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Abstract

This short survey discusses the role of depth in current deep learning research.
Both positive and negative views towards this topic are provided and contrasted.
On the positive side, the general philosophy behind depth is first presented (Sec-
tion 1), followed by support from both theory (Section 2), where we highlight the
efficiency and representation power of deep models, and experiments (Section 3),
where we use participants of ILSVRC to illustrate the point. On the negative side,
we start with the well known issue of vanishing/exploding gradient (Section 4),
and finally show how and why it is possible for a deep model to be approximated
by a shallow one (Section 5). This is the first of the four short surveys.

1 Pro: Hierarchical representation

There is no doubt that the world around us is hierarchical: a face consists of two eyes, two ears, a
mouth, and a nose; a human consists of a face, a torso, two arms, and two legs... This holds true for
language as well, which is why we have WordNet [1].

Representation learning aims at learning representations of the data that capture useful information
for classifiers or predictors [2]. The artificial neural network is a natural choice towards this goal,
because deep neural networks have at least one hidden layer by definition, therefore each layer
captures a certain hierarchical representation between the input and output.

The stack of Restricted Boltzmann Machines is an excellent example to illustrate this hierarchical
representation of data. Learning a stack of RBMs is quite essential for both deep belief nets [3] and
autoencoders [4]. One RBM is simply a bipartite undirected graphical model, so a stack of RBMs
is learned in a layer-by-layer fashion. Concretely, we clamp the data vector to the visible units, run
contrastive divergence [5] until it converges, and then treat the hidden units as the new visible units
and learn another RBM on top of that. Therefore, each layer serves as an extra level of abstraction
of the raw data.

This holds true not only for RBMs, but also for convolutional neural networks. [6] showed quali-
tatively how neurons in different layers respond to different types of image patches. [7] took this
one step further and offered quantitative analysis of both object CNNs and scene CNNs, proving
that higher layer neurons correspond to higher level (e.g. object, scene) instead of lower level (e.g.
texture, object part) knowledge. Recently [8] proposed to look at the activities of groups of neu-
rons instead of a single neuron (which corresponds to the population encoding theory in cognitive
science), and showed that population encoding gives better visual concepts at a particular level.

All these findings serve to show that by having a certain amount of depth, we are able to build the
hierarchical representation of the input data, which is a reasonable model considering the world
we live in. However, how powerful is depth from a mathematical point of view, and do we have
empirical evidence to support the claim?
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2 Pro: Theoretical support

While it was proven that a neural network with at least one hidden layer can represent any function
to an arbitrary degree of accuracy as long as its hidden layer is permitted to have enough neurons
[9], in practice we still need to take efficiency into account. That is, shallow networks can be
very inefficient in terms of the number of neurons and the number of examples, and deep networks
provide a more compact solution.

A naive way to see the power of depth is that suppose we have in total m + n neurons. If we
use all of them in one hidden layer, then between an input neuron and an output neuron we have
2(m + n) connections. However, if we distribute these neurons into two layers, then the number of
connections between input and output neuron becomes m + mn + n, and of course mn > m + n
for m ≥ 2, n ≥ 2.

More formal work on the efficiency of deep representation include [10] [11] [12] [13]. One such
example is that the parity function with d inputs requires O(2d) examples and parameters to be
represented by a Gaussian SVM, O(d2) parameters for a one-hidden-layer neural network, O(d)
parameters and units for a multi-layer network with O(log2 d) layers, and O(1) parameters with a
recurrent neural network. Another example is that boolean functions expressible by O(log d) layers
of combinatorial logic with O(d) neurons in each layer may require O(2d) neurons when using only
2 layers. The general lesson here is that depth could have exponential advantage.

We argue that deep architectures have more representation power than shallow ones, but how to
properly define the representation power? Since neural networks can be seen as a non-linear par-
tition of input space, one potential criteria is to look at the number of regions that a network could
partition into.

[14] studied the multi-layer feedforward networks with rectified linear units. The main theorem
states that a model with n0 inputs and k hidden layers of widths n1, n2, . . . , nk can divide the input
space in
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or possibly more regions. The follow-up work [15] improved this lower bound to
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This result suggests that the number of linear regions is Ω(( n
n0

)(k−1)n0nn0) for hidden layer width
n ≥ n0, which grows exponentially in k and polynomially in n, proving once again the exponential
advantage of depth.

3 Pro: Experimental support

Convolutional neural networks have been proved hugely successful in the past few years (for com-
puter vision tasks in particular). Back in the 1980s, CNNs were first introduced for the classification
of hand-written digits [16]. However, the recent comeback of CNNs was marked by the 2012 Ima-
geNet classification challenge, where AlexNet [17] won by a large margin of 10%.

Now that nearly 4 years have passed, we observe that people do not come up with specific network
architecture design for each individual task very often. Instead, there exists a handful of classic
architectures [17, 18, 19, 20] with exactly the same building blocks (namely convolution layers,
pooling layers, ReLU layers etc). The most distinctive feature between these architectures is depth,
and in fact the greater the depth, the smaller the error rate.
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3.1 AlexNet: 8 layers, 16.4% error rate

Figure 1: AlexNet Architecture

The AlexNet [17] architecture contains 8 layers. The first 5 are convolution layers followed by
ReLU and max pooling, and the last 3 are fully connected layers.

3.2 VGG Net: 19 layers, 7.32% error rate

The deepest variant of VGG Net [18] has 19 weight layers. Very similar to AlexNet, the last 3
layers of VGG Net are fully connected layers, so VGG Net is essentially expanding the number of
convolution layers. In addition, all convolution layers have filter size 3 by 3.

3.3 GoogLeNet: 22 layers, 6.67% error rate

While VGG Net simply seeks to expand the number of convolution layers, GoogLeNet [19] tries to
come up with an interesting module called “inception”. This module is essentially the concatenation
of a series of convolution layers with different kernel size. The resulting architecture has 22 weight
layers with 3 loss layers at different depth level (similar to the idea in [21]).

3.4 ResNet: 152 layers, 3.57% error rate

ResNet [20] is the newest winner of the ILSVRC. Instead of simply stacking convolution layers,
ResNet introduces the identity mapping between layers, which in a way guarantees good initializa-
tion. The power of depth is undeniable: error rate decreases monotonically for the 34, 50, 101, 152
layer variant.

Figure 2: Left: Inception Module; Right: Residual Learning Building Block
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4 Con: Deeper models are harder to train

While the models introduced in the previous section give great performance, it is also well known
that it is difficult to reproduce the training from scratch. This is mainly due to the notorious vanish-
ing/exploding gradient problem.

For example, training VGG Net [18] cannot be done in one go. Only the first 11 layers are trained
together, and then other layers are fine-tuned in a layer-by-layer fashion. It is further showed in [20]
that for both CIFAR-10 [22] and ImageNet [23], if we simply stack more layers then both training
and test error will go up. This is obviously not overfitting, therefore the experiment suggests that as
the architecture becomes too deep, more advanced architecture design or regularization methods are
needed, which is their motivation behind the identity mapping between layers.

Figure 3: On CIFAR-10, both training and test error of 56 layer are higher than 20 layer

Perhaps the more commonly used example in illustraing the depth problem is Recurrent Neural
Networks. The architecture of RNN is essentially one layer expanded over time, i.e. a deep neural
network with shared weights across different layers. The number of time steps is the number of
hidden layers, therefore the vanishing/exploding gradient problem could be quite severe.

To address this problem, people come up with architectures such as LSTM [24] and GRU [25] to
enable potentially long gradient flow, and [26] do visualize that the cells are able to learn meaningful
features and keep information for a long sequence. [27] [28] are recent efforts to propose LSTM-
inspired models for vision tasks.

In sum, what we have seen here is that despite the growing difficulty in training deeper and deeper
models, there are still players in the game of pushing the limit. If we agree that deeper models have
stronger representation power, then there really is no stopping people carrying on.

5 Con: Shallow approximation of deep network

A very interesting discovery in [29] is that without hurting much performance, we can approximate
a deep network with a shallow one with roughly the same number of parameters. Concretely, they
did the following on both speech and vision datasets:

1. Train a deep model using standard techniques

2. Synthesize large amounts of input data and pass through the model to get input-output pair

3. Use a shallow model to approximate this mapping with L2 penalty

4. Test both deep model and shallow model on the test set to compare performance

The idea behind the paper may be more easily explained by analogy to linear regression. Imagine
you have N points on a 2D plane through which you want to fit a line. If you want to recover the
data exactly with a polynomial then you you will need a polynomial of degree N . However you can
also fit the data with a polynomial of degree M < N with L2 penalty. Obviously the reconstruction
is not perfect now, but may well be a pretty good model.

4



We know that for classification tasks, a deep neural network serves as a non-linear partition of the
input space. By synthesizing large amounts of input data and passing through the deep model, we
are essentially recovering this partition as accurately as possible. The goal for the shallow model
(which presumably has less representation power) is to mimic this non-linear partition with L2 loss.
The experiments in this paper show that indeed the approximation is quite satisfactory, suggesting
that it may be unnecessary to use a deep model for common tasks.

In fact, the presumably low representation power of the shallow network may serve as a form of
regularization, and help boost the performance. This is because the original data may contain wrong
labels. While the deep model may fit to this noise, the shallow model may be able to reject it. This
is quite similar to the linear regression analogy.

I personally feel that a more likely explanation is the natural data in fact lie in very low dimensional
space. It is well known that a face can be modeled quite well using a few principal components
from PCA [30], and this notion is also supported recently in neural networks [31]. While there are
fewer proofs for natural data in general, it is possible for deep neural networks to have too much
representation power than we really need.

Despite this explanation, it is still quite surprising to see that deep neural networks are not showing
100% of their power. In designing a neural network architecture for a certain task, a common
recipe is to keep adding layers until the performance stops growing. By that time we consider the
network structure to be suitable for the task at hand and start tuning hyper-parameters more carefully.
However, this paper suggests that maybe carefully selecting the number of layers is not necessary,
and tuning the number of neurons in the only hidden layer should be sufficient.

A natural question to ask is: then why don’t we train a shallow model directly? It turns out that
training a shallow model from scratch is much more difficult than training a deep model from scratch.
The reason behind this phenomenon remains an open question. In fact this is my major critique of
this work: the creation of the shallow model depends on both the availability of large amounts of
unlabeled data and a pre-trained deep model, and neither of the requirements is cheap.

6 Conclusion

The advantage of deeper models over shallower ones, while significant, is not absolute. This can be
seen from two pairs of arguments presented in this article:

• In theory, the representation power of deeper models is stronger. However, modeling the
world we live in might not need a model as complicated as the one we have now.

• Deeper and deeper models do give higher and higher performance. But the difficulty also
increases, in terms of both the vanishing/exploding gradient problem and hardware con-
straint. As a result, the training of deeper models is harder to reproduce, because it involves
more “tricks”.

Since nowadays the deep learning community is still quite performance driven, people are likely to
keep pushing the limit of depth. However, what I would like to see is that in addition to estimating
the capacity of the model, we should come up with ways to estimate the capacity of the problem
itself, and choose the model design (e.g. number of hidden layers, number of neurons in each layer)
accordingly. This will eliminate the painful process of experimenting with the architecture design,
and make deep learning more friendly and universal.
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