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• LeNet. The first successful applications of Convolutional Networks were developed by Yann LeCun in 1990’s. Of these, the 
best known is the LeNet architecture that was used to read zip codes, digits, etc.

• AlexNet. The first work that popularized Convolutional Networks in Computer Vision was the AlexNet, developed by Alex 
Krizhevsky, Ilya Sutskever and Geoff Hinton. The AlexNet was submitted to the ImageNet ILSVRC challenge in 2012 and 
significantly outperformed the second runner-up (top 5 error of 16% compared to runner-up with 26% error). The Network had a 
very similar architecture to LeNet, but was deeper, bigger, and featured Convolutional Layers stacked on top of each other 
(previously it was common to only have a single CONV layer always immediately followed by a POOL layer).

• ZF Net. The ILSVRC 2013 winner was a Convolutional Network from Matthew Zeiler and Rob Fergus. It became known as 
the ZFNet (short for Zeiler & Fergus Net). It was an improvement on AlexNet by tweaking the architecture hyperparameters, in 
particular by expanding the size of the middle convolutional layers and making the stride and filter size on the first layer smaller.

• GoogLeNet. The ILSVRC 2014 winner was a Convolutional Network from Szegedy et al. from Google. Its main contribution 
was the development of an Inception Module that dramatically reduced the number of parameters in the network (4M, 
compared to AlexNet with 60M). Additionally, this paper uses Average Pooling instead of Fully Connected layers at the top of 
the ConvNet, eliminating a large amount of parameters that do not seem to matter much. There are also several followup 
versions to the GoogLeNet, most recently Inception-v4.

• VGGNet. The runner-up in ILSVRC 2014 was the network from Karen Simonyan and Andrew Zisserman that became known 
as the VGGNet. Its main contribution was in showing that the depth of the network is a critical component for good 
performance. Their final best network contains 16 CONV/FC layers and, appealingly, features an extremely homogeneous 
architecture that only performs 3x3 convolutions and 2x2 pooling from the beginning to the end. Their pretrained model is 
available for plug and play use in Caffe. A downside of the VGGNet is that it is more expensive to evaluate and uses a lot more 
memory and parameters (140M). Most of these parameters are in the first fully connected layer, and it was since found that 
these FC layers can be removed with no performance downgrade, significantly reducing the number of necessary parameters.

• ResNet. Residual Network developed by Kaiming He et al. was the winner of ILSVRC 2015. It features special skip 
connections and a heavy use of batch normalization. The architecture is also missing fully connected layers at the end of the 
network. The reader is also referred to Kaiming’s presentation (video, slides), and some recent experiments that reproduce 
these networks in Torch. ResNets are currently by far state of the art Convolutional Neural Network models and are the default 
choice for using ConvNets in practice (as of May 10, 2016). In particular, also see more recent developments that tweak the 
original architecture from Kaiming He et al. Identity Mappings in Deep Residual Networks (published March 2016).

Some well known CNN architectures in the field

Credit: Fei-Fei Li, Stanford

http://yann.lecun.com/exdb/publis/pdf/lecun-98.pdf
http://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks
http://www.image-net.org/challenges/LSVRC/2014/
http://arxiv.org/abs/1311.2901
http://arxiv.org/abs/1409.4842
http://arxiv.org/abs/1602.07261
http://www.robots.ox.ac.uk/~vgg/research/very_deep/
http://www.robots.ox.ac.uk/~vgg/research/very_deep/
http://arxiv.org/abs/1512.03385
http://arxiv.org/abs/1502.03167
https://www.youtube.com/watch?v=1PGLj-uKT1w
http://research.microsoft.com/en-us/um/people/kahe/ilsvrc15/ilsvrc2015_deep_residual_learning_kaiminghe.pdf
https://github.com/gcr/torch-residual-networks
https://arxiv.org/abs/1603.05027


ResNet-18

Table 1: Dimensionality of the representation in each checkpoint, denoted as
channels⇥ height⇥ width.

Dimensionality

Checkpoint 1 64⇥ 32⇥ 32
Checkpoint 2 128⇥ 16⇥ 16
Checkpoint 3 256⇥ 8⇥ 8
Checkpoint 4 512⇥ 4⇥ 4
Checkpoint 5 512⇥ 1⇥ 1
Checkpoint 6 10⇥ 1⇥ 1

in Section 2.1. Then, as we decrease the dimensionality, the model may discard
irrelevant features and compress the representation to a form that is suitable as
output of the network.

In the network, we place 6 checkpoints; one after each residual block, one after
the average pooling operation and one after the fully connected layer. Using
the embedding of the dataset in these checkpoints, we aim to reconstruct the
original images using a decoder, mirroring the architecture of ResNet-18. The
dimensionality of the representation in each checkpoint is shown in Table 1.

2.5 Decoding the Abstract Representations

2.5.1 Transposed Convolution

While the convolution operation typically decreases the size of its input, we have
so far not discussed ways to increase the size of something, which is a necessary
property of the decoder we construct in this thesis. Transposed convolutions,
sometimes known as deconvolutions, meet this need. Although upsampling using
a convolution is also possible, it is not as computationally e�cient due to the
amount of padding required [12].

The transposed convolution is not an exact inverse of the convolution operation.
Instead, it can take the output of a convolution operation and recover the shape
of its original input. For an understanding of how the transposed convolution
works in practice it is best to see an illustration of it, as shown in Figure 7. As
we can see, the transposed convolution also makes use of a kernel of trainable
parameters that slides across the input, performing element-wise multiplication
and then addition.

In Algorithm 1 we present the basic algorithm for a transposed convolution
using one channel. For multiple channels, the operation is similar to what we
saw for the convolution operation. That is, for cin input channels and cout

output channels, we need a kernel K of dimensions cin⇥kh⇥kw for each output
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Degradation Problem and Residual Blocks 

Deep Residual Learning for Image Recognition

Kaiming He Xiangyu Zhang Shaoqing Ren Jian Sun
Microsoft Research

{kahe, v-xiangz, v-shren, jiansun}@microsoft.com

Abstract

Deeper neural networks are more difficult to train. We
present a residual learning framework to ease the training
of networks that are substantially deeper than those used
previously. We explicitly reformulate the layers as learn-
ing residual functions with reference to the layer inputs, in-
stead of learning unreferenced functions. We provide com-
prehensive empirical evidence showing that these residual
networks are easier to optimize, and can gain accuracy from
considerably increased depth. On the ImageNet dataset we
evaluate residual nets with a depth of up to 152 layers—8⇥
deeper than VGG nets [41] but still having lower complex-
ity. An ensemble of these residual nets achieves 3.57% error
on the ImageNet test set. This result won the 1st place on the
ILSVRC 2015 classification task. We also present analysis
on CIFAR-10 with 100 and 1000 layers.

The depth of representations is of central importance
for many visual recognition tasks. Solely due to our ex-
tremely deep representations, we obtain a 28% relative im-
provement on the COCO object detection dataset. Deep
residual nets are foundations of our submissions to ILSVRC
& COCO 2015 competitions1, where we also won the 1st
places on the tasks of ImageNet detection, ImageNet local-
ization, COCO detection, and COCO segmentation.

1. Introduction

Deep convolutional neural networks [22, 21] have led
to a series of breakthroughs for image classification [21,
50, 40]. Deep networks naturally integrate low/mid/high-
level features [50] and classifiers in an end-to-end multi-
layer fashion, and the “levels” of features can be enriched
by the number of stacked layers (depth). Recent evidence
[41, 44] reveals that network depth is of crucial importance,
and the leading results [41, 44, 13, 16] on the challenging
ImageNet dataset [36] all exploit “very deep” [41] models,
with a depth of sixteen [41] to thirty [16]. Many other non-
trivial visual recognition tasks [8, 12, 7, 32, 27] have also

1
http://image-net.org/challenges/LSVRC/2015/ and

http://mscoco.org/dataset/#detections-challenge2015.
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Figure 1. Training error (left) and test error (right) on CIFAR-10
with 20-layer and 56-layer “plain” networks. The deeper network
has higher training error, and thus test error. Similar phenomena
on ImageNet is presented in Fig. 4.

greatly benefited from very deep models.
Driven by the significance of depth, a question arises: Is

learning better networks as easy as stacking more layers?
An obstacle to answering this question was the notorious
problem of vanishing/exploding gradients [1, 9], which
hamper convergence from the beginning. This problem,
however, has been largely addressed by normalized initial-
ization [23, 9, 37, 13] and intermediate normalization layers
[16], which enable networks with tens of layers to start con-
verging for stochastic gradient descent (SGD) with back-
propagation [22].

When deeper networks are able to start converging, a
degradation problem has been exposed: with the network
depth increasing, accuracy gets saturated (which might be
unsurprising) and then degrades rapidly. Unexpectedly,
such degradation is not caused by overfitting, and adding
more layers to a suitably deep model leads to higher train-
ing error, as reported in [11, 42] and thoroughly verified by
our experiments. Fig. 1 shows a typical example.

The degradation (of training accuracy) indicates that not
all systems are similarly easy to optimize. Let us consider a
shallower architecture and its deeper counterpart that adds
more layers onto it. There exists a solution by construction
to the deeper model: the added layers are identity mapping,
and the other layers are copied from the learned shallower
model. The existence of this constructed solution indicates
that a deeper model should produce no higher training error
than its shallower counterpart. But experiments show that
our current solvers on hand are unable to find solutions that

1
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293 Residual Networks (ResNet) and ResNeXt

8.6.1 Function Classes

ConsiderF , the class of functions that a specific network architecture (together with learning
rates and other hyperparameter settings) can reach. That is, for all f ∈ F there exists some
set of parameters (e.g., weights and biases) that can be obtained through training on a suitable
dataset. Let’s assume that f∗ is the “truth” function that we really would like to find. If it is
in F , we are in good shape but typically we will not be quite so lucky. Instead, we will try to
find some f∗

F which is our best bet within F . For instance, given a dataset with features X
and labels y, we might try finding it by solving the following optimization problem:

f∗
F

def
= argmin

f
L(X,y, f) subject to f ∈ F . (8.6.1)

We know that regularization (Morozov, 1984, Tikhonov and Arsenin, 1977) may control
complexity of F and achieve consistency, so a larger size of training data generally leads to
better f∗

F . It is only reasonable to assume that if we design a different and more powerful
architecture F ′ we should arrive at a better outcome. In other words, we would expect that
f∗
F ′ is “better” than f∗

F . However, if F "⊆ F ′ there is no guarantee that this should even
happen. In fact, f∗

F ′ might well be worse. As illustrated by Fig.8.6.1, for non-nested function
classes, a larger function class does not always move closer to the “truth” function f∗. For
instance, on the left of Fig.8.6.1, thoughF3 is closer to f∗ thanF1,F6 moves away and there
is no guarantee that further increasing the complexity can reduce the distance from f∗. With
nested function classes where F1 ⊆ . . . ⊆ F6 on the right of Fig.8.6.1, we can avoid the
aforementioned issue from the non-nested function classes.

!Figure 8.6.1 For non-nested function classes, a larger (indicated by area) function class does not
guarantee to get closer to the truth function (f∗). This does not happen in nested function
classes.

Thus, only if larger function classes contain the smaller ones are we guaranteed that increasing
them strictly increases the expressive power of the network. For deep neural networks, if we
can train the newly-added layer into an identity function f(x) = x, the new model will be as
effective as the original model. As the new model may get a better solution to fit the training
dataset, the added layer might make it easier to reduce training errors.

This is the question that (He et al., 2016) considered when working on very deep computer
vision models. At the heart of their proposed residual network (ResNet) is the idea that every
additional layer should more easily contain the identity function as one of its elements. These
considerations are rather profound but they led to a surprisingly simple solution, a residual
block. With it, ResNet won the ImageNet Large Scale Visual Recognition Challenge in 2015.
The design had a profound influence on how to build deep neural networks. For instance,
residual blocks have been added to recurrent networks (Kim et al., 2017, Prakash et al., 2016).
Likewise, Transformers (Vaswani et al., 2017) use them to stack many layers of networks
efficiently. It is also used in graph neural networks (Kipf and Welling, 2016) and, as a basic
concept, it has been used extensively in computer vision (Redmon and Farhadi, 2018, Ren et

Fig. 8.6.1 (Dive into DL)
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Various Normalizations 

Height     Width      # of Channels     N: (Mini)-batch size 

Normalize(x) = γ ⊙
x − ̂μ

̂σ
+ β

H
, W

C N

Batch Norm

H
, W

C N

Layer Norm

H
, W

C N

Instance Norm

H
, W

C N

Group Norm

Figure 2. Normalization methods. Each subplot shows a feature map tensor, with N as the batch axis, C as the channel axis, and (H,W )
as the spatial axes. The pixels in blue are normalized by the same mean and variance, computed by aggregating the values of these pixels.

number. ShuffleNet [65] proposes a channel shuffle oper-
ation that permutes the axes of grouped features. These
methods all involve dividing the channel dimension into
groups. Despite the relation to these methods, GN does not
require group convolutions. GN is a generic layer, as we
evaluate in standard ResNets [20].

3. Group Normalization

The channels of visual representations are not entirely
independent. Classical features of SIFT [39], HOG [9],
and GIST [41] are group-wise representations by design,
where each group of channels is constructed by some kind
of histogram. These features are often processed by group-
wise normalization over each histogram or each orientation.
Higher-level features such as VLAD [29] and Fisher Vec-
tors (FV) [44] are also group-wise features where a group
can be thought of as the sub-vector computed with respect
to a cluster.

Analogously, it is not necessary to think of deep neu-
ral network features as unstructured vectors. For example,
for conv1 (the first convolutional layer) of a network, it is
reasonable to expect a filter and its horizontal flipping to
exhibit similar distributions of filter responses on natural
images. If conv1 happens to approximately learn this pair
of filters, or if the horizontal flipping (or other transforma-
tions) is made into the architectures by design [11, 8], then
the corresponding channels of these filters can be normal-
ized together.

The higher-level layers are more abstract and their be-
haviors are not as intuitive. However, in addition to orien-
tations (SIFT [39], HOG [9], or [11, 8]), there are many
factors that could lead to grouping, e.g., frequency, shapes,
illumination, textures. Their coefficients can be interde-
pendent. In fact, a well-accepted computational model
in neuroscience is to normalize across the cell responses
[21, 52, 55, 5], “with various receptive-field centers (cov-
ering the visual field) and with various spatiotemporal fre-
quency tunings” (p183, [21]); this can happen not only in
the primary visual cortex, but also “throughout the visual
system” [5]. Motivated by these works, we propose new
generic group-wise normalization for deep neural networks.

3.1. Formulation

We first describe a general formulation of feature nor-
malization, and then present GN in this formulation. A fam-
ily of feature normalization methods, including BN, LN, IN,
and GN, perform the following computation:

x̂i =
1

�i

(xi � µi). (1)

Here x is the feature computed by a layer, and i is an index.
In the case of 2D images, i = (iN , iC , iH , iW ) is a 4D vec-
tor indexing the features in (N,C,H,W ) order, where N is
the batch axis, C is the channel axis, and H and W are the
spatial height and width axes.

µ and � in (1) are the mean and standard deviation (std)
computed by:

µi =
1

m

X

k2Si

xk, �i =

s
1

m

X

k2Si

(xk � µi)2 + ✏, (2)

with ✏ as a small constant. Si is the set of pixels in which
the mean and std are computed, and m is the size of this set.
Many types of feature normalization methods mainly differ
in how the set Si is defined (Figure 2), discussed as follows.

In Batch Norm [26], the set Si is defined as:

Si = {k | kC = iC}, (3)

where iC (and kC) denotes the sub-index of i (and k) along
the C axis. This means that the pixels sharing the same
channel index are normalized together, i.e., for each chan-
nel, BN computes µ and � along the (N,H,W ) axes. In
Layer Norm [3], the set is:

Si = {k | kN = iN}, (4)

meaning that LN computes µ and � along the (C,H,W )
axes for each sample. In Instance Norm [61], the set is:

Si = {k | kN = iN , kC = iC}. (5)

meaning that IN computes µ and � along the (H,W ) axes
for each sample and each channel. The relations among BN,
LN, and IN are in Figure 2.

3

Fig. taken from https://arxiv.org/pdf/1803.08494.pdf 

•  and  are estimated by the BLUE parts for different types of 
normalizations


•  and  are trainable parameters

̂μ ̂σ

γ β

https://arxiv.org/pdf/1803.08494.pdf
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CIFAR-10 dataset 

Data: 32x32x3, 60000 Images

ResNet-18: ~ 11 millions parameters

CIFAR: Canadian Institute for Advanced Research
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MNIST dataset 

MNIST: Modified National Institute of Standards and Technology

Data: 60000 Images
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Look Into The Blackbox: CIFAR-10 Confusion Matrix

Training/Validation 
Curves

Nik Tavakolian
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Look Into The Blackbox: MNIST Confusion Matrix

Training/Validation 
Curves

10000 test points

Nik Tavakolian
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Shape-aware stochastic neighbor 
embedding for robust data visualisations
Tobias Wängberg, Joanna Tyrcha* and Chun-Biu Li* 

Background
Analysing high-dimensional (HD) data is an important challenge in a wide variety of 
fields. In particular, Dimensionality Reduction (DR) techniques have been increasingly 
used for visualising high-dimensional data by projecting the data onto a low-dimen-
sional (LD), usually 2D, space. !e aim is to reveal the key hidden structures in the HD 
data, such as clusters or other geometrical arrangements of the data points. One of the 
most frequently used methods for this purpose is the t-distributed Stochastic Neighbor 

Abstract 
Background: The t-distributed Stochastic Neighbor Embedding (t-SNE) algorithm 
has emerged as one of the leading methods for visualising high-dimensional (HD) 
data in a wide variety of fields, especially for revealing cluster structure in HD single-
cell transcriptomics data. However, t-SNE often fails to correctly represent hierarchical 
relationships between clusters and creates spurious patterns in the embedding. In this 
work we generalised t-SNE using shape-aware graph distances to mitigate some of the 
limitations of the t-SNE. Although many methods have been recently proposed to cir-
cumvent the shortcomings of t-SNE, notably Uniform manifold approximation (UMAP) 
and Potential of heat diffusion for affinity-based transition embedding (PHATE), we see 
a clear advantage of the proposed graph-based method.

Results: The superior performance of the proposed method is first demonstrated 
on simulated data, where a significant improvement compared to t-SNE, UMAP and 
PHATE, based on quantitative validation indices, is observed when visualising imbal-
anced, nonlinear, continuous and hierarchically structured data. Thereafter the ability 
of the proposed method compared to the competing methods to create faithfully 
low-dimensional embeddings is shown on two real-world data sets, the single-cell 
transcriptomics data and the MNIST image data. In addition, the only hyper-parameter 
of the method can be automatically chosen in a data-driven way, which is consistently 
optimal across all test cases in this study.

Conclusions: In this work we show that the proposed shape-aware stochastic 
neighbor embedding method creates low-dimensional visualisations that robustly and 
accurately reveal key structures of high-dimensional data.

Keywords: Data visualisation, Dimensionality reduction, Graph distance, 
Dimensionality reduction validation
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Transpose Convolution

598 Computer Vision

tensor([[ 0., 0., 1.],
[ 0., 4., 6.],
[ 4., 12., 9.]])

Alternatively, when the input X and kernel K are both four-dimensional tensors, we can use
high-level APIs to obtain the same results.

X, K = X.reshape(1, 1, 2, 2), K.reshape(1, 1, 2, 2)
tconv = nn.ConvTranspose2d(1, 1, kernel_size=2, bias=False)
tconv.weight.data = K
tconv(X)

tensor([[[[ 0., 0., 1.],
[ 0., 4., 6.],
[ 4., 12., 9.]]]], grad_fn=<ConvolutionBackward0>)

14.10.2 Padding, Strides, and Multiple Channels

Different from in the regular convolution where padding is applied to input, it is applied to
output in the transposed convolution. For example, when specifying the padding number on
either side of the height and width as 1, the first and last rows and columns will be removed
from the transposed convolution output.

tconv = nn.ConvTranspose2d(1, 1, kernel_size=2, padding=1, bias=False)
tconv.weight.data = K
tconv(X)

tensor([[[[4.]]]], grad_fn=<ConvolutionBackward0>)

In the transposed convolution, strides are specified for intermediate results (thus output), not
for input. Using the same input and kernel tensors from Fig.14.10.1, changing the stride from
1 to 2 increases both the height and weight of intermediate tensors, hence the output tensor
in Fig.14.10.2.

!Figure 14.10.2 Transposed convolution with a 2× 2 kernel with stride of 2. The shaded portions are a
portion of an intermediate tensor as well as the input and kernel tensor elements used for
the computation.

Fig. 14.10.2 (Dive in DL) 2x2 kernel, stride of 2 
for further upsampling

597 Transposed Convolution

also called fractionally-strided convolution (Dumoulin and Visin, 2016), for reversing down-
sampling operations by the convolution.

import torch
from torch import nn
from d2l import torch as d2l

14.10.1 Basic Operation

Ignoring channels for now, let’s begin with the basic transposed convolution operation with
stride of 1 and no padding. Suppose that we are given a nh×nw input tensor and a kh× kw
kernel. Sliding the kernel window with stride of 1 for nw times in each row and nh times in
each column yields a total of nhnw intermediate results. Each intermediate result is a (nh +
kh − 1)× (nw + kw − 1) tensor that are initialized as zeros. To compute each intermediate
tensor, each element in the input tensor is multiplied by the kernel so that the resulting kh×kw
tensor replaces a portion in each intermediate tensor. Note that the position of the replaced
portion in each intermediate tensor corresponds to the position of the element in the input
tensor used for the computation. In the end, all the intermediate results are summed over to
produce the output.

As an example, Fig.14.10.1 illustrates how transposed convolution with a 2 × 2 kernel is
computed for a 2× 2 input tensor.

!Figure 14.10.1 Transposed convolution with a 2× 2 kernel. The shaded portions are a portion of an
intermediate tensor as well as the input and kernel tensor elements used for the
computation.

We can implement this basic transposed convolution operation trans_conv for a input ma-
trix X and a kernel matrix K.

def trans_conv(X, K):
h, w = K.shape
Y = torch.zeros((X.shape[0] + h - 1, X.shape[1] + w - 1))
for i in range(X.shape[0]):

for j in range(X.shape[1]):
Y[i: i + h, j: j + w] += X[i, j] * K

return Y

In contrast to the regular convolution (in Section 7.2) that reduces input elements via the ker-
nel, the transposed convolution broadcasts input elements via the kernel, thereby producing
an output that is larger than the input. We can construct the input tensor X and the kernel
tensor K from Fig.14.10.1 to validate the output of the above implementation of the basic
two-dimensional transposed convolution operation.

X = torch.tensor([[0.0, 1.0], [2.0, 3.0]])
K = torch.tensor([[0.0, 1.0], [2.0, 3.0]])
trans_conv(X, K)

Fig. 14.10.1 (Dive in DL) 2x2 kernel, stride of 1


