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Introduction
We introduce a class of neural networks, termed
RandNet, for learning representations using
compressed random measurements of data.

RandNet, a ReLU auto-encoder, is specifically
designed for training deep networks from ran-
dom projections of the original data.

Training with compressed data offers memory
efficiency, and in the case of sparse measure-
ments, it provides computational efficiency.

In unsupervised settings, RandNet performs
dictionary learning using compressed data.
In supervised settings, RandNet offers mini-
mal loss in classification accuracy.

Dictionary Learning (DL)
• Generative model of the signal yj ∈ RN

yj = Axj + vj

where A ∈ RN×p (dictionary), xj ∈ Rp (sparse
code).
• Optimization problem

min
(xj)Jj=1

A

J∑
j=1

1

2
‖yj−Axj‖2+λ‖xj‖1 s.t. ‖ai‖2 = 1

• Sparse coding step

xj(l) = argmin
xj

1

2
‖yj −A(l−1)xj‖2 + λ‖xj‖1

• Dictionary update step

A(l) = argmin
A

J∑
j=1

1

2
‖yj −Axj(l)‖2

s.t. ‖ai‖2 = 1

Compressed DL
• Given compressed measurements

rj = Φyj

where Φ ∈ RM×N is a measurement matrix with
measurement ratio β = M

N and compression fac-
tor γ = βs where s is sparsity of rows of Φ.

• Optimization problem

min
(xj)Jj=1

A

J∑
j=1

1

2
‖rj −ΦAxj‖2 + λ‖xj‖1

s.t. ‖ai‖2 = 1
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RandNet Architecture

uk =

{
1, if k = c;

0, otherwise.

LA(r, r̂) = 1
2‖r− r̂‖22

LC,d(xT ,u,C,d) = −uT log

(
eCxT+d∑
i e

(CxT+d)i

)

Supervised Learning - Classification on MNIST

Figure 1: The 60 columns of the learned dictionary Â when Φ is Gaussian with β = 0.5.
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Figure 2: RandNet applied to an instance of digit 0. Left: digit in its original and compressed
dimensions. Right: reconstruction and sparse representation of the digit. Note that xT is highly
sparse (most entries close to zero).

Unsupervised Learning - Dictionary Learning Performance
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Figure 3: Error err(A, Â) for RandNet, CRsAE, and Compressive K-SVD. “G 0.1” stands for Gaus-
sian Φ with β = 0.1. “S 0.5” stands for sparse Φ with β = 0.5.

err(A, Â) = max
i

(√
1− 〈ai, âi〉2
‖ai‖22‖âi‖22

)


