potential for both commercial and cataloging
applications. Fine grained recognition is specially inter-
esting because it involves recognizing subclasses of the
same object class such as different bird species, dog breeds,
flower types, etc. The advent of many new datasets with

plane bike bird boat btl bus car cat chair cow table dog horse moto pers plant sheep sofa train tv mAP

INRIA [32] 77.5 63.6 56.1 71.9 33.1 60.6 78.0 58.8 53.5 42.6 54.9 45.8 77.5 64.0 85.9 36.3 44.7 50.6 79.2 53.2 59.4
NUS-PSL [44] 82.5 79.6 64.8 73.4 54.2 75.0 77.5 79.2 46.2 62.7 41.4 74.6 85.0 76.8 91.1 53.9 61.0 67.5 83.6 70.6 70.5

PRE-1000C 88.5 81.5 87.9 82.0 47.5 75.5 90.1 87.2 61.6 75.7 67.3 85.5 83.5 80.0 95.6 60.8 76.8 58.0 90.4 77.9 77.7

Table 1: Per-class results for object classification on the VOC2007 test set (average precision %).

plane bike bird boat btl bus car cat chair cow table dog horse moto pers plant sheep sofa train tv mAP

NUS-PSL [49] 97.3 84.2 80.8 85.3 60.8 89.9 86.8 89.3 75.4 77.8 75.1 83.0 87.5 90.1 95.0 57.8 79.2 73.4 94.5 80.7 82.2

NO PRETRAIN 85.2 75.0 69.4 66.2 48.8 82.1 79.5 79.8 62.4 61.9 49.8 75.9 71.4 82.7 93.1 59.1 69.7 49.3 80.0 76.7 70.9
PRE-1000C 93.5 78.4 87.7 80.9 57.3 85.0 81.6 89.4 66.9 73.8 62.0 89.5 83.2 87.6 95.8 61.4 79.0 54.3 88.0 78.3 78.7

PRE-1000R 93.2 77.9 83.8 80.0 55.8 82.7 79.0 84.3 66.2 71.7 59.5 83.4 81.4 84.8 95.2 59.8 74.9 52.9 83.8 75.7 76.3
PRE-1512 94.6 82.9 88.2 84.1 60.3 89.0 84.4 90.7 72.1 86.8 69.0 92.1 93.4 88.6 96.1 64.3 86.6 62.3 91.1 79.8 82.8

Table 2: Per-class results for object classification on the VOC2012 test set (average precision %).

Action jumpphon instr read bike horse run phot compwalk mAP

STANFORD [1] 75.7 44.8 66.6 44.4 93.2 94.2 87.6 38.4 70.6 75.6 69.1
OXFORD [1] 77.0 50.4 65.3 39.5 94.1 95.9 87.7 42.7 68.6 74.5 69.6

NO PRETRAIN 43.2 30.6 50.2 25.0 76.8 80.7 75.2 22.2 37.9 55.6 49.7
PRE-1512 73.4 44.8 74.8 43.2 92.1 94.3 83.4 45.7 65.5 66.8 68.4
PRE-1512U 74.8 46.0 75.6 45.3 93.5 95.0 86.5 49.3 66.7 69.5 70.2

Table 3: Pascal VOC 2012 action classification results (AP %).

sessment of localization results, we compute an output map
for each category by averaging the scores of all the testing
patches covering a given pixel of the test image. Examples
of such output maps are given in Figures 1 and 5 as well
as on the project webpage [2]. This visualization clearly
demonstrates that the system knows the size and locations
of target objects within the image. Addressing the detection
task seems within reach.

Action recognition. The Pascal VOC 2012 action recog-
nition task consists of 4588 training images and 4569 test
images featuring people performing actions among ten cate-
gories such as jumping, phoning, playinginstrument
or reading. This fine-grained task differs from the
object classification task because it entails recognizing
fine differences in human poses (e.g. running v.s.
walking) and subtle interactions with objects (phoning
or takingphoto). Training samples with multiple simul-
taneous actions are excluded from our training set.

To evaluate how our transfer method performs on this
very different target task, we use a network pre-trained
on 1512 ImageNet object classes and apply our transfer
methodology to the Pascal VOC action classification task.
Since the bounding box of the person performing the ac-
tion is known at testing time, both training and testing are
performed using a single square patch per sample, centered
on the person bounding box. Extracting the patch pos-
sibly involves enlarging the original image by mirroring
pixels. The results are summarized in row PRE-1512 Ta-
ble 3. The transfer method significantly improves over the
NO PRETRAIN baseline where the CNN is trained solely on
the action images from Pascal VOC, without pretraining on
ImageNet. In particular, we obtain best results on challeng-
ing categories playinginstrument and takingphoto.

In order to better adapt the CNN to the subtleties of the

action recognition task, and inspired by [6], our last re-
sults were obtained by training the target task CNN with-
out freezing the FC6 weights. More precisely, we copy
the ImageNet-trained weights of layers C1. . .C5, FC6 and
FC7, we append the adaptation layers FCa and FCb, and
we retrain layers FC6, FCa, and FCb on the action recog-
nition data. This strategy increases the performance on all
action categories (row PRE-1512U in Table 3), yielding, to
the best of our knowledge, the best average result published
on the Pascal VOC 2012 action recognition task.

To demonstrate that we can also localize the action in the
image, we train the network in a sliding window manner, as
described in section 3. In particular, we use the ground truth
person bounding boxes during training, but do not use the
ground truth person bounding boxes at test time. Example
output maps shown in figure 6 clearly demonstrate that the
network provides an estimate of the action location in the
image.

Failure modes. Top-ranked false positives in Figure 5
correspond to samples closely resembling target object
classes. Resolving some of these errors may require high-
level scene interpretation. Our method may also fail to
recognize spatially co-occurring objects (e.g., person on a
chair) since patches with multiple objects are currently ex-
cluded from training. This issue could be addressed by
changing the training objective to allow multiple labels per
sample. Recognition of very small or very large objects
could also fail due to the sparse sampling of patches in our
current implementation. As mentioned in Section 3.3 this
issue could be resolved using a more efficient CNN-based
implementation of sliding windows.

5. Conclusion

Building on the performance leap achieved by [23] on
ILSVRC-2012, we have shown how a simple transfer learn-
ing procedure yields state-of-the-art results on challenging
benchmark datasets of much smaller size. We have also
demonstrated the high potential of the mid-level features
extracted from an ImageNet-trained CNNs. Although the
performance of this setup increases when we augment the
source task data, using only 12% of the ImageNet corpus al-

plane bike bird boat btl bus car cat chair cow table dog horse moto pers plant sheep sofa train tv mAP

INRIA [32] 77.5 63.6 56.1 71.9 33.1 60.6 78.0 58.8 53.5 42.6 54.9 45.8 77.5 64.0 85.9 36.3 44.7 50.6 79.2 53.2 59.4
NUS-PSL [44] 82.5 79.6 64.8 73.4 54.2 75.0 77.5 79.2 46.2 62.7 41.4 74.6 85.0 76.8 91.1 53.9 61.0 67.5 83.6 70.6 70.5

PRE-1000C 88.5 81.5 87.9 82.0 47.5 75.5 90.1 87.2 61.6 75.7 67.3 85.5 83.5 80.0 95.6 60.8 76.8 58.0 90.4 77.9 77.7

Table 1: Per-class results for object classification on the VOC2007 test set (average precision %).

plane bike bird boat btl bus car cat chair cow table dog horse moto pers plant sheep sofa train tv mAP

NUS-PSL [49] 97.3 84.2 80.8 85.3 60.8 89.9 86.8 89.3 75.4 77.8 75.1 83.0 87.5 90.1 95.0 57.8 79.2 73.4 94.5 80.7 82.2

NO PRETRAIN 85.2 75.0 69.4 66.2 48.8 82.1 79.5 79.8 62.4 61.9 49.8 75.9 71.4 82.7 93.1 59.1 69.7 49.3 80.0 76.7 70.9
PRE-1000C 93.5 78.4 87.7 80.9 57.3 85.0 81.6 89.4 66.9 73.8 62.0 89.5 83.2 87.6 95.8 61.4 79.0 54.3 88.0 78.3 78.7

PRE-1000R 93.2 77.9 83.8 80.0 55.8 82.7 79.0 84.3 66.2 71.7 59.5 83.4 81.4 84.8 95.2 59.8 74.9 52.9 83.8 75.7 76.3
PRE-1512 94.6 82.9 88.2 84.1 60.3 89.0 84.4 90.7 72.1 86.8 69.0 92.1 93.4 88.6 96.1 64.3 86.6 62.3 91.1 79.8 82.8

Table 2: Per-class results for object classification on the VOC2012 test set (average precision %).

Action jumpphon instr read bike horse run phot compwalk mAP

STANFORD [1] 75.7 44.8 66.6 44.4 93.2 94.2 87.6 38.4 70.6 75.6 69.1
OXFORD [1] 77.0 50.4 65.3 39.5 94.1 95.9 87.7 42.7 68.6 74.5 69.6

NO PRETRAIN 43.2 30.6 50.2 25.0 76.8 80.7 75.2 22.2 37.9 55.6 49.7
PRE-1512 73.4 44.8 74.8 43.2 92.1 94.3 83.4 45.7 65.5 66.8 68.4
PRE-1512U 74.8 46.0 75.6 45.3 93.5 95.0 86.5 49.3 66.7 69.5 70.2

Table 3: Pascal VOC 2012 action classification results (AP %).

sessment of localization results, we compute an output map
for each category by averaging the scores of all the testing
patches covering a given pixel of the test image. Examples
of such output maps are given in Figures 1 and 5 as well
as on the project webpage [2]. This visualization clearly
demonstrates that the system knows the size and locations
of target objects within the image. Addressing the detection
task seems within reach.

Action recognition. The Pascal VOC 2012 action recog-
nition task consists of 4588 training images and 4569 test
images featuring people performing actions among ten cate-
gories such as jumping, phoning, playinginstrument
or reading. This fine-grained task differs from the
object classification task because it entails recognizing
fine differences in human poses (e.g. running v.s.
walking) and subtle interactions with objects (phoning
or takingphoto). Training samples with multiple simul-
taneous actions are excluded from our training set.

To evaluate how our transfer method performs on this
very different target task, we use a network pre-trained
on 1512 ImageNet object classes and apply our transfer
methodology to the Pascal VOC action classification task.
Since the bounding box of the person performing the ac-
tion is known at testing time, both training and testing are
performed using a single square patch per sample, centered
on the person bounding box. Extracting the patch pos-
sibly involves enlarging the original image by mirroring
pixels. The results are summarized in row PRE-1512 Ta-
ble 3. The transfer method significantly improves over the
NO PRETRAIN baseline where the CNN is trained solely on
the action images from Pascal VOC, without pretraining on
ImageNet. In particular, we obtain best results on challeng-
ing categories playinginstrument and takingphoto.

In order to better adapt the CNN to the subtleties of the

action recognition task, and inspired by [6], our last re-
sults were obtained by training the target task CNN with-
out freezing the FC6 weights. More precisely, we copy
the ImageNet-trained weights of layers C1. . .C5, FC6 and
FC7, we append the adaptation layers FCa and FCb, and
we retrain layers FC6, FCa, and FCb on the action recog-
nition data. This strategy increases the performance on all
action categories (row PRE-1512U in Table 3), yielding, to
the best of our knowledge, the best average result published
on the Pascal VOC 2012 action recognition task.

To demonstrate that we can also localize the action in the
image, we train the network in a sliding window manner, as
described in section 3. In particular, we use the ground truth
person bounding boxes during training, but do not use the
ground truth person bounding boxes at test time. Example
output maps shown in figure 6 clearly demonstrate that the
network provides an estimate of the action location in the
image.

Failure modes. Top-ranked false positives in Figure 5
correspond to samples closely resembling target object
classes. Resolving some of these errors may require high-
level scene interpretation. Our method may also fail to
recognize spatially co-occurring objects (e.g., person on a
chair) since patches with multiple objects are currently ex-
cluded from training. This issue could be addressed by
changing the training objective to allow multiple labels per
sample. Recognition of very small or very large objects
could also fail due to the sparse sampling of patches in our
current implementation. As mentioned in Section 3.3 this
issue could be resolved using a more efficient CNN-based
implementation of sliding windows.

5. Conclusion

Building on the performance leap achieved by [23] on
ILSVRC-2012, we have shown how a simple transfer learn-
ing procedure yields state-of-the-art results on challenging
benchmark datasets of much smaller size. We have also
demonstrated the high potential of the mid-level features
extracted from an ImageNet-trained CNNs. Although the
performance of this setup increases when we augment the
source task data, using only 12% of the ImageNet corpus al-

plane bike bird boat btl bus car cat chair cow table dog horse moto pers plant sheep sofa train tv mAP

INRIA [32] 77.5 63.6 56.1 71.9 33.1 60.6 78.0 58.8 53.5 42.6 54.9 45.8 77.5 64.0 85.9 36.3 44.7 50.6 79.2 53.2 59.4
NUS-PSL [44] 82.5 79.6 64.8 73.4 54.2 75.0 77.5 79.2 46.2 62.7 41.4 74.6 85.0 76.8 91.1 53.9 61.0 67.5 83.6 70.6 70.5

PRE-1000C 88.5 81.5 87.9 82.0 47.5 75.5 90.1 87.2 61.6 75.7 67.3 85.5 83.5 80.0 95.6 60.8 76.8 58.0 90.4 77.9 77.7

Table 1: Per-class results for object classification on the VOC2007 test set (average precision %).

plane bike bird boat btl bus car cat chair cow table dog horse moto pers plant sheep sofa train tv mAP

NUS-PSL [49] 97.3 84.2 80.8 85.3 60.8 89.9 86.8 89.3 75.4 77.8 75.1 83.0 87.5 90.1 95.0 57.8 79.2 73.4 94.5 80.7 82.2

NO PRETRAIN 85.2 75.0 69.4 66.2 48.8 82.1 79.5 79.8 62.4 61.9 49.8 75.9 71.4 82.7 93.1 59.1 69.7 49.3 80.0 76.7 70.9
PRE-1000C 93.5 78.4 87.7 80.9 57.3 85.0 81.6 89.4 66.9 73.8 62.0 89.5 83.2 87.6 95.8 61.4 79.0 54.3 88.0 78.3 78.7

PRE-1000R 93.2 77.9 83.8 80.0 55.8 82.7 79.0 84.3 66.2 71.7 59.5 83.4 81.4 84.8 95.2 59.8 74.9 52.9 83.8 75.7 76.3
PRE-1512 94.6 82.9 88.2 84.1 60.3 89.0 84.4 90.7 72.1 86.8 69.0 92.1 93.4 88.6 96.1 64.3 86.6 62.3 91.1 79.8 82.8

Table 2: Per-class results for object classification on the VOC2012 test set (average precision %).

Action jumpphon instr read bike horse run phot compwalk mAP

STANFORD [1] 75.7 44.8 66.6 44.4 93.2 94.2 87.6 38.4 70.6 75.6 69.1
OXFORD [1] 77.0 50.4 65.3 39.5 94.1 95.9 87.7 42.7 68.6 74.5 69.6

NO PRETRAIN 43.2 30.6 50.2 25.0 76.8 80.7 75.2 22.2 37.9 55.6 49.7
PRE-1512 73.4 44.8 74.8 43.2 92.1 94.3 83.4 45.7 65.5 66.8 68.4
PRE-1512U 74.8 46.0 75.6 45.3 93.5 95.0 86.5 49.3 66.7 69.5 70.2

Table 3: Pascal VOC 2012 action classification results (AP %).

sessment of localization results, we compute an output map
for each category by averaging the scores of all the testing
patches covering a given pixel of the test image. Examples
of such output maps are given in Figures 1 and 5 as well
as on the project webpage [2]. This visualization clearly
demonstrates that the system knows the size and locations
of target objects within the image. Addressing the detection
task seems within reach.

Action recognition. The Pascal VOC 2012 action recog-
nition task consists of 4588 training images and 4569 test
images featuring people performing actions among ten cate-
gories such as jumping, phoning, playinginstrument
or reading. This fine-grained task differs from the
object classification task because it entails recognizing
fine differences in human poses (e.g. running v.s.
walking) and subtle interactions with objects (phoning
or takingphoto). Training samples with multiple simul-
taneous actions are excluded from our training set.

To evaluate how our transfer method performs on this
very different target task, we use a network pre-trained
on 1512 ImageNet object classes and apply our transfer
methodology to the Pascal VOC action classification task.
Since the bounding box of the person performing the ac-
tion is known at testing time, both training and testing are
performed using a single square patch per sample, centered
on the person bounding box. Extracting the patch pos-
sibly involves enlarging the original image by mirroring
pixels. The results are summarized in row PRE-1512 Ta-
ble 3. The transfer method significantly improves over the
NO PRETRAIN baseline where the CNN is trained solely on
the action images from Pascal VOC, without pretraining on
ImageNet. In particular, we obtain best results on challeng-
ing categories playinginstrument and takingphoto.

In order to better adapt the CNN to the subtleties of the

action recognition task, and inspired by [6], our last re-
sults were obtained by training the target task CNN with-
out freezing the FC6 weights. More precisely, we copy
the ImageNet-trained weights of layers C1. . .C5, FC6 and
FC7, we append the adaptation layers FCa and FCb, and
we retrain layers FC6, FCa, and FCb on the action recog-
nition data. This strategy increases the performance on all
action categories (row PRE-1512U in Table 3), yielding, to
the best of our knowledge, the best average result published
on the Pascal VOC 2012 action recognition task.

To demonstrate that we can also localize the action in the
image, we train the network in a sliding window manner, as
described in section 3. In particular, we use the ground truth
person bounding boxes during training, but do not use the
ground truth person bounding boxes at test time. Example
output maps shown in figure 6 clearly demonstrate that the
network provides an estimate of the action location in the
image.

Failure modes. Top-ranked false positives in Figure 5
correspond to samples closely resembling target object
classes. Resolving some of these errors may require high-
level scene interpretation. Our method may also fail to
recognize spatially co-occurring objects (e.g., person on a
chair) since patches with multiple objects are currently ex-
cluded from training. This issue could be addressed by
changing the training objective to allow multiple labels per
sample. Recognition of very small or very large objects
could also fail due to the sparse sampling of patches in our
current implementation. As mentioned in Section 3.3 this
issue could be resolved using a more efficient CNN-based
implementation of sliding windows.

5. Conclusion

Building on the performance leap achieved by [23] on
ILSVRC-2012, we have shown how a simple transfer learn-
ing procedure yields state-of-the-art results on challenging
benchmark datasets of much smaller size. We have also
demonstrated the high potential of the mid-level features
extracted from an ImageNet-trained CNNs. Although the
performance of this setup increases when we augment the
source task data, using only 12% of the ImageNet corpus al-



Transfer from Classification to Other Tasks
• CNNs + SVMs for object detection [1,2] 

• CNNs for pose estimation [3] and semantic segmentation [4]
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Abstract

Object detection performance, as measured on the
canonical PASCAL VOC dataset, has plateaued in the last
few years. The best-performing methods are complex en-
semble systems that typically combine multiple low-level
image features with high-level context. In this paper, we
propose a simple and scalable detection algorithm that im-
proves mean average precision (mAP) by more than 30%
relative to the previous best result on VOC 2012—achieving
a mAP of 53.3%. Our approach combines two key insights:
(1) one can apply high-capacity convolutional neural net-
works (CNNs) to bottom-up region proposals in order to
localize and segment objects and (2) when labeled training
data is scarce, supervised pre-training for an auxiliary task,
followed by domain-specific fine-tuning, yields a significant
performance boost. Since we combine region proposals
with CNNs, we call our method R-CNN: Regions with CNN
features. We also compare R-CNN to OverFeat, a recently
proposed sliding-window detector based on a similar CNN
architecture. We find that R-CNN outperforms OverFeat
by a large margin on the 200-class ILSVRC2013 detection
dataset. Source code for the complete system is available at
http://www.cs.berkeley.edu/˜rbg/rcnn.

1. Introduction

Features matter. The last decade of progress on various
visual recognition tasks has been based considerably on the
use of SIFT [29] and HOG [7]. But if we look at perfor-
mance on the canonical visual recognition task, PASCAL
VOC object detection [15], it is generally acknowledged
that progress has been slow during 2010-2012, with small
gains obtained by building ensemble systems and employ-
ing minor variants of successful methods.

SIFT and HOG are blockwise orientation histograms,
a representation we could associate roughly with complex
cells in V1, the first cortical area in the primate visual path-
way. But we also know that recognition occurs several
stages downstream, which suggests that there might be hier-

1. Input 
image

2. Extract region 
proposals (~2k)

3. Compute 
CNN features

aeroplane? no.

...
person? yes.

tvmonitor? no.

4. Classify 
regions

warped region
...

CNN

R-CNN: Regions with CNN features

Figure 1: Object detection system overview. Our system (1)
takes an input image, (2) extracts around 2000 bottom-up region
proposals, (3) computes features for each proposal using a large
convolutional neural network (CNN), and then (4) classifies each
region using class-specific linear SVMs. R-CNN achieves a mean
average precision (mAP) of 53.7% on PASCAL VOC 2010. For
comparison, [39] reports 35.1% mAP using the same region pro-
posals, but with a spatial pyramid and bag-of-visual-words ap-
proach. The popular deformable part models perform at 33.4%.
On the 200-class ILSVRC2013 detection dataset, R-CNN’s
mAP is 31.4%, a large improvement over OverFeat [34], which
had the previous best result at 24.3%.

archical, multi-stage processes for computing features that
are even more informative for visual recognition.

Fukushima’s “neocognitron” [19], a biologically-
inspired hierarchical and shift-invariant model for pattern
recognition, was an early attempt at just such a process.
The neocognitron, however, lacked a supervised training
algorithm. Building on Rumelhart et al. [33], LeCun et
al. [26] showed that stochastic gradient descent via back-
propagation was effective for training convolutional neural
networks (CNNs), a class of models that extend the neocog-
nitron.

CNNs saw heavy use in the 1990s (e.g., [27]), but then
fell out of fashion with the rise of support vector machines.
In 2012, Krizhevsky et al. [25] rekindled interest in CNNs
by showing substantially higher image classification accu-
racy on the ImageNet Large Scale Visual Recognition Chal-
lenge (ILSVRC) [9, 10]. Their success resulted from train-
ing a large CNN on 1.2 million labeled images, together
with a few twists on LeCun’s CNN (e.g., max(x, 0) rectify-
ing non-linearities and “dropout” regularization).

The significance of the ImageNet result was vigorously
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VOC 2010 test aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv mAP
DPM v5 [20]† 49.2 53.8 13.1 15.3 35.5 53.4 49.7 27.0 17.2 28.8 14.7 17.8 46.4 51.2 47.7 10.8 34.2 20.7 43.8 38.3 33.4
UVA [39] 56.2 42.4 15.3 12.6 21.8 49.3 36.8 46.1 12.9 32.1 30.0 36.5 43.5 52.9 32.9 15.3 41.1 31.8 47.0 44.8 35.1
Regionlets [41] 65.0 48.9 25.9 24.6 24.5 56.1 54.5 51.2 17.0 28.9 30.2 35.8 40.2 55.7 43.5 14.3 43.9 32.6 54.0 45.9 39.7
SegDPM [18]† 61.4 53.4 25.6 25.2 35.5 51.7 50.6 50.8 19.3 33.8 26.8 40.4 48.3 54.4 47.1 14.8 38.7 35.0 52.8 43.1 40.4
R-CNN 67.1 64.1 46.7 32.0 30.5 56.4 57.2 65.9 27.0 47.3 40.9 66.6 57.8 65.9 53.6 26.7 56.5 38.1 52.8 50.2 50.2
R-CNN BB 71.8 65.8 53.0 36.8 35.9 59.7 60.0 69.9 27.9 50.6 41.4 70.0 62.0 69.0 58.1 29.5 59.4 39.3 61.2 52.4 53.7

Table 1: Detection average precision (%) on VOC 2010 test. R-CNN is most directly comparable to UVA and Regionlets since all
methods use selective search region proposals. Bounding-box regression (BB) is described in Section C. At publication time, SegDPM
was the top-performer on the PASCAL VOC leaderboard. †DPM and SegDPM use context rescoring not used by the other methods.
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ILSVRC2013 detection test set class AP box plots

Figure 3: (Left) Mean average precision on the ILSVRC2013 detection test set. Methods preceeded by * use outside training data
(images and labels from the ILSVRC classification dataset in all cases). (Right) Box plots for the 200 average precision values per
method. A box plot for the post-competition OverFeat result is not shown because per-class APs are not yet available (per-class APs for
R-CNN are in Table 8 and also included in the tech report source uploaded to arXiv.org; see R-CNN-ILSVRC2013-APs.txt). The red
line marks the median AP, the box bottom and top are the 25th and 75th percentiles. The whiskers extend to the min and max AP of each
method. Each AP is plotted as a green dot over the whiskers (best viewed digitally with zoom).
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Figure 4: Top regions for six pool5 units. Receptive fields and activation values are drawn in white. Some units are aligned to concepts,
such as people (row 1) or text (4). Other units capture texture and material properties, such as dot arrays (2) and specular reflections (6).
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Figure 3: (Left) Mean average precision on the ILSVRC2013 detection test set. Methods preceeded by * use outside training data
(images and labels from the ILSVRC classification dataset in all cases). (Right) Box plots for the 200 average precision values per
method. A box plot for the post-competition OverFeat result is not shown because per-class APs are not yet available (per-class APs for
R-CNN are in Table 8 and also included in the tech report source uploaded to arXiv.org; see R-CNN-ILSVRC2013-APs.txt). The red
line marks the median AP, the box bottom and top are the 25th and 75th percentiles. The whiskers extend to the min and max AP of each
method. Each AP is plotted as a green dot over the whiskers (best viewed digitally with zoom).
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Figure 4: Top regions for six pool5 units. Receptive fields and activation values are drawn in white. Some units are aligned to concepts,
such as people (row 1) or text (4). Other units capture texture and material properties, such as dot arrays (2) and specular reflections (6).

5



Why These Improvements in Performance?
• Features are learned rather than hand-crafted 

• More layers capture more invariances [1]  

• More data to train deeper networks 

• More computing (GPUs) 

• Better regularization: Dropout 

• New nonlinearities 
– Max pooling, Rectified linear units (ReLU) 

• Theoretical understanding of deep networks remains shallow

aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv mAP

GHM[8] 76.7 74.7 53.8 72.1 40.4 71.7 83.6 66.5 52.5 57.5 62.8 51.1 81.4 71.5 86.5 36.4 55.3 60.6 80.6 57.8 64.7
AGS[11] 82.2 83.0 58.4 76.1 56.4 77.5 88.8 69.1 62.2 61.8 64.2 51.3 85.4 80.2 91.1 48.1 61.7 67.7 86.3 70.9 71.1
NUS[39] 82.5 79.6 64.8 73.4 54.2 75.0 77.5 79.2 46.2 62.7 41.4 74.6 85.0 76.8 91.1 53.9 61.0 67.5 83.6 70.6 70.5

CNN-SVM 88.5 81.0 83.5 82.0 42.0 72.5 85.3 81.6 59.9 58.5 66.5 77.8 81.8 78.8 90.2 54.8 71.1 62.6 87.2 71.8 73.9
CNNaug-SVM 90.1 84.4 86.5 84.1 48.4 73.4 86.7 85.4 61.3 67.6 69.6 84.0 85.4 80.0 92.0 56.9 76.7 67.3 89.1 74.9 77.2

Table 1: Pascal VOC 2007 Image Classification Results compared to other methods which also use training data outside VOC. The CNN representation
is not tuned for the Pascal VOC dataset. However, GHM [8] learns from VOC a joint representation of bag-of-visual-words and contextual information.
AGS [11] learns a second layer of representation by clustering the VOC data into subcategories. NUS [39] trains a codebook for the SIFT, HOG and LBP
descriptors from the VOC dataset. Oquab et al. [29] adapt the CNN classification layers and achieves better results (77.7) indicating
the potential to boost the performance by further adaptation of the representation to the target task/dataset.

 3  7 11 15 19 230.2

0.4

0.6

0.8

1
mean AP

level
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(a) (b)

Figure 2: a) Evolution of the mean image classification AP over PAS-
CAL VOC 2007 classes as we use a deeper representation from the
OverFeat CNN trained on the ILSVRC dataset. OverFeat considers
convolution, max pooling, nonlinear activations, etc. as separate layers.
The re-occurring decreases in the plot is of the activation function layer
which loses information by half rectifying the signal. b) Confusion matrix
for the MIT-67 indoor dataset. Some of the off-diagonal confused classes
have been annotated, these particular cases could be hard even for a human
to distinguish.

last 2 layers the performance increases. We observed the
same trend in the individual class plots. The subtle drops in
the mid layers (e.g. 4, 8, etc.) is due to the “ReLU” layer
which half-rectifies the signals. Although this will help the
non-linearity of the trained model in the CNN, it does not
help if immediately used for classification.

3.2.3 Results of MIT 67 Scene Classification

Table 2 shows the results of different methods on the MIT
indoor dataset. The performance is measured by the aver-
age classification accuracy of different classes (mean of the
confusion matrix diagonal). Using a CNN off-the-shelf rep-
resentation with linear SVMs training significantly outper-
forms a majority of the baselines. The non-CNN baselines
benefit from a broad range of sophisticated designs. con-
fusion matrix of the CNN-SVM classifier on the 67 MIT
classes. It has a strong diagonal. The few relatively bright
off-diagonal points are annotated with their ground truth
and estimated labels. One can see that in these examples the
two labels could be challenging even for a human to distin-
guish between, especially for close-up views of the scenes.

Method mean Accuracy

ROI + Gist[36] 26.1
DPM[30] 30.4
Object Bank[24] 37.6
RBow[31] 37.9
BoP[21] 46.1
miSVM[25] 46.4
D-Parts[40] 51.4
IFV[21] 60.8
MLrep[9] 64.0

CNN-SVM 58.4
CNNaug-SVM 69.0
CNN(AlexConvNet)+multiscale pooling [16] 68.9

Table 2: MIT-67 indoor scenes dataset. The MLrep [9] has a fine
tuned pipeline which takes weeks to select and train various part detectors.
Furthermore, Improved Fisher Vector (IFV) representation has dimension-
ality larger than 200K. [16] has very recently tuned a multi-scale orderless
pooling of CNN features (off-the-shelf) suitable for certain tasks. With this
simple modification they achieved significant average classification accu-
racy of 68.88.

3.3. Object Detection
Unfortunately, we have not conducted any experiments for
using CNN off-the-shelf features for the task of object de-
tection. But it is worth mentioning that Girshick et al. [15]
have reported remarkable numbers on PASCAL VOC 2007
using off-the-shelf features from Caffe code. We repeat
their relevant results here. Using off-the-shelf features they
achieve a mAP of 46.2 which already outperforms state
of the art by about 10%. This adds to our evidences of
how powerful the CNN features off-the-shelf are for visual
recognition tasks.
Finally, by further fine-tuning the representation for PAS-
CAL VOC 2007 dataset (not off-the-shelf anymore) they
achieve impressive results of 53.1.

3.4. Fine grained Recognition
Fine grained recognition has recently become popular due
to its huge potential for both commercial and cataloging
applications. Fine grained recognition is specially inter-
esting because it involves recognizing subclasses of the
same object class such as different bird species, dog breeds,
flower types, etc. The advent of many new datasets with

[1] Razavian, Azizpour, Sullivan, Carlsson, CNN Features off-the-shelf: an Astounding Baseline for Recognition. CVPRW’14.
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Key Theoretical Questions: Architecture
• Are there principled ways to design networks? 

– How many layers? 

– Size of layers? 

– Choice of layer types? 

– What classes of functions  
can be approximated by a  
feedforward neural network? 

– How does the architecture  
impact expressiveness? [1]

Questions in Deep Learning
Are there principled ways to design networks?

• How many layers?

• Size of layers?

• Choice of layer types?

• How does architecture impact expressiveness? [1]

[1] Cohen, et al., “On the expressive power of deep learning: A tensor analysis.” COLT. (2016)
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Key Theoretical Questions: Architecture
• Approximation, depth, width and invariance: earlier work 

– Perceptrons and multilayer feedforward networks are universal 
approximators: Cybenko ’89, Hornik ’89, Hornik ’91, Barron ’93 

• Approximation, depth, width and invariance: recent work 
– Exponential gaps between deep and shallow feedforward networks: 

Montufar’14 
– Deep narrow Boltzmann machines are universal approximators: 

Montufar’15 
– Design of CNNs via hierarchical tensor decompositions: Cohen ’17 
– Scattering networks are deformation stable for Lipschitz non-

linearities: Bruna-Mallat ’13, Wiatowski ’15, Mallat ’16

[1] Cybenko. Approximations by superpositions of sigmoidal functions, Mathematics of Control, Signals, and Systems, 2 (4), 303-314, 1989. 
[2] Hornik, Stinchcombe and White. Multilayer feedforward networks are universal approximators, Neural Networks, 2(3), 359-366, 1989. 
[3] Hornik. Approximation Capabilities of Multilayer Feedforward Networks, Neural Networks, 4(2), 251–257, 1991. 
[4] Barron. Universal approximation bounds for superpositions of a sigmoidal function. IEEE Transactions on Information Theory, 39(3):930–945, 1993. 
[5] Cohen et al. Analysis and Design of Convolutional Networks via Hierarchical Tensor Decompositions arXiv preprint arXiv:1705.02302 
[6] Montúfar, Pascanu, Cho, Bengio, On the number of linear regions of deep neural networks, NIPS 27, pp. 2924-2932, 2014  
[7] Montúfar et al, Deep narrow Boltzmann machines are universal approximators, ICLR 2015, arXiv:1411.3784v3  
[8] Bruna and Mallat. Invariant scattering convolution networks. Trans. PAMI, 35(8):1872–1886, 2013.  
[9] Wiatowski, Bölcskei. A mathematical theory of deep convolutional neural networks for feature extraction. arXiv 2015. 
[10] Mallat. Understanding deep convolutional networks. Phil. Trans. R. Soc. A, 374(2065), 2016. 



Key Theoretical Questions: Optimization
• How to train neural networks? 

– Problem is non-convex 

– What does the error surface  
look like? 

– How to guarantee optimality?  

– When does local descent succeed? 

Questions in Deep Learning

• Problem is non-convex.

• What does the loss surface look like? [1]

• Any guarantees for network training? [2]

• How to guarantee optimality?

• When will local descent succeed?

How to train neural networks?

X

[1] Choromanska, et al., "The loss surfaces of multilayer networks." Artificial Intelligence and Statistics. (2015)
[2] Janzamin, et al., "Beating the perils of non-convexity: Guaranteed training of neural networks using tensor methods." arXiv (2015).
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Key Theoretical Questions: Optimization
• Optimization theory: earlier work 

– No spurious local minima for linear networks (Baldi & Hornik ’89) 
– Backpropagation fails to converge for nonlinear networks (Brady ’89) 
– Back propagation converges for linearly separable data (Gori & Tesi ’91 

’92), but it get stuck in other cases (Frasconi ’97) 

• Optimization theory: recent work 
– Convex neural networks in infinite number of variables: Bengio ‘05 
– Networks with many hidden units can learn polynomials: Andoni‘14 
– The loss surface of multilayer networks: Choromanska ’15 
– Attacking the saddle point problem: Dauphin ‘14 
– Effect of gradient noise on the energy landscape: Chaudhari ‘15 
– Entropy-SGD is biased toward wide valleys: Chaudhari ‘17 
– Deep relaxation: PDEs for optimizing deep nets: Chaudhari ‘17 
– Guaranteed training of NNs using tensor methods: Janzamin ’15 
– No spurious local minima for wide enough networks: Haeffele ‘15 



Key Theoretical Questions: Generalization
• Classification performance guarantees?  

– How well do deep networks generalize? 

– How should networks be regularized? 

– How to prevent overfitting? 

Questions in Deep Learning
Performance Guarantees?

• How do networks generalize?

• How should networks be regularized?

• How to prevent overfitting?

X Complex9Simple

Questions in Deep Learning
Performance Guarantees?

• How do networks generalize?

• How should networks be regularized?

• How to prevent overfitting?

X Complex9Simple
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Key Theoretical Questions: Generalization
• Generalization and regularization theory: earlier work 

– # training examples grows exponentially with network size [1] 

• New regularization methods 
– Early stopping [2]  
– Dropout, Dropconnect, and extensions (adaptive, annealed) [3,4] 

• Generalization and regularization theory: recent work 
– Distance and margin-preserving embeddings [5,6] 
– Path SGD regularization & generalization bounds [7] 
– Product of norms regularization & generalization bounds [8] 
– Implicit regularization & generalization bounds [9] 
– Information theory: information bottleneck, information dropout [10,11]

[1] Bartlett and Maass. Vapnik-Chervonenkis dimension of neural nets. The handbook of brain theory and neural networks, pages 1188– 1192, 2003. 
[2] R Caruana, S Lawrence, CL Giles. Overfitting in neural nets: Backpropagation, conjugate gradient, and early stopping. NIPS 2001. 
[3] Srivastava. Dropout: A Simple Way to Prevent Neural Networks from Overfitting. Journal of Machine Learning Research, 2014.  
[4] Wan. Regularization of neural networks using dropconnect. In ICML, 2013. 
[5] Giryes, Sapiro, A Bronstein. Deep Neural Networks with Random Gaussian Weights: A Universal Classification Strategy? arXiv:1504.08291. 
[6] Sokolic. Margin Preservation of Deep Neural Networks, 2015 
[7] B Neyshabur. Path-SGD: Path-Normalized Optimization in Deep Neural Networks. NIPS 2015 
[8] Sokolic ́, R. Giryes, G. Sapiro, and M. Rodrigues. Generalization error of invariant classifiers. In AISTATS, 2017.  
[9] Behnam Neyshabur. Implicit Regularization in Deep Learning. PhD Thesis 2017 
[10] Ravid Shwartz-Ziv and Naftali Tishby. Opening the black box of deep neural networks via information. arXiv preprint arXiv:1703.00810, 2017.  
[11] A. Achille and S. Soatto. Information dropout: Learning optimal representations through noisy computation. arXiv:1611.01353, 2016. 



Key Theoretical Questions are Interrelated
• Optimization can  

impact  
generalization [1] 

• Architecture has  
strong effect on  
generalization [2] 

• Some architectures  
could be easier to  
optimize than others
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[1] Neyshabur, et al., “In Search of the Real Inductive Bias: On the Role of Implicit Regularization in Deep Learning.” ICLR workshop. (2015).  
[2] Zhang, et al., “Understanding deep learning requires rethinking generalization.” ICLR. (2017).

Interrelated Problems

• Optimization can impact 
generalization. [1]

• Architecture has a strong effect on the 
generalization of networks. [2]

• Some architectures could be easier to 
optimize than others.

[1] Neyshabur, et al., “In Search of the Real Inductive Bias: On the Role of Implicit Regularization in Deep Learning.” ICLR workshop. (2015). 
[2] Zhang, et al., “Understanding deep learning requires rethinking generalization.” ICLR. (2017).

Architecture

Optimization
Generalization/
Regularization
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• 08:30-08:45: René Vidal Introduction 

• 08:45-09:30: René Vidal Global Optimality in Deep Learning 

• 09:30-10:15: Raja Giryes Structure Based Theory for Deep 
Learning 
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Mathematics of Deep Learning

René Vidal Joan Bruna Raja Giryes Stefano Soatto

Abstract— Recently there has been a dramatic increase in the
performance of recognition systems due to the introduction of
deep architectures for representation learning and classification.
However, the mathematical reasons for this success remain
elusive. This tutorial will review recent work that aims to
provide a mathematical justification for several properties of
deep networks, such as global optimality, geometric stability,
and invariance of the learned representations.

I. INTRODUCTION

Deep networks [1] are parametric models that perform se-
quential operations on their input data. Each such operation,
colloquially called a “layer”, consists of a linear transfor-
mation, say, a convolution of its input, followed by a point-
wise nonlinear “activation function”, e.g., a sigmoid. Deep
networks have recently led to dramatic improvements in
classification performance in various applications in speech
and natural language processing, and computer vision. The
crucial property of deep networks that is believed to be the
root of their performance is that they have a large number of
layers as compared to classical neural networks; but there are
other architectural modifications such as rectified linear acti-
vations (ReLUs) [2] and residual “shortcut” connections [3].
Other major factors in their success is the availability of
massive datasets, say, millions of images in datasets like
ImageNet [4], and efficient GPU computing hardware for
solving the resultant high-dimensional optimization problem
which may have up to 100 million parameters.

The empirical success of deep learning, especially con-
volutional neural networks (CNNs) for image-based tasks,
presents numerous puzzles to theoreticians. In particular,
there are three key factors in deep learning, namely the
architectures, regularization techniques and optimization al-
gorithms, which are critical to train well-performing deep
networks and understanding their necessity and interplay is
essential if we are to unravel the secrets of their success.

A. Approximation, depth, width and invariance properties

An important property in the design of a neural network
architecture is its ability to approximate arbitrary functions
of the input. But how does this ability depend on parameters
of the architecture, such as its depth and width? Earlier work
shows that neural networks with a single hidden layer and

R. Vidal is with the Center for Imaging Science, Biomedical Engineering,
Johns Hopkins University, Baltimore, USA rvidal@cis.jhu.edu

J. Bruna is with the Courant Institute of Mathematical Sciences, Center
for Data Science, New York University, USA bruna@cims.nyu.edu

R. Giryes is with the School of Electrical Engineering, Tel-Aviv Univer-
sity, Tel Aviv, Israel raja@tauex.tau.ac.il

S. Soatto is with the Department of Computer Science, University of
California, Los Angeles, USA soatto@ucla.edu

sigmoidal activations are universal function approximators
[5], [6], [7], [8]. However, the capacity of a wide and shallow
network can be replicated by a deep network with significant
improvements in performance. One possible explanation is
that deeper architectures are able to better capture invariant
properties of the data compared to their shallow counterparts.
In computer vision, for example, the category of an object
is invariant to changes in viewpoint, illumination, etc. While
a mathematical analysis of why deep networks are able to
capture such invariances remains elusive, recent progress has
shed some light on this issue for certain sub-classes of deep
networks. In particular, scattering networks [9] are a class of
convolutional networks whose convolutional filter banks are
given by complex, multi-resolution wavelet families. As a
result of this extra structure, they are provably stable and lo-
cally invariant signal representations, and yield state-of-the-
art classification results on several pattern and texture recog-
nition problems where training examples may be limited.
The reasons for such success lie on the ability to preserve
discriminative information while generating stability with
respect to high-dimensional deformations. This tutorial will
overview recent work that explores discriminative aspects of
the representation and gives conditions under which signals
can be recovered from their scattering coefficients.

B. Generalization and regularization properties

Another critical property of a neural network architecture
is its ability to generalize from a small number of training
examples. Traditional results from statistical learning theory
[10] show that the number of training examples needed to
achieve good generalization grows polynomially with the
size of the network. In practice, however, deep networks are
trained with much fewer data than the number of parameters
(N ⌧ D regime) and yet they can be prevented from over-
fitting using very simple (and seemingly counter-productive)
regularization techniques like Dropout [11], which simply
freezes a random subset of the parameters at each iteration.

One possible explanation for this conundrum is that deeper
architectures produce an embedding of the input data that
approximately preserves the distance between data points
in the same class, while increasing the separation between
classes. This tutorial will overview the recent work of [12],
which uses tools from compressed sensing and dictionary
learning to prove that deep networks with random Gaussian
weights perform a distance-preserving embedding of the data
in which similar inputs are likely to have a similar output.
These results provide insights into the metric learning prop-
erties of the network and lead to bounds on the generalization
error that are informed by the structure of the input data.

http://vision.jhu.edu/tutorials/ICCV17-Tutorial-Math-Deep-Learning.htm



