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Abstract. In this work we propose to initialize rectifier neural networks
with random projection matrices. We focus on Convolutional Neural Net-
works and fully-connected networks with pretraining. Our results show,
that in convolutional networks a well designed random projection initial-
ization can perform better than the current state-of-the-art He’s initializa-
tion. Specifically, in our evaluation, initialization based on the Subsampled
Randomized Hadamard Transform consistently outperformed He’s initial-
ization on several evaluated image classification datasets.

1 Introduction

The choice of initial neural network parameters, i.e., weights and biases, can
significantly affect the speed of convergence and the quality of the found solu-
tion. This issue, related to backpropagation through deep networks, prompted a
vigorous research on network initialization. Glorot and Bengio [1], for example,
proposed initialization schemes for sigmoid and hyperbolic tangent activation
functions. Their initialization was one of the factors that made it possible to
successfully train deep networks from scratch [2]. A weight initialization scheme
for rectifier linear units (ReLU) was given in [3] - the so called He’s initialization.
He’s initialization is currently the state-of-the-art for practical applications in
ReLU networks. Comparatively less work has been published on initialization of
weights as a starting point for generative pretraining. Weights before pretrain-
ing are typically densely initialized with random values drawn from a zero-mean
normal distribution with small standard deviation [4].

In this work we study initialization of deep neural networks with random
projection (RP) matrices. In particular, we investigate several RP initialization
schemes in Convolutional Neural Networks (CNNs) and in fully-connected net-
works with pretraining. We focus on rectifier networks, as the ReLU transfer
function is currently the most popular choice for efficient training of deep archi-
tectures. Our results show that using RP matrices as initial weights in CNNs
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can improve performance over the current state-of-the-art initialization scheme.
Pretrained networks, however, do not benefit from RP initialization.

2 Initializing weights with random projection matrices

In random projection, a dataset A ∈ R
n×d is projected from a high-dimensional

space R
d into a lower-dimensional space R

k using a random matrix R ∈ R
d×k:

Ã = AR. The simplest construction for the matrix R is the Gaussian ran-
dom matrix, whose entries are drawn from a zero-mean normal distribution [5].
Note, that this construction is related to network initialization with small, fixed-
variance Gaussian weights, which historically was a popular choice for initial
weights. To see this, consider an untrained network layer with d input units
and k output units, k ≤ d, whose weight matrix W ∈ R

d×k has been initial-
ized from N(0, σ2) and the biases have been set to zero. The layer receives an
input vector I ∈ R

d and computes the output O ∈ R
k: O = f(IW), where

f is the activation function. The computation realized by this layer is simi-
lar to performing a Gaussian RP of the input vector using W as the random
projection matrix R. The only difference is the application of an element-wise
activation function f , as matrices W and R are constructed in exactly the same
manner: they consist of random numbers drawn from a Gaussian distribution
with a small variance. For nonlinear activations that are well approximated by
a linear function near zero, e.g., sigmoid or hyperbolic tangent, applying f has
little impact on the result. In case of ReLU applying f zeroes-out the negative
entries of IW. However, the resultant vector O still contains on average half of
the random projection coordinates.

A network consisting of l hidden layers performs l consecutive Gaussian ran-
dom projections, resulting in a k-dimensional data representation, where k is
the size of the last hidden layer. As the Gaussian RP satisfies the Johnson–
Lindenstrauss Lemma [5], unless k is small, feeding data through a Gaussian-
initialized network yields an output that roughly preserves the structure of
the original data. This is supported by recent findings that random untrained
weights can perform surprisingly well in certain convolutional network architec-
tures [6]. We argue that this observation may, to some extent, be attributed to
the structure-preserving nature of an embedding realized by untrained networks
with Gaussian weights.

While the above argument was presented for the Gaussian initialization, it
also holds for other random projection schemes. This motivates us to explore the
prospects of initializing the weights in neural networks with more intricate ran-
dom matrices. In particular, we consider four RP matrix constructions: Achliop-
tas’ [7], Li’s [8], Subsampled Randomized Hadamard Transform [9] (SRHT) and
a construction based on Count Sketch [10].

When initializing CNNs, following [11], we only initialize weights in the con-
volutional layers, and set the biases to zero. Consider a weight matrix of size:
cout× cin×k×k, where cin and cout are the number of input and output activa-
tion maps, respectively, and k is the size of the convolution kernel. In RP-based
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initialization we use n = cin × k × k as the data dimensionality and cout as the
projection dimensionality. Therefore, before training, the convolutional layer
can be seen as performing RP of the input volume into a cout-dimensional space.
We normalize the weight matrices to the same standard deviation as in He’s
initialization, i.e., to

√
2/n. The exception is the Count Sketch initialization,

where, due to its sparsity, we multiply the weights with a scale factor γ chosen
with validation experiments. In SRHT initialization we set the sparsity param-

eter [9] to q = log2N
n . For the number of projected examples N we assume the

number of training examples in a single epoch.
We also investigated initialization in fully-connected networks with genera-

tive pretraining. For the pretraining phase we employ stacked Restricted Boltz-
mann Machines (RBMs) [12]. Random projection initialization is performed
before the pretraining phase, and thus serves as the starting point for the Con-
trastive Divergence algorithm. When initializing the weights in an RBM with
RP matrix elements, we use the number of visible units as the data dimension-
ality and the number of hidden units as the projection dimensionality. Similarly
to CNN initialization, we leave the biases set to zero. Following [4], after ini-
tialization we normalize the weight matrices to zero mean and a small standard
deviation. The Count Sketch initialization is, again, an exception - because
of its sparsity we scale the weights by a constant factor chosen with validation
experiments. In SRHT initialization we set the sparsity parameter q as in CNNs.

3 Experiments

For the evaluation of RP initialization in CNNs we employed three datasets,
namely CIFAR-10, CIFAR-100 and SVHN. The evaluation was carried out using
Residual Networks with stochastic depth [11]. Note, however, that RP initial-
ization proposed herein is not tailored for this specific network architecture, but
can be used in any rectifier network. Our aim is not to improve beyond the cur-
rent state-of-the-art results on CIFAR or SVHN but to find out whether modern
CNN architectures can benefit from RP initialization. We use ResNets with
stochastic depth as an example of such architecture. For our experiments we
employed the best-performing architectures and hyper-parameter sets from [11],
i.e., 110-layer ResNets for the CIFAR experiments and a 152-layer ResNet for the
SVHN experiments. With the reference He’s initialization these models achieved
state-of-the-art performance on CIFAR-10 and CIFAR-100 with standard data
augmentation, and the second best published result on SVHN. To account for
the random nature of weight initialization, we trained ten network instances
for each initialization method, using different random number generator seeds.
Afterwards, we carried out statistical tests to assess the confidence of RP ini-
tialization schemes outperforming the He’s initialization. Specifically, for each
network instance we averaged the test errors from the last 100 (CIFAR) or 10
(SVHN) epochs, and compared the averages obtained with the He’s initialization
against averages obtained using RP initialization. For the comparison we em-
ployed the Wilcoxon-Mann-Whitney two-sample rank-sum test. All experiments
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were carried out using an implementation of ResNets with stochastic depth by
Yu Sun1.

CIFAR-10 CIFAR-100 SVHN

Achlioptas’ initialization

Li’s initialization

Count Sketch initialization

SRHT initialization

Fig. 1: Median test error on CIFAR and SVHN for different RP initializations
(dashed orange line) and the reference He’s initialization (solid blue line).

Performance of the evaluated initialization schemes is reported in Fig. 1. The
plots report median test accuracy, the significance level of the hypothesis that the
evaluated RP initialization outperforms He’s initialization and the value of the
U statistic in the Wilcoxon-Mann-Whitney test. Following [11], we report the
test error in each epoch for CIFAR, and after every 200 iterations for the SVHN
experiments. The SRHT initialization outperformed the reference initialization
on all datasets. The other initialization schemes yielded mixed results.

Random projection initialization in pretrained networks was evaluated on
MNIST and Jittered-Cluttered NORB datasets. For the MNIST experiments
we employed one of the network architectures from [13], namely binary input
layer followed by two hidden layers with 1000 ReLU units and a 10-way softmax.

1Available at https://github.com/yueatsprograms/Stochastic_Depth
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For the NORB experiments we used the best performing network architecture
reported in [14], i.e., two hidden layers with 4000 and 2000 ReLU units, respec-
tively, followed by a 6-way softmax. Inputs in this network were modeled with
Gaussian units. Evaluated networks were pretrained with the Contrastive Di-
vergence algorithm and finetuned with error backpropagation. Learning hyper-
parameters for these networks were selected with experiments on validation sets.

MNIST NORB

Achlioptas’ initialization

Li’s initialization

Count Sketch initialization

SRHT initialization

Fig. 2: Median test error on MNIST and NORB for different RP initializations
(dashed orange line) and the reference Gaussian initialization (solid blue line).

For each dataset and initialization scheme we trained ten network instances
with different random number seeds. Results from these experiments are re-
ported in Fig. 2. In each case we report median test error as a function of the
finetuning epoch. The standard Gaussian initialization serves as the baseline re-
sult. Unlike CNNs, pretrained networks did not benefit from RP initialization.

4 Conclusions

In this work we explored the viability of initializing rectifier networks with dif-
ferent random projection matrices. Our results show that RP initialization can

115

ESANN 2017 proceedings, European Symposium on Artificial Neural Networks, Computational  Intelligence 
and Machine Learning.  Bruges (Belgium), 26-28 April 2017, i6doc.com publ., ISBN 978-287587039-1. 
Available from http://www.i6doc.com/en/.



be a viable alternative to initialization schemes currently employed in Convolu-
tional Neural Networks. In particular, the initialization based on Subsampled
Randomized Hadamard Transform outperformed the reference He’s initialization
in residual networks with stochastic depth, the current state-of-the-art convolu-
tional architecture. Sparse RP initializations, i.e., Li’s, Achlioptas’ and Count
Sketch, yielded results that were inconsistent among different benchmarks. In
pretrained networks random projection initialization yielded results usually close
to the reference.
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