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Dear editor,

Compressed sensing (CS) [1], as an efficient data acquisi-

tion paradigm, has attracted much attentions since it came

up. The fundamental principle of CS is that a signal, which

is sparse under some sparsity basis, can be efficiently ac-

quired and accurately recovered via far fewer measurements

than the traditional Shannon-Nyquist sampling. Since the

number of measurements is much smaller than the num-

ber of signal coefficients, there potentially exist multiple

solutions for the unknown signal, leading to so-called ill-

posedness. To solve this problem, CS adopts a common

mechanism that regularizes the recovery problem by con-

straining the original signal to be sparse under some spar-

sity basis [2]. Thus, the prior knowledge about the sparsity

basis is critical for CS recovery. The often-used sparsity

bases include the discrete cosine transform (DCT) and dis-

crete wavelet transform (DWT). Although CS achieves high

efficiency under these sparsity bases, these sparsity bases

are data-independent, thus not optimal for CS recovery at

hand [3].

For the above reason, Ref. [4] introduces the concept of

blind compressed sensing (BCS), which replaces the require-

ment for a prior sparsity basis in the recovery with an as-

sumption that the data is sparse under some existing yet

unknown sparsity basis. BCS aims to simultaneously learn

the sparsity basis and the corresponding sparse representa-

tion, which is similar to dictionary learning [5]. Once BCS

succeeds, it will obtain a more appropriate, task-dependent

sparsity basis than the task-independent one, thereby a more

accurate recovery of the data. However, BCS suffers from

much higher computational cost than CS due to the addi-

tionally learned sparsity basis. What’s more, the theoretical

analysis [6] has shown that BCS needs sufficient number of

data samples to ensure a successful recovery, which is not

required in CS at all.

In order to take respective advantages of CS and BCS

while overcome their disadvantages, we combine CS with

BCS and propose the concept of semi-blind compressed sens-

ing (S-BCS). An assumption of S-BCS is that we are given

some prior about the sparsity basis (as in CS), and use the

prior to learn a more appropriate sparsity basis for the task

at hand (as in BCS). To this end, we propose a sparse dic-

tionary learning based method that adaptively transfers the

prior sparsity basis to the given task in the process of recov-

ery. Specifically, we utilize the current learned dictionary

(starting from the prior sparsity basis) to obtain an inter-

mediate recovery of the data and the corresponding sparse

representation, and then in turn update the dictionary us-

ing the intermediate recovered data and the sparse repre-

sentation. In order to incorporate prior sparsity basis into

learning process, instead of directly updating the whole dic-

tionary as in BCS, we consider the way of incremental learn-

ing [7] that gradually adapts the prior sparsity basis to the

given task. Figure 1 illustrates the transition from the prior

sparsity basis D0 to the task-dependent sparsity basis DT .

In summary, the contributions of this study are high-

lighted as follows:

(1) A novel concept, termed as semi-blind compressed

sensing, is proposed. Under this concept, CS and BCS

are combined to exert respective advantages while overcome

their disadvantages.

(2) A sparse dictionary learning based method is pro-

posed to adaptively transfer the prior sparsity basis to the

task-dependent one. An incremental learning strategy is

employed to keep smooth transition of the dictionary rather

than abrupt updating.

(3) Compared with CS, our method inherits the advan-

tage of BCS that learns a task-dependent dictionary to ob-

tain better recovery.

(4) Compared with BCS, our method utilizes the prior

knowledge about the sparsity basis that ensures an accept-

able recovery performance even with a small number of data

samples. Thus our method can be adjusted to address online

tasks with mini-batch. Besides, our method enjoys much

lower computational complexity than BCS due to the incre-

mental learning strategy.

(5) Experimental results demonstrate that our method

performs better than conventional CS algorithms regardless

of the number of data samples. As for comparison with
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Figure 1 (Color online) Illustration of the transition process from the prior sparsity basis D0 to the task-dependent sparsity

basis DT . {∆Dt}
T−1

t=0
characterize the gradual transition between the dictionaries.

BCS, our method undoubtedly performs better than BCS

for small number of data samples whereas gains comparable

performance for sufficient data samples.

(6) Further visualization results on image data show the

interpretability of S-BCS that it prefers to transfer low fre-

quency counterparts of the prior sparsity basis to specific

tasks while preserves high frequency counterparts almost

unchanged. This phenomenon reveals that the dictionary

learned by S-BCS comprises both the frequency character-

istic of images and task-dependent information for specific

tasks, whereas those used/learned by CS and BCS only com-

prise one of them. Consequently, the dictionary learned by

S-BCS indeed builds a bridge at middle of the ‘spectrum’,

where the two ends of the ‘spectrum’ are the dictionary

used/learned by CS and BCS, respectively.

The proposed method. Our method consists of two

main parts: (1) learning intermediate recovery of the data

and corresponding sparse representations; (2) learning task-

dependent dictionary.

Given the data samples xi ∈ R
d and the measurement

matrices Φi ∈ R
p×d, i = 1, . . . , n (generally p < d), the

observed compressive measurements are expressed as

yi = Φixi + ǫi, i = 1, . . . , n, (1)

where ǫi ∈ R
p represents the acquisition noise independent

of xi. According to Eq. (1), we have the general error term

as given in CS
n
∑

i=1

‖yi −Φixi‖
2
2. (2)

Now when knowing the current learned dictionary Dt ∈

R
d×r , we can also obtain an expression of X =

[x1, . . . ,xn] ∈ R
d×n with respect to sparse representation

S = [s1, . . . , sn] ∈ R
r×n as

X = DtS + ǫX , (3)

where ǫX is the residual term. According to Eq. (3), we

have the penalty on the representation error in terms of Dt

as

‖X −DtS‖2F . (4)

By combining Eqs. (2), (4) and adding ℓ1-norm regulariza-

tion term on S to constrain its sparsity, we obtain the fol-

lowing optimization problem:

{Xt,St} = argmin
X,S

1

2

n
∑

i=1

‖yi −Φixi‖
2
2

+
λ

2
‖X −DtS‖2F + α‖S‖1, (5)

where λ is a trade-off parameter to balance the two error

terms, α is the parameter to control the sparsity constraint

on the sparse representation. This optimization problem is

not jointly convex in {X,S} but biconvex and thus can be

solved by alternatively updating X and S. When S is fixed,

the subproblem about X has closed form solution for each

xi as

xi = (ΦT
i Φi + λI)−1(ΦT

i yi + λDtsi). (6)

When X is fixed, the subproblem about each si can be sim-

ply rewritten as

min
s

λ

2
‖xi −Dts‖

2
2 + α‖s‖1, (7)

which is the classical ℓ1-norm minimization problem and

can be solved via various ℓ1-norm minimization algorithms.

In this study, we choose FIS-TA [8] as the ℓ1 solver and the

solving process is summarized as Algorithm A1 in Appendix

A.1. The convergence of the iterative procedure between X

and S can be mathematically guaranteed [9].

After getting the intermediate recovery Xt and the

sparse representation St, we learn the next dictionary Dt+1.

Specifically, we learn the gradual transition ∆Dt between

Dt and Dt+1 by minimizing the representation error,

∆Dt=argmin
∆D

1

n
‖Xt−DtSt−∆DSt‖

2
F +β‖∆D‖2F

=
1

n
(Xt−DtSt)S

T
t

(

1

n
StS

T
t +βI

)

−1

, (8)

where the first term ensures that the gradual transition can

further decrease the representation error of the intermediate

recovery Xt, the extra regularization term β‖∆D‖2F is used

to prevent abrupt change between two adjacent dictionaries.

Once we have ∆Dt, we update the next dictionary as

Dt+1 = Dt +∆Dt. (9)

The whole process of S-BCS is summarized as Algorithm A2

in Appendix A.2.

We give the one-pass online extension of our method in

Appendix B. The experimental results are shown in Ap-

pendix C.

Conclusion. We propose a concept of semi-blind com-

pressed sensing and develop a sparse dictionary learning

based algorithm that adaptively transfers a prior, task-

independent sparsity basis to a task-dependent one. We

have shown that by incorporating prior sparsity basis into

BCS framework, the recovery quality can be further im-

proved while the requirement for the number of samples

can be reduced. Benefiting from the satisfactory perfor-

mance of the proposed method on small number of samples,

we next extend our method to one-pass online version that

only needs to record a small batch of sequential samples,

which further reduces the storage cost after data compres-

sion. Besides, we show that by adaptively transferring the
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prior sparsity basis to specific tasks, the learned dictionary

enjoys good interpretability and adaptability. This frame-

work can be generalized to other algorithms that require

sparsity basis. For example, Bayesian model based com-

pressed sensing approaches.
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