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modern deep learning



ImageNet
[Russakovsky et al. 2014]

• 22k classes, 15M samples

• ImageNet Large-Scale Visual Recognition Challenge (ILSVRC): 1000
classes, 1.2M training images, 50k validation images, 150k test images

Russakovsky, Deng, Su, Krause, et al. 2014. Imagenet Large Scale Visual Recognition Challenge.



AlexNet
[Krizhevsky et al. 2012]

Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440–186,624–64,896–64,896–43,264–
4096–4096–1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-normalized
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5× 5× 48.
The third, fourth, and fifth convolutional layers are connected to one another without any intervening
pooling or normalization layers. The third convolutional layer has 384 kernels of size 3 × 3 ×
256 connected to the (normalized, pooled) outputs of the second convolutional layer. The fourth
convolutional layer has 384 kernels of size 3 × 3 × 192 , and the fifth convolutional layer has 256
kernels of size 3× 3× 192. The fully-connected layers have 4096 neurons each.

4 Reducing Overfitting

Our neural network architecture has 60 million parameters. Although the 1000 classes of ILSVRC
make each training example impose 10 bits of constraint on the mapping from image to label, this
turns out to be insufficient to learn so many parameters without considerable overfitting. Below, we
describe the two primary ways in which we combat overfitting.

4.1 Data Augmentation

The easiest and most common method to reduce overfitting on image data is to artificially enlarge
the dataset using label-preserving transformations (e.g., [25, 4, 5]). We employ two distinct forms
of data augmentation, both of which allow transformed images to be produced from the original
images with very little computation, so the transformed images do not need to be stored on disk.
In our implementation, the transformed images are generated in Python code on the CPU while the
GPU is training on the previous batch of images. So these data augmentation schemes are, in effect,
computationally free.

The first form of data augmentation consists of generating image translations and horizontal reflec-
tions. We do this by extracting random 224× 224 patches (and their horizontal reflections) from the
256×256 images and training our network on these extracted patches4. This increases the size of our
training set by a factor of 2048, though the resulting training examples are, of course, highly inter-
dependent. Without this scheme, our network suffers from substantial overfitting, which would have
forced us to use much smaller networks. At test time, the network makes a prediction by extracting
five 224 × 224 patches (the four corner patches and the center patch) as well as their horizontal
reflections (hence ten patches in all), and averaging the predictions made by the network’s softmax
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB channels in
training images. Specifically, we perform PCA on the set of RGB pixel values throughout the
ImageNet training set. To each training image, we add multiples of the found principal components,

4This is the reason why the input images in Figure 2 are 224× 224× 3-dimensional.

5

• implementation on two GPUs; connectivity between the two
subnetworks is limited

• ReLU, data augmentation, local response normalization, dropout

• outperformed all previous models on ILSVRC by 10%

Krizhevsky, Sutskever, Hinton. NIPS 2012. Imagenet Classification with Deep Convolutional Neural Networks.



learned layer 1 kernels

with magnitudes proportional to the corresponding eigenvalues times a random variable drawn from
a Gaussian with mean zero and standard deviation 0.1. Therefore to each RGB image pixel Ixy =
[IRxy, I

G
xy, I

B
xy]

T we add the following quantity:

[p1,p2,p3][α1λ1, α2λ2, α3λ3]
T

where pi and λi are ith eigenvector and eigenvalue of the 3 × 3 covariance matrix of RGB pixel
values, respectively, and αi is the aforementioned random variable. Each αi is drawn only once
for all the pixels of a particular training image until that image is used for training again, at which
point it is re-drawn. This scheme approximately captures an important property of natural images,
namely, that object identity is invariant to changes in the intensity and color of the illumination. This
scheme reduces the top-1 error rate by over 1%.

4.2 Dropout

Combining the predictions of many different models is a very successful way to reduce test errors
[1, 3], but it appears to be too expensive for big neural networks that already take several days
to train. There is, however, a very efficient version of model combination that only costs about a
factor of two during training. The recently-introduced technique, called “dropout” [10], consists
of setting to zero the output of each hidden neuron with probability 0.5. The neurons which are
“dropped out” in this way do not contribute to the forward pass and do not participate in back-
propagation. So every time an input is presented, the neural network samples a different architecture,
but all these architectures share weights. This technique reduces complex co-adaptations of neurons,
since a neuron cannot rely on the presence of particular other neurons. It is, therefore, forced to
learn more robust features that are useful in conjunction with many different random subsets of the
other neurons. At test time, we use all the neurons but multiply their outputs by 0.5, which is a
reasonable approximation to taking the geometric mean of the predictive distributions produced by
the exponentially-many dropout networks.

We use dropout in the first two fully-connected layers of Figure 2. Without dropout, our network ex-
hibits substantial overfitting. Dropout roughly doubles the number of iterations required to converge.

Figure 3: 96 convolutional kernels of size
11×11×3 learned by the first convolutional
layer on the 224×224×3 input images. The
top 48 kernels were learned on GPU 1 while
the bottom 48 kernels were learned on GPU
2. See Section 6.1 for details.

5 Details of learning

We trained our models using stochastic gradient descent
with a batch size of 128 examples, momentum of 0.9, and
weight decay of 0.0005. We found that this small amount
of weight decay was important for the model to learn. In
other words, weight decay here is not merely a regularizer:
it reduces the model’s training error. The update rule for
weight w was

vi+1 := 0.9 · vi − 0.0005 · ε · wi − ε ·
〈
∂L

∂w

∣∣
wi

〉

Di

wi+1 := wi + vi+1

where i is the iteration index, v is the momentum variable, ε is the learning rate, and
〈
∂L
∂w

∣∣
wi

〉
Di

is

the average over the ith batch Di of the derivative of the objective with respect to w, evaluated at
wi.

We initialized the weights in each layer from a zero-mean Gaussian distribution with standard de-
viation 0.01. We initialized the neuron biases in the second, fourth, and fifth convolutional layers,
as well as in the fully-connected hidden layers, with the constant 1. This initialization accelerates
the early stages of learning by providing the ReLUs with positive inputs. We initialized the neuron
biases in the remaining layers with the constant 0.

We used an equal learning rate for all layers, which we adjusted manually throughout training.
The heuristic which we followed was to divide the learning rate by 10 when the validation error
rate stopped improving with the current learning rate. The learning rate was initialized at 0.01 and
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• 96 kernels of size 11× 11× 3

• top: 48 GPU 1 kernels; bottom: 48 GPU 2 kernels

Krizhevsky, Sutskever, Hinton. NIPS 2012. Imagenet Classification with Deep Convolutional Neural Networks.



ImageNet classification performance
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object detection
[Redmon et al. 2016]

1. Resize image.
2. Run convolutional network.
3. Threshold detections.

Dog: 0.39

Person: 0.94

Sheep: 0.49

Figure 1: The YOLO Detection System. Processing images with YOLO is simple and straightforward. Our
system (1) resizes the input image to 448× 448, (2) runs a single convolutional network on the image, and (3)
thresholds the resulting detections by the model’s confidence.

these boxes [26]. The classifier then takes additional time to evaluate the proposals. The best per-
forming systems require 2-40 seconds per image and even those optimized for speed do not achieve
real-time performance. Additionally, even a highly accurate classifier will produce false positives
when faced with so many proposals. When viewed out of context, small sections of background can
resemble actual objects, causing detection errors.

Finally, these detection pipelines rely on independent techniques at every stage that cannot be opti-
mized jointly. A typical pipeline uses Selective Search for region proposals, a convolutional network
for feature extraction, a collection of one-versus-all SVMs for classification, non-maximal suppres-
sion to reduce duplicates, and a linear model to adjust the final bounding box coordinates. Selective
Search tries to maximize recall while the SVMs optimize for single class accuracy and the linear
model learns from localization error.

Our system is refreshingly simple, see Figure 1. A single convolutional network simultaneously
predicts multiple bounding boxes and class probabilities for those boxes. We train our network
on full images and directly optimize detection performance. Context matters in object detection.
Our network uses global image features to predict detections which drastically reduces its errors
from background detections. At test time, a single network evaluation of the full image produces
detections of multiple objects in multiple categories without any pre or post-processing.

Our training and testing code are open source and available online at http://pjreddie.com/
darknet/yolo/. A variety of pre-trained models are also available to download.

2 Unified Detection

We unify the separate components of object detection into a single neural network. Using our
system, you only look once (YOLO) at an image to predict what objects are present and where they
are. Our network uses features from the entire image to predict each bounding box. It also predicts
all bounding boxes for an image simultaneously. This means our network reasons globally about
the full image and all the objects in the image. The YOLO design enables end-to-end training and
real-time speeds while maintaining high average precision.

(x, y)

(x, y)

(x, y)

Divide The Image
Into a 7 x 7 grid. Assign detections to
grid cells based on their centers.

class = 12
x, y, w, h

class = 2
x, y, w, h

class = 7
x, y, w, h

Train The Network
To predict this grid of class probabilities
and bounding box coordinates.

Resize The Image
And bounding boxes to 448 x 448.

...

1st - 20th Channels:
Class probabilities
Pr(Airplane), Pr(Bike)...

Last 4 Channels:
Box coordinates

x, y, w, h

Figure 2: The Model. Our system models detection as a regression problem to a 7× 7× 24 tensor.
This tensor encodes bounding boxes and class probabilities for all objects in the image.

2

• learn to detect objects as a single classification and regression task,
without scanning the image or detecting candidate regions

• first object detector to operate at 45fps

Redmon, Divvala, Girshick, Farhadi. CVPR 2016. You Only Look Once: Unified, Real-Time Object Detection.



semantic segmentation
[Long et al. 2015]

Table 4. Results on NYUDv2. RGBD is early-fusion of the
RGB and depth channels at the input. HHA is the depth embed-
ding of [13] as horizontal disparity, height above ground, and
the angle of the local surface normal with the inferred gravity
direction. RGB-HHA is the jointly trained late fusion model
that sums RGB and HHA predictions.

pixel
acc.

mean
acc.

mean
IU

f.w.
IU

Gupta et al. [13] 60.3 - 28.6 47.0
FCN-32s RGB 60.0 42.2 29.2 43.9

FCN-32s RGBD 61.5 42.4 30.5 45.5
FCN-32s HHA 57.1 35.2 24.2 40.4

FCN-32s RGB-HHA 64.3 44.9 32.8 48.0
FCN-16s RGB-HHA 65.4 46.1 34.0 49.5

Microsoft Kinect. It has 1449 RGB-D images, with pixel-
wise labels that have been coalesced into a 40 class seman-
tic segmentation task by Gupta et al. [12]. We report results
on the standard split of 795 training images and 654 testing
images. (Note: all model selection is performed on PAS-
CAL 2011 val.) Table 4 gives the performance of our model
in several variations. First we train our unmodified coarse
model (FCN-32s) on RGB images. To add depth informa-
tion, we train on a model upgraded to take four-channel
RGB-D input (early fusion). This provides little benefit,
perhaps due to the difficultly of propagating meaningful
gradients all the way through the model. Following the suc-
cess of Gupta et al. [13], we try the three-dimensional HHA
encoding of depth, training nets on just this information, as
well as a “late fusion” of RGB and HHA where the predic-
tions from both nets are summed at the final layer, and the
resulting two-stream net is learned end-to-end. Finally we
upgrade this late fusion net to a 16-stride version.

SIFT Flow is a dataset of 2,688 images with pixel labels
for 33 semantic categories (“bridge”, “mountain”, “sun”),
as well as three geometric categories (“horizontal”, “verti-
cal”, and “sky”). An FCN can naturally learn a joint repre-
sentation that simultaneously predicts both types of labels.
We learn a two-headed version of FCN-16s with seman-
tic and geometric prediction layers and losses. The learned
model performs as well on both tasks as two independently
trained models, while learning and inference are essentially
as fast as each independent model by itself. The results in
Table 5, computed on the standard split into 2,488 training
and 200 test images,9 show state-of-the-art performance on
both tasks.

6. Conclusion
Fully convolutional networks are a rich class of mod-

els, of which modern classification convnets are a spe-
cial case. Recognizing this, extending these classification

9Three of the SIFT Flow categories are not present in the test set. We
made predictions across all 33 categories, but only included categories ac-
tually present in the test set in our evaluation.

Table 5. Results on SIFT Flow9 with class segmentation
(center) and geometric segmentation (right). Tighe [33] is
a non-parametric transfer method. Tighe 1 is an exemplar
SVM while 2 is SVM + MRF. Farabet is a multi-scale con-
vnet trained on class-balanced samples (1) or natural frequency
samples (2). Pinheiro is a multi-scale, recurrent convnet, de-
noted RCNN3 (◦3). The metric for geometry is pixel accuracy.

pixel
acc.

mean
acc.

mean
IU

f.w.
IU

geom.
acc.

Liu et al. [23] 76.7 - - - -
Tighe et al. [33] - - - - 90.8

Tighe et al. [34] 1 75.6 41.1 - - -
Tighe et al. [34] 2 78.6 39.2 - - -
Farabet et al. [7] 1 72.3 50.8 - - -
Farabet et al. [7] 2 78.5 29.6 - - -
Pinheiro et al. [28] 77.7 29.8 - - -

FCN-16s 85.2 51.7 39.5 76.1 94.3

FCN-8s SDS [15] Ground Truth Image

Figure 6. Fully convolutional segmentation nets produce state-
of-the-art performance on PASCAL. The left column shows the
output of our highest performing net, FCN-8s. The second shows
the segmentations produced by the previous state-of-the-art system
by Hariharan et al. [15]. Notice the fine structures recovered (first
row), ability to separate closely interacting objects (second row),
and robustness to occluders (third row). The fourth row shows a
failure case: the net sees lifejackets in a boat as people.

nets to segmentation, and improving the architecture with
multi-resolution layer combinations dramatically improves
the state-of-the-art, while simultaneously simplifying and
speeding up learning and inference.

Acknowledgements This work was supported in part
by DARPA’s MSEE and SMISC programs, NSF awards IIS-
1427425, IIS-1212798, IIS-1116411, and the NSF GRFP,
Toyota, and the Berkeley Vision and Learning Center. We
gratefully acknowledge NVIDIA for GPU donation. We
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• learn to upsample

• apply to pixel-dense prediction tasks

Long, Shelhamer, Darrell. CVPR 2015. Fully Convolutional Networks for Semantic Segmentation.



instance segmentation and pose estimation
[He et al. 2017]

Figure 6. Keypoint detection results on COCO test using Mask R-CNN (ResNet-50-FPN), with person segmentation masks predicted
from the same model. This model has a keypoint AP of 63.1 and runs at 5 fps.

APkp APkp
50 APkp

75 APkp
M APkp

L

CMU-Pose+++ [4] 61.8 84.9 67.5 57.1 68.2
G-RMI [25]† 62.4 84.0 68.5 59.1 68.1
Mask R-CNN, keypoint-only 62.7 87.0 68.4 57.4 71.1
Mask R-CNN, keypoint & mask 63.1 87.3 68.7 57.8 71.4

Table 4. Keypoint detection AP on COCO test-dev. Ours
(ResNet-50-FPN) is a single model that runs at 5 fps. CMU-
Pose+++ [4] is the 2016 competition winner that uses multi-scale
testing, post-processing with CPM [33], and filtering with an ob-
ject detector, adding a cumulative ∼5 points (clarified in personal
communication). †: G-RMI was trained on COCO plus MPII [1]
(25k images), using two models (Inception-ResNet-v2 + ResNet-
101). As they use more data, this is not a direct comparison with
Mask R-CNN.

a relatively high resolution output (compared to masks) is
required for keypoint-level localization accuracy.

Models are trained on all COCO trainval35k im-
ages that contain annotated keypoints. To reduce overfit-
ting, as this training set is smaller, we train the models us-
ing image scales randomly sampled from [640, 800] pixels;
inference is on a single scale of 800 pixels. We train for 90k
iterations, starting from a learning rate of 0.02 and reducing
it by 10 at 60k and 80k iterations. We use bounding-box
non-maximum suppression with a threshold of 0.5. Other
implementations are identical as in §3.1.

Experiments on Human Pose Estimation: We evaluate
the person keypoint AP (APkp) using ResNet-50-FPN. We
have experimented with ResNet-101 and found it achieves
similar results, possibly because deeper models benefit from
more training data, but this dataset is relatively small.

Table 4 shows that our result (62.7 APkp) is 0.9 points
higher than the COCO 2016 keypoint detection winner [4]
that uses a multi-stage processing pipeline (see caption of
Table 4). Our method is considerably simpler and faster.

More importantly, we have a unified model that can si-
multaneously predict boxes, segments, and keypoints while
running at 5 fps. Adding a segment branch (for the per-

APbb
person APmask

person APkp

Faster R-CNN 52.5 - -
Mask R-CNN, mask-only 53.6 45.8 -
Mask R-CNN, keypoint-only 50.7 - 64.2
Mask R-CNN, keypoint & mask 52.0 45.1 64.7

Table 5. Multi-task learning of box, mask, and keypoint about the person
category, evaluated on minival. All entries are trained on the same data
for fair comparisons. The backbone is ResNet-50-FPN. The entry with
64.2 AP on minival has 62.7 AP on test-dev. The entry with 64.7
AP on minival has 63.1 AP on test-dev (see Table 4).

APkp APkp
50 APkp

75 APkp
M APkp

L

RoIPool 59.8 86.2 66.7 55.1 67.4
RoIAlign 64.2 86.6 69.7 58.7 73.0

Table 6. RoIAlign vs. RoIPool for keypoint detection on minival.

son category) improves the APkp to 63.1 (Table 4) on
test-dev. More ablations of multi-task learning on
minival are in Table 5. Adding the mask branch to the
box-only (i.e., Faster R-CNN) or keypoint-only versions
consistently improves these tasks. However, adding the
keypoint branch reduces the box/mask AP slightly, suggest-
ing that while keypoint detection benefits from multitask
training, it does not in turn help the other tasks. Neverthe-
less, learning all three tasks jointly enables a unified system
to efficiently predict all outputs simultaneously (Figure 6).

We also investigate the effect of RoIAlign on keypoint
detection (Table 6). Though this ResNet-50-FPN backbone
has finer strides (e.g., 4 pixels on the finest level), RoIAlign
still shows significant improvement over RoIPool and in-
creases APkp by 4.4 points. This is because keypoint detec-
tions are more sensitive to localization accuracy. This again
indicates that alignment is essential for pixel-level localiza-
tion, including masks and keypoints.

Given the effectiveness of Mask R-CNN for extracting
object bounding boxes, masks, and keypoints, we expect it
be an effective framework for other instance-level tasks.

8

• semantic segmentation per detected region

• pose estimation as regression

He, Gkioxari, Dollar, Girshick. ICCV 2017. Mask R-CNN.



multi-task learning
[Kokkinos 2017]

UberNet: Training a Universal Convolutional Neural Network for Low-, Mid-,
and High-Level Vision using Diverse Datasets and Limited Memory

Iasonas Kokkinos
University College London & Facebook Artificial Intelligence Research

i.kokkinos@cs.ucl.ac.uk

Abstract

In this work we train in an end-to-end manner a con-
volutional neural network (CNN) that jointly handles low-,
mid-, and high-level vision tasks in a unified architecture.
Such a network can act like a ‘swiss knife’ for vision tasks;
we call it an “UberNet” to indicate its overarching nature.

The main contribution of this work consists in handling
challenges that emerge when scaling up to many tasks. We
introduce techniques that facilitate (i) training a deep archi-
tecture while relying on diverse training sets and (ii) train-
ing many (potentially unlimited) tasks with a limited mem-
ory budget.

This allows us to train in an end-to-end manner a unified
CNN architecture that jointly handles (a) boundary detec-
tion (b) normal estimation (c) saliency estimation (d) se-
mantic segmentation (e) human part segmentation (f) se-
mantic boundary detection, (g) region proposal generation
and object detection. We obtain competitive performance
while jointly addressing all tasks in 0.7 seconds on a GPU.
Our system will be made publicly available.

1. Introduction
Computer vision involves a host of tasks, such as bound-

ary detection, semantic segmentation, surface estimation,
object detection, image classification, to name a few. While
Convolutional Neural Networks (CNNs) [32] have been
shown to be successful at effectively handling most vision
tasks, in the current literature most works focus on indi-
vidual tasks and devote all of a CNN’s power to maximiz-
ing task-specific performance. In our understanding a joint
treatment of multiple problems can result not only in sim-
pler and faster models, but will also be a catalyst for reach-
ing out to other fields. One can expect that such all-in-one,
“swiss knife” architectures will become indispensable for
general AI, involving, for instance, robots that will be able
to recognize the scene they are in, identify objects, navigate
towards them, and manipulate them.

The problem of using a single network to solve multi-
ple tasks has been recently pursued in the context of deep

Input Boundaries Saliency Normals

Detection Semantic Boundaries & Segmentation Human Parts

Figure 1: We train in an end-to-end manner a CNN that
jointly performs tasks spanning low-, mid- and high- level
vision; all results are obtained in 0.7 seconds per frame.

learning for computer vision. In [50] a CNN is used for joint
localization, detection and classification, [17] propose a net-
work that jointly solves surface normal estimation, depth es-
timation and semantic segmentation, while [20] train a sys-
tem for joint detection, pose estimation and region proposal
generation. More recently [41] study the effects of shar-
ing information across networks trained for complementary
tasks, [6] propose the introduction of inter-task connections
that improves performance through task synergy and [47]
propose an architecture for a host of face-related tasks.

Inspired by these works, in Sec. 2 we introduce a CNN
architecture that jointly handles multiple tasks by using a
shared trunk which feeds into many task-specific branches.
Our contribution consists in introducing techniques that en-
able training to scale up to a large number of tasks.

Our first contribution enables us to train a CNN from
diverse datasets that contain annotations for distinct tasks.

6129

• learn several vision tasks with a joint network architecture including
task-specific skip layers

Kokkinos. CVPR 2017. Ubernet: Training a Universal Convolutional Neural Network for Low-, Mid-, and High-Level Vision Using
Diverse Datasets and Limited Memory.



geometric matching
[Rocco et al. 2017]

Figure 7: Filter visualization. Some convolutional filters from the first layer of the regressor, acting on the tentative correspondence
map, show preferences to spatially co-located features that transform consistently to the other image, thus learning to perform the local
neighborhood consensus criterion often used in classical feature matching. Refer to the text for more details on the visualization.

Image A Aligned A (affine) Aligned A (affine+TPS) Image B

Figure 8: Qualitative results on the Proposal Flow dataset. Each row shows one test example from the Proposal Flow dataset. Ground
truth matching keypoints, only used for alignment evaluation, are depicted as crosses and circles for images A and B, respectively. Key-
points of same color are supposed to match each other after image A is aligned to image B. To illustrate the matching error, we also overlay
keypoints of B onto different alignments of A so that lines that connect matching keypoints indicate the keypoint position error vector. Our
method manages to roughly align the images with an affine transformation (column 2), and then perform finer alignment using thin-plate
spline (TPS, column 3). It successfully handles background clutter, translations, rotations, and large changes in appearance and scale, as
well as non-rigid transformations and some perspective changes. Further examples are shown in the supplementary material [2] .

Methods StreetView-synth-aff Pascal-synth-aff

Concatenation [14] 26 29
Subtraction [29] 18 21
Ours without normalization 44 –
Ours 49 45

Table 2: Ablation studies. Matching quality on the Proposal Flow
dataset measured in terms of PCK. All methods use the same fea-
tures (VGG-16 cropped at pool4). The networks were trained on
the StreetView-synth-aff and Pascal-synth-aff datasets. For these
experiments, only the affine transformation is estimated.

respectively, incurs a large performance drop. The behavior
is expected as we designed the matching layer to only keep

information on pairwise descriptor similarities rather than
the descriptors themselves, as is good practice in classical
geometry estimation methods, while concatenation and sub-
traction do not follow this principle.

Generalization. As seen in Tab. 2, our method is relatively
unaffected by the choice of training data as its performance
is similar regardless whether it was trained with StreetView
or Pascal images. We also attribute this to the design choice
of operating on pairwise descriptor similarities rather than
the raw descriptors.

Normalization. Tab. 2 also shows the importance of the
correlation map normalization step, where the normaliza-

6154

• mimic the standard steps of feature extraction, matching and
simultaneous inlier detection and model parameter estimation

• still trainable end-to-end

Rocco, Arandjelovic, Sivic. CVPR 2017. Convolutional Neural Network Architecture for Geometric Matching.



image retrieval
[Gordo et al. 2016]

18 A. Gordo, J. Almazán, J. Revaud, D. Larlus

A Qualitative results

In Figure 5 we show the top retrieved results by our method, together with AP
curves, for a few Oxford 5k queries, and compare them to the results of the
R-MAC baseline with VGG16 and no extra training [14]. The results obtained
with the proposed trained model are consistently better in terms of accuracy.
In many cases, several of the correctly retrieved images by our method were
not well scored by the baseline method, that placed them far down in the list
of results. Note also the bad annotation of one of the images in the fifth query
(Corn Market), incorrectly labeled as not relevant.

In Figure 6 we show the image patches that produce the largest activations
for several neurons of VGG16’s “conv5 3” layer, before and after the proposed
training. First we can observe that, before training, many neurons tend to acti-
vate on “semantic” patches such as shoulders / bow ties, waists, or sunglasses,
even when they do not belong to the same instance, which is not desirable for
the task of instance-level retrieval. After training, many of these neurons have
been repurposed to a different task, e.g. , shoulders becoming domes. Many of the
new activations do belong to the same instance, which is more useful for the task
of instance retrieval. Note also how the “sunglasses” neuron was not correctly
repurposed, suggesting that improvements during training are still possible.
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0.0
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1.0
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Fig. 5. Top retrieval results and AP curves for a few Oxford queries. R-MAC baseline
and our method (ranking-loss+proposals) are resp. color-coded as red and blue in the
AP plots and in the ranks obtained for each image. Green, gray and red borders resp.
denote positive, null and negative images.

• learn to match

• apply as generic feature extractor

Gordo, Almazan, Revaud, Larlus. ECCV 2016. Deep Image Retrieval: Learning Global Representations for Image Search.
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Figure 1: Given a reference style image (a) and an input image (b), we seek to create an output image of the same scene as
the input, but with the style of the reference image. The Neural Style algorithm [5] (c) successfully transfers colors, but also
introduces distortions that make the output look like a painting, which is undesirable in the context of photo style transfer. In
comparison, our result (d) transfers the color of the reference style image equally well while preserving the photorealism of
the output. On the right (e), we show 3 insets of (b), (c), and (d) (in that order). Zoom in to compare results.

Abstract

This paper introduces a deep-learning approach to pho-
tographic style transfer that handles a large variety of image
content while faithfully transferring the reference style. Our
approach builds upon the recent work on painterly transfer
that separates style from the content of an image by consid-
ering different layers of a neural network. However, as is,
this approach is not suitable for photorealistic style transfer.
Even when both the input and reference images are pho-
tographs, the output still exhibits distortions reminiscent of a
painting. Our contribution is to constrain the transformation
from the input to the output to be locally affine in colorspace,
and to express this constraint as a custom fully differentiable
energy term. We show that this approach successfully sup-
presses distortion and yields satisfying photorealistic style
transfers in a broad variety of scenarios, including transfer
of the time of day, weather, season, and artistic edits.

1. Introduction

Photographic style transfer is a long-standing problem
that seeks to transfer the style of a reference style photo
onto another input picture. For instance, by appropriately
choosing the reference style photo, one can make the input
picture look like it has been taken under a different illumina-
tion, time of day, or weather, or that it has been artistically
retouched with a different intent. So far, existing techniques
are either limited in the diversity of scenes or transfers that
they can handle or in the faithfulness of the stylistic match
they achieve. In this paper, we introduce a deep-learning
approach to photographic style transfer that is at the same
time broad and faithful, i.e., it handles a large variety of
image content while accurately transferring the reference
style. Our approach builds upon the recent work on Neural
Style transfer by Gatys et al. [5]. However, as shown in
Figure 1, even when the input and reference style images
are photographs, the output still looks like a painting, e.g.,
straight edges become wiggly and regular textures wavy.
One of our contributions is to remove these painting-like
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• generate same scene as input image

• transfer style from reference image

• photorealism regularization

Luan, Paris, Shechtman, Bala. CVPR 2017. Deep Photo Style Transfer.



image captioning
[Vinyals et al. 2017]

(where humans rank 6th); METEOR is the automatic metric
where humans rank the highest (third).

5.2 Improvements Over Our CVPR15 Model

In this section we analyze what components were improved
with respect to the model which we originally studied in
our CVPR 2015 work [46]. Section 5.3 shows a summary of
the results on both automatic and human metrics from the
MSCOCO competition. We summarize all the improve-
ments in Table 8.

5.2.1 Image Model Improvement

When we first submitted our image captioning paper to
CVPR 2015, we used the best convolutional neural network
at the time, known as GoogleLeNet [48], which had 22 layers,
and was the winner of the 2014 ImageNet competition. Later
on, an even better approach was proposed in [24] and
included a new method, called Batch Normalization, to better
normalize each layer of a neural network with respect to the
current batch of examples, so as to be more robust to nonli-
nearities. The new approach got significant improvement on

the ImageNet task (going from 6.67 percent down to 4.8 per-
cent top-5 error) and the MSCOCO image captioning task,
improving BLEU-4 by 2 points absolute.

5.2.2 Image Model Fine Tuning

In the original set of experiments, to avoid overfitting we
initialized the image convolutional network with a pre-
trained model (we first used GoogleLeNet, then switched to
the better Batch Normalization model), but then fixed its
parameters and only trained the LSTM part of the model on
the MS COCO training set.

For the competition, we also considered adding some
fine tuning of the image model while training the LSTM,
which helped the image model focus more on the kind of
images provided in the MS COCO training set, and ended
up improving the performance on the captioning task.

It is important to note that fine tuning the image model
must be carried after the LSTM parameters have settled on

Fig. 5. A selection of evaluation results, grouped by human rating.

TABLE 6
Nearest Neighbors of a Few Example Words

Word Neighbors

car van, cab, suv, vehicule, jeep
boy toddler, gentleman, daughter, son
street road, streets, highway, freeway
horse pony, donkey, pig, goat, mule
computer computers, pc, crt, chip, compute

TABLE 7
Pearson Correlation and Human Rankings Found in the
MSCOCO Official Website Competition Table for Several

Automatic Metrics (Using 40 Ground Truth Captions
in the Test Set)

Correlation (versus CIDER) Human Rank

CIDER 1.0 6
METEOR 0.98 3
ROUGE 0.91 11
BLEU-4 0.87 13

VINYALS ET AL.: SHOW AND TELL: LESSONS LEARNED FROM THE 2015 MSCOCO IMAGE CAPTIONING CHALLENGE 659

• image description by deep CNN

• language generation by RNN

Vinyals, Toshev, Bengio and Erhan. PAMI 2017. Show and Tell: Lessons Learned From the 2015 MSCOCO Image Captioning
Challenge.
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convolution on feature maps

kernel weights shared
among all spatial positions

kernel w1

input x output y1 = h(w>1 ? x+ b1)
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convolution on feature maps

different kernel for
each output dimension

kernel w4

input x output y4 = h(w>4 ? x+ b4)



convolution on feature maps

different kernel for
each output dimension

kernel w5

input x output y5 = h(w>5 ? x+ b5)
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different kernel for
each output dimension

kernel w5

input x output y5 = h(w>5 ? x+ b5)
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convolutional network

MNIST CIFAR10
param ops volume param ops volume

x = input 0 0 28× 28× 1 0 0 32× 32× 3

z1 = conv(5, 32) (x) 832 479232 24× 24× 32 2432 1906688 28× 28× 32

p1 = pool(2) (z1) 0 18432 12× 12× 32 0 25088 14× 14× 32

z2 = conv(5, 64) (p1) 51264 3280896 8× 8× 64 51264 5126400 10× 10× 64

p2 = pool(2) (z2) 0 4096 4× 4× 64 0 6400 5× 5× 64

z3 = fc(100) (p2) 102500 102500 100 160100 160100 100

a4 = fc(10) (z3) 1010 1010 10 1010 1010 10

y = softmax (a4) 0 0 10 0 0 10

• most parameters in first fully connected layer

• most operations in second convolutional layer

• most memory in first convolutional layer

conv(r, k′[, p = 0][, s = 1]); (max)- pool(r[, s = r][, p = 0]);
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MNIST layer 1 filters

• mini-batch m = 128, learning rate ε = 10−2, regularization strength
λ = 10−2, Gaussian initialization σ = 0.1

• test error: 1.2%



CIFAR10 layer 1 filters

• mini-batch m = 128, learning rate ε = 10−2, regularization strength
λ = 10−2, Gaussian initialization σ = 0.1

• test error: 28%



LeNet-5
[LeCun et al. 1998]
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• first convolutional neural network to use back-propagation

• applied to character recognition

Lecun, Bottou, Bengio, Haffner. IEEE Proc. 1998. Gradient-Based Learning Applied to Document Recognition.



LeNet-5
parameters operations volume

input(32, 1) 0 0 32× 32× 1

conv(5, 6) 156 122, 304 28× 28× 6

avg(2) 0 4, 704 14× 14× 6

conv(5, 16) 2, 416 241, 600 10× 10× 16

avg(2) 0 1, 600 5× 5× 16

conv(5, 120) 48, 120 48, 120 1× 1× 120

fc(84) 10, 164 10, 164 84

RBF(10) 850 850 10

softmax 0 10 10

• subsampling by average pooling with learnable global weight and bias

• scaled tanh function after first pooling layer and FC layer

• last convolutional layer allows variable-sized input

• output RBF units: Euclidean distance to 7× 12 distributed codes

• softmax-like loss function



ImageNet
[Russakovsky et al. 2014]

• 22k classes, 15M samples

• ImageNet Large-Scale Visual Recognition Challenge (ILSVRC): 1000
classes, 1.2M training images, 50k validation images, 150k test images

Russakovsky, Deng, Su, Krause, et al. 2014. Imagenet Large Scale Visual Recognition Challenge.



ImageNet classification performance
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AlexNet
[Krizhevsky et al. 2012]

Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440–186,624–64,896–64,896–43,264–
4096–4096–1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-normalized
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5× 5× 48.
The third, fourth, and fifth convolutional layers are connected to one another without any intervening
pooling or normalization layers. The third convolutional layer has 384 kernels of size 3 × 3 ×
256 connected to the (normalized, pooled) outputs of the second convolutional layer. The fourth
convolutional layer has 384 kernels of size 3 × 3 × 192 , and the fifth convolutional layer has 256
kernels of size 3× 3× 192. The fully-connected layers have 4096 neurons each.

4 Reducing Overfitting

Our neural network architecture has 60 million parameters. Although the 1000 classes of ILSVRC
make each training example impose 10 bits of constraint on the mapping from image to label, this
turns out to be insufficient to learn so many parameters without considerable overfitting. Below, we
describe the two primary ways in which we combat overfitting.

4.1 Data Augmentation

The easiest and most common method to reduce overfitting on image data is to artificially enlarge
the dataset using label-preserving transformations (e.g., [25, 4, 5]). We employ two distinct forms
of data augmentation, both of which allow transformed images to be produced from the original
images with very little computation, so the transformed images do not need to be stored on disk.
In our implementation, the transformed images are generated in Python code on the CPU while the
GPU is training on the previous batch of images. So these data augmentation schemes are, in effect,
computationally free.

The first form of data augmentation consists of generating image translations and horizontal reflec-
tions. We do this by extracting random 224× 224 patches (and their horizontal reflections) from the
256×256 images and training our network on these extracted patches4. This increases the size of our
training set by a factor of 2048, though the resulting training examples are, of course, highly inter-
dependent. Without this scheme, our network suffers from substantial overfitting, which would have
forced us to use much smaller networks. At test time, the network makes a prediction by extracting
five 224 × 224 patches (the four corner patches and the center patch) as well as their horizontal
reflections (hence ten patches in all), and averaging the predictions made by the network’s softmax
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB channels in
training images. Specifically, we perform PCA on the set of RGB pixel values throughout the
ImageNet training set. To each training image, we add multiples of the found principal components,

4This is the reason why the input images in Figure 2 are 224× 224× 3-dimensional.

5

• 16.4% top-5 error on on ILSVRC’12, outperformed all by 10%

• 8 layers

• ReLU, local response normalization, data augmentation, dropout

• stochastic gradient descent with momentum

• implementation on two GPUs; connectivity between the two
subnetworks is limited

Krizhevsky, Sutskever, Hinton. NIPS 2012. Imagenet Classification with Deep Convolutional Neural Networks.



AlexNet
[Krizhevsky et al. 2012]

Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440–186,624–64,896–64,896–43,264–
4096–4096–1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-normalized
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5× 5× 48.
The third, fourth, and fifth convolutional layers are connected to one another without any intervening
pooling or normalization layers. The third convolutional layer has 384 kernels of size 3 × 3 ×
256 connected to the (normalized, pooled) outputs of the second convolutional layer. The fourth
convolutional layer has 384 kernels of size 3 × 3 × 192 , and the fifth convolutional layer has 256
kernels of size 3× 3× 192. The fully-connected layers have 4096 neurons each.

4 Reducing Overfitting

Our neural network architecture has 60 million parameters. Although the 1000 classes of ILSVRC
make each training example impose 10 bits of constraint on the mapping from image to label, this
turns out to be insufficient to learn so many parameters without considerable overfitting. Below, we
describe the two primary ways in which we combat overfitting.

4.1 Data Augmentation

The easiest and most common method to reduce overfitting on image data is to artificially enlarge
the dataset using label-preserving transformations (e.g., [25, 4, 5]). We employ two distinct forms
of data augmentation, both of which allow transformed images to be produced from the original
images with very little computation, so the transformed images do not need to be stored on disk.
In our implementation, the transformed images are generated in Python code on the CPU while the
GPU is training on the previous batch of images. So these data augmentation schemes are, in effect,
computationally free.

The first form of data augmentation consists of generating image translations and horizontal reflec-
tions. We do this by extracting random 224× 224 patches (and their horizontal reflections) from the
256×256 images and training our network on these extracted patches4. This increases the size of our
training set by a factor of 2048, though the resulting training examples are, of course, highly inter-
dependent. Without this scheme, our network suffers from substantial overfitting, which would have
forced us to use much smaller networks. At test time, the network makes a prediction by extracting
five 224 × 224 patches (the four corner patches and the center patch) as well as their horizontal
reflections (hence ten patches in all), and averaging the predictions made by the network’s softmax
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB channels in
training images. Specifically, we perform PCA on the set of RGB pixel values throughout the
ImageNet training set. To each training image, we add multiples of the found principal components,

4This is the reason why the input images in Figure 2 are 224× 224× 3-dimensional.

5

• 16.4% top-5 error on on ILSVRC’12, outperformed all by 10%

• 8 layers

• ReLU, local response normalization, data augmentation, dropout

• stochastic gradient descent with momentum

• implementation on two GPUs; connectivity between the two
subnetworks is limited

Krizhevsky, Sutskever, Hinton. NIPS 2012. Imagenet Classification with Deep Convolutional Neural Networks.



learned layer 1 kernels

with magnitudes proportional to the corresponding eigenvalues times a random variable drawn from
a Gaussian with mean zero and standard deviation 0.1. Therefore to each RGB image pixel Ixy =
[IRxy, I

G
xy, I

B
xy]

T we add the following quantity:

[p1,p2,p3][α1λ1, α2λ2, α3λ3]
T

where pi and λi are ith eigenvector and eigenvalue of the 3 × 3 covariance matrix of RGB pixel
values, respectively, and αi is the aforementioned random variable. Each αi is drawn only once
for all the pixels of a particular training image until that image is used for training again, at which
point it is re-drawn. This scheme approximately captures an important property of natural images,
namely, that object identity is invariant to changes in the intensity and color of the illumination. This
scheme reduces the top-1 error rate by over 1%.

4.2 Dropout

Combining the predictions of many different models is a very successful way to reduce test errors
[1, 3], but it appears to be too expensive for big neural networks that already take several days
to train. There is, however, a very efficient version of model combination that only costs about a
factor of two during training. The recently-introduced technique, called “dropout” [10], consists
of setting to zero the output of each hidden neuron with probability 0.5. The neurons which are
“dropped out” in this way do not contribute to the forward pass and do not participate in back-
propagation. So every time an input is presented, the neural network samples a different architecture,
but all these architectures share weights. This technique reduces complex co-adaptations of neurons,
since a neuron cannot rely on the presence of particular other neurons. It is, therefore, forced to
learn more robust features that are useful in conjunction with many different random subsets of the
other neurons. At test time, we use all the neurons but multiply their outputs by 0.5, which is a
reasonable approximation to taking the geometric mean of the predictive distributions produced by
the exponentially-many dropout networks.

We use dropout in the first two fully-connected layers of Figure 2. Without dropout, our network ex-
hibits substantial overfitting. Dropout roughly doubles the number of iterations required to converge.

Figure 3: 96 convolutional kernels of size
11×11×3 learned by the first convolutional
layer on the 224×224×3 input images. The
top 48 kernels were learned on GPU 1 while
the bottom 48 kernels were learned on GPU
2. See Section 6.1 for details.

5 Details of learning

We trained our models using stochastic gradient descent
with a batch size of 128 examples, momentum of 0.9, and
weight decay of 0.0005. We found that this small amount
of weight decay was important for the model to learn. In
other words, weight decay here is not merely a regularizer:
it reduces the model’s training error. The update rule for
weight w was

vi+1 := 0.9 · vi − 0.0005 · ε · wi − ε ·
〈
∂L

∂w

∣∣
wi

〉

Di

wi+1 := wi + vi+1

where i is the iteration index, v is the momentum variable, ε is the learning rate, and
〈
∂L
∂w

∣∣
wi

〉
Di

is

the average over the ith batch Di of the derivative of the objective with respect to w, evaluated at
wi.

We initialized the weights in each layer from a zero-mean Gaussian distribution with standard de-
viation 0.01. We initialized the neuron biases in the second, fourth, and fifth convolutional layers,
as well as in the fully-connected hidden layers, with the constant 1. This initialization accelerates
the early stages of learning by providing the ReLUs with positive inputs. We initialized the neuron
biases in the remaining layers with the constant 0.

We used an equal learning rate for all layers, which we adjusted manually throughout training.
The heuristic which we followed was to divide the learning rate by 10 when the validation error
rate stopped improving with the current learning rate. The learning rate was initialized at 0.01 and

6

• 96 kernels of size 11× 11× 3

• top: 48 GPU 1 kernels; bottom: 48 GPU 2 kernels

Krizhevsky, Sutskever, Hinton. NIPS 2012. Imagenet Classification with Deep Convolutional Neural Networks.



AlexNet (CaffeNet)
parameters operations volume

input(227, 3) 0 0 227× 227× 3

conv(11, 96, s4) 34, 944 105, 705, 600 55× 55× 96

pool(3, 2) 0 290, 400 27× 27× 96

norm 0 69, 984 27× 27× 96

conv(5, 256, p2) 614, 656 448, 084, 224 27× 27× 256

pool(3, 2) 0 186, 624 13× 13× 256

norm 0 43, 264 13× 13× 256

conv(3, 384, p1) 885, 120 149, 585, 280 13× 13× 384

conv(3, 384, p1) 1, 327, 488 224, 345, 472 13× 13× 384

conv(3, 256, p1) 884, 992 149, 563, 648 13× 13× 256

pool(3, 2) 0 43, 264 6× 6× 256

fc(4096) 37, 752, 832 37, 752, 832 4, 096

fc(4096) 16, 781, 312 16, 781, 312 4, 096

fc(1000) 4, 097, 000 4, 097, 000 1, 000

softmax 0 1, 000 1, 000

• ReLU follows each convolutional and fully connected layer

• CaffeNet: input size modified from 224× 224, pool/norm switched



AlexNet (CaffeNet)
parameters operations volume

input(227, 3) 0 0 227× 227× 3

conv(11, 96, s4) 34, 944 105, 705, 600 55× 55× 96

pool(3, 2) 0 290, 400 27× 27× 96

norm 0 69, 984 27× 27× 96

conv(5, 256, p2) 614, 656 448, 084, 224 27× 27× 256

pool(3, 2) 0 186, 624 13× 13× 256

norm 0 43, 264 13× 13× 256

conv(3, 384, p1) 885, 120 149, 585, 280 13× 13× 384

conv(3, 384, p1) 1, 327, 488 224, 345, 472 13× 13× 384

conv(3, 256, p1) 884, 992 149, 563, 648 13× 13× 256

pool(3, 2) 0 43, 264 6× 6× 256

fc(4096) 37, 752, 832 37, 752, 832 4, 096

fc(4096) 16, 781, 312 16, 781, 312 4, 096

fc(1000) 4, 097, 000 4, 097, 000 1, 000

softmax 0 1, 000 1, 000

• ReLU follows each convolutional and fully connected layer

• CaffeNet: input size modified from 224× 224, pool/norm switched



AlexNet: classification examples

• correct label on top; its predicted probability with red if visible

Krizhevsky, Sutskever, Hinton. NIPS 2012. Imagenet Classification with Deep Convolutional Neural Networks.



VGG
[Simonyan and Zisserman 2014]

Table 1: ConvNet configurations(shown in columns). The depth of the configurations increases
from the left (A) to the right (E), as more layers are added (the added layers are shown in bold). The
convolutional layer parameters are denoted as “conv〈receptive field size〉-〈number of channels〉”.
The ReLU activation function is not shown for brevity.

ConvNet Configuration
A A-LRN B C D E

11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers

input (224× 224 RGB image)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64

LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool

conv3-128 conv3-128 conv3-128 conv3-128 conv3-128 conv3-128
conv3-128 conv3-128 conv3-128 conv3-128

maxpool
conv3-256 conv3-256 conv3-256 conv3-256 conv3-256 conv3-256
conv3-256 conv3-256 conv3-256 conv3-256 conv3-256 conv3-256

conv1-256 conv3-256 conv3-256
conv3-256

maxpool
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512

conv1-512 conv3-512 conv3-512
conv3-512

maxpool
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512

conv1-512 conv3-512 conv3-512
conv3-512

maxpool
FC-4096
FC-4096
FC-1000
soft-max

Table 2:Number of parameters(in millions).

Network A,A-LRN B C D E
Number of parameters 133 133 134 138 144

decrease the number of parameters: assuming that both the input and the output of a three-layer
3× 3 convolution stack hasC channels, the stack is parametrised by3

(
32C2

)
= 27C2 weights; at

the same time, a single7 × 7 conv. layer would require72C2 = 49C2 parameters, i.e.81% more.
This can be seen as imposing a regularisation on the7 × 7 conv. filters, forcing them to have a
decomposition through the3× 3 filters (with non-linearity injected in between).

The incorporation of1 × 1 conv. layers (configuration C, Table 1) is a way to increase the non-
linearity of the decision function without affecting the receptive fields of the conv. layers. Even
though in our case the1× 1 convolution is essentially a linear projection onto the space of the same
dimensionality (the number of input and output channels is the same), additional non-linearity is
introduced by the rectification function. It should be notedthat the1 × 1 conv. layers have recently
been utilised in the “Network in Network” architecture of [15].

Small-size convolution filters have been previously used in[2], but their nets are significantly less
deep than ours, and they did not evaluate on the large-scale ILSVRC dataset. GoogLeNet [23],
another top-performing entry of ILSVRC-2014 which was developed independently of our work,
is similar to our approach in that it is based on very deep ConvNets (22 weight layers) and small
convolution filters (apart from3 × 3, they also use1 × 1 and5 × 5 convolutions). Their network
topology is, however, more complex than ours, and the spatial resolution of the feature maps is
reduced more aggressively in the first layers to decrease theamount of computation.

3

• 7.3% top-5 error on ILSVRC’14

• depth increased up to 19 layers, kernel sizes (strides) reduced to 3(1)

• local response normalization doesn’t do anything

• top/bottom layers of deep models pre-initialized by trained model A

Simonyan and Zisserman 2014. Very Deep Convolutional Networks for Large-Scale Image Recognition.



effective receptive field

L0

L1

L2

L3

• is the part of the visual input that affects a given cell indirectly
through previous layers

• grows linearly with depth

• stack of three 3× 3 kernels of stride 1 has the same effective receptive
field as a single 7× 7 kernel, but fewer parameters

Simonyan and Zisserman 2014. Very Deep Convolutional Networks for Large-Scale Image Recognition.
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VGG-16

parameters operations volume

input(224, 3) 0 0 224× 224× 3

conv(3, 64, p1) 1, 792 89, 915, 390 224× 224× 64

conv(3, 64, p1) 36, 928 1, 852, 899, 328 224× 224× 64

pool(2) 0 3, 211, 264 112× 112× 64

conv(3, 128, p1) 73, 856 926, 449, 664 112× 112× 128

conv(3, 128, p1) 147, 584 1, 851, 293, 696 112× 112× 128

pool(2) 0 1, 605, 632 56× 56× 128

conv(3, 256, p1) 295, 168 925, 646, 848 56× 56× 256

conv(3, 256, p1) 590, 080 1, 850, 490, 880 56× 56× 256

conv(3, 256, p1) 590, 080 1, 850, 490, 880 56× 56× 256

pool(2) 0 802, 816 28× 28× 256

conv(3, 512, p1) 1, 180, 160 925, 245, 440 28× 28× 512

conv(3, 512, p1) 2, 359, 808 1, 850, 089, 472 28× 28× 512

conv(3, 512, p1) 2, 359, 808 1, 850, 089, 472 28× 28× 512

pool(2) 0 401, 408 14× 14× 512

conv(3, 512, p1) 2, 359, 808 462, 522, 368 14× 14× 512

conv(3, 512, p1) 2, 359, 808 462, 522, 368 14× 14× 512

conv(3, 512, p1) 2, 359, 808 462, 522, 368 14× 14× 512

pool(2) 0 100, 352 7× 7× 512

fc(4096) 102, 764, 544 102, 764, 544 4, 096

fc(4096) 16, 781, 312 16, 781, 312 4, 096

fc(1000) 4, 097, 000 4, 097, 000 1, 000

softmax 0 1, 000 1, 000



ImageNet classification performance
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Russakovsky, Deng, Su, Krause, et al. 2014. Imagenet Large Scale Visual Recognition Challenge.



GoogLeNet
[Szegedy et al. 2015]

input

Conv
7x7+2(S)

MaxPool
3x3+2(S)

LocalRespNorm

Conv
1x1+1(V)

Conv
3x3+1(S)

LocalRespNorm

MaxPool
3x3+2(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

MaxPool
3x3+2(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

AveragePool
5x5+3(V)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

AveragePool
5x5+3(V)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

MaxPool
3x3+2(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

DepthConcat

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

AveragePool
7x7+1(V)

FC

Conv
1x1+1(S)

FC

FC

SoftmaxActivation

softmax0

Conv
1x1+1(S)

FC

FC

SoftmaxActivation

softmax1

SoftmaxActivation

softmax2

Figure 3: GoogLeNet network with all the bells and whistles

7

• 6.7% top-5 error on ILSVRC’14

• depth increased to 22 layers,
kernel sizes 1× 1 to 5× 5

• inception module repeated 9
times

• 1× 1 kernels used as
“bottleneck” layers
(dimensionality reduction)

• 25 times less parameters and
faster than AlexNet

• auxiliary classifiers

Szegedy, Liu, Jia, Sermanet, Reed, Anguelov, Erhan, Vanhoucke and Rabinovich. CVPR 2015. Going Deeper with Convolutions.



convolutional features are sparse

• deep layers have more features (e.g. 1024) and lower resolutions (e.g.
7× 7)

• detected patterns in many cases are as small as 5× 5, 3× 3 or
even 1× 1

• the convolution operation resembles more (sparse) matrix
multiplication than convolution

• sparse matrix multiplication

• is not as efficient as dense on parallel hardware
• modern methods use coarse partitioning of nonzero elements
• this is aligned with the Hebbian rule “cells that fire together wire

together”

Szegedy, Liu, Jia, Sermanet, Reed, Anguelov, Erhan, Vanhoucke and Rabinovich. CVPR 2015. Going Deeper with Convolutions.



inception module

input(7, 832)

pool(3, 1, p1)

conv(1, 384) conv(3, 384, p1) conv(5, 128, p2)

concat

271, 418, 048 operations

inc(384, (192, 384), (48, 128), 128)

• naive inception module simply concatenates (feature-wise) three
convolutions and one max-pooling

• but this expensive and dimension keeps increasing

• add dimension reduction to control cost, dimensions, and sparsity

• this is referred to as inception module

Szegedy, Liu, Jia, Sermanet, Reed, Anguelov, Erhan, Vanhoucke and Rabinovich. CVPR 2015. Going Deeper with Convolutions.
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GoogLeNet

parameters operations volume

input(224, 3) 0 0 224× 224× 3

conv(7, 64, p3, s2) 9, 472 118, 816, 768 112× 112× 64

pool(3, 2, p1) 0 802, 816 56× 56× 64

conv(1, 64) 4, 160 13, 045, 760 56× 56× 64

conv(3, 192, p1) 110, 784 347, 418, 624 56× 56× 192

pool(3, 2, p1) 0 602, 112 28× 28× 192

inc(64, (96, 128), (16, 32), 32) 163, 696 128, 488, 192 28× 28× 256

inc(128, (128, 192), (32, 96), 64) 388, 736 304, 969, 728 28× 28× 480

pool(3, 2, p1) 0 376, 320 14× 14× 480

inc(192, (96, 208), (16, 48), 64) avg(5, 3, p2) 376, 176 73, 824, 576 14× 14× 512

inc(160, (112, 224), (24, 64), 64) conv(1, 128) 449, 160 88, 135, 712 14× 14× 512

inc(128, (128, 256), (24, 64), 64) fc(1024) 510, 104 100, 080, 736 14× 14× 512

avg(5, 3, p2) inc(112, (144, 288), (32, 64), 64) fc(1000) 605, 376 118, 754, 048 14× 14× 528

conv(1, 128) inc(256, (160, 320), (32, 128), 128) softmax 868, 352 170, 300, 480 14× 14× 832

fc(1024) pool(3, 2, p1) 0 163, 072 7× 7× 832

fc(1000) inc(256, (160, 320), (32, 128), 128) 1, 043, 456 51, 170, 112 7× 7× 832

softmax inc(384, (192, 384), (48, 128), 128) 1, 444, 080 70, 800, 688 7× 7× 1024

avg(7) 0 50, 176 1× 1× 1024

fc(1000) 1, 025, 000 1, 025, 000 1, 000

softmax 0 1, 000 1, 000

auxiliary
classifier

auxiliary
classifier
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Canziani, Culurciello and Paszke. 2016. An Analysis of Deep Neural Network Models for Practical Applications.
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remember GoogLeNet auxiliary classifiers?
input

conv

pool

conv

conv

pool

inc

inc

pool

inc
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inc

inc

+

inc

pool

inc

inc

+

avg avg avg

fc fc fc

+

softmax softmax softmax

• GoogLeNet has two auxiliary
classifiers that are discarded at
inference

• these classifiers inject gradient
signal deeper backwards

• we now transform the network in
ways that are not necessarily
equivalent, but maintain this
backward flow pattern

• the result is two skip
connections that can be
maintained at inference



remember GoogLeNet auxiliary classifiers?
input

conv

pool

conv

conv

pool

inc

inc

pool

inc

inc

inc

inc

+

inc

pool

inc

inc

+

avg avg avg

fc fc fc

+

softmax softmax softmax

• GoogLeNet has two auxiliary
classifiers that are discarded at
inference

• these classifiers inject gradient
signal deeper backwards

• we now transform the network in
ways that are not necessarily
equivalent, but maintain this
backward flow pattern

• the result is two skip
connections that can be
maintained at inference



remember GoogLeNet auxiliary classifiers?
input

conv

pool

conv

conv

pool

inc

inc

pool

inc

inc

inc

inc

+

inc

pool

inc

inc

+

avg avg avg

fc fc fc

+

softmax

softmax

softmax

• GoogLeNet has two auxiliary
classifiers that are discarded at
inference

• these classifiers inject gradient
signal deeper backwards

• we now transform the network in
ways that are not necessarily
equivalent, but maintain this
backward flow pattern

• the result is two skip
connections that can be
maintained at inference



remember GoogLeNet auxiliary classifiers?
input

conv

pool

conv

conv

pool

inc

inc

pool

inc

inc

inc

inc

+

inc

pool

inc

inc

+

avg

avg

avg

fc

fc

fc

+

softmax

softmax

softmax

• GoogLeNet has two auxiliary
classifiers that are discarded at
inference

• these classifiers inject gradient
signal deeper backwards

• we now transform the network in
ways that are not necessarily
equivalent, but maintain this
backward flow pattern

• the result is two skip
connections that can be
maintained at inference



remember GoogLeNet auxiliary classifiers?
input

conv

pool

conv

conv

pool

inc

inc

pool

inc

inc

inc

inc

+

inc

pool

inc

inc

+

avg

avg

avg

fc

fc

fc

+

softmax

softmax

softmax

• GoogLeNet has two auxiliary
classifiers that are discarded at
inference

• these classifiers inject gradient
signal deeper backwards

• we now transform the network in
ways that are not necessarily
equivalent, but maintain this
backward flow pattern

• the result is two skip
connections that can be
maintained at inference



remember GoogLeNet auxiliary classifiers?
input

conv

pool

conv

conv

pool

inc

inc

pool

inc

inc

inc

inc

+

inc

pool

inc

inc

+

avg

avg

avg

fc

fc

fc

+

softmax

softmax

softmax

• GoogLeNet has two auxiliary
classifiers that are discarded at
inference

• these classifiers inject gradient
signal deeper backwards

• we now transform the network in
ways that are not necessarily
equivalent, but maintain this
backward flow pattern

• the result is two skip
connections that can be
maintained at inference



skip connections are not new

MULTI-LAYER PERCEPTRONS WITH FIXED PRETERMINAL 

NETWORKS 

The perceptrons considered in Part II have all consisted 

of three "layers" of signal generating elements: a sensory layer,  a single 

layer of association units, and a layer of R-units (containing only a single 

unit in the case of simple perceptrons).   A perceptron with additional layers 

of A-units between S and R-units will be called a multi-layer system.    Thus 

the network diagram: 

represents a four-layer series-coupled system,  whereas the diagram 

represents a three-layer cross coupled system,   since all A-units are at 

least the same logical distance from the sensory units (see Definition 18, 

Chapter 4).    The three-layer structure of the second diagram can be made 

clearer if it is drawn in the form: 

•313 

Rosenblatt 1962. Principles of Neurodynamics.



ImageNet classification performance
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Russakovsky, Deng, Su, Krause, et al. 2014. Imagenet Large Scale Visual Recognition Challenge.



residual networks
[He et al. 2016]
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Figure 3. Example network architectures for ImageNet. Left: the
VGG-19 model [41] (19.6 billion FLOPs) as a reference. Mid-
dle: a plain network with 34 parameter layers (3.6 billion FLOPs).
Right: a residual network with 34 parameter layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.

Residual Network. Based on the above plain network, we
insert shortcut connections (Fig. 3, right) which turn the
network into its counterpart residual version. The identity
shortcuts (Eqn.(1)) can be directly used when the input and
output are of the same dimensions (solid line shortcuts in
Fig. 3). When the dimensions increase (dotted line shortcuts
in Fig. 3), we consider two options: (A) The shortcut still
performs identity mapping, with extra zero entries padded
for increasing dimensions. This option introduces no extra
parameter; (B) The projection shortcut in Eqn.(2) is used to
match dimensions (done by 1×1 convolutions). For both
options, when the shortcuts go across feature maps of two
sizes, they are performed with a stride of 2.

3.4. Implementation

Our implementation for ImageNet follows the practice
in [21, 41]. The image is resized with its shorter side ran-
domly sampled in [256, 480] for scale augmentation [41].
A 224×224 crop is randomly sampled from an image or its
horizontal flip, with the per-pixel mean subtracted [21]. The
standard color augmentation in [21] is used. We adopt batch
normalization (BN) [16] right after each convolution and
before activation, following [16]. We initialize the weights
as in [13] and train all plain/residual nets from scratch. We
use SGD with a mini-batch size of 256. The learning rate
starts from 0.1 and is divided by 10 when the error plateaus,
and the models are trained for up to 60× 104 iterations. We
use a weight decay of 0.0001 and a momentum of 0.9. We
do not use dropout [14], following the practice in [16].

In testing, for comparison studies we adopt the standard
10-crop testing [21]. For best results, we adopt the fully-
convolutional form as in [41, 13], and average the scores
at multiple scales (images are resized such that the shorter
side is in {224, 256, 384, 480, 640}).

4. Experiments
4.1. ImageNet Classification

We evaluate our method on the ImageNet 2012 classifi-
cation dataset [36] that consists of 1000 classes. The models
are trained on the 1.28 million training images, and evalu-
ated on the 50k validation images. We also obtain a final
result on the 100k test images, reported by the test server.
We evaluate both top-1 and top-5 error rates.

Plain Networks. We first evaluate 18-layer and 34-layer
plain nets. The 34-layer plain net is in Fig. 3 (middle). The
18-layer plain net is of a similar form. See Table 1 for de-
tailed architectures.

The results in Table 2 show that the deeper 34-layer plain
net has higher validation error than the shallower 18-layer
plain net. To reveal the reasons, in Fig. 4 (left) we com-
pare their training/validation errors during the training pro-
cedure. We have observed the degradation problem - the

4

• 3.57% top-5 error on ILSVRC’15

• won first place on several
ILSVRC and COCO 2015 tasks

• depth increased to 152 layers,
kernel size mostly 3× 3

• residual unit repeated up to 50
times

• 1× 1 kernels used as
“bottleneck” layers

• up to 10× more operations but
same parameters as AlexNet

He, Zhang, Ren, Sun. CVPR 2016. Deep Residual Learning for Image Recognition.



skip connections and residual
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x
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• “plain” unit: f is the mapping

y = f(x)

• residual unit: f is the residual

y = x+ f(x)

• by copying the features of a shallow model and setting the new
mapping to the identity, a deeper model performs at least as well as
the shallow one

• “if an identity mapping were optimal, it would be easier to push a
residual to zero than to fit an identity mapping by a stack of nonlinear
layers”

He, Zhang, Ren, Sun. CVPR 2016. Deep Residual Learning for Image Recognition.
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residual unit

input(56, 64)

conv(3, 64)

down(2)

relu

conv(1, 128, s2)

conv(3, 64)

conv(1, 128)

+

relu

res(3, 64)

• “plain” unit, with nonlinearities shown separately, and batch
normalization included in each convolutional layers

He, Zhang, Ren, Sun. CVPR 2016. Deep Residual Learning for Image Recognition.



residual unit

input(56, 64)

conv(3, 64)

down(2)

relu

conv(1, 128, s2)

conv(3, 64)

conv(1, 128)

+

relu

res(3, 64)

• residual unit, with a skip connection over the two convolutional layers
and the relu between them

He, Zhang, Ren, Sun. CVPR 2016. Deep Residual Learning for Image Recognition.



residual unit

input(56, 64)

conv(3, 64, s2) down(2)

relu

conv(1, 128, s2)

conv(3, 64)

conv(1, 128)

+

relu

res(3, 64, s2)

• stride 2 in the first convolutional layer, along with downsampling on
the skip connection

He, Zhang, Ren, Sun. CVPR 2016. Deep Residual Learning for Image Recognition.



residual unit

input(28, 64)

conv(3, 128, s2) down(2)

relu

conv(1, 128, s2)

conv(3, 128) conv(1, 128)

+

relu

res(3, 128, s2)

• increasing the number of features, along with a 1× 1 convolution on
the skip connection to project to the new feature space

He, Zhang, Ren, Sun. CVPR 2016. Deep Residual Learning for Image Recognition.



residual unit

input(28, 64)

conv(3, 128, s2)

down(2)

relu conv(1, 128, s2)

conv(3, 128)

conv(1, 128)

+

relu

res(3, 128, s2)

• which is the same as a single 1× 1 convolution with stride 2, both
downsampling and projecting

He, Zhang, Ren, Sun. CVPR 2016. Deep Residual Learning for Image Recognition.



residual bottleneck unit

input(56, 64)

conv(1, 64)

relu

conv(3, 64)

conv(1, 256)

relu

conv(1, 256)

+

relu

res(3, (64, 256))

• “plain” bottleneck unit, with 1× 1 convolutions

He, Zhang, Ren, Sun. CVPR 2016. Deep Residual Learning for Image Recognition.



residual bottleneck unit

input(56, 64)

conv(1, 64)

relu

conv(3, 64) conv(1, 256)

relu

conv(1, 256)

+

relu

res(3, (64, 256))

• residual bottleneck unit with a skip connection, always projecting

He, Zhang, Ren, Sun. CVPR 2016. Deep Residual Learning for Image Recognition.



residual bottleneck unit

input(56, 64)

conv(1, 64, s2)

relu

conv(3, 64) conv(1, 256, s2)

relu

conv(1, 256)

+

relu

res(3, (64, 256), s2)

• stride 2 in the first convolutional and the skip layer

He, Zhang, Ren, Sun. CVPR 2016. Deep Residual Learning for Image Recognition.



ResNet-34

parameters operations volume

input(224, 3) 0 0 224× 224× 3

conv(7, 64, p3, s2) 9, 472 118, 816, 768 112× 112× 64

pool(3, 2, p1) 0 802, 816 56× 56× 64

3× res(3, 64) 221, 568 694, 837, 248 56× 56× 64

res(3, 128, s2) 229, 760 180, 182, 016 28× 28× 128

3× res(3, 128) 885, 504 694, 235, 136 28× 28× 128

res(3, 256, s2) 918, 272 180, 006, 400 14× 14× 256

5×22× res(3, 256) 5, 900, 80024, 544, 256 1, 156, 556, 8004, 810, 674, 176 14× 14× 25614× 14× 1024

res(3, 512, s2) 3, 671, 552 179, 918, 592 7× 7× 512

2× res(3, 512) 9, 439, 232 462, 522, 368 7× 7× 512

avg(7) 0 25, 088 512

fc(1000) 513, 000 513, 000 1000

softmax 0 1, 000 1000

• 3× more operations but 3× less parameters comparing to AlexNet

He, Zhang, Ren, Sun. CVPR 2016. Deep Residual Learning for Image Recognition.



ResNet-101

parameters operations volume

input(224, 3) 0 0 224× 224× 3

conv(7, 64, p3, s2) 9, 472 118, 816, 768 112× 112× 64

pool(3, 2, p1) 0 802, 816 56× 56× 64

3× res(3, (64, 256)) 214, 400 672, 358, 400 56× 56× 256

res(3, (128, 512), s2) 378, 112 296, 640, 512 28× 28× 512

3× res(3, (128, 512)) 837, 888 656, 904, 192 28× 28× 512

res(3, (256, 1024), s2) 1, 509, 888 296, 038, 400 14× 14× 1024

22× res(3, (256, 1024)) 24, 544, 256 4, 810, 674, 176 14× 14× 1024

res(3, (512, 2048), s2) 6, 034, 432 295, 737, 344 7× 7× 2048

2× res(3, (512, 2048)) 8, 919, 040 437, 032, 960 7× 7× 2048

avg(7) 0 100, 352 2048

fc(1000) 2, 049, 000 2, 049, 000 1000

softmax 0 1, 000 1000

• 7× more operations but 1.5× less parameters comparing to AlexNet

He, Zhang, Ren, Sun. CVPR 2016. Deep Residual Learning for Image Recognition.



ResNet-34: ImageNet

layer name output size 18-layer 34-layer 50-layer 101-layer 152-layer
conv1 112×112 7×7, 64, stride 2

conv2 x 56×56

3×3 max pool, stride 2
[

3×3, 64
3×3, 64

]
×2

[
3×3, 64
3×3, 64

]
×3




1×1, 64
3×3, 64

1×1, 256


×3




1×1, 64
3×3, 64

1×1, 256


×3




1×1, 64
3×3, 64

1×1, 256


×3

conv3 x 28×28
[

3×3, 128
3×3, 128

]
×2

[
3×3, 128
3×3, 128

]
×4




1×1, 128
3×3, 128
1×1, 512


×4




1×1, 128
3×3, 128
1×1, 512


×4




1×1, 128
3×3, 128
1×1, 512


×8

conv4 x 14×14
[

3×3, 256
3×3, 256

]
×2

[
3×3, 256
3×3, 256

]
×6




1×1, 256
3×3, 256
1×1, 1024


×6




1×1, 256
3×3, 256
1×1, 1024


×23




1×1, 256
3×3, 256

1×1, 1024


×36

conv5 x 7×7
[

3×3, 512
3×3, 512

]
×2

[
3×3, 512
3×3, 512

]
×3




1×1, 512
3×3, 512
1×1, 2048


×3




1×1, 512
3×3, 512

1×1, 2048


×3




1×1, 512
3×3, 512
1×1, 2048


×3

1×1 average pool, 1000-d fc, softmax
FLOPs 1.8×109 3.6×109 3.8×109 7.6×109 11.3×109

Table 1. Architectures for ImageNet. Building blocks are shown in brackets (see also Fig. 5), with the numbers of blocks stacked. Down-
sampling is performed by conv3 1, conv4 1, and conv5 1 with a stride of 2.
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Figure 4. Training on ImageNet. Thin curves denote training error, and bold curves denote validation error of the center crops. Left: plain
networks of 18 and 34 layers. Right: ResNets of 18 and 34 layers. In this plot, the residual networks have no extra parameter compared to
their plain counterparts.

plain ResNet
18 layers 27.94 27.88
34 layers 28.54 25.03

Table 2. Top-1 error (%, 10-crop testing) on ImageNet validation.
Here the ResNets have no extra parameter compared to their plain
counterparts. Fig. 4 shows the training procedures.

34-layer plain net has higher training error throughout the
whole training procedure, even though the solution space
of the 18-layer plain network is a subspace of that of the
34-layer one.

We argue that this optimization difficulty is unlikely to
be caused by vanishing gradients. These plain networks are
trained with BN [16], which ensures forward propagated
signals to have non-zero variances. We also verify that the
backward propagated gradients exhibit healthy norms with
BN. So neither forward nor backward signals vanish. In
fact, the 34-layer plain net is still able to achieve compet-
itive accuracy (Table 3), suggesting that the solver works
to some extent. We conjecture that the deep plain nets may
have exponentially low convergence rates, which impact the

reducing of the training error3. The reason for such opti-
mization difficulties will be studied in the future.

Residual Networks. Next we evaluate 18-layer and 34-
layer residual nets (ResNets). The baseline architectures
are the same as the above plain nets, expect that a shortcut
connection is added to each pair of 3×3 filters as in Fig. 3
(right). In the first comparison (Table 2 and Fig. 4 right),
we use identity mapping for all shortcuts and zero-padding
for increasing dimensions (option A). So they have no extra
parameter compared to the plain counterparts.

We have three major observations from Table 2 and
Fig. 4. First, the situation is reversed with residual learn-
ing – the 34-layer ResNet is better than the 18-layer ResNet
(by 2.8%). More importantly, the 34-layer ResNet exhibits
considerably lower training error and is generalizable to the
validation data. This indicates that the degradation problem
is well addressed in this setting and we manage to obtain
accuracy gains from increased depth.

Second, compared to its plain counterpart, the 34-layer

3We have experimented with more training iterations (3×) and still ob-
served the degradation problem, suggesting that this problem cannot be
feasibly addressed by simply using more iterations.

5

• a plain network exhibits degradation with increasing depth

• while a residual network gains from increasing depth

He, Zhang, Ren, Sun. CVPR 2016. Deep Residual Learning for Image Recognition.



ResNet models

layer name output size 18-layer 34-layer 50-layer 101-layer 152-layer
conv1 112×112 7×7, 64, stride 2

conv2 x 56×56

3×3 max pool, stride 2
[

3×3, 64
3×3, 64

]
×2

[
3×3, 64
3×3, 64

]
×3




1×1, 64
3×3, 64

1×1, 256


×3




1×1, 64
3×3, 64

1×1, 256


×3




1×1, 64
3×3, 64

1×1, 256


×3

conv3 x 28×28
[

3×3, 128
3×3, 128

]
×2

[
3×3, 128
3×3, 128

]
×4




1×1, 128
3×3, 128
1×1, 512


×4




1×1, 128
3×3, 128
1×1, 512


×4




1×1, 128
3×3, 128
1×1, 512


×8

conv4 x 14×14
[

3×3, 256
3×3, 256

]
×2

[
3×3, 256
3×3, 256

]
×6




1×1, 256
3×3, 256
1×1, 1024


×6




1×1, 256
3×3, 256
1×1, 1024


×23




1×1, 256
3×3, 256

1×1, 1024


×36

conv5 x 7×7
[

3×3, 512
3×3, 512

]
×2

[
3×3, 512
3×3, 512

]
×3




1×1, 512
3×3, 512
1×1, 2048


×3




1×1, 512
3×3, 512

1×1, 2048


×3




1×1, 512
3×3, 512
1×1, 2048


×3

1×1 average pool, 1000-d fc, softmax
FLOPs 1.8×109 3.6×109 3.8×109 7.6×109 11.3×109

Table 1. Architectures for ImageNet. Building blocks are shown in brackets (see also Fig. 5), with the numbers of blocks stacked. Down-
sampling is performed by conv3 1, conv4 1, and conv5 1 with a stride of 2.
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networks of 18 and 34 layers. Right: ResNets of 18 and 34 layers. In this plot, the residual networks have no extra parameter compared to
their plain counterparts.

plain ResNet
18 layers 27.94 27.88
34 layers 28.54 25.03

Table 2. Top-1 error (%, 10-crop testing) on ImageNet validation.
Here the ResNets have no extra parameter compared to their plain
counterparts. Fig. 4 shows the training procedures.

34-layer plain net has higher training error throughout the
whole training procedure, even though the solution space
of the 18-layer plain network is a subspace of that of the
34-layer one.

We argue that this optimization difficulty is unlikely to
be caused by vanishing gradients. These plain networks are
trained with BN [16], which ensures forward propagated
signals to have non-zero variances. We also verify that the
backward propagated gradients exhibit healthy norms with
BN. So neither forward nor backward signals vanish. In
fact, the 34-layer plain net is still able to achieve compet-
itive accuracy (Table 3), suggesting that the solver works
to some extent. We conjecture that the deep plain nets may
have exponentially low convergence rates, which impact the

reducing of the training error3. The reason for such opti-
mization difficulties will be studied in the future.

Residual Networks. Next we evaluate 18-layer and 34-
layer residual nets (ResNets). The baseline architectures
are the same as the above plain nets, expect that a shortcut
connection is added to each pair of 3×3 filters as in Fig. 3
(right). In the first comparison (Table 2 and Fig. 4 right),
we use identity mapping for all shortcuts and zero-padding
for increasing dimensions (option A). So they have no extra
parameter compared to the plain counterparts.

We have three major observations from Table 2 and
Fig. 4. First, the situation is reversed with residual learn-
ing – the 34-layer ResNet is better than the 18-layer ResNet
(by 2.8%). More importantly, the 34-layer ResNet exhibits
considerably lower training error and is generalizable to the
validation data. This indicates that the degradation problem
is well addressed in this setting and we manage to obtain
accuracy gains from increased depth.

Second, compared to its plain counterpart, the 34-layer

3We have experimented with more training iterations (3×) and still ob-
served the degradation problem, suggesting that this problem cannot be
feasibly addressed by simply using more iterations.

5

• downsampling by 2 at layers conv3 1, conv4 1, conv5 1

He, Zhang, Ren, Sun. CVPR 2016. Deep Residual Learning for Image Recognition.
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densely connected networks
[Huang et al. 2017]

BN

relu

conv

BN

relu

conv

+

concat

fi

xi

xi+1

• residual unit with identity mapping: add

xi+1 = xi + fi(xi)

• densely connected unit: concatenate

xi+1 = (xi, fi(xi))

• feature map dimension increases by
growth rate k at each unit

• a dense block is a chain of densely
connected units

• a transition layer reduces feature map
dimension by a factor θ = 2

Huang, Liu, van der Maaten and Weinberger. CVPR 2017. Densely Connected Convolutional Networks.
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densely connected networks
[Huang et al. 2017]

BN

relu

conv(1, 4k)

BN

relu

conv(3, k)

+

concat

fi

xi

xi+1

• residual unit with identity mapping: add

xi+1 = xi + fi(xi)

• densely connected unit: concatenate

xi+1 = (xi, fi(xi))

• feature map dimension increases by
growth rate k at each unit

• a dense block is a chain of densely
connected units

• a transition layer reduces feature map
dimension by a factor θ = 2

Huang, Liu, van der Maaten and Weinberger. CVPR 2017. Densely Connected Convolutional Networks.
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Abstract

Recent work has shown that convolutional networks can
be substantially deeper, more accurate, and efficient to train
if they contain shorter connections between layers close to
the input and those close to the output. In this paper, we
embrace this observation and introduce the Dense Convo-
lutional Network (DenseNet), which connects each layer
to every other layer in a feed-forward fashion. Whereas
traditional convolutional networks with L layers have L
connections—one between each layer and its subsequent
layer—our network has L(L+1)

2 direct connections. For
each layer, the feature-maps of all preceding layers are
used as inputs, and its own feature-maps are used as inputs
into all subsequent layers. DenseNets have several com-
pelling advantages: they alleviate the vanishing-gradient
problem, strengthen feature propagation, encourage fea-
ture reuse, and substantially reduce the number of parame-
ters. We evaluate our proposed architecture on four highly
competitive object recognition benchmark tasks (CIFAR-10,
CIFAR-100, SVHN, and ImageNet). DenseNets obtain sig-
nificant improvements over the state-of-the-art on most of
them, whilst requiring less computation to achieve high per-
formance. Code and pre-trained models are available at
https://github.com/liuzhuang13/DenseNet.

1. Introduction

Convolutional neural networks (CNNs) have become
the dominant machine learning approach for visual object
recognition. Although they were originally introduced over
20 years ago [18], improvements in computer hardware and
network structure have enabled the training of truly deep
CNNs only recently. The original LeNet5 [19] consisted of
5 layers, VGG featured 19 [28], and only last year Highway

∗Authors contributed equally
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x2
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H3

H4

x3

x4

Figure 1: A 5-layer dense block with a growth rate of k = 4.
Each layer takes all preceding feature-maps as input.

Networks [33] and Residual Networks (ResNets) [11] have
surpassed the 100-layer barrier.

As CNNs become increasingly deep, a new research
problem emerges: as information about the input or gra-
dient passes through many layers, it can vanish and “wash
out” by the time it reaches the end (or beginning) of the
network. Many recent publications address this or related
problems. ResNets [11] and Highway Networks [33] by-
pass signal from one layer to the next via identity connec-
tions. Stochastic depth [13] shortens ResNets by randomly
dropping layers during training to allow better information
and gradient flow. FractalNets [17] repeatedly combine sev-
eral parallel layer sequences with different number of con-
volutional blocks to obtain a large nominal depth, while
maintaining many short paths in the network. Although
these different approaches vary in network topology and
training procedure, they all share a key characteristic: they
create short paths from early layers to later layers.

14700

• dense block followed by transition layer

Huang, Liu, van der Maaten and Weinberger. CVPR 2017. Densely Connected Convolutional Networks.



DenseNet models

Layers Output Size DenseNet-121(k = 32) DenseNet-169(k = 32) DenseNet-201(k = 32) DenseNet-161(k = 48)

Convolution 112 × 112 7 × 7 conv, stride 2
Pooling 56 × 56 3 × 3 max pool, stride 2

Dense Block
(1)

56 × 56
[

1 × 1 conv
3 × 3 conv

]
× 6

[
1 × 1 conv
3 × 3 conv

]
× 6

[
1 × 1 conv
3 × 3 conv

]
× 6

[
1 × 1 conv
3 × 3 conv

]
× 6

Transition Layer
(1)

56 × 56 1 × 1 conv
28 × 28 2 × 2 average pool, stride 2

Dense Block
(2)

28 × 28
[

1 × 1 conv
3 × 3 conv

]
× 12

[
1 × 1 conv
3 × 3 conv

]
× 12

[
1 × 1 conv
3 × 3 conv

]
× 12

[
1 × 1 conv
3 × 3 conv

]
× 12

Transition Layer
(2)

28 × 28 1 × 1 conv
14 × 14 2 × 2 average pool, stride 2

Dense Block
(3)

14 × 14
[

1 × 1 conv
3 × 3 conv

]
× 24

[
1 × 1 conv
3 × 3 conv

]
× 32

[
1 × 1 conv
3 × 3 conv

]
× 48

[
1 × 1 conv
3 × 3 conv

]
× 36

Transition Layer
(3)

14 × 14 1 × 1 conv
7 × 7 2 × 2 average pool, stride 2

Dense Block
(4)

7 × 7
[

1 × 1 conv
3 × 3 conv

]
× 16

[
1 × 1 conv
3 × 3 conv

]
× 32

[
1 × 1 conv
3 × 3 conv

]
× 32

[
1 × 1 conv
3 × 3 conv

]
× 24

Classification
Layer

1 × 1 7 × 7 global average pool
1000D fully-connected, softmax

Table 1: DenseNet architectures for ImageNet. The growth rate for the first 3 networks is k = 32, and k = 48 for DenseNet-161. Note
that each “conv” layer shown in the table corresponds the sequence BN-ReLU-Conv.

obtain state-of-the-art results on the datasets that we tested
on. One explanation for this is that each layer has access
to all the preceding feature-maps in its block and, therefore,
to the network’s “collective knowledge”. One can view the
feature-maps as the global state of the network. Each layer
adds k feature-maps of its own to this state. The growth
rate regulates how much new information each layer con-
tributes to the global state. The global state, once written,
can be accessed from everywhere within the network and,
unlike in traditional network architectures, there is no need
to replicate it from layer to layer.

Bottleneck layers. Although each layer only produces k
output feature-maps, it typically has many more inputs. It
has been noted in [36, 11] that a 1×1 convolution can be in-
troduced as bottleneck layer before each 3×3 convolution
to reduce the number of input feature-maps, and thus to
improve computational efficiency. We find this design es-
pecially effective for DenseNet and we refer to our network
with such a bottleneck layer, i.e., to the BN-ReLU-Conv(1×
1)-BN-ReLU-Conv(3×3) version of Hℓ, as DenseNet-B. In
our experiments, we let each 1×1 convolution produce 4k
feature-maps.

Compression. To further improve model compactness,
we can reduce the number of feature-maps at transition
layers. If a dense block contains m feature-maps, we let
the following transition layer generate ⌊θm⌋ output feature-
maps, where 0 <θ ≤1 is referred to as the compression fac-
tor. When θ=1, the number of feature-maps across transi-
tion layers remains unchanged. We refer the DenseNet with
θ<1 as DenseNet-C, and we set θ = 0.5 in our experiment.
When both the bottleneck and transition layers with θ < 1
are used, we refer to our model as DenseNet-BC.

Implementation Details. On all datasets except Ima-
geNet, the DenseNet used in our experiments has three
dense blocks that each has an equal number of layers. Be-
fore entering the first dense block, a convolution with 16 (or
twice the growth rate for DenseNet-BC) output channels is
performed on the input images. For convolutional layers
with kernel size 3×3, each side of the inputs is zero-padded
by one pixel to keep the feature-map size fixed. We use 1×1
convolution followed by 2×2 average pooling as transition
layers between two contiguous dense blocks. At the end of
the last dense block, a global average pooling is performed
and then a softmax classifier is attached. The feature-map
sizes in the three dense blocks are 32× 32, 16×16, and
8×8, respectively. We experiment with the basic DenseNet
structure with configurations {L = 40, k = 12}, {L =
100, k = 12} and {L = 100, k = 24}. For DenseNet-
BC, the networks with configurations {L = 100, k = 12},
{L=250, k=24} and {L=190, k=40} are evaluated.

In our experiments on ImageNet, we use a DenseNet-BC
structure with 4 dense blocks on 224×224 input images.
The initial convolution layer comprises 2k convolutions of
size 7×7 with stride 2; the number of feature-maps in all
other layers also follow from setting k. The exact network
configurations we used on ImageNet are shown in Table 1.

4. Experiments
We empirically demonstrate DenseNet’s effectiveness on

several benchmark datasets and compare with state-of-the-
art architectures, especially with ResNet and its variants.

4.1. Datasets

CIFAR. The two CIFAR datasets [15] consist of colored
natural images with 32×32 pixels. CIFAR-10 (C10) con-
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• input is 224× 224; first convolutional layer produces 2k features;
transition layer reduces dimension and resolution by 2
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DenseNet vs. ResNet: ImageNet

Model top-1 top-5

DenseNet-121 (k=32) 25.02 (23.61) 7.71 (6.66)

DenseNet-169 (k=32) 23.80 (22.08) 6.85 (5.92)

DenseNet-201 (k=32) 22.58 (21.46) 6.34 (5.54)

DenseNet-161 (k=48) 22.33 (20.85) 6.15 (5.30)

Table 3: The top-1 and top-5 error rates on the
ImageNet validation set, with single-crop (10-
crop) testing.
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Figure 3: Comparison of the DenseNets and ResNets top-1 error rates (single-crop
testing) on the ImageNet validation dataset as a function of learned parameters (left)
and FLOPs during test-time (right).

4.3. Classification Results on CIFAR and SVHN

We train DenseNets with different depths, L, and growth
rates, k. The main results on CIFAR and SVHN are shown
in Table 2. To highlight general trends, we mark all results
that outperform the existing state-of-the-art in boldface and
the overall best result in blue.

Accuracy. Possibly the most noticeable trend may orig-
inate from the bottom row of Table 2, which shows that
DenseNet-BC with L = 190 and k = 40 outperforms
the existing state-of-the-art consistently on all the CIFAR
datasets. Its error rates of 3.46% on C10+ and 17.18% on
C100+ are significantly lower than the error rates achieved
by wide ResNet architecture [41]. Our best results on
C10 and C100 (without data augmentation) are even more
encouraging: both are close to 30% lower than Fractal-
Net with drop-path regularization [17]. On SVHN, with
dropout, the DenseNet with L = 100 and k = 24 also
surpasses the current best result achieved by wide ResNet.
However, the 250-layer DenseNet-BC doesn’t further im-
prove the performance over its shorter counterpart. This
may be explained by that SVHN is a relatively easy task,
and extremely deep models may overfit to the training set.

Capacity. Without compression or bottleneck layers,
there is a general trend that DenseNets perform better as
L and k increase. We attribute this primarily to the corre-
sponding growth in model capacity. This is best demon-
strated by the column of C10+ and C100+. On C10+, the
error drops from 5.24% to 4.10% and finally to 3.74% as
the number of parameters increases from 1.0M, over 7.0M
to 27.2M. On C100+, we observe a similar trend. This sug-
gests that DenseNets can utilize the increased representa-
tional power of bigger and deeper models. It also indicates
that they do not suffer from overfitting or the optimization
difficulties of residual networks [11].

Parameter Efficiency. The results in Table 2 indicate that
DenseNets utilize parameters more efficiently than alterna-
tive architectures (in particular, ResNets). The DenseNet-
BC with bottleneck structure and dimension reduction at

transition layers is particularly parameter-efficient. For ex-
ample, our 250-layer model only has 15.3M parameters, but
it consistently outperforms other models such as FractalNet
and Wide ResNets that have more than 30M parameters. We
also highlight that DenseNet-BC with L= 100 and k= 12
achieves comparable performance (e.g., 4.51% vs 4.62% er-
ror on C10+, 22.27% vs 22.71% error on C100+) as the
1001-layer pre-activation ResNet using 90% fewer parame-
ters. Figure 4 (right panel) shows the training loss and test
errors of these two networks on C10+. The 1001-layer deep
ResNet converges to a lower training loss value but a similar
test error. We analyze this effect in more detail below.

Overfitting. One positive side-effect of the more efficient
use of parameters is a tendency of DenseNets to be less
prone to overfitting. We observe that on the datasets without
data augmentation, the improvements of DenseNet architec-
tures over prior work are particularly pronounced. On C10,
the improvement denotes a 29% relative reduction in error
from 7.33% to 5.19%. On C100, the reduction is about 30%
from 28.20% to 19.64%. In our experiments, we observed
potential overfitting in a single setting: on C10, a 4× growth
of parameters produced by increasing k=12 to k=24 lead
to a modest increase in error from 5.77% to 5.83%. The
DenseNet-BC bottleneck and compression layers appear to
be an effective way to counter this trend.

4.4. Classification Results on ImageNet

We evaluate DenseNet-BC with different depths and
growth rates on the ImageNet classification task, and com-
pare it with state-of-the-art ResNet architectures. To ensure
a fair comparison between the two architectures, we elimi-
nate all other factors such as differences in data preprocess-
ing and optimization settings by adopting the publicly avail-
able Torch implementation for ResNet by [8]1. We simply
replace the ResNet model with the DenseNet-BC network,
and keep all the experiment settings exactly the same as
those used for ResNet. The only exception is our largest
DenseNet model is trained with a mini-batch size of 128

1https://github.com/facebook/fb.resnet.torch
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• top-1 single-crop ImageNet validation error

• encourages feature re-use and reduces the number of parameters
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U-net: a segmentation

convolutional network





Conclusion

Convolution: �lter size (1 and rest), stride, padding.
Convolution and fully connected layers.
Depth and vanishing gradient
Multi-scale information
Re-use information in early layers
Parameters, memory, and operations


